Lies, damn lies, and ...
genomics

Navigating your data, your perceptions and reality

Christopher West Wheat

Professor at Department of Zoology




1995 - 2001 PhD California

2002 - 2005 Postdoc Germany
2005 - 2008 Postdoc Finland
2009 - unemployed 4 month, spent all savings
— > 50 job applications, 1 grant application
2009 - visiting scientist Germany
— 1 job offer UK, 1 grant in Finland
2012 - Assistant Prof. at Stockholm University
2022 - Full Professor

What was important?

«  Being able to move, chase the money & get skills
« learning how to believe in my ideas/skills

«  Writing lots of grants, get used to rejections

| was able to put science first & have fun along the way
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| am a Judge for the

American Field Trial Clubs of America
(since 2003)
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Goals of this lecture

» Present a critical view of things genomic

* Make you uncomfortable by sharing some of my
nightmares with you

* (ritically assess findings and expectations in light of
easy errors and publication biases

» Encourage you to be part of the solution




Disclaimer

I'm a positive person
| love my job and the work we all do

My goal here is to provoke you to think critically




What if .....

50% of your
Would that favorite studies
Impact your were not

' ?
SCIEnEe: repeatable?



TABLE 1 Variable nucleotides from the coding region of the Adh locus In D. melanogaster, D. simulans and D. yakubo
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Adaptive protein evolution at the
Adh locus in Drosophila

John H. McDonald & Martin Kreitman

Department of Ecology and Evolutionary Biology, Princeton University
Princeton, New Jersey 08544, USA

We suggest that these excess replacement substitutions
result from adaptive fixation of selectively advantageous muta-
tions.

TABLE 2 Number of replacement and synonymous substitutions for fixed
differences between species and polymorphisms within species

Fixed Polymorphic
Replacement 7 2
Synonymous 17 42

A G-test of independence (with the Williams correction for continuity)*
was used to test the null hypothesis, that the proportion of replacement
substitutions is independent of whether the substitutions are fixed or
polymorphic. G=7.43, P=0.006.



My PhD: use this DNA based molecular fest of
selection on a classic example of balancing
selection from allozyme era

From DNA to Fitness Differences: Sequences and Structures of Adaptive
Variants of Colias Phosphoglucose Isomerase (PGI)

Christopher W. Wheat,*t' Ward B. Watt,*t David D. Pollock,*1* and Patricia M. Schulte*+>

*Department of Biological Sciences, Stanford University and TRocky Mountain Biological Laboratory, Crested Butte, Colorado

Among C. eurytheme and C. meadii PGI sequences, we find
126 synonymous and 20 nonsynonymous polymorphic
sites. From their ratio, 6.3:1, neutrality predicts ~13 synon-
ymous fixations alongside the two observed interspecies
nonsynonymous fixations. But, no fixed synonymous

sites were found (ab - a differ significantly
by Fisher’s exact tesf@ P = 0.021.Wollowing Moriyama

and Powell (1996) and by Goldstem’s (1964) exact binomial

test, x* = 341, P = 0.0006.

Wheat et al. 2005




|
30 years later, these MK test Gt
results in Drosophila . simulans 1,7
melanogaster were revisited
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Slow

Q43 D. melanogaster
Fast (4,115)

F-71K

nawre ARTICLES
ecology & evolution

Experimental test and refutation of a classic
case of molecular adaptation in Drosophila
melanogaster

Dead adults (%)




S0.....

my PhD chased
Does this an adaptive story
lacking a rigorous

foundation




If the biomedical science has the
most money and oversight, then ....




Publication replication failures

o 0f 49 most cited clinical studies, 45 showed intervention was effective
— Most were randomized control studies (robust design)

* Mouse cocaine effect study, replicated in three cities
— Highly standardized study

loannidis 2005 JAMA; Lehrer 2010




Publication bias can increase effect size

L If all studies on same question were published
0.8} ® Reality: low effect sizes, non-sig are not published

0.4}
| true
0.0F & < effect
| size

Effect size (r)

® Published study

08l 7% ° Pvalue = 0.05

10 100
Log Sample size (n) Palmer 2000 Ann. Rev. Eco. Sys.



What if there is no replication?

