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A phylogeny

Hypothetical common ancestors

Taxon 1
Taxon 4
Taxon 2
Taxon 3 Taxon 5

Phylogenies describe evolutionary relationships among species



A phylogeny
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A phylogeny

Taxon 1
Taxon 4
Taxon 2
Taxon 3 Taxon 5

Phylogenetic trees are unrooted binary trees!
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Tree Inference Pipeline
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How many unrooted 4-taxon trees
exist?
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The currently most widely used criterion is (maximum) likelihood -
How likely is it that the tree, given a model of evolution, generated
the observed data?



How do we chose among them?
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The currently most widely used criterion is (maximum) likelihood -
How likely is it that the tree, given a model of evolution, generated
the observed data?
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The number of trees explodes!



# possible trees with 2000 taxa

stamatak@exelixis:~/Desktop/GIT/TreeCounter$ ./treeCounter -n 2000

GNU GPL tree number calculator released June 2011 by Alexandros Stamatakis
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Finding the best tree under Maximum Likelihood is NP-hard!
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Problem Complexity

Global maximum

search space
heuristic tree
search strategy

Maximum Likelihood tree searches
typically end up in local optima
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Starting Trees
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starting tree 1
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Main Prior Contributions

 Efficient tree search algorithms

* Low-level hardware-aware optimization of likelihood calculations
(95% of total execution time)

* Algorithmic optimization of likelihood calculations
 Parallelization for analysis of large genomic datasets

* Optimal data distribution
* Optimization of parallel I/O

31



Main Prior Contributions

 Efficient Search Algorithms

* Low-level hardware-aware optimization of likelihood calculations
(95% of total execution time)

* Algorithmic optimization of likelihood calculations

 Parallelization for analysis of large datasets

* Optimal data distribution
e Optimization of parallel I/O

« Software for Supercomputers

* RAxXML-NG - scales from the laptop to the supercomputer
* ExaBayes - Bayesian inference on extremely large datasets
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Main Prior Contributions

Efficient Search Algorithms

Low-level hardware-aware optimization of likelihood calculations (95% of
total execution time)

Algorithmic optimization of likelihood calculations

Parallelization for analysis of large datasets

* Optimal data distribution

* Optimization of parallel 1/0

Software for Supercomputers

* RAXML-NG - scales from the laptop to the supercomputer

* ExaBayes - Bayesian inference on extremely large datasets
Support, Maintenance, Extension
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Tree Inference Pipeline

Taxon 1:ACGTTT Taxon 1:ACGTTT-
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~ no widely used uncertainty Taxon 1 Taxon 3
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Taxon
Taxon

Tree Inference Pipeline

1:ACGTTT
2:ACGTT
3:ACCCT

4 :AGGGTTT

MSA
Program

Taxon 1:ACGTTT-
Taxon 2:ACGTT- - Tree inference
Taxon 3:ACCCT-- program

Taxon 4:AGGGTTT

Multiple Sequence Alighnment: l
Mostly ad hoc methods -
no widely used uncertainty

guantification approach, but ... Taxon 3

N
\

Taxon 2 Taxon 4



Muscleb

Article | Open Access | Published: 15 November 2022

Muscle5: High-accuracy alignment ensembles enable
unbiased assessments of sequence homology and

phylogeny

Robert C. Edgar &

Nature Communications 13, Article number: 6968 (2022) | Cite this article
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Tree Inference Pipeline

Taxon 1:ACGTTT Taxon 1:ACGTTT-

Taxon 2:ACGTT 5 MSA » raxon 2:ACGTT- - Tree inference
Taxon 3:ACCCT Program Taxon 3:ACCCT- - program
Taxon 4:AGGGTTT Taxon 4:AGGGTTT

Phylogenetic Inference:

A long history of explicit uncertainty models

Bootstrap Methods for Maximum Likelihood

Posterior Probabilities for Bayesian Inference using MCMC

Taxon 1 Taxon 3

NS
\

Taxon 2 Taxon 4




A Tree with Support Values

Taxon 1 Taxon 3

80/100

Taxon 2 Taxon 4



Sources of Uncertainty

1) Orthology Assignment

2) Multiple Sequence Alignment
3) Tree Inference

4) BUT



Software Issues

Bugs & Software Quality
Numerical Instability
Reproducibility

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
e 10 alternative orthology assignments
* 10 x 10 alternative MSAs
e 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?

