


	
		×
		

	






    
        
            
                
                    
                        
                    
                

                
                    
                        
                    
                

                
                    
                        
                            
							
                        

                    

                

                
                    	
                            Log in
                        
	
                            Upload File
                        


                

            


            
                
                    	
                            Most Popular
                        
	
                            Art & Photos
                        
	
                            Automotive
                        
	
                            Business
                        
	
                            Career
                        
	
                            Design
                        
	
                            Education
                        
	
                            Hi-Tech
                        


                    + Browse for More
                

            

        

    



    
        
            
                
                

                
                	Home
	Documents

	CS/BIOE 598: Algorithmic Computational Genomics Tandy Warnow Departments of Bioengineering and...



                




    
        
            
                
                    
                        

                        
                        
                    

                    
                        
						1

116
                        
                    

                    
                        
                        100%
Actual Size
Fit Width
Fit Height
Fit Page
Automatic


                        
                    

					
                

            

            
                
                    
                    
                    
                

                
                    

                    

                    
                        
                         Match case
                         Limit results 1 per page
                        

                        
                        

                    

                

            

            
									
    
        
        

        

        

        
        
            CS/BIOE 598: Algorithmic Computational Genomics Tandy Warnow Departments of Bioengineering and Computer Science http://tandy.cs.illinois.edu 
        

        
    






				            

        

    









                
                    CS/BIOE 598: Algorithmic Computational Genomics Tandy Warnow Departments of Bioengineering and Computer Science


                    
                                                Download PPTX
                        
                        Report
                    

                    
                        	
								Upload

									melvyn-newton
								

							
	
                                View

                                    216
                                

                            
	
                                Download

                                    0
                                

                            


                    

                    
                    
                        
                        
                            
                                    
Facebook

                        

                        
                        
                            
                                    
Twitter

                        

                        
                        
                            
                                    
E-Mail

                        

                        
                        
                            
                                    
LinkedIn

                        

                        
                        
                            
                            
Pinterest

                        

                    


                    
                

                

                                            
                            Tags:

                            	biology slide
	locus compute species
	phylogeny use species
	compute gene trees
	screen sequence data
	computational biology
	migrations of humans
	branch support


                        

                    
                    Embed Size (px)
                        344 x 292
429 x 357
514 x 422
599 x 487


                    

                    

                    
                                        Citation preview

                    Page 1
						

CS/BIOE 598: Algorithmic Computational Genomics
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Course Details
 Office hours: Mondays 10-11:45 in 3235 Siebel
 Course webpage: http://tandy.cs.illinois.edu/598-2015.html
 http://tandy.cs.illinois.edu/598-2015.html
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Today
 •  Describe some important problems in computational biology and computational historical linguistics, for which students in this course could develop improved methods.
 •  Explain how the course will be run.• Introduce statistical estimation in phylogenetics•  Answer questions.
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Basics
 •  Prerequisites: Computer Science (algorithm design, analysis, and programming), mathematical maturity (ability to understand proofs). No background in biology or linguistics is needed!
 •  Note: if you are not a CS, ECE, or Math major, you may still be able to do the course; but please see me.
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Orangutan Gorilla Chimpanzee Human
 From the Tree of the Life Website,
 University of Arizona
 Species Tree
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Evolution informs about everything in biology
 •  Big genome sequencing projects just produce data - - ‐‐ so what?
 •  Evolutionary history relates all organisms and genes, and helps us understand and predict
 –  interactions between genes (genetic networks)–  drug design–  predicting functions of genes–  influenza vaccine development–  origins and spread of disease–  origins and migrations of humans

Page 7
						

Phylogenomic pipeline
 Select taxon set and markersGather and screen sequence data, possibly identify orthologsCompute multiple sequence alignments for each locusCompute species tree or network:
 Compute gene trees on the alignments and combine the estimated gene trees, OREstimate a tree from a concatenation of the multiple sequence alignments
 Get statistical support on each branch (e.g., bootstrapping)Estimate dates on the nodes of the phylogenyUse species tree with branch support and dates to understand biology
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Page 9
						