What is most likely to publish first & where?

true
o < effect
size

Pvalue = 0.05

100
Log Sample size (n) Palmer 2000 Ann. Rev. Eco. Sys.




0o 6 6, The vicious cycle of power analysis and publication bias

Power analysis
Studies with relatively strong effects

= are more likely to get published - Low sample size of planned
L power analysis based on the future studies
3 largest estimates (6.), usually far Nominal power recommends
a from true effect sizes (6,) will lower sample size than would
therefore introduce marked bias. be required for the true value
o) of effect size (N, <N, << Ny)

Even meta-analyses will be

F?U,bhs"?m affected by the filtering bias
studies . g
leading to estimates larger (/)
: T than the true average.
|

Effect size (all possible effects) ' I

| Future studies yield smaller
estimates of 6

Estimated 0 is sufficiently large The estimated effect size is

Because of sampling variance more likely to be close to the real

estimate may turn out of sufficient value (9,) than the assumed one
magnitude/statistically significant -

they get published, further biasing

Estimated 0 is small

Due to its apparent unsexiness,
small effect sizes often attract
less motivation to publish and

they rarely become visible Nakagawa et al. 2024 Finding the right power balanc




A research finding is less likely to be true when:

Why Most Published Research Findings Are False

loannidis 2005 Plos Med.

the studies conducted in a field have a small sample size

W

w
w
w
w

nen effect sizes are small

nen there are many tested relationships using tests without a priori selection
nere there is greater flexibility in designs, definitions, outcomes, & analyses

nen there is greater financial and other interest and prejudice

nen more teams are involved, all chasing after statistical significance by using

different tests




Which of these apply to genomics?

- _the studies conducted in a field have a small sample size

nen effect sizes are small

nen there are many tested relationships using tests without a priori selection
nere there is greater flexibility in designs, definitions, outcomes, & analyses

nen there is greater financial and other interest and prejudice

when more teams are involved, all chasing after statistical significance by using

W different tests




But ...

surely, this doesn't apply to genomics

or does it?



Outline

» Why replication failures are happening in genomics

* Why we are responsible for most of this

» Steps we can implement to overcome these problems
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loannidis, J. P., E. E. Ntzani, T. A. Trikalinos, and D. G. Contopoulos-loannidis. 2001. Replication
validity of genetic association studies. Nat Genet 29:306—309.




There are lies, damn lies, and ....

But wait, is that fair?

Are these really lies?



Where does this replication problem come from?

» Population heterogeneity
—Space and fime

* Publication culture
—Large & significant effects publish fast with high impact
—Small & non-significant effects publish slow, rarely, and with low impact
—Technology and methods move faster than rigorous error modeling




Where does this MOST bias come from?

And me .... All of us

lts arises from humans doing science
The way we think

The way our institutions work




Apophenia
The tendency to seek and see

patterns in random information
and view this as important

3 s

Story telling of the
false positives




Genomics is too big to fail

* Making errors is extremely common
* Errors almost always result in highly significant results
» Studies in non-model species are rarely replicated

Question your bioinformatics before falling in@wiih your results

When results are better than you could have dreamed,




Publications with significant human error that have not been retracted

¥ Comparison of the transcriptional landscapes between

a human and mouse tissues
~ |

“the expression for many sets of genes was found to be more similar in
different tissues within the same species than between species”

ARIICLE 174 | NATURE | VOL 473 | 12 MAY 2011

doi:10.1038/nature09944

Enterotypes of the human gut microbiome

we identify three robust clusters (referred to as enterotypes hereafter) that
are not nation or continent specific ... mostly driven by species composition

L' _4R228 NATURE | VOL 502 | 10 OCTOBER 2013
4 L

doi:10.1038/naturel12511

Genome-wide signatures of convergent evolution in
echolocating mammals

More genes underwent positive selection in
chimpanzee evolution than in human evolution




¥ Comparison of the transcriptional landscapes between

w4 human and mouse tissues
~ |

“the expression for many sets of genes was found to be more similar
in different tissues within the same species than between species”

Time of the most recent
common ancestor:

Human and Mouse




Authors found strong grouping of all
organs by species, not by organ

_{_... N pemcn‘:u:,

Should gene expression patterns
group by species or fissues?

What do we expect from first
principals, evolutionary
relationships?




“the expression for many sets of genes was
found to be more similar in different
tissues within the same species than
between species” Lin et al. 2014 PNAS
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Cause = batch effect af sequencing core
of sequencing grouping with biological grouping

D87PMIN1 D87PMIN1 D4LHBFN1
(run 253, (run 253, (run 276,
flow cell flow cell flow cell
D2GUAACXX, D2GUAACXX , C2HKJACXX ,
lane 7) lane 8) lane 4)

heart adipose adipose heart brain
kidney adrenal adrenal kidney pancreas

liver sigmoid colon sigmoid colon liver brain

small bowel lung lung small bowel spleen
spleen ovary ovary testis ® Human

testis pancreas ® Mouse

Solution = Keep technical effects orthogonal to biological
Process samples together, sequence all samples together




Article

Microbiome analyses of blood and tissues
suggest cancer diagnostic approach

» Found strong association between microbial species and 33 different cancer
fypes

— based on a large collection of DNA and RNA sequencing samples taken from human
cancers and normal fissues

Used sophisticated machine-learning method to create highly accurate
classifiers

— Microbes could distinguish among tumor types

Poore et al. 2020; Spich-Poore et al. 2021; Gihawi et al. 2023




Diagnosis
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ortunities for microbes to affect cancer care.