Global maximum
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S1
S2
S3
S4

Phylogenetic Inference

MSA

ACGTT
ACCGG

GGCTT

X

TGGAG >

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

S1

S2

S3

S4



49

Dataset Shapes

This?

\ Which data is more difficult to analyze?

S1
S2

S10000

Thousands of sequences, short sequence length
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S1
S2

S10000

Dataset Shapes

Which data is more difficult to analyze?

Or this?

S1
S2

S10 |||||||||||||||||||||||||||||||||||||||||||||||I

Few sequences, long sequence length
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S1
S2

S10000

Dataset Shapes

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



52

S1
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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 is such a difficult dataset; it even exhibits some
additional difficulties:
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S1
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S10000

Dataset Shapes

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

SARS-CoV-2 is such a difficult dataset; it even exhibits some
additional difficulties:

1. Due to the low mutation rate (rate at which nucleotides change)
sequences are very similar to each other
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S1
S2

S10000

Dataset Shapes

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

SARS-CoV-2 is such a difficult dataset; it even exhibits some
additional difficulties:

1. Due to the low mutation rate (rate at which nucleotides change)
sequences are very similar to each other

2. The genome is = 30,000 nucleotides long, but the sequences
differ in only 1500-2000 positions - highly similar
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S1
S2

S10000

Dataset Shapes

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

SARS-CoV-2 is such a difficult dataset; it even exhibits some
additional difficulties:

1. Due to the low mutation rate (rate at which nucleotides change)
sequences are very similar to each other

2. The genome is = 30,000 nucleotides long, but the sequences
differ in only 1500-2000 positions - highly similar

3. The input sequences are not from distinct species!



Consequences

e SARS-CoV-2 data

* Extremely hard to infer a reliable tree

* Numerical issues with tree inference tools because
the sequences are so closely related

* Post-analyzing the tree (e.g., determining the root,
identifying virus sub-classes) appears to not be
feasible using computational tools

56



Consequences

* SARS-CoV-2 data
 Extremely hard to infer a reliable tree

/4

For details, see: Benoit Morel, Pierre Barbera, Lucas Czech, Ben Bettisworth, Lukas Hlubner,
Sarah Lutteropp, Dora Serdari, Evangelia-Georgia Kostaki, loannis Mamais,

Alexey Kozlov, Pavlos Pavlidis, Dimitrios Paraskevis, Alexandros Stamatakis.

"Phylogenetic analysis of SARS-CoV-2 data is difficult", Molecular Biology and Evolution 2021
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Phylogenetic Inference

* Assembled 4 distinct input datasets

* Per input dataset — executed 100 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

* 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

* 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

* 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% !

- extremely weak signal
- don't draw conclusions from a single tree!
- try to summarize the trees via summary statistics!



Summarized Trees

T
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SARS-CoV-2 consensus tree colored by country
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S1
S2

S10000

difficult

Difficulty of an MSA

S1
S2
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easy
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S1
S2

S10000

difficult

Difficulty of an MSA

This is very hand-wavy - can we quantify & predict this

S1
S2

S10

easy
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Difficulty Prediction

JOURNAL ARTICLE

From Easy to Hopeless—Predicting the Difficulty of
Phylogenetic Analyses J

Julia Haag &=, Dimitri Hohler, Ben Bettisworth, Alexandros Stamatakis

Molecular Biology and Evolution, Volume 39, Issue 12, December 2022, msac254,
https://dol.org/10.1093/molbev/msac254
Published: 17 November 2022



Easy

* :? Statistical Tests

Tree Post-Processing , i
MSA inference ’ > Bootstrapping + 1

& 4
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Difficult

* :1% Statistical Tests Slﬁ
’ post-ProceSSing, Bootst rapping .' ’

Tree

MSA g

Inference
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What does Difficulty mean?

