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Outline

● Introduction to Phylogenetic Inference
● Sources of Uncertainty
● Phylogenetic Difficulty
● Using Phylogenetic Difficulty
● Other Stuff we work on 



The number of trees

3 taxa → 1 
tree



The number of trees

4 taxa → 3 trees



The number of trees

5 taxa → 15 trees



The number of trees

6 taxa → 105 trees



The number of trees explodes!

BANG !



# possible trees with 2000 taxa
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Problem Complexity

search space
heuristic tree 
search strategy

Maximum Likelihood tree searches
 typically end up in local optima

Global maximum
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Tree Inference Pipeline
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Orthology assignment: 
Mostly “dirty” ad hoc methods
→ no widely used uncertainty 
quantification approach
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Multiple Sequence Alignment: 
Mostly ad hoc methods → 
no widely used uncertainty 
quantification approach, but ...



Muscle5



Muscle5



Muscle5

Temperature Ensemble Forecast

perturb starting conditions



Tree Inference Pipeline

Taxon 1:ACGTTT
Taxon 2:ACGTT
Taxon 3:ACCCT
Taxon 4:AGGGTTT

MSA
Program

Tree 
inference
program
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Phylogenetic Inference: 
A long history of explicit uncertainty models
Bootstrap Methods for Maximum Likelihood
Posterior Probabilities for Bayesian Inference using MCMC
 



A Tree with Support Values
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Sources of Uncertainty thus far

1 Orthology Assignment 

2 Multiple Sequence Alignment 

3 Tree Inference 

4 BUT 



Software Issues

● Bugs & Software Quality 
● Numerical Instability 
● Reproducibility (2 versus 4 cores) 
● We re-designed & optimized numerous tools – the 

Next Generation (NG) tools series 
– RAxML-NG

– ModelTest-NG

– EPA-NG

– Lagrange-NG 



Sources of Uncertainty

1 Orthology Assignment 

2 Multiple Sequence Alignment 

3 Tree Inference 

4 Software issues

5 BUT 



Propagating Uncertainty

● Assume 
– 10 alternative orthology assignments 
– 10 x 10 alternative MSAs
– 10 x 10 x 10 alternative trees 

→ exponential explosion with increasing pipeline 
length

→ intelligent ways to explore parameter space in 
pipelines needed
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Can we predict how difficult a 
phylogenetic analysis will be? 
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Global maximum
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Phylogenetic Inference

S1 ACGTT
S2 ACCGG
S3 TGGAG
S4 GGCTT

S1

S2

S3

S4

The difficulty of inferring a tree
depends on the shape of the 
multiple sequence alignment

MSA
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Dataset Shapes

Which data is more difficult to analyze? 
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Thousands of sequences, short sequence length

This?
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Dataset Shapes

Which data is more difficult to analyze? 
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Dataset Shapes

Intuitively it is this dataset here, as it contains much less 
information for telling apart more sequences
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Dataset Shapes

Intuitively it is this dataset here, as it contains much less 
information for telling apart more sequences

SARS-CoV-2 datasets are difficult !  
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SARS-CoV-2

● Assembled 4 distinct input datasets 
● Per input dataset 

→ executed 100 independent tree searches
● As we use likelihood models, we determined 

the trees that are not statistically significantly 
different from each other per set of 100 trees
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Results SARS-CoV-2

● For all input datasets about 70 out of 100 trees 
are not significantly different from each other 
with respect to their likelihood scores 
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Results SARS-CoV-2

● For all input datasets about 70 out of 100 trees 
are not significantly different from each other 
with respect to their likelihood scores

● But, their pair-wise topological differences 
(difference in tree shapes) amount on average 
to 70% ! 
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Results SARS-CoV-2

● For all 4 input datasets about 70 out of 100 
trees are not significantly different from each 
other with respect to their likelihood scores

● But, their pair-wise topological differences 
(difference in tree shapes) amount on average 
to 70% !

→ extremely weak signal

→ don't draw conclusions from a single tree!