Constructing the Tree of Life:Hard Computational Problems
 NP-hard problems
 Large datasets100,000+ sequencesthousands of genes
 “Big data” complexity:model misspecificationfragmentary sequenceserrors in input datastreaming data
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Avian Phylogenomics Project
 G Zhang, BGI
 • Approx. 50 species, whole genomes• 14,000 loci
 MTP Gilbert,Copenhagen
 S. Mirarab Md. S. Bayzid, UT-Austin UT-Austin
 T. WarnowUT-Austin
 Plus many many other people…
 Erich Jarvis,HHMI
 Science, December 2014 (Jarvis, Mirarab, et al., and Mirarab et al.)
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1kp: Thousand Transcriptome Project
 Plant Tree of Life based on transcriptomes of ~1200 species More than 13,000 gene families (most not single copy) First paper: PNAS 2014 (~100 species and ~800 loci)Gene Tree Incongruence
 G. Ka-Shu WongU Alberta
 N. WickettNorthwestern
 J. Leebens-MackU Georgia
 N. MatasciiPlant
 T. Warnow, S. Mirarab, N. Nguyen, UIUC UT-Austin UT-Austin
 Plus many many other people…
 Upcoming Challenges (~1200 species, ~400 loci)
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DNA Sequence Evolution
 AAGACTT
 TGGACTTAAGGCCT
 -3 mil yrs
 -2 mil yrs
 -1 mil yrs
 today
 AGGGCAT TAGCCCT AGCACTT
 AAGGCCT TGGACTT
 TAGCCCA TAGACTT AGCGCTTAGCACAAAGGGCAT
 AGGGCAT TAGCCCT AGCACTT
 AAGACTT
 TGGACTTAAGGCCT
 AGGGCAT TAGCCCT AGCACTT
 AAGGCCT TGGACTT
 AGCGCTTAGCACAATAGACTTTAGCCCAAGGGCAT
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Phylogeny Problem
 TAGCCCA TAGACTT TGCACAA TGCGCTTAGGGCAT
 U V W X Y
 U
 V W
 X
 Y
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Performance criteria
 • Running time
 • Space
 • Statistical performance issues (e.g., statistical consistency) with respect to a Markov model of evolution
 • “Topological accuracy” with respect to the underlying true tree or true alignment, typically studied in simulation
 • Accuracy with respect to a particular criterion (e.g. maximum likelihood score), on real data
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Quantifying Error
 FN: false negative (missing edge)FP: false positive (incorrect edge)
 50% error rate
 FN
 FP
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Statistical consistency, exponential convergence, and absolute fast convergence (afc)
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1 Hill-climbing heuristics for hard optimization criteria (Maximum Parsimony and Maximum Likelihood)
 Local optimum
 Cost
 Global optimum
 Phylogenetic trees
 2 Polynomial time distance-based methods: Neighbor Joining, FastME, etc.
 3. Bayesian methods
 Phylogenetic reconstruction methods
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Solving maximum likelihood (and other hard optimization problems) is… unlikely # of
 Taxa
 # of Unrooted Trees
 4 3
 5 15
 6 105
 7 945
 8 10395
 9 135135
 10 2027025
 20 2.2 x 1020
 100 4.5 x 10190
 1000 2.7 x 102900
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Quantifying Error
 FN: false negative (missing edge)
 FP: false positive (incorrect edge)
 FP
 50% error rate
 FN
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Neighbor joining has poor performance on large diameter trees [Nakhleh et al. ISMB 2001]
 Theorem (Atteson): Exponential sequence length requirement for Neighbor Joining!
 NJ
 0 400 800No. Taxa
 16001200
 0.4
 0.2
 0
 0.6
 0.8
 Err
 or R
 ate
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Major Challenges
 •  Phylogenetic analyses: standard methods have poor accuracy on even moderately large datasets, and the most accurate methods are enormously computationally intensive (weeks or months, high memory requirements)
 • 
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Phylogeny Problem
 TAGCCCA TAGACTT TGCACAA TGCGCTTAGGGCAT
 U V W X Y
 U
 V W
 X
 Y