Difficulty = ruggedness of the tree space

Easy — - Difficult
* Few highly similar tree « Highly distinct topologies,
topologies statistically

indistinguishable
» Single likelihood peak
* Multiple likelihood peaks

68
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Predicting Difficulty with Pythia

* Pythia = Boosted Tree Regressor

e Supervised Regression Task

* Predict difficulty between 0.0 (easy) and 1 (difficult)

* Ground truth difficulty as training target based on
100 distinct Maximum Likelihood tree inferences

* Trained on 4K empirical MSAs
* Mean absolute % error: 2.5%



MSA

70

Definition of Difficulty

Tree Inference ,‘*"i&' ‘. Statistical Tests ‘ , ’

(RAxIVIL-—NG) Na“ =100 (1Q-Tree) pl
ML trees plausible trees
.F!F- RF-
Distance Distance
e k
RFg N3, RFp Ny

I Nl Mol Npl
difficulty(MSA) = — lRFa” +——+RFy +—+ o ‘
S Nall Np| Nl
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Prediction Features

* Eight Features

e 4 MSA attributes

- sites-over-taxa, patterns-over-taxa, % gaps, % invariant
sites

e 2 MSA information metrics
— Shannon entropy, Bollback multinomial test statistic
e 2 Parsimony-tree-based features

- Infer 100 parsimony trees — average RF-Distance, %
unique topologies



SARS-CoV-2 Example

"Phylogenetic Analysis of SARS-CoV-2 Data Is Difficult" (https://doi.org/10.1093/molbev/imsaa314)

The predicted difficulty for MSA examples/covid.fasta is:| ©.84.

FEATURES:

num_taxa: 4369

num_sites: 28361

num_sites/num_taxa: 5.82

avg_rfdist_parsimony: .79

proportion_unique_topos_parsimony: 1.0

Feature computation runtime: 1830.182 seconds
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Using Pythia

* Prior to tree inference
- determine analysis & post-analysis setup
- adjust/modify MSA
— adjust user expectations about data
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Pythia developments

e Next release

* Trained on 12K datasets (automatic re-training)
* Additional features

* Deploy to inform tree search heuristics



Adaptive RAxXML-NG

Input RAXML-NG |
MSA > ML inference : Binary tree
RO\

> Pythia

Difficulty
score

75



Input
MSA

Adaptive RAxXML-NG

RAXML-NG
ML inference

I

RE s
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Pythia

Difficulty
score

—> Binary tree
Adaptive
RAXML-NG




Pythia

—1.0
- 07
Ilslgit » | Pythia > Zn.s
- 0.3
—0.0
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Adaptive RAxML-NG Heuristics

* We modify as a function of difficulty

* the number of ML tree searches
* the thoroughness of the search

 And introduce an additional tree search
mechanism
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Test Data & Setup

* 10K empirical MSAs from TreeBase
- 9192 MSAs after filtering
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Test Data & Setup

* 10K empirical MSAs from TreeBase
- 9192 MSAs after filtering

|

IQ-TREE 2
Significance
Tests

|

_| Standard Standard
RAXML-NG tree
SE—
\ l l
Input Execution , _
MSA times LH con':f)anson RF dlitance
1
| Adaptive Adap@
RAXML-NG tree




Difficulty Score Distribution

Density histograms of empirical/simulated M5As over 10 difficulty intervals

m 9152 empirical MSAs
== 4991 similated MSAs
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Difficulty intarvals



Significance Tests

IQ-TREE 2 significance test results

= Empirical
e Simulated
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B

Ftn:er:age (%)

&

an

o

iy {3.03 ) 77 51
(2.68 %) 3. i oo
! Standard RAXML-NG Adaptive RAXML-NG
signiflcantty hatter significantly better
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Distances between trees

Relative RF distances between Standard/Adaptive RAXML-NG outputs
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Speedups