Reported findings:

* |ed to a flurry of papers describing microbial signatures of different

cancer types.

* Many of these reports are basec
analysis, completely overturns t

on flawed data that, upon re-
e original findings.

e Re-analysis shows that most of t
associated with cancer were not

ne microbes originally reported as
present at all in the samples.

» The original report of a cancer microbiome and more than a dozen
follow-up studies are likely to be invalid.

Gihawi et al. 2023 for text above




Over-counts of bacteria were
due to human reads that
erroneously matched
bacteria

A huge arfifact arose from
omitting the human genome

from the analysis database
(Kraken)

Original study

500,000

100,000

Gihawi et al. 2023 for text above




nature

Explore content v  About the journal v  Publish with us v

nature » articles > article

Article | Published: 11 March 2020

RETRACTED ARTICLE: Microbiome analyses of blood
and tissues suggest cancer diagnostic approach

e Published 11 March 2020, retracted on 26 June 2024

* 4 years is actually fast, due largely to the open access to data & methods
» This represents actual progress in the genomics field




What type of analysis is this?

Anyone planning on running this for their species?

30 ¢ Mesoclemmys tuberculata
25 |
20 |
15

10° 10° 107
Years ago

Effective population size (x104)
S



Many different methods using individual genomes for Ne/time
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old segment

- % 3 _ A = . AR AR R\ B AR\
bk emission A . - transition T, - prior 2 4 oA A

f(6) flo.A) fp.A) Objective:
& . 4

Q |
L 37 < )
848 == e e
= Tt
¢ '3

S
o
Zn-l
Free parameters

0 - mutation rate
OO p - recombination rate
A - effective population size
recent segment

D2 2 2 2 2 2 2 A A a2 A 2 aoa o

argmaxp(Y | 6,0,A)

predicted crossover

4

4
!

7
o
O
=
w
o
[)
O
S
ac

Coalescence time

€
DO000000000000000000000000000000C

genome sequence




o S
SClence Current Issue First release papers Archive About v (
K

HOME > SCIENCE > VOL.381,NO.6661 > GENOMIC INFERENCE OF A SEVERE HUMAN BOTTLENECK DURING THE EARLY TO MIDDLE PLEISTOCENE TRANSITION

@&  RESEARCH ARTICLE = HUMAN EVOLUTION f X in o % O X

Genomic inference of a severe human bottleneck dur-
ing the Early to Middle Pleistocene transition

WANGJIE HU ZIQIAN HAO , PENGYUAN DU FABIO DI VINCENZO GIORGIO MANZI JIALONG CUI YUN-XIN FU YI-HSUAN PAN AND

HAIPENG LI Authors Info & Affiliations

SCIENCE - 31 Aug 2023 - Vol 381 sue 6661

1 - DOI:10.1126/science.abq7487

SClence Current Issue First release papers Archive
Did our ancestors nearly die out?

Genetic analyses suggest an ancient human population crash 900,000 years ago



The new method appeared to be a major advance in
inferring historical population dynamics from genomes
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Nature
https://www.nature.com » nature podcast

Our ancestors lost nearly 99% of their population, ...

Sep 6, 2023 — Around 900,000 years ago the ancestors of modern humans were pushed to the brink of
extinction, according to new research. Genetic studies ...

~ The New York Times
https://www.nytimes.com » human-survival-bottleneck

Humanity's Ancestors Nearly Died Out, Genetic Study ...

Sep 4, 2023 — Researchers in China have found evidence suggesting that 930,000 years ago, the
ancestors of modern humans suffered a massive population crash.

EL PAIS English
https://english.elpais.com > Science & Tech

Only 1200 people left: The moment humanity almost went ...
Aug 31, 2023

Smithsonian Magazine
https://www.smithsonianmag.com » science-nature > ge...

Our Human Ancestors Very Nearly Went Extinct ...

Aug 31, 2023 — Based on the study's estimates, some 98.7 percent of our human ancestors were wiped

out. “The estimated population size for our ancestral ...