Page 23
						

AGAT TAGACTT
 TGCACAA TGCGCTTAGGGCATGA
 U V W X Y
 XU
 Y
 V W
 The Real Problem!
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…ACGGTGCAGTTACC-A…
 …AC----CAGTCACCTA…
 The true multiple alignment–  Reflects historical substitution, insertion, and deletion events–  Defined using transitive closure of pairwise alignments
 computed on edges of the true tree
 …ACGGTGCAGTTACCA…Insertion
 SubstitutionDeletion
 …ACCAGTCACCTA…
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Input: unaligned sequences
 S1 = AGGCTATCACCTGACCTCCAS2 = TAGCTATCACGACCGCS3 = TAGCTGACCGCS4 = TCACGACCGACA
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Phase 1: Alignment
 S1 = -AGGCTATCACCTGACCTCCA S2 = TAG-CTATCAC--GACCGC-- S3 = TAG-CT-------GACCGC--S4 = -------TCAC--GACCGACA
 S1 = AGGCTATCACCTGACCTCCA S2 = TAGCTATCACGACCGCS3 = TAGCTGACCGC S4 = TCACGACCGACA
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Phase 2: Construct tree
 S1 = -AGGCTATCACCTGACCTCCA S2 = TAG-CTATCAC--GACCGC-- S3 = TAG-CT-------GACCGC--S4 = -------TCAC--GACCGACA
 S1 = AGGCTATCACCTGACCTCCA S2 = TAGCTATCACGACCGCS3 = TAGCTGACCGC S4 = TCACGACCGACA
 S1
 S4
 S2
 S3
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Two-phase estimationAlignment methods•  Clustal•  POY (and POY*)•  Probcons (and Probtree)•  Probalign•  MAFFT•  Muscle•  Di-align•  T-Coffee•  Prank (PNAS 2005, Science 2008)•  Opal (ISMB and Bioinf. 2007)•  FSA (PLoS Comp. Bio. 2009)•  Infernal (Bioinf. 2009)•  Etc.
 Phylogeny methods
 •  Bayesian MCMC•  Maximum
 parsimony•  Maximum likelihood•  Neighbor joining•  FastME•  UPGMA•  Quartet puzzling•  Etc.
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Simulation Studies
 S1 = -AGGCTATCACCTGACCTCCA S2 = TAG-CTATCAC--GACCGC-- S3 = TAG-CT-------GACCGC--S4 = -------TCAC--GACCGACAS1 S2
 S4 S3
 True tree and alignment
 S1 = AGGCTATCACCTGACCTCCA S2 = TAGCTATCACGACCGCS3 = TAGCTGACCGC S4 = TCACGACCGACA
 Compare
 S1 = -AGGCTATCACCTGACCTCCA S2 = TAG-CTATCAC--GACCGC-- S3 = TAG-C--T-----GACCGC--S4 = T---C-A-CGACCGA----CA
 S1 S4
 S2 S3
 Estimated tree and alignment
 Unaligned Sequences
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1000 taxon models, ordered by difficulty (Liu et al., 2009)
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Multiple Sequence Alignment (MSA): another grand challenge1
 S1 = -AGGCTATCACCTGACCTCCAS2 = TAG-CTATCAC--GACCGC--S3 = TAG-CT-------GACCGC--…Sn = -------TCAC--GACCGACA
 S1 = AGGCTATCACCTGACCTCCAS2 = TAGCTATCACGACCGCS3 = TAGCTGACCGC …Sn = TCACGACCGACA
 Novel techniques needed for scalability and accuracy NP-hard problems and large datasets Current methods do not provide good accuracy Few methods can analyze even moderately large datasets Many important applications besides phylogenetic estimation
 1 Frontiers in Massive Data Analysis, National Academies Press, 2013

