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STEM: Analytical calculation of phylogeny under a coalescent 
model that accounts for the loss of ancestral polymorphism 
due to genetic drift. 
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Carstens & Dewey, 2010 



•  two extremes (species as OTUs, subspecies as OTUs) 

•  148 other hierarchical permutations for these data . . . 

Carstens & Dewey, 2010 

lnL = -570.533 

lnL = -664.695 



Information theoretic metrics for 150 models of lineage composition 



Information theory metrics for 10 models! 
 
•  four models account for 96.4% of the total model probability 

•  all treat subspecies within M. evotis and M. lucifugus as evolutionary lineages 

•  difference among top models derived from pretending variable . . . 
 

Carstens & Dewey, 2010 



https://spedestem.osu.edu   

NSF DEB-0918212 



Species delimitation? 
ABC > BPP > spedeSTEM 



BPP (Yang & Rannala 2010) 



may you live in interesting times… 

Why do we choose certain models to analyze our data? 



STEM: Analytical calculation of phylogeny under a coalescent 
model that accounts for the loss of ancestral polymorphism 
due to genetic drift. 

 

Assumptions of model 
•  θ is constant (equal on each branch of ST) 
•  data are evolving in a manner consistent with the molecular clock 
•  shared polymorphism results from incomplete lineage sorting (no 

gene flow) 
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•  species tree methods do not consider population level processes 

such as gene flow or population expansion 

•  gene flow will decrease the accuracy of phylogeny estimation 



Little brown bat subpecies (Myotis lucifugus) 
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(Hall 1981;Carstens & Dewey 2010) 
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Figure 2.1.  Distributions of recognized subspecies of Myotis lucifugus from Hall (1981).

1) M. l. alascensis, 2) M. l. carissima, 3) M. l. lucifugus, 4) M. l. occultus, 5) M. l. pernox,

6), M. l. relictus. Some authors recognize a broader range for M. l. pernox (van Zyll de

Jong, 1985).

(Hall 1981) 
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How do we detect gene flow? Use a program such as Migrate-n to estimate it . . . 

Estimates θ =	
  4Neµ	
  and	
  M	
  	
  =	
  m	
  /	
  µ using an n-island model. 



How do we detect gene flow? Use a program such as Migrate-n to estimate it . . . 

θ  =	
  4Neµ	
  
M	
  	
  =	
  m	
  /	
  µ	
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Migrate-n 3.6 has the ability to calculate marginal likelihoods, so 
migration models can be evaluated using information theory. 



How do we detect gene flow? Use a program such as Migrate-n to estimate it . . . 

θ  =	
  4Neµ	
  
M	
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  m	
  /	
  µ	
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Same data, different interpretations . . . 



 
•  If we choose a species tree / delimitation approach, we infer 

that each subspecies within M. lucifugus is an independent 
evolutionary lineage (and probably assume that these lineages 
do not exchange alleles). 

 

•  If we choose an n-island migration model, we infer that three of 
the four subspecies exchange alleles at a substantial rate (and 
thus that they are not independent). 



Migrate-­‐n	
  	
  

Full likelihood/Bayesian methods can not fully model all evolutionary processes. 
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How do we justify our choices we analyze our data? 

•  we can assess the fit of the models that we choose 

•  we can choose the best model among a bunch of choices 



Too big…          …too small…     too Bowie …  

Posterior Predictive Simulation 



prior likelihood posterior  
probability 



prior likelihood posterior  
probability 

•  simulate from posterior 
•  generate predictive distribution 
•  compare to empirical data 



prior likelihood posterior  
probability 

Multispecies Coalescent model 

Likelihood of the datai given genealogyi 
 
 
 
Likelihood of genealogyi given the molecular clocki 
 
 
 
Likelihood of the molecular clocki given the species tree* 

P(S) is the joint prior probability 
distribution on the species tree* 



4 / 25 data sets had poor fit on the species tree level 
44 / 240 loci were outliers on the sequence data level 



•  analyzed data using *Beast (species tree model) 
•  50 million generations represented in posterior distribution 
•  posterior predictive simulations using our R-package (Gruenstaeudl et al. in prep) 



Parameter estimation depends on the parameters included in the 
model used to estimate the parameters. 



≈	
  

PHylogeographic InfeRence using APproximated Likelihoods 

with Brian O’Meara and Nathan Jackson 
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Model Optimization required for approximation of the L (D|M) 
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Phrapl	
  output:	
  comparing	
  model	
  fit	
  using	
  AIC	
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Challenge	
  #2:	
  tree	
  space	
  quickly	
  gets	
  enormous	
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Tree probabilities are not uniform 

Simulated under phylogeographic model 

Sampled from 
uniform 



Clever idea 1: Sample labels within populations arbitrary 
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Match based on all possible labeling, then correct for this 
i.e., three possible permutations, so if there is a match divide by 3 to get probability 



Clever idea 2: Polytomies are soft in gene trees (optional) 
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Clever idea 3: Subsample 
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Reduce the gene tree size (speed gain, precision loss) 



Clever idea 4: Do many empirical loci, sample the same topologies 
multiple times 

Run time increases linearly with the number of loci. 



Sequenced 
Exons 

Ultra 
Conserved 
Elements 

Anonymous 
loci 

Total / 
Sample 

Mluc34 1055 15 0 1070 
Mluc37 2067 76 23 2166 
Mevo3 2814 180 31 3025 
Mevo4 1184 42 6 1232 
Mevo5 3824 317 40 4181 
Mvol6 3964 309 37 4310 
Mvol7 3220 229 31 3480 
Mvol8 3645 180 25 3850 
Average 2721.6 168.5 24.1 2914.3 

Custom sequence capture probes synthesized by MYcroarray. 

Ariadna  
Morales-García 



How does PHRAPL perform? 
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Figure 2.1.  Distributions of recognized subspecies of Myotis lucifugus from Hall (1981).

1) M. l. alascensis, 2) M. l. carissima, 3) M. l. lucifugus, 4) M. l. occultus, 5) M. l. pernox,

6), M. l. relictus. Some authors recognize a broader range for M. l. pernox (van Zyll de

Jong, 1985).
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Mlc-­‐Mll	
  migraMon	
   (((a,l)r)c)	
   4101	
   123.2317919	
   -­‐57.61589594	
   0	
   0.404526853	
   0.404526853	
  

Mlc-­‐Mlr	
  migraMon	
   (((a,l)r)c)	
   4113	
   123.5109318	
   -­‐57.75546588	
   0.279	
   0.351854634	
   0.756381487	
  

Mla-­‐Mlc	
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   (((a,l)r)c)	
   4162	
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Of the 216 models considered by the PHRAPL analysis, the top 5 
(which account for > 0.98 of the total model probability): 
 
•  all have the same topology 
•  all include migration 
•  none include a change in population size 

but . . . 



The topology is the same as that estimated by *Beast. 
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Future directions . . . 

•  R package P2C2M will be on CRAN as of October 2014 

•  Paper describing P2C2M will be submitted next week 

•  PHRAPL manuscript will be submitted soon (I hope . . . ) 

•  PHRAPL extension for species delimitation is in the works 

•  The Myotis capture probe data are being sequenced as we sit 
here, we’ll begin working on the analysis of these data once we 
get them back from Beckman Coulter Genomics 
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