JOURNAL ARTICLE  FEATURED

A previously reported bottleneck in human
ancestry 900 kya is likely a statistical artifact

Yun Deng, Rasmus Nielsen =, Yun S Song

Genetics, Volume 229, Issue 1, January 2025, iyael92,
https://doi.org/10.1093/genetics/iyael92
Published: 16 December2024  Article history v

e Simulated data with nearly identical SFS
to publication

— but under demographic scenarios that
did experience dramatic bottleneck

* Models with or without the bottleneck — — -
can result in very similar expected SFSs SFS for the synthetic model

SFS for Hu et al.’s model




FitCoal artifactually tends to
infer a sharp bottleneck when
there in fact is none

— Reported bottleneck is likely a
statistical artifact

Providing valid statistical
measures of uncertainty for
inferences of demographic
models is an important research
challenge in computational
population genetics
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K! Frances Arnold

@francesarnold

For my first work-related tweet of 2020, | am totally bummed to
announce that we
enzymatic synthe
reproducible. sci

m _ Prof. Lee Cronin @leecronin - Jan 2
Y -
' Replying to @francesarnolc

First class. Sometimes things appear to work, then they don’t. Science should
be a process, not winner takes all whatever the cost. Entrepreneurs are
encouraged to fail well, but in science it’s still taboo. | hope when | slip up I'm
able to do it so openly & well.

DEEP-$

VISI

Rod opsins e
color vision in ¢
fishes po. 5

C) & 11 13 QO 262

Lynn Kamerlin @kamerlinlab - Jan 2

Replying to @francesar

Sorry about the problems, but kudos for doing the right thing, and setting a
good example.

Site-selective e

"

) 1 T 4 7. 478

5 Waheed Ahmed @WaheedURAhmed1 - Jan 3
Honesty is so important and unfortunately, pretty underrated. Lots of respect

and admiration for your actions.

Enzymes excel at
sites. With approy




7% Don’t know

RV \[o}
there is no crisis

1575 researchers surveyed

IS THERE A

REPRODUCIBILITY
GRISIS?

A Nature survey lifts the lid on
how researchers view the ‘crisis’
rocking science and what they
think will help.

BY MONYA BAKER

38% Yes,
a slight crisis

Baker 2016 Is there a reproducibility crisis?
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The trouble with retractions: Nature News 2011




Retracti@®n
Wa,tch\
* Keeps community updated

» Help kill zombie papers that keep getting cited when they
should not

» Starting fo get integrated into websites and ref managers

» Be sure you are never keeping zombies alive




P blmed PubMed 4
r:::’ aton bran "n'L"I_'”L <

Advanced

Format: Abstract ~ Sendto~

P u b M e d RETRACTED ARTICLE

See: Retraction Notice

J Clin Oncol, 2007 Oct 1:25(28):4350-7
Pharmacogenomic strategies provide a rational approach to the treatment of cisplatin-resistant
patients with advanced cancer.

Hsu DS', Balakumaran BS, Acharya CR, Viahovic V, Walters KS, Garman K, Anders C, Riedel RF, Lancaster J, Harpole D, Dressman HK, Nevins JR, Febbo
PG, Potti A.

VOLUME 25 - NUMBER 28 + OCTOBER 1 2007

JOURNAL OF CLINICAL ONCOLOGY QNN aIENIATIEEE E O R

Journa | This article was retracted on November 16, 2010

Pharmacogenomic Strategies Provide a Rational Approach
to the Treatment of Cisplatin-Resistant Patients With

Advanced Cancer

David S. Hsu, Bala S. Balakumaran, Chaitanya R. Acharya, Vanja Viahovic, Kelli S. Walters,
Katherine Garman, Carey Anders, Richard F. Riedel, Johnathan Lancaster, David Harpole, Holly K. Dressman,
Joseph R. Nevins, Phillip G. Febbo, and Anil Potti

An item in your database has been retracted. View Item
Title Creator Year Publicatio

B The microbiome and human cancer Sepich-Poore et al. 2021 Science
B % RETRACTED ARTICLE: Microbiome analyses of blood and tissues suggest cancer di... Poore et al. 2020  Nature




How can we improve reproducible findings?

Work better as a community, check each others code and post our
code

As author, as supervisor, as reviewer, as Associate Editor, make sure
all studies you touch :

» Have all code and raw data open source
» Analyzed datasets open source
» Methods clearly described




HAVE YOU EVER TRIED TO PUBLISH
A REPRODUCTION ATTEMPT?

Although only a small proportion of respondents tried to publish
replication attempts, many had their papers accepted.

Published ® Failed to publish

Successful EES
reproduction |

Most popular strategy for
replication was having different
lab members redo work

Baker 2016 Is there a reproducibility crisis?

Of the few that tried to
publish replications, many
had papers accepted!!

HAVE YOU ESTABLISHED PROCEDURES
FOR REPRODUCIBILITY?

Among the most popular strategies was having different lab
members redo experiments.

33%
Within the

past 5 years researchers

surveyed

5 Procedures have
7% y been in place
More than since | started
5 years ago working in my lab




So ... there are lofs of high-profile,
non-repeatable studies out there ..