Page 32
						

Major Challenges
 •  Phylogenetic analyses: standard methods have poor accuracy on even moderately large datasets, and the most accurate methods are enormously computationally intensive (weeks or months, high memory requirements)
 •  Multiple sequence alignment: key step for many biological questions (protein structure and function, phylogenetic estimation), but few methods can run on large datasets. Alignment accuracy is generally poor for large datasets with high rates of evolution.
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Phylogenomics
 (Phylogenetic estimation from whole genomes)
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Orangutan Gorilla Chimpanzee Human
 From the Tree of the Life Website,
 University of Arizona
 Species Tree Estimation requires multiple genes!
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Two basic approaches for species tree estimation
 •  Concatenate (“combine”) sequence alignments for different genes, and run phylogeny estimation methods
 •  Compute trees on individual genes and combine gene trees
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Using multiple genes
 gene 1S1
 S2
 S3
 S4
 S7
 S8
 TCTAATGGAA
 GCTAAGGGAA
 TCTAAGGGAA
 TCTAACGGAA
 TCTAATGGAC
 TATAACGGAA
 gene 3TATTGATACA
 TCTTGATACC
 TAGTGATGCA
 CATTCATACC
 TAGTGATGCA
 S1
 S3
 S4
 S7
 S8
 gene 2GGTAACCCTC
 GCTAAACCTC
 GGTGACCATC
 GCTAAACCTC
 S4
 S5
 S6
 S7
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Concatenation
 gene 1S1
 S2
 S3
 S4
 S5
 S6
 S7
 S8
 gene 2 gene 3 TCTAATGGAA
 GCTAAGGGAA
 TCTAAGGGAA
 TCTAACGGAA
 TCTAATGGAC
 TATAACGGAA
 GGTAACCCTC
 GCTAAACCTC
 GGTGACCATC
 GCTAAACCTC
 TATTGATACA
 TCTTGATACC
 TAGTGATGCA
 CATTCATACC
 TAGTGATGCA
 ? ? ? ? ? ? ? ? ? ?
 ? ? ? ? ? ? ? ? ? ?
 ? ? ? ? ? ? ? ? ? ?
 ? ? ? ? ? ? ? ? ? ?
 ? ? ? ? ? ? ? ? ? ?
 ? ? ? ? ? ? ? ? ? ?
 ? ? ? ? ? ? ? ? ? ?
 ? ? ? ? ? ? ? ? ? ?
 ? ? ? ? ? ? ? ? ? ?
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Red gene tree ≠ species tree(green gene tree okay)
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Gene Tree Incongruence
 Gene trees can differ from the species tree due to:
 Duplication and lossHorizontal gene transferIncomplete lineage sorting (ILS)
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Incomplete Lineage Sorting (ILS)
 1000+ papers in 2013 alone Confounds phylogenetic analysis for many groups:
 HominidsBirdsYeastAnimalsToadsFishFungi
 There is substantial debate about how to analyze phylogenomic datasets in the presence of ILS.
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Lineage Sorting
 Population-level process, also called the “Multi-species coalescent” (Kingman, 1982)Gene trees can differ from species trees due to short times between speciation events or large population size; this is called “Incomplete Lineage Sorting” or “Deep Coalescence”.
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The Coalescent
 Present
 Past
 Courtesy James Degnan
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Gene tree in a species treeCourtesy James Degnan
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Key observation: Under the multi-species coalescent model, the species tree defines a probability distribution on the gene trees, and is identifiable from the distribution on gene trees
 Courtesy James Degnan
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. . .
 Analyzeseparately
 Summary Method
 Two competing approaches
 gene 1 gene 2 . . . gene k
 . . . Concatenation
 Spec
 ies
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Orangutan Gorilla Chimpanzee Human
