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Evolution: Unifying Theme 
#1

• “Nothing In Biology Makes Sense Except in the 
Light of Evolution” – 1973 essay by T. Dobzhansky, 
a famous biologist 

• Overarching goal: use evolutionary principles to: 
- Create computational methodology to analyze 

heterogeneous large-scale biological data, 
- Then apply findings to obtain new biological 

and biomedical discoveries
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The Spread of Warfarin Resistance 
Between Two Mouse Species

!8



Warfarin and Adverse Events
• Warfarin is the most widely prescribed blood 

thinner 
• Treatment is complicated because every 

patient is different 
- Gene mutations confer resistance or susceptibility 

• Annually, 
- 85,000 serious bleeding events  
- 17,000 strokes  
- Cost: $1.1 billion

McWilliam et al. AEI-
Brookings Joint Center 2006. !9



The Vkorc1 Gene and  
Personalized Warfarin Therapy

Rost et al. Nature 427, 537-541 2004.

• Mutant Vkorc1 gene 
contributes to warfarin 
resistance 

• Warfarin resistant 
individuals require 
larger-than-normal dose 
to prevent clotting 
complications (like 
stroke)



Warfarin is Really 
Glorified Rodent 

Poison

Reproduced from UTMB. 
!11



Recasting the Study of Introgression 
as a Computational Question 

• Humans inadvertently started a gigantic drug trial by giving 
warfarin to mice in the wild 

• Mice shared genes (including one that confers warfarin 
resistance) to survive (Song et al. 2011) 

- Gene sharing occurred between two different species 
(introgression) 

• To find out results from the drug trial, we just need to 
analyze the genomes of introgressed mice and locate the 
introgressed genes 
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Related Applications 
• Similar computational approaches can be used to study 

gene flow between species in other contexts 
- Constitutes basic research of interest to the NSF 

• Wide range of applications of interest to different funding 
agencies, including: 
- The role of horizontal gene transfer in the spread of 

antibiotic resistance in bacteria (NIH) 
- Metabolism of hybrid yeast species, with applications in 

metabolic engineering (DOE) 
- Disease resistance of hybrid plant species (USDA)
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Naïve Sliding Windows

1. Break the genome into segments using a sliding-
window (or other approaches) 

2. Estimate a local tree in between every pair of 
breakpoints
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Sliding Windows (Example)
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Gene tree!
incongruence!

Sliding Windows (Example)



!21

“Horizontal” Gene Tree Incongruence 
(Example) 

Species !
network
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Sliding Windows: Results
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Sliding Windows Approach  
Is Too Simplistic

• Gene tree incongruence can occur for reasons 
other than introgression 

• The organisms in our study included            
“vertical” gene tree incongruence due to: 
- Incomplete lineage sorting 
- Recombination
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“Vertical” Gene Tree Incongruence 
(Example) 
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How to Disentangle “Horizontal” and 
“Vertical” Gene Tree Incongruence?

Gene trees

Species !
network



Insight from 
Meng and 

Kubatko (2009)
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“Pull apart”      
species network into 
two “parental trees”
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Insight from 
Meng and 

Kubatko (2009)
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Horizontal!
gene tree!

incongruence

Vertical!
gene tree!

incongruence

Vertical!
gene tree!

incongruence

Disentangling “Horizontal” and 
“Vertical” Gene Tree Incongruence



Insight #1

• “Horizontal” and “vertical” incongruence between 
neighboring gene trees represent two different 
types of dependence 

• Model the two dependence types using two 
classes of transitions in a graphical model
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Insight #2

• DNA sequences are observed, not gene trees  
• Under traditional models of DNA sequence 

evolution, the probability P[s|g] of observing DNA 
sequences s given a gene tree g can be efficiently 
calculated using dynamic programming 
(Felsenstein’s pruning algorithm)

!32



Insight #1 + Insight #2 =  
Use a Hidden Markov 

Model (HMM)
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PhyloNet-HMM: Hidden States

q1 q2 q3

r1 r2 r3

s0

Introgressed

Non-introgressed



PhyloNet-HMM
• Each hidden state si is associated with a gene tree g(si) contained within 

a “parental” tree f(si) 

• The set of HMM parameters λ consists of  

‣ The initial state distribution π  

- Transition probabilities  

    where γ is the “vertical” parental tree switching frequency and 

    Pr[g(si)|f(si)] is calculated using formula of Degnan and Salter (2005) 

- The emission probabilities bi = Pr[Ot|g(si)] 

• Use a model of nucleotide substitution like Jukes-Cantor (1969)
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1. What is the likelihood of the model given the 
observed DNA sequences? 