Much of this is scientific progress ... we are
not perfect, just doing what we can




What is your personal error

rate?

| assume mine is 12%

therefore | perform many sanity & error checks to catch the
errors | WILL MAKE, so my effective rate is much lower

“You have to validate what you create”
Erik Garrison



What other biases might we suffer from?

¥w.babyanimalprints.com/collections/monkeys-and-apes-black-and-white/chimpanzee




We're basically a rather lost, self domesticated chimp

¥w.babyanimalprints.com/collections/monkeys-and-apes-black-and-white/chimpanzee




We're basically a rather lost, self domesticated chimp

We're very likely to :
» see patterns when none exist

» think we can predict the future, cause we think we know how
things work .. like:
— gravity, your car, sunsefs
—weather, the stock market, Covid ..
—the central dogma




Hindsight bias

the | knew-it-all-along effect

the tendency,
after an event has occurred,
to see the event as having been predictable,

despite there having been no objective basis
for predicting it.




Three Levels of Hindsight Bias

that would happen A/\ '
’//\/\/\/\\/

Predictability




The cen’rrul dogmu

DNA Protein
transcrlptlon j translation %
repllcatlon % reverse

transcription

But, can we, in a novel species :

* Predict gene expression level from DNA alone?
e Predict when / where a gene will be expressed from DNA alone?
» Write a protein that will do a specific enzymatic reaction, or several?



Going from peptide sequence to catalytic function ...
“We don’t know how to write that way

n
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inventors of Alphafold were awarded the
Nobel Prize for developing an Al model to
solve a 50-year-old problem: predicting
profeins’ complex structures

Demis John M.
Hassabis Jumper

iona “for protein structure prediction”

nature

Article \ Open access ’ Published: 08 May 2024

Accurate structure prediction of biomolecular
interactions with AlphaFold 3

Can model protein protein interactions, along with other molecules




Did Al Solve the Protein-Folding Problem?

Open question is whether AlphaFold has actually discovered something
meaningful about the physics of protein folding that humans haven't

“If we can predict how proteins fold without understanding how they do it,

are we even legitimately doing science anymore, or is it something
different?”

“We're able to get the practical benefits, but we're not necessarily gaining
infellectual benefits”

https://magazine.hms.harvard.edu/articles/did-ai-solve-protein-folding-problem




In sum, we think we how things work...

... but biology is exceptionally complex

Three Levels of Hindsight Bias

eX|S, I jUS maes sense

\ way '5 anno ation says
Inevitabilit . |

erstand enzymes










Data source: AlphaFold/EMBL-EBI/PDB Q8W3K0/Royal Society of Chemistry




How many have used Al to help with their coding?

Where does the training set for these answers come
from?

Does that matter?




ChatGPT 4o

Can you draw me an image that
contains a group of clocks
showing the time of 3 minutes

past 12




ChatGPT  Draw me a picture of a person

writing with their left hand.




| said left hand not the right!




Why is Al getting these simple things wrong ..

lt's the training set and that has huge implications for most of your work
What species has the largest bioinformatics community?

Human biomedical studies drive the training set that inform all of your
bioinformatic answers from ChapGPT

Use Al, verify the code works, then modify for your species




This is a piece of foast

Non-random patterns are abundant in genome scale data
Null models & controls are very difficult to get “right”

Analyses easily generate results that arise from
diverse non-hiological causes




So .. how do we avoid Apophenia?

» Double check your data, analysis parameters / settings
— Plot your data, look at it, does it make sense on 1¢ principals?

» Genome scale patterns are just hypotheses

— Explore independent datasets, tools, approaches
* hiological samples, simulations, DNA vs. protein results

— Manipulation: functional validation via manipulation of genes, pathways
« Experimental evolution, CRISPR KOs, environmental perturbations




PSMC analysis of single genome for demographic trends

Mesoclemmys tuberculata
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a very common analysis in the literature
basis of many evolutionary stories, conservation concerns

Hilgers et al. 2024 Current Biology



What can you do with 240 mammalian genomes?

Joonomia

Extinction risk models

“ ’ Historical population size Genetic diversity
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—LC Carnivora Cetartiodactyla

Ne (x104)

Assessed how historical effective
population size (Ne)
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in relation to IUCN conservation
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Effective population size (x10%)

Effective population size (x10%)
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Dramatic peaks followed by even more extreme population collapses
e pattern occurred across

« distantly related turtle species around the globe and its existence
« was consistently supported based on hootstrap replicates

Hilgers et al. 2024 Current Biology



Effective population size (x10%)
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Effective population size (x10%)
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Authors decided to explore if their bioinformatic choices
could be generating cross species pattern

* Input
— used simulations of genomic data
* Tool settings
— explored range of run settings (default vs. others)



Dataset simulations were used to

i Simulate observed peak
explore what is being detected

== Simulated Ne
(originally inferred Ne)

e simulated diploid genomes nierrec Ke

(n=30) from a population with
a population history having
pronounced increase /
decrease (black)
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* Analysis never recovered peak

on simulated data, even .
though it had that exact history Method not working the

(red) way it should ...