 From the Tree of the Life Website,University of Arizona
 Species tree estimation: difficult, even for small datasets!
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Major Challenges:large datasets, fragmentary sequences
 •  Multiple sequence alignment: Few methods can run on large datasets, and alignment accuracy is generally poor for large datasets with high rates of evolution.
 •  Gene Tree Estimation: standard methods have poor accuracy on even moderately large datasets, and the most accurate methods are enormously computationally intensive (weeks or months, high memory requirements).
 •  Species Tree Estimation: gene tree incongruence makes accurate estimation of species tree challenging.
 • Phylogenetic Network Estimation: Horizontal gene transfer and hybridization requires non-tree models of evolution
 Both phylogenetic estimation and multiple sequence alignment are also impacted by fragmentary data.
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Major Challenges:large datasets, fragmentary sequences
 •  Multiple sequence alignment: Few methods can run on large datasets, and alignment accuracy is generally poor for large datasets with high rates of evolution.
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 • Phylogenetic Network Estimation: Horizontal gene transfer and hybridization requires non-tree models of evolution
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Avian Phylogenomics Project
 G Zhang, BGI
 • Approx. 50 species, whole genomes• 14,000 loci
 MTP Gilbert,Copenhagen
 S. Mirarab Md. S. Bayzid, UT-Austin UT-Austin
 T. WarnowUT-Austin
 Plus many many other people…
 Erich Jarvis,HHMI
 Challenges: • Species tree estimation under the multi-species coalescent model, from 14,000 poor estimated gene trees, all with different topologies (we used “statistical binning”)• Maximum likelihood estimation on a million-site genome-scale alignment – 250 CPU years
 Science, December 2014 (Jarvis, Mirarab, et al., and Mirarab et al.)
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1kp: Thousand Transcriptome Project
 Plant Tree of Life based on transcriptomes of ~1200 species More than 13,000 gene families (most not single copy) First paper: PNAS 2014 (~100 species and ~800 loci)Gene Tree Incongruence
 G. Ka-Shu WongU Alberta
 N. WickettNorthwestern
 J. Leebens-MackU Georgia
 N. MatasciiPlant
 T. Warnow, S. Mirarab, N. Nguyen, UIUC UT-Austin UT-Austin
 Plus many many other people…
 Upcoming Challenges (~1200 species, ~400 loci): • Species tree estimation under the multi-species coalescent from hundreds of conflicting gene trees on >1000 species (we will use ASTRAL – Mirarab et al. 2014) • Multiple sequence alignment of >100,000 sequences (with lots of fragments!) – we will use UPP (Nguyen et al., in press)
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Metagenomics:
 Venter et al., Exploring the Sargasso Sea:
 Scientists Discover One Million New Genes in Ocean Microbes
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Metagenomic data analysis
 NGS data produce fragmentary sequence data Metagenomic analyses include unknown
 species
 Taxon identification: given short sequences, identify the species for each fragment
 Applications: Human Microbiome Issues: accuracy and speed
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Metagenomic taxon identification
 Objective: classify short reads in a metagenomic sample
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Possible Indo- ‐European tree(Ringe, Warnow and Taylor 2000)
 Anatolian
 Albanian
 Tocharian
 Greek
 Germanic
 Armenian
 Italic
 Celtic
 Baltic Slavic
 Vedic
 Iranian

