


• Not all genes will appear in SC-OGs


• -f input can also be unaligned sequences


• Enables alignment of SNAP-OGs


• If you still have questions, please feel to 

ask me to draw a worked example


• You may finish this session early, you can 

certainly work on previous unfinished 

practicals


• At 9:30, we will discuss phylogenetic 

lingo (Gemma & Karin)



Concatenation and partitioning

https://jlsteenwyk.com/@JLSteenwyk
@JLSteenwyk



Outline

• Major methods in phylogenomics


• Substitution models, in (very) brief


• Methods to concatenate sequences


• Phylogenomic subsampling
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Major methods in phylogenomics

Liu et al. 2015, Ann. N.Y. Acad. Sci. 
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Model, Blue     = 1-481 

Model, Green   = 482-1054 

Model, Yellow  = 1055-1492 

Model, Red      = 1493-1918

Model, Partition ID =  start and stop boundaries

The partition file summarizes gene boundaries

Liu et al. 2015, Ann. N.Y. Acad. Sci. 
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Outline

• Major methods in phylogenomics


• Substitution models, in (very) brief 

• Methods to concatenate sequences


• Phylogenomic subsampling
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Models can be applied to varying portions of the matrix

Steenwyk et al. (2023) Nature Reviews Genetics
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A (very) brief mention of substitution models

Steenwyk et al. (2023) Nature Reviews Genetics

Markov models that describe rates of nucleotide or 

amino acid substitutions in a locus during evolution

A

C

T

G
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The simplest model: Jukes Cantor

Jukes and Cantor, 1969; Kimura, 1980

Equal substitution rates


& equal base frequencies
@JLSteenwyk



The slightly complex model: K2P

Jukes and Cantor, 1969; Kimura, 1980

Equal substitution rates


& equal base frequencies
@JLSteenwyk

Unequal transition/transversion


rates and equal base freq. 



The most complex model: GTR

(Tavare, 1986

General time reversible model


with unequal rates and unequal base freq.

A

C

T

G
@JLSteenwyk



IQ-TREE docs has great explanations

@JLSteenwyk

http://www.iqtree.org/doc/Substitution-Models



Models can be applied to varying portions of the matrix

Steenwyk et al. (2023) Nature Reviews Genetics

Partitions can be genes 
or algorithmically defined
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What drives LBA?

when divergent taxa or clades with long branch 

lengths (i.e., many character changes occurring over 

time) are inferred as each other's closest relative due 

to convergent evolution of a given character (e.g., 

amino acid substitution)

True tree LBA tree

@JLSteenwyk



Brinkmann et al. 2005 - Microsporidia

Lartillot et al. 2007 - Platyhelminthes

Animals

Other fungi

Fungi

Plants

Archaea

Microsporidia

Arthropoda

Deuterostomia

Platyhelminthes

Long
branch

attraction
treeG

en
er
al
ly
ac
ce
pt
ed

tre
e

Microsporidia are early diverging fungi
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Long-branch attraction can result in an erroneous tree
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Brinkmann et al. 2005 - Microsporidia

Lartillot et al. 2007 - Platyhelminthes
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Platyhelminthes are sister to arthropods
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LBA can lead to an erroneous tree

Brinkmann et al. 2005 - Microsporidia

Lartillot et al. 2007 - Platyhelminthes
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Site-heterogeneous models can overcome LBA

Brinkmann et al. 2005 - Microsporidia

Lartillot et al. 2007 - Platyhelminthes
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Outline

• Major methods in phylogenomics


• Substitution models, in (very) brief


• Methods to concatenate sequences 

• Phylogenomic subsampling



Manual 

• That is, by hand….but why???


GUI (Graphical User Interface) 

• SequenceMatrix

https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1096-0031.2010.00329.x


• CONCATENATOR 

https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1755-0998.2008.02164.x


Command-line


• catfasta2phyml 
https://github.com/nylander/catfasta2phyml


• FASconCAT-G 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4243772/

Methods to concatenate sequences

@JLSteenwyk
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• That is, by hand….but why???


GUI (Graphical User Interface) 
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Command-line


• PhyKIT 
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• FASconCAT-G 
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Methods to concatenate sequences
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Two main programs used in the practical
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Outline

• Major methods in phylogenomics


• Substitution models, in (very) brief


• Methods to concatenate sequences


• Phylogenomic subsampling



Phylogenomic subsampling, in brief

1. Unstable bipartitions will be sensitive to gene selection


2. Subsample the full data matrix and reinfer the species tree using 

fewer (but typically still several dozen to hundreds of genes)


3. Compare resulting phylogenies and determine which bipartition 

are unstable


4. Examine potential drivers of incongruence thereafter. 

Incongruence will be examined in a later lab
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Phylogenetic subsampling
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Phylogenetic subsampling
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Metrics that capture phylogenetic signal

@JLSteenwyk

1. Alignment length


2. Alignment length with no gaps


3. GC content (for NTs)


4. Pairwise identity


5. # of parsimony informative sites


6. # of variable sites


7. Relative composition variability


8. Average bootstrap support value


9. Degree of violation of a molecular clock


10. Evolutionary rate


11. Long branch score


12. Treeness


13. Saturation


14. Treeness / RCV
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Alignment length
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Higher values are better!



Alignment length, no gaps
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Pairwise identity
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Pairwise identity
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Pairwise identity
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Relative composition variability

• Average variability in the sequence composition among taxa in an MSA


• Evaluates potential composition biases 


• violate assumptions of site composition homogeneity in standard 

substitution models

• c is the number of different character states per sequence type


• n is the number of taxa in an MSA


• s is the number of sites in an MSA
@JLSteenwyk
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Relative composition variability
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Degree of violation of a molecular clock
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Genes with low DVMC may be 

useful for divergence time analysis



Saturation by multiple substitutions
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Saturation by multiple substitutions
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• X-axis can be 

approximated using 

phylogenetic distances


• Tip-to-tip distances 

in a tree


• Y-axis can be 

approximated using 

pairwise identity


• Distance in an MSA
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So many metrics, so many details

@JLSteenwyk

1. Alignment length - higher better


2. Alignment length with no gaps - higher better


3. GC content (for NTs) - lower better


4. Pairwise identity - depends


5. # of parsimony informative sites - higher better


6. # of variable sites - higher better


7. Relative composition variability - lower better


8. Average bootstrap support value - higher better


9. Degree of violation of a molecular clock - lower better


10. Evolutionary rate - depends


11. Long branch score - lower better


12. Treeness - higher better


13. Saturation - higher better


14. Treeness / RCV - higher better



Where known, PhyKIT documentation will say

https://jlsteenwyk.com/PhyKIT
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Concatenation and partitioning

https://jlsteenwyk.com/@JLSteenwyk