Explored PSMC run parameters Parameter settings

» default settings optimized for humans — 4+25*2+4+6 (default)
2+2+25*2+4+6

« default setting fixes the first 4 atomic — 1+141+1+25*2+4+6
time intervals to first time window.

« infers a single Ne for a large first time
window and cannot model population

= Simulated Ne

I I

size changes during this fime. P

Generations ago

I 1
10° 10°

if population declines within the first 4 time intervals,
the model likely overcompensates by producing
exaggerated Ne estimates in the previous time window




Effective population size (x10%)

Effective population size (x10¢)

30
25
20
15
10

300
250
200
150
100

50

B
Mesoclemmys tuberculata 30 Emydura subglobosa
25
* *
- 20 =

15

10

5

L 1 1 0 1 1 1
10* 10° 108 107 104 10° 100 107
Years ago Years ago
E *
Podocnemis unifilis 30 Pelusios castaneus

25

= % 20

15

10

5

T 0 1 1 1
10¢ 10° 10° 107 10¢ 10° 10° 107

Years ago Years ago

when changing default settings fo those
that better fit their species

all peaks/crashes go away

see the paper for analysis suggestions

Podocnemis expansa
* -
104 10° 108 107
Years ago
Hydromedusa tectifera
* o_e—
10¢ 10° 10° 107
Years ago

Effective population size (x10%)

false Parameter settings
original peaks 2+2+25*2+4+6

300
250
200

150 7

100

50 g

O o raoa s aaaal saoaoaaaaal

104 10° 10° 107
Years ago




They also re-ran published data
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documenting widespread problem in the literature ...




Current Biology

Avoidable false PSMC population size peaks occur
across numerous studies

Highlights Authors

e We detected and solved a common artifact in PSMC and Leon Hilgers, Shenglin Liu,

related methods Axel Jensen, ..., Regev Schweiger,

Katerina Guschanski, Michael Hiller
Default PSMC parameters frequently cause false peaks in

recent population histories

New methods perform better but do not always avoid this
artifact

Users should test multiple parameter settings that split the
first time window
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EXPENSIVE & SLow
BUT RIGHT
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Test your hypotheses in independent ways

e Genomic datases:

—Are observational data where patterns observed have been created by
events unknown fo us

—This is similar fo all studies using observational data
« Very susceptible to false positives and just so stories

—Extremely large P-values can arise from exiremely weak patterns, so
ask yourself, does the effect and effect size have biological meaning?




Test your hypotheses in independent ways

» Derive hypotheses from your genomic results, then

« Test these hypotheses using relevant manipulations
—Simulated data, parameter exploration

—Functional validation via manipulation of genes, pathways,
environments ... real hypothesis festing!!

—Experimental evolution, CRISPR KOs, environmental perturbations
e If you can’t manipulate, at least triangulate!




Robust research needs many lines of evidence

Replication is not enough

Munafo and Smith 2018 Robust research needs many lines of evidence




Robust research needs many lines of evidence

Replication is not enough

Munafo and Smith 2018 Robust research needs many lines of evidence




Triangulation

Use different approaches to address the same hypothesis, or
extensions of hypothesis

Sources of bias for each approach should be explicitly
acknowledged, in opposite directions, and independent

Results from more than two approaches are ideally compared

As genomics gets faster/cheaper, invest savings in validation

Munafo and Smith 2018 Robust research needs many lines of evidence




Buckle-Up for
another bioinformatic journey

Using a new genomics technique
— miRNA

Trying to understand what is best practice

Worked hard to triangulate upon what's a biological signal vs. bioinformatic
arfifact

Uncovered serious problem in the non-model community
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miRNAs

destabilize mRNA
sculpt the pool of mRNA
are a key part of regulatory networks

metazoans can’t live without' em
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Regulatory
network view of
miRNA impacts

Unrelated genes

@

@

Functionally related genes

~
~
~ '

- - \
~
~ ’
~
-~ /
' \
! \
I \
1 / ~ \
!
N

-
/ ’
-~ ’
\ @ N

Functionally related genes




Dynamic microRNA expression across diapause

Egg to adult
(months)
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Dynamic microRNA expression across diapause

Egg to adult
(months)
) ) LD 22h:2h Direct Development Adult
Split-brood des%. . 2 . 1
*<___ LD 10h:14h Diapause Development LD Oh:24h
e — - = - = o e 5
0 / 3 6 24 114 144 155 X\
4 Days after pupation T

miRDeep?2 identified 188
microRNAs

Pieris napi

73 libraries (+6.9M reads / lib):
* 12 time points

e 2 tissues

* 3 replicates

Roberts et al. 2024 Molecular Ecology
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Dynamic microRNA expression across diapause

Split-brood design

Normalized Expression
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0K, so some miRNAs are changing through time ...