Page 55
						

“Perfect Phylogenetic Network” for IE Nakhleh et al., Language 2005
 Anatolian
 Albanian
 Tocharian
 Greek
 Germanic
 Armenian
 Baltic Slavic
 Vedic
 IranianItalic
 Celtic
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Research Opportunities•  There is lots of “low hanging fruit” in computaAonal
 biology.
 •  Many of these problems have very clean formulations, and you don’t need to know any biology (or linguistics) to work on them – especially in computational phylogenetics and multiple sequence alignment.
 •  It is possible that your course project would be publishable.
 (The last time I taught this class, three students in the class published papers as a result!)
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Algorithmic Strategies
 •  Divide-and-conquer
 •  “Bin-and-conquer”
 •  Iteration
 •  Hidden Markov Models
 •  Graph-theory
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Meta-Methods
 •  Meta-methods “boost” the performance of base methods (phylogeny reconstruction, alignment estimation, etc).
 Meta-method
 Base method M M*
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Neighbor joining has poor performance on large diameter trees [Nakhleh et al. ISMB 2001]
 Theorem (Atteson): Exponential sequence length requirement for Neighbor Joining!
 NJ
 0.4
 0.2
 0.6
 0.8
 Err
 or R
 ate
 00 400 800
 No. Taxa
 1200 1600
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Disk-Covering Methods (DCMs) (starting in 1998)
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DCM1-boosting distance-based methods[Nakhleh et al. ISMB 2001]
 • 
 • 
 DCM1-boosting makes distance-based methods more accurateTheoretical guarantees that DCM1-NJ converges to the true tree from polynomial length sequences
 NJ
 DCM1-NJ
 0.2
 0.4
 0.6
 0.8
 Err
 or R
 ate
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SATé Algorithm
 Obtain initial alignment and estimated ML tree
 Tree
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1000 taxon models, ordered by difficulty (Liu et al., 2009)
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Re-aligning on a treeA
 B D
 C
 C
 D
 Merge sub- alignments
 Estimate ML tree on
 merged alignment
 Decomposedatas
 et
 ABCD Align
 subproblems
 AB
 ABCD
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SATé and PASTA Algorithms
 Estimate ML tree on new alignment
 Tree
 Obtain initial alignment and estimated ML tree
 Use tree to compute new alignment
 Alignment
 If new alignment/tree pair has worse ML score, realign using a different decomposition
 Repeat until termination condition (typically, 24 hours)
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1000 taxon models, ordered by difficulty
 24 hour SATé analysis, on desktop machines
 (Similar improvements for biological datasets)
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1000 taxon models ranked by difficulty
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Algorithmic Strategies
 •  Divide-and-conquer
 •  “Bin-and-conquer”
 •  Iteration
 •  Hidden Markov Models
 •  Graph-theory
 Probabilistic analysis of algorithms is essential to understanding algorithms for phylogeny and alignment estimation, and depends on statistical models of evolution.
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Phylogeny estimation as a statistical inverse problem
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Statistical consistency, exponential convergence, and absolute fast convergence (afc)
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Estimation of evolutionary trees as a statistical inverse problem
 • We can consider characters as properties that evolve down trees.
 • We observe the character states at the leaves, but the internal nodes of the tree also have states.
 • The challenge is to estimate the tree from the properties of the taxa at the leaves. This is enabled by characterizing the evolutionary process as accurately as we can.
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Performance criteria
 • Running time
 • Space
 • Statistical performance issues (e.g., statistical consistency) with respect to a Markov model of evolution
 • “Topological accuracy” with respect to the underlying true tree or true alignment, typically studied in simulation
 • Accuracy with respect to a particular criterion (e.g. maximum likelihood score), on real data
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Statistical models
 Simple example: coin tosses.
 Suppose your coin has probability p of turning up heads, and you want to estimate p. How do you do this?
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Estimating p
 Toss coin repeatedly
 Let your estimate q be the fraction of the time you get a head
 Obvious observation: q will approach p as the number of coin tosses increasesThis algorithm is a statistically consistent estimator of p. That is, your error |q-p| goes to 0 (with high probability) as the number of coin tosses increases.