Speedup Distributions of emplirical/simulated MSAs - 10 difficulty Intervals

B empirical
I simulated

______ ¢ ¢ +¢SV |

o080 4. 0.2 ) 1.2 03) 1004 lha, 0% ) 10.5,. 0.8 ] s, ar] 107 0.8 ) 0.8, 09} 89, 1.0)
Difficulty Intervals
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Speedups

Speedup Distributions of emplirical/simulated MSAs - 10 difficulty Intervals

B empirical
I simulated

- +++¢9 |

o080 4. 0.2 ) 1.2 03) 1004 lha, 0% ) 10.5,. 0.8 ] s, ar] 107 0.8 ) 0.8, 09} 89, 1.0)
Difficulty Intervals

Overall accumulated speedup: approx. 3 on empirical data
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Outline

Our Approach to Bioinformatics
Introduction to Phylogenetic Inference
Sources of Uncertainty

Phylogenetic Difficulty

Other stuff we are working on



Scalability

Cost per Human Genome

$100,000,000 res

$10,000,000
Moore’s Law
$1,000,000
$100,000
$10,000
NIH National Human Genome N R
Research Institute {
$1,000 e _
genome.gov/sequencingcosts
$100 L

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020




Single Cell Evolution

* Reconstructing the evolution, e.g., of cancer
cells Iin a single patient is challenging

* Noisy data
e Erroneous data

Little signal
 Few & simplistic models

Eleven grand challenges in single-cell data science

David Lihnemann, Johannes Kaster, [...] Alexander Schonhuth

Genome Biology 21, Article number: 31 (2020) | Cite this article

32k Accesses | 16 Citations | 281 Altmetric | Metrics New Results © Comments (2)

CellPhy: accurate and fast probabilistic inference of single-cell phylogenies from
scDNA-seq data

Alexey Kozlov, Joao Alves, ' Alexandros Stamatakis, David Posada
doi: https://doi.org/10.1101/2020.07.31.230292

it anc has not hee =riified by peer review [what does this mean?]
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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

RRRRRRRRRRRRRR
NetRAX: accurate and fast maximum likelihood
phylogenetic network inference &

Sarah Lutteropp ™, Céline Scornavacca, Alexey M Kozlov, Benoit Morel,
Alexandros Stamatakis

Bioinformatics, Volume 38, Issue 15, August 2022, Pages 3725-3733,
https://doi.org/10.1093/bioinformatics/btac396

Published: 17 June 2022 Article history v
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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

GeneRax: A Tool for Species-Tree-Aware
Maximum Likelihood-Based Gene Family
Tree Inference under Gene Duplication,
Transfer, and Loss J

Benoit Morel =, Alexey M Kozlov, Alexandros Stamatakis,
Gergely J Szollosi

Molecular Biology and Evolution, Volume 37, Issue 9, September 2020,
Pages 2763-2774, https://doi.org/10.1093/molbev/msaal4l
Published: 05 June 2020
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SpeclesRax

* Goal: Simultaneously infer the gene family
trees and the species tree under a joint
phylogenetic/reconciliation likelihood model

JOURNAL ARTICLE

SpeciesRax: A Tool for Maximum Likelihood
Species Tree Inference from Gene Family Trees
under Duplication, Transfer, and Loss &

Benoit Morel &, Paul Schade, Sarah Lutteropp, Tom A Williams, Gergely J Szollési,

Alexandros Stamatakis

Molecular Biology and Evolution, Volume 39, Issue 2, February 2022, msab365,
https://doi.org/10.1093/molbev/msab365
Published: 11 January 2022



94

Parallel Fault Tolerance

* Parallel computations on thousands of cores are
likely to fail due to failing hardware components

* This applies to tightly coupled massively parallel
codes In general and to RAxML-NG In particular

* Goal: Devise generic and RAxML-NG Specific
strategies for fault tolerance of massively parallel
codes

JOURNAL ARTICLE
Exploring parallel MPI fault tolerance mechanisms
for phylogenetic inference with RAXML-NG &