2. Which sequence of hidden states best explains 
the observed DNA sequences? 

3. How do we choose parameter values that 
maximize the model likelihood?

!36

Three HMM-related Problems



• Let qt be PhyloNet-HMM’s hidden state at time t, where 
1≤t≤k and k is the length of the input observation 
sequence O. 

• What is the likelihood of the model given the observed 
DNA sequences O? 

- Forward algorithm calculates “prefix” probability   

- Backward algorithm calculates “suffix” probability 

- Model likelihood is  

!37

First HMM-related Problem



• Which sequence of states best explains the 
observation sequence?  

- Posterior decoding probability γt(i) is the 
probability that the HMM is in state si at time t, 
which can be computed as: 

!38

Second HMM-related Problem



• How do we choose parameter values that maximize 
the model likelihood?  

- Perform local search to optimize the criterion  

!39

Third HMM-related Problem



Related HMM-based 
Approaches

• CoalHMM (Mailund et al. 2012) 
- Models introgression + incomplete lineage 

sorting + recombination (with a simplifying 
assumption) 

- Currently supports two sequences only 
- Assumes that time is discretized 

• Other approaches that don’t account for 
introgression (e.g., Hobolth et al. 2007)
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PhyloNet-HMM Scan of 
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PhyloNet-HMM Scan of 
Whole Genome
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Scaling PhyloNet-HMM
• Previous analyses (at most five genomes and a 

single introgression event) required more than a 
CPU-month on a large cluster 

• Problem is combinatorial in both the number of 
genomes and the number of introgression events 

• Challenge: efficient and accurate introgression 
detection from hundreds of genomes or more
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SATé: Simultaneous Alignment and Tree 
estimation (Liu et al. Science 2009) 

• Standard methods for alignment and tree estimation have 
unacceptably high error and/or cannot analyze large 
datasets 

• SATé is more accurate than all existing methods on 
datasets with up to thousands of taxa  

• 24 hour analyses using standard desktop computer 

• SATé-II (Liu et al. Systematic Biology 2011) is more 
accurate and faster than SATé on datasets with up to tens 
of thousands of taxa using a standard desktop computer
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DNA Sequence Evolution (Example)

AAGACTT

AAGACTTAAGGCTT

-3 mil yrs

-2 mil yrs

-1 mil yrs

today

Substitutions



…ACGGTGCAGTTACCA…

Substitution

    …ACCAGTCACCCATAGA… 

Deletion Insertion

The true alignment is:  

 …ACGGTGCAGTTACC-----A…   

 …AC----CAGTCACCCATAGA…  



DNA Sequence Evolution (Example)

AAGACTT -3 mil yrs

-2 mil yrs

-1 mil yrs

today

AAGGCTT AAGACTT

TAGCCCA TAGACTT AGCGAGCAATCGGGCAT

ATCGGGCAT TAGCCCT AGCA

Substitutions Insertions 
Deletions



DNA Sequence Evolution (Example)

-3 mil yrs

-2 mil yrs

-1 mil yrs

today

AAGACTT

TGGACTTAAGGCCT

ATCGGGCAT TAGCCCT AGCA

AAGGCTT TGGACTT

AGCGAGCATAGACTTTAGCCCAATCGGGCAT



Tree and Alignment Estimation 
Problem (Example)

TAGCCCA TAGACTT AGCA AGCGATCTGGGCAT

u v w x y

u

v w

x

y

u = ATCTGGCAT 
v = T--AGCCCA 
w = T--AGACTT 
x = AGCA----- 
y = AGCG-----



● Number of trees |T| grows exponentially in the 
number of species n 
!

!