Where are they targeting?
What are they doing?

24 114 144 155 000 00
Day after Pupation

What functional groups or
pathways might they
requlate?




MIiRNA targeting

miRNA target detfection AGO

LLLLLLLLUL LU UL
miRNA binding mRNA

» miRNAs primarily bind a very short, 7 bp region of the 3'UTR
of mRNA

* This binding ultimately leads to a decrease of translated proteins

e There are 100,000's of 7 bp motifs in genome, of which miRNAs
bind small fraction




TargetScan (TS)

10 1

Targetscan
using 6 species

’ 3’UTRs

alignments

<:l Random sets

Wheat et al., in submission
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Large hioinformatic effect

Targetscan
using 6 species

, 3’UTRs

alignments

; .'- Random sets

miRanda using

one species
3’UTRs

- Random sets

Wheat et al., in submission




So, why don't more people use Targetscan approach?

Running miRanda is quick and easy

» Download, load 3'UTR data from your species, load miRNA seed
sites, run

Running TargetScan7 with alignments is a lot of work

« Download scripts, generate 3'UTR alignments for 7 species, load
miRNA seed sites, efc. g mm———

ieris napi
‘—Li 1kb 3' UTRs 4J




Bioinformatic analysis of miRNA targets

Detecting miRNA expression changes is easy, but target detection is
inherently very difficult

e |ntersection

— Comparison across bioinformatic tools

« Revealed inconsistent results, primarily because used VERY different methods
(e.g. using vs. not using alignments)

— Developed novel metric for assess biological signal in results
— Species comparisons for cross-check & generality

Sum: intersection across divergent methods, 1t principals metric, and
comparative analysis revealed believable results
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Ecology & Evolution

Functional genomic tools for emerging
Modael species

Erik Gudmunds, '* Christopher W. Wheat, ? Abderrahman Khila, '*® and Arild Husby ® '

Recent review covering diverse means of validation across
diverse faxa

As genomics gets cheaper, invest more in validation instead of
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A bit of bioinformatic wisdom

« Expect errors and noise
— Analysis results need many rounds of refinement
— Invoke biological causes of resulis last

e 70% of your time will be troubleshooting (Al might help reduce this)
— This is normal, keep a notebook, intermediate files

« Fear the new and shiny programs that will simplify your life

— 80% of all new software will not be usable
e Un-installable, no manual, no test examples, not repeatable
« Beware of these red flags, as many authors only seek a publication and won't help




Ui

Cookbooking ...

» Google and Al are your friends
e Use them, but don't trust them

» Test what you use, learn from
it, build your own toolbox

» Copying without learning
makes you easily replaced and
open fo massive errors




Keep good hioinformatic notes

e | keep a special file with commands | learned, like and validate
— use it to quickly find commands, refresh memory

« Use positive and negative controls to test the output of the

commands you run (like all experimental biology)

— | call these sanity checks

— Always test to make code is working correctly
« Great reason to use > 1 method, right?

» Read up on good file structure, version control, and how to
parallelize your commands




Publish your code, no matter how messy

™ B
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But it runs




Many different ways to make a pipeline

Long-read isoform detection

Genomic variants

RawW™ ~ = \ccs/error free
/SLR-RNA-seq

~

T°:TH:’: 7 —# Long-read correction Ls¢/

z HISAT2 / ‘ LoRDECY
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RNA-editing detection Variant detection ‘ ¥ ‘
GIREMI/ \ Mapping >

-
multiple-samples/ GATK3/SAMtools \ GMAP/
pooled-samples + STARlong

:

—& : 1 Oases/ | —> Isoform detection
Gene fusion detection Cufflinks/ trinity/ *

Mapping
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Cuffdiff/edgeR StringTie/
Seq2/Ballgown/limma eXpress/

Salmon-Aln/
featureCounts

>
>

Alignment-free
isoform
quantification

\\ Expression analysis

Sahraeian SME et al. 2017. Nat Commun.




Many tools, performance varies across species, samples.
This is no BEST tool or setting across all species

Differential expression detection
can vary by:

Mapper

Analysis software
Reference genome
Species

Normal vs Atypia Normal vs DCIS

I DESeq2 only Common EdgeR only

Figure 9. Overlap among genes identified as differentially expresy
HISAT2 or STAR-aligned RNA-seq data.