Lukas Hubner &, Alexey M Kozlov, Demian Hespe, Peter Sanders, Alexandros Stamatakis
Bioinformatics, Volume 37, Issue 22, 15 November 2021, Pages 4056-4063,

https://doi.org/10.1093/bioinformatics/btab399
Published: 26 May 2021  Article history v



Team

Tournament Prediction

Winning Team Prediction for the NBA 2023 Playoff

Boston Celtics A

Memphis Grizzlies -

Cleveland Cavaliers -

Denver Nuggets -

Milwaukee Bucks -
Philadelphia 76ers -
Phoenix Suns -

Sacramento Kings A

New York Knicks -

Golden State Warriors
Brooklyn Nets -

LA Clippers A

Minnesota Timberwolves -
Atlanta Hawks -

Miami Heat -

Los Angeles Lakers -

e

0.045 0.050 0.055 0.060 0.065 0.070 0.075 0.080
Win Probability
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Software Quality Assessment

 SoftWipe tool for automatic scientific software
guality assessment (C and C++)

Article | Open Access | Published: 11 May 2021

The SoftWipe tool and benchmark for assessing coding
standards adherence of scientific software

Adrian Zapletal, Dimitri Héhler, Carsten Sinz & Alexandros Stamatakis [~

Scientific Reports 11, Article number: 10015 (2021) | Cite this article

4270 Accesses | 1 Citations | 115 Aitmetric | Metrics



Empirical Software Engineering with
SoftWipe

A Bachelor thesis in my lab makes a seminal contribution to software
engineering - open source codes written in C on github have higher code
quality when they contain swear words.

3 Alexis Stamatakis @AlexisCompBio - Feb 10 ue
b

C sourre corde Without swear wortls C soutee code with swear words

=
=
-

LT T
;. -
5 2
B nh e 39
g2 a8
g_:l." = WA
: g
n"H'i- a1us
e i I - i 1- . 1 . o I L ¥ ¥ m
Code guality scoe Ciodls qunity scone
) 195 11 2240 O 11K il 9579K Fa
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Biological Field Work
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Ancient DNA

* Better tools for ancient DNA analyses

* Classic aDNA data analyses

100

Current Biology e

Volume 33, Issue 1, 9 January 2023, Pages 41-57.e15

Articl

Spatial and temporal heterogeneity in human
mobility patterns in Holocene Southwest Asia
and the East Mediterranean

Dilek Koptekin 1345 & =, Eren Yiincii ! Ricardo Rodriguez-Varela 3 * % N. Ezgi Altimisik ® #2,
18

Nikolaos Psonis ® **, Natalia Kashuba 7, Sevei Yorulmaz 2, Robert George.
Duygu Deniz Kazanc 153 pamila Kaptan ", Kanat Giiriin 2, Kivileim Ba;ak Vural 1,

Hasan Can Germici *, Despoina Vassou 8, Evangelia Daskalaki *, Cansu Karamurat ®,

Vendela K. Lagerholm * 4, Omiir Dilek Erdal ', Emrah Kirdék !, Aurelio Marangoni *...
Mehmet Somel 12434 o =




Thank you for your attention




Pipeline Complexity
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Project Complexity
the good old days

Seguence

T1 ACGT
T2 ACC
T3 ACGG
T4 AAGC
X
single gene &
few species




Project Complexity
the good old days

Sequence - Align

Tl ACGT T1 ACGT
T2 ACC T2 ACC-

T3 ACGG T3 ACGG
T4 AAGC T4 AAGC



Project Complexity
the good old days

Sequence - Align —» Infer Tree

T1 ACGT
T2 ACC

T3 ACGG
T4 AAGC

1T T2
T1 ACGT

T2 ACC-
T3 ACGG

T4 AAGC
T3 T4



Project Complexity
the good old days

Sequence - Align - Infer Tree - Publish

T1 ACGT
T2 ACC
T3 ACGG
T4 AAGC

o1 ST
T1 ACGT ey o o
T2 ACC- ~
T3 ACGG
T4 AAGC

T3 T4




Project Complexity Today

All aTwitter aver an The extragalactic background's A cellular target for human
Interpet study p oo uneven glow pp Ty g v