→ summarize the trees via summary statistics! 
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Summarized Trees

SARS-CoV-2 consensus tree colored by country
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Difficulty of an MSA
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difficult

easy

This is all very hand-wavy →can we quantify & predict this? 
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Difficulty Prediction
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Easy
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Difficult

SARS-CoV-2
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What does Difficulty mean? 
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Predicting Difficulty with Pythia

● Pythia = Boosted Tree Regressor
● Supervised Regression Task 

● Predict difficulty between 0 (easy) and 1 (difficult)
● Ground truth difficulty as training target based on 

100 distinct Maximum Likelihood tree inferences
● Initially trained on 4K empirical MSAs

● Mean absolute error: 2.5% 
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SARS-CoV-2 Example
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Using Pythia as End-User

● Prior to tree inference 

→ determine analysis & post-analysis setup 

→ adjust/modify MSA

→ explore data filtering & assembly strategies

→ adjust user/reviewer expectations about data 
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Simulation Study
Using Pythia as Developer
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Accuracy as Function of Difficulty
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Adaptive RAxML-NG
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Adaptive RAxML-NG
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Pythia
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Adaptive RAxML-NG Heuristics

● As a function of difficulty modify 

1) number of independent ML tree searches 

2) thoroughness of the searches

→ use an additional tree search mechanism
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Test Data & Setup

● 10K empirical MSAs from TreeBase

→ 9192 MSAs after filtering
● 5K simulated MSAs 
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Test Data & Setup

● 10K empirical MSAs from TreeBase

→ 9192 MSAs after filtering
● 5K simulated MSAs 
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Difficulty Score Distribution



58

Significance Tests
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Distances between trees
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Speedups
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Speedups

Higher search effort 
→ not required
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Speedups

Higher search effort 
→ makes no sense
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Speedups

Overall accumulated speedup: approx. 3 on empirical data
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Simulated Data Sucks



Setup

CNN: Convolutional Neural 
Network

GBT: Gradient Boosted Tree



Results

BACC = Balanced ACCuracy



Problem: Randomness
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Scalability
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Single Cell Evolution

● Reconstructing the evolution, e.g., of cancer 
cells in a single patient is challenging
● Noisy data 
● Erroneous data 
● Little signal 
● Few & simplistic models 
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Phylogenetic Networks

● Evolution does not need to occur in a tree-like 
manner due to recombination events 

● We can model this via so-called phylogenetic 
networks 
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Phylogenetic Networks

● Evolution does not need to occur in a tree-like 
manner due to recombination events 

● We can model this via so-called phylogenetic 
networks

● The likelihood of such a network is substantially 
more difficult to compute than on a tree

→ computational challenges  
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Gene Tree Species Tree 
Reconciliation

● There are other phenomena that complicate 
evolution 
● Gene loss
● Gene transfer 
● Gene duplication 

→ gene tree ≠ species tree
● Infer & correct trees under a joint likelihood model 

comprising the phylogenetic likelihood and a 
reconciliation likelihood model
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GeneRax

● First full and efficient Maximum Likelihood 
implementation to infer gene family trees using 
a given rooted species tree under a joint 
phylogenetic & reconciliation likelihood model 
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SpeciesRax

● Goal: Simultaneously infer the gene family 
trees and the species tree under a joint 
phylogenetic/reconciliation likelihood model 
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Tournament Prediction
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Tournament Prediction
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Software Quality Assessment

● SoftWipe tool for automatic scientific software 
quality assessment (C and C++)
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Biological Field Work
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Energy Efficiency



81

Ancient DNA

● Better tools for ancient DNA analyses 
● Classic aDNA data analyses



Thank you for your attention

Listaros village, Crete
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Pythia developments

● New release (May 19, 2023) 
● Trained on 12K datasets 

– 11,108 DNA MSAs
–  979 Protein MSAs
–  460 Morphological MSAs

● Two new features 
● Improved accuracy

–     Mean absolute error: 0.07 (previously 0.09)
–     Mean absolute percentage error: 1.7% (previously 2.5%)  
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Definition of Difficulty
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Prediction Features

● Eight Features
● 4 MSA attributes

– Sites-over-taxa
– patterns-over-taxa 
– % gaps
– % invariant sites

● 2 MSA information metrics
– Shannon entropy
– Bollback multinomial test statistic

● 2 Parsimony-tree-based features
– Infer 100 parsimony trees 

→ average RF-Distance

→ % unique topologies
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