● NP-hard optimization problems

Many Trees



Two-phase Methods
u = -AGGCTATCACCTGACCTCCA 
v = TAG-CTATCAC--GACCGC-- 
w = TAG-CT-------GACCGC-- 
x = -------TCAC--GACCGACA

u = AGGCTATCACCTGACCTCCA 
v = TAGCTATCACGACCGC 
w = TAGCTGACCGC 
x = TCACGACCGACA

u

x

v

w

Phase 1: 
Align

Phase 2:  
Estimate Tree



Many Methods

Alignment method!
• ClustalW!
• MAFFT!
• Muscle!
• Prank!
• Opal 
• Probcons (and Probtree) 
• Di-align 
• T-Coffee 
• Etc.



Many Methods

Alignment method!
• ClustalW!
• MAFFT!
• Muscle!
• Prank!
• Opal 
• Probcons (and Probtree) 
• Di-align 
• T-Coffee 
• Etc.

Phylogeny method!
• Maximum likelihood (ML)!

− RAxML!
• Bayesian MCMC  
• Maximum parsimony  
• Neighbor joining 
• UPGMA 
• Quartet puzzling 
• Etc.



Simulation Study  
(Liu et al. Science 2009)

Simulation using ROSE 
● Model trees with 1000 taxa 
● Biologically realistic model with: 

● Varied rates of substitutions 
● Varied rates of insertions and deletions 
● Varied gap length distribution 
− Long 
− Medium 
− Short  



Tree Error

u

v

w
x

y

FN

True Tree Estimated Tree

u

v

w
x

y

● False Negative (FN): an edge in the true tree 
that is missing from the estimated tree 

● Missing branch rate: the percentage of edges 
present in the true tree but missing from the 
estimated tree



Alignment Error

● False Negative (FN): pair of nucleotides present 
in true alignment but missing from estimated 
alignment 

● Alignment SP-FN error: percentage of paired 
nucleotides present in true alignment but missing 
from estimated alignment

True Alignment Estimated Alignment

AACAT 
A-CCG

AACAT- 
A-CC-G

FN



1000 taxon models ranked by difficulty

Results



Problem with Two-phase Approach

● Problem: two-phase methods fail to return 
reasonable alignments and accurate trees on 
large and divergent datasets 
− manual alignment 
− unreliable alignments excluded from phylogenetic 

analysis



u = AGGCTATCACCTGACCTCCA 
v = TAGCTATCACGACCGC 
w = TAGCTGACCGC 
x = TCACGACCGACA

u = -AGGCTATCACCTGACCTCCA 
v = TAG-CTATCAC--GACCGC-- 
w = TAG-CT-------GACCGC-- 
x = -------TCAC--GACCGACA

and

u

x

v

w

Simultaneous Estimation of                
a Tree and Alignment



Simultaneous Estimation Methods

• Methods based on statistical models 
- Limited to datasets with a few hundred taxa 
- Unknown accuracy on larger datasets 

• Parsimony-based methods 
- Slower than two-phase methods 
- No more accurate than two-phase methods



1000 taxon models ranked by difficulty

Results



Problem with Two-phase Approach

● Problem: two-phase methods fail to return 
reasonable alignments and accurate trees on 
large and divergent datasets 

● Insight: divide-and-conquer to constrain dataset 
divergence and size



SATé Algorithm

Tree

Obtain initial alignment and 
estimated ML tree



SATé Algorithm

Tree

Obtain initial alignment and 
estimated ML tree

Insight: 
Use tree to perform 
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alignmentAlignment



SATé Algorithm

Estimate ML tree on 
new alignment

Tree

Obtain initial alignment and 
estimated ML tree

Insight: 
Use tree to perform 
divide-and-conquer 
alignmentAlignment



Insight: iterate - use a moderately accurate tree to obtain a more 
accurate tree 
If new alignment/tree pair has worse ML score, realign using a 
different decomposition 
Repeat until termination condition (typically, 24 hours)

SATé Algorithm

Estimate ML tree on 
new alignment

Tree

Obtain initial alignment and 
estimated ML tree

Insight:!
Use tree to perform 
divide-and-conquer 
alignmentAlignment
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Questions?

• My website can be found at                               
http://www.cs.rice.edu/~kl23  

• Nakhleh lab website can be found at                
http://bioinfo.cs.rice.edu/
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