NOTOVINUS  pp, XX & XXN

Does DNA act aga

Mutations enhanci
telephone line? p mss

enkermia
development

A stable pold support gives
sharper resolution p w7

ce :

12 DECEMBER 2014
RYAAAS

\

phylogeny
resolved

Molecular insights into

insect origins and evolution
pXAX

150 insect transcriptomes 50 bird genomes



Project Complexity Today

1KITE Dataflow

e

Ll_wﬂ.l. e - . ,J\ ) _v.“ ‘-\ hl---;;_l;_-. - = =y foe : ; \ .
.—.T- o . '\P
@ = = P
1000 INSECT TRANSCRIPTOME EVOLUTION

(c) Peter Grobe + the 1KITE Team, ZFMEK, Bann, Germany

Version; 20120607




Project Complexity Today

1KITE DataﬂOW What if there |SJust o

/
[ B I
—
L~ g _/'.
| - K I I E
e —|
(c) PeterGrobe
Version; 20120

1000 INSECT TRANSCRIPTOME EVOLUTION




Project Complexity Today

1KITE DataﬂOW Probability of bugs
— : m%reases'

IC ‘,'
/
[im B I
—
L~ g _/'.
| - K I I E
e —|
(c) PeterGrobe
Version; 20120

1000 INSECT TRANSCRIPTOME EVOLUTION




Project Complexity Today

1KITE Dataﬂo Scripts, wrappers, etc. written
by a plethora of researchers.in _-—

\ a large number-of languages:
- perl python C, C++, JAVA, etc.
4

e':".::

(c) PeterGrob y 1K I I E
Version; 2012

1000 INSECT TRANSCRIPTOME EVOLUTION




The 'crappy' software project

* Analyzed 15 widely-used evolutionary biology tools =
65,000 citations

* Analyses performed

« Compiled with gcc and clang with all warnings enabled
« Memory check with valgrind

* Checked if assertions are used via assert()

* Analyzed degree of code duplication

« Caution: “bad” quality does not induce that a tool is faulty,
but the probability of it being faulty is higher!

The State of Software for Evolutionary
Biology &
Diego Darriba, Tomas Flouri, Alexandros Stamatakis ==

Molecular Biology and Evolution, Volume 35, Issue 5, May 2018, Pages
1037-1046, https://doi.org/10.1093/molbev/msy014
Published: 29 Januar v 2018



SoftWipe

* Discussion with Science Journalist - “Can this process be
automated?”

* Development of SoftWipe - An automated tool and benchmark
for relative quality ranking of scientific software

* Ranking of 51 open source tools written in C or C++ from a wide
range of research areas

* Astrophysics
« Computer Science
* Bioinformatics

New Results © Comment on this paper

SoftWipe - a tool and benchmark to assess scientific software quality

Adrian Zapletal, Dimitri Hoehler, Carsten Sinz, Alexandros Stamatakis
doi: https://doi.org/10.1101/2020.10.07.330621
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Does not change over time as more tools are added -
can easily be referenced
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Does change over time as more tools are added -
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Tools with highly similar functionality
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pProgrun name absolute seore

relative score

EOTIESIS "6
hiyperphiylo 1.6
kakypar g4
candy-kingdom g2
bindash-1.0 50
Fastspar 1.8
repealscounter 75
nxe-0.33 75
virulign-1.001 74
ke L1 O onnad 74
fnf- L1 (Mennaf 74
ExpunsionHunter 73
plucose-3-drup T.1
raxml-ng 7.0
dawg 6.8
ntEdit-1.2.3 g
defor 6.3
EWIF H.2
lemon .1
reenscs .1
IQ-TREE-2.(rzl .1
BGSA_CPU-1.0 59
emeral D .
dr_sasn n 5.7
copmem-(1.2 3.7
samiools 6
seq-Een 6
dna-nn-1. | 33
sf 32
cryfe-18.06 3.
ngsl.Dy 3.
HLA-LA 49
igtreat 610 49
vsearch 4.6
prunk 4.6
pregul
LA
phyml
clustal
mrbayes
icofiee
gadget
cristlash
PopLDdecay
celleoal
bpp
ms
Tt -
athena 2

