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Disclaimer

● I never wanted to do machine learning 
→ Somebody must keep working on algorithms, 
HPC, hardware architectures, C++

● Current generation of CS students 
“I want to do something with data science 
and/or machine learning” 



Propagating Uncertainty
10 100 1000

BANG !



  

Easy & Difficult Likelihood Surfaces

7764 taxa, 1 gene
Inferred 20 ML trees

125 taxa, 34 genes
Inferred 20 ML trees

badly
shaped

well
shaped

TreesTrees

Average RF: 34.0%
Average RF: 0.5%
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Now we can quantify this

• In past years these slides about easy and hard datasets were 
very hand-wavy

• Since 2022 we can quantify & predict difficulty
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PYTHIA Features

Parsimony = 76%
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Use Case 1: 
ML Score as Function of Difficulty
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Use Case 2: Adaptive RAxML-NG
● As a function of PYTHIA difficulty modify 

1) number of independent ML tree searches
→  independently shown in a paper by Antonis Rokas

2) thoroughness of the searches
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Speedups
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Use Case 3: 
Biased Experimental Setup

Accuracy with data from our paper



13

But ...

Accuracy from paper UFBoot2 paper – using different data
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Skewed Difficulty Distribution Our data

UFBoot2 data
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Use Case 4: SARS-CoV-2 data



Propagating Uncertainty
10 100 1000

BANG !
Quantifying & Predicting MSA difficulty: Lucia’s poster
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EBG: Educated Bootstrap Guesser
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Feature Importance

PBS = Parsimony Bootstrap Support from 200 parsimony bootstraps
PS = Parsimony Support from 1000 parsimony starting trees 

Parsimony: 85%

A Renaissance of parsimony as predictor for likelihood?
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RAxML-NG v2.0

• Already available for download
• Integration of machine learning stuff 
• Many other new features 



  

Tree Inference Performance
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Model Selection
preliminary results!

Median 6.69 Median 3.34

DNA AA
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Branch Support
Preliminary results 72 sim datasets! 
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Thank You !
● Computational Molecular 

Evolution group – 
Heidelberg Institute for 
Theoretical Studies 

www.exelixis-lab.org  
● Biodiversity Computing 

Group – Institute of 
Computer Science, 
Foundation for Research 
and Technology Hellas 
(Crete)

www.biocomp.gr 

http://www.exelixis-lab.org/
http://www.biocomp.gr/
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