Raplee et al. 2019 J. Per. Med.



Just start by get through
single pipeline, start fo end

Then try different approach to
assess your first results

Used published data & code,
then explore additional
approaches

nalysis paralysis is common ..

Which is the right way?

Genomic variants
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Experimental design

matters:

RNAseq and sample size

* Simple two group comparisons

— 30 wild-type mice vs 30 mice in
which one copy of a gene had been
deleted

— Full analysis: n=30 vs. n=30

FDR= % of DEG in subsample not
found in full analysis

Sensitivitr = % of genes found in
subsample also seen in full analysis

Halasz, et al. bioRxiv July 11, 2024, p 2024.07.08.602525.
https://doi.org/10.1101/2024.07.08.602525.

sample size

I'05d 6S005d TI005d
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https://doi.org/10.1101/2024.07.08.602525

A72§

GENOME 10K An unprecedented -

\

opportunity for
large scale errors?

—Genome evolution

—Functional study of diverse adaptations



Comparative genomics commonly use annotations
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Gene hirth-death dynamics:
biased, artifacts, or meaningful results?

* Are changes in gene numbers

) - Immunoglobulin heavy
aCross species meaningtul: constant gamma gene evolution

* Fundamental and important
evolutionary question

H-
HH i HH

e

H------4HH Hominoidea
o |—H Hi emmmw  (ercopithecinae
of e _Hl_r —_— z ‘ol uhlinulc
* Very difficult to assess accurately g = Gt
o ‘/ &Y Hi Lemuriformes
— Need good genomes, annotations —HiHS A Gene los
L —_— H—" Pseudogene

— Then good analyses

' Gene duplication

Garzon-Ospina & Buitrago 2022



Are all annotations equal among species?

* Do species genomes differ in:

— When they were sequenced, thus technology?
—The quality of their assembly (e.g. N50, haploid state)?
—How they did their annotation (proteins only vs. lots of RNAseq)?

Then resulting annotation protein sets likely differ due to technology,
not hiology

Will this impact analyses that rely upon accurate protein sets?




Non-standard annotations infroduce major artifacts

« Lineage specific genes inflated by
— 1010 1000's of genes, with increases up to 15 fold

A Cichlids

Heterogel)eous Number of lineage-
annotations specific genes
(Phyletic)

4000F
M. zebra

P. nyererei
A. burtoni 2000

N. brichardi

O. nicotilus

Weisman et al. 2022. Current Biology
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Gene content evolution in the arthropods ®
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Some major conclusions of the paper

A Last Insect

Common Ancestor:

p» 147 emergent gene
families

Function

Wing morphogenesis

Exoskeleton development
and pigmentation

Adaptation to terrestrial
environment

Larval behavior

Emergent
families
EOG86HIQQ
EOG8TMTGS
EOG80ZTDS
EOG8Q2GZG
EOG8RZ1DS
EOG8VDSCK
EOG8WHC14
EOG8XPTO3
EOG83XXJ1
EOG82VBZ4
EOG8PVRGC
EOG8HTC7X

~ EOG81K1SK

B

Last Holometabolous
Common Ancestor:
10 emergent gene

families
- :
Function mer.g'ent
families
Anterior h?ad EOGSHDWSX
segmentation
Nucleosome assembly EOG8G1PZD
Transporter activity EOG847]8K
Transferase activity EOG8ZPH98
Serme-type EOG8QIV3F
endopeptidase

+ 5 families with no known function

Emergent
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Last Lepidopteran
common ancestor:
1,038 emergent
gene families
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Lineage leading to...

“Although the majority of these gene sets were built using MAKER, variation in annotation pipelines and

supporting data, infroduce a potential source of technical gene content error in our analysis.”




Post-genomics challenge

“What we can measure is by definition uninteresting and what

we are inferested in is by definition immeasurable”
- Lewontin 1974

“What we understand of the genome is by definition
uninteresting and what we are interested in is by definition
very damn difficult to sequence and assemble and annotate

and analyze at the genomic scale”
-Wheat 2015




Interrogate your results

“you need to be in charge of the analysis”

e The more you analyze your data, your confidence will grow
— Let your findings talk to you in different ways

e Graph your results - visualize the patterns, assess 1 principals
— Always start with PCA or MDS plot (how do your samples cluster?)
— Compare with your different analysis results

« If you find interesting genes or patterns, can you test this hypothesis?
— Using independent samples?
— At a higher level of biological organization?
— In some manipulative, functional way?
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Genomics is full of adaptive stories
Treat your findings a hypotheses

How you can you test these?




Never forgef your orlglns und biases

Genomic results are only hypotheses:
easy to get, likely misleading, need validation