I covid-sim-(h. ['3:() l 2.5
indelible 4
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1.5
74
1.5
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1.5
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Coding that led to lockdown was 'totally
unreliable' and a 'buggy mess', say experts

The code, written by Professor Neil Ferguson and his team at Imperial College London,
was impossible to read, scientists claim

Covid simulation tool




SoftWipe In Practice

Leads to healthy competition among lab members - everyone
wants to write the cleanest code

Used by researchers inside and outside of the lab during the
development process - potential bugs identified and avoided

Used as teaching tool in programming practicals

SoftWipe score already used by us and others in Bioinformatics
software paper submissions

Vision: Establish software quality indicators as a necessary
prerequisite for software paper submissions



Software Quality and Maintainability

 The Next Generation (-=NG) projects:

* Re-design, re-factoring, from scratch re-implementation of
flagship tools to ensure maintainabillity, sustainability, and
extensibility & increase scalability/performance

 ModelTest-NG — model testing of
evolutionary models for phylogenetic
inference

 RAXML -NG — phylogenetic inference

 EPA-NG - phylogenetic placement of environmental
reads



Energy Efficiency



Innovations

New Results CoimimEht oh this papst

A Fast and Memory-Efficient Implementation of the Transfer Bootstrap

Sarah Lutteropp, £ Alexey M. Kozlov, Alexandros Stamatakis
doi: hitps://doi.org/10.11017734848

EPA-ng: Massively Parallel Evolutionary Placement
of Genetic Sequences 3

Pierre Barbera ™, Alexey M Kozlov, Lucas Czech, Benoit Marel, Diego Darriba,
aatakis

30x speedup

480x speedup

Tomas Flouri, Alexandros Sta

Systematic Biology, Voliinm
[sysbio/syy(054

tps://doi.org /10.1093
CORRECTED PROOF

RAXML-NG: a fast, scalable and user-friendly tool

for maximum likelihood phylogenetic inference @

Alexey M Kozlov &, Diego Darriba, Tomas Flouri, Benoit Marel, Alexandros Stamatakis

e e Multi-rate Poisson tree processes for single-locus
species delimitation under maximum likelihood and

Markov chain Monte Carlo &
P Kapli =, 5 Lutteropp, J Zhang, K Kobert, P Pavlidis, A Stamatakis &, T Flouri ==

Bioinformaticsxs
Publi

4x speedup

Bioinformatics, Volume 33, Issue 11,1 June 2017, Page
[bivinformatics/btx025
Published:

1638, hitps://doi.org /10.1093

ar=

~1000x speedup

Oh, wow, this will help save a lot of energy!
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The Jevons Paradox

New Results
A Fast and Memory-Efficient Implementation of the Transfer Bootstrap

Sarah Lutteropp, 0 Alexey M. Kozlov, Alexandros Stamatakis
doi: hitps://doi.org/10.11017734848

EPA-ng: Massively Parallel Evolutionary Placement
of Genetic Sequences @

Pierre Barbera ™, Alexey M Kozlov, Lucas Czech, Benoit Marel, Diego Darriba,

480x speedup

Systematic Biolog tps://doi.org /10.1093

[sysbio/syy(054
CORRECTED PROOF

RAXML-NG: a fast, scalable and user-friendly tool

for maximum likelihood phylogenetic inference @

Alexey M Kozlov &, Diego Darriba, Tomas Flouri, Benoit Marel, Alexandros Stamatakis

T Multi-rate Poisson tree processes for single-locus
species delimitation under maximum likelihood and

Markov chain Monte Carlo &
P Kapli =, 5 Lutteropp, J Zhang, K Kobert, P Pavlidis, A Stamatakis &, T Flouri ==

Bioinformaticsxs
Publi

4x speedup

1638, hitps://doi.org /10,1053

ar=

Bioinformatics, Volume 33, Issue 11,1 June 2017, Page
[bivinformatics/btx025
Published:

~1000x speedup

W. S. Jevons ,,The Coal Question* (1865)

Improved efficiency — <@ Increased consumption

\ rate
Lower cost /
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The Jevons Paradox

New Results Coimnmant oh this papet

A Fast and Memory-Efficient Implementation of the Transfer Bootstrap

Sarah Lutteropp, £ Alexey M. Kozlov, Alexandros Stamatakis
doi: hitps://doi.org/10.11017734848

EPA-ng: Massively Parallel Evolutionary Placement
of Genetic Sequences J

Pierre Barbera ™, Alexey M Kozlov, Lucas Czech, Benoit Marel, Diego Darriba,
aatakis

30x speedup

480x speedup

Tomas Flouri, Alexandros Sta

Systematic Biology, Voliinm
[sysbio/syy(054

tps://doi.org /10.1093

CORRECTED PROOF

RAXML-NG: a fast, scalable and user-friendly tool

for maximum likelihood phylogenetic inference @

Alexey M Kozlov &, Diego Darriba, Tomas Flouri, Benoit Marel, Alexandros Stamatakis

T Multi-rate Poisson tree processes for single-locus
species delimitation under maximum likelihood and

Markov chain Monte Carlo &
P Kapli =, 5 Lutteropp, J Zhang, K Kobert, P Pavlidis, A Stamatakis &, T Flouri ==

Bioinformaticsxs
Publi

4x speedup

Bioinformatics, Volume 33, Issue 11,1 June 2017, Page 1638, https://doi.org/10.1033

ar=

[bivinformatics/btx025
Published:

~1000x speedup

We need an alternative solution!



Energy monitoring: RAXML -NG

 New in RAXML-NG v1.0: energy usage report

Elapsed time: 42846.287 seconds

Consumed energy: 162370.469 Wh (= 812 km in an electric car, or 4059 km with an e-scooter!)

Single tree search (96 nodes x 12h):
>160 kWh



Energy Saving Mode in RAXML-NG v1.0

Execution time (s) Consumed energy (Wh)

300
200 ﬁ

100

default: v1.0+ v0.9

12 4 6 8 10 12 14 16 12 4 6 8 10 12 14 16
Number of threads Number of threads



Energy (J)

Phylogenetic Inference: Energy as a
function of CPU clock frequency

DNA AA

20000
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1200 2000 3000 4000 1200 2000 3000
CPU frequency (MHz)

Runtime x node power Variable -®- Energy (Node)

4000



Energy (J)

Phylogenetic Inference: Energy as a
function of CPU clock frequency

20000

15000

10000

1200

DNA AA

Computation is
memory bandwidth
bound and not CPU
bound

2000 3000 4000 1200 2000 3000 4000
CPU frequency (MHz)

Variable -® - Energy (Node)



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71
	Slide 72
	Slide 73
	Slide 74
	Slide 75
	Slide 76
	Slide 77
	Slide 78
	Slide 79
	Slide 80
	Slide 81
	Slide 82
	Slide 83
	Slide 84
	Slide 85
	Slide 86
	Slide 87
	Slide 88
	Slide 89
	Slide 90
	Slide 91
	Slide 92
	Slide 93
	Slide 94
	Slide 95
	Slide 96
	Slide 97
	Slide 98
	Slide 99
	Slide 100
	Slide 101
	Slide 102
	Slide 103
	Slide 104
	Slide 105
	Slide 106
	Slide 107
	Slide 108
	Slide 109
	Slide 110
	Slide 111
	Slide 112
	Slide 113
	Slide 114
	Slide 115
	Slide 116
	Slide 117
	Slide 118
	Slide 119
	Slide 120
	Slide 121
	Slide 122
	Slide 123
	Slide 124
	Slide 125
	Slide 126
	Slide 127
	Slide 128
	Slide 129
	Slide 130
	Slide 131
	Slide 132