 However, you always have some error!
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Another estimation problem
 Suppose your coin is biased either towards heads or tails (so that p is not 1/2).How do you determine which type of coin you have?
 Same algorithm, but say “heads” if q>1/2, and “tails” if q<1/2. For large enough number of coin tosses, your answer will be correct with high probability.
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DNA Sequence Evolution
 AAGACTT
 TGGACTTAAGGCCT
 -3 mil yrs
 -2 mil yrs
 -1 mil yrs
 today
 AGGGCAT TAGCCCT AGCACTT
 AAGGCCT TGGACTT
 TAGCCCA TAGACTT AGCGCTTAGCACAAAGGGCAT
 AGGGCAT TAGCCCT AGCACTT
 AAGACTT
 TGGACTTAAGGCCT
 AGGGCAT TAGCCCT AGCACTT
 AAGGCCT TGGACTT
 AGCGCTTAGCACAATAGACTTTAGCCCAAGGGCAT
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Markov models of evolution
 • The character might be binary, indicating absence or presence of some property at each node in the tree.
 • The character might be multi-state, taking on one of a specific set of possible states. Typical examples in biology: the nucleotide in a particular position within a multiple sequence alignment.
 • A probabilistic model of character evolution describes a random process by which a character changes state on each edge of the tree. Thus it consists of a tree T and associated parameters that determine these probabilities.
 • The “Markov” property assumes that the state a character attains at a node v is determined only by the state at the immediate ancestor of v, and not also by states before then.
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Binary characters
 • Simplest type of character: presence (1) or absence (0).
 • How do we model the presence or absence of a property?
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Cavender-Farris-Neyman (CFN) model
 • For each edge e, there is a probability p(e) of the property “changing state” (going from 0 to 1, or vice-versa), with 0<p(e)<0.5 (to ensure that CFN trees are identifiable).
 • Every position evolves under the same process, independently of the others.
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UPGMA
 While |S|>2:
 find pair x,y of closest taxa;
 delete x
 Recurse on S-{x}
 Insert y as sibling to x
 Return tree
 a b c d e
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UPGMA
 a b c d e
 Works when evolution is “clocklike”
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UPGMA
 a
 b c
 d e
 Fails to produce true tree if evolution deviates too much from a clock!
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Better technique
 Instead of directly estimating the tree, we try to estimate the process itself.
 For example, we try to estimate the probability that two leaves will have different states for a random character.
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CFN pattern probabilities
 Let x and y denote nodes in the tree, and pxy denote the probability that x and y exhibit different states.Theorem: Let pi be the substitution probability for edge ei, and let x and y be connected by path e1e2e3…ek. Then 1-2pxy = (1-2p1)(1-2p2)…(1-2pk)
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And then take logarithms
 The theorem gave us:1-2pxy = (1-2p1)(1-2p2)…(1-2pk)
 If we take logarithms, we obtain ln(1-2pxy) = ln(1-2p1) + ln(1-2p2)+…+ln(1-2pk)
 Since these probabilities lie between 0 and 0.5, these logarithms are all negative. So let’s multiply by -1 to get positive numbers.
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An additive matrix!
 Consider a matrix D(x,y) = -ln(1-2pxy)
 This matrix is additive!
 Can we estimate this additive matrix from what we observe at the leaves of the tree?
 Key issue: how to estimate pxy.
 (Recall how to estimate the probability of a head…)
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Distance-based Methods
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Estimating CFN distances
 Consider dij= -1/2 ln(1-2H(i,j)/k), where k is the number of characters, and H(i,j) is the Hamming distance between sequences si and sj.
 Theorem: as k increases, dij converges to Dij = -1/2 ln(1-2pij),
 which is an additive matrix.
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CFN tree estimation
 Step 1: Compute Hamming distances
 Step 2: Correct the Hamming distances, using the CF distance calculation
 Step 3: Use distance-based method
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Distance-based Methods
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Four Point Method
 Task: Given 4x4 dissimilarity matrix, compute a tree on four leavesSolution: Compute the three pairwise sums, and take the split ij|kl that gives the minimum!When is this guaranteed accurate?
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Error tolerance for FPM
 Suppose every pairwise distance is estimated well enough (within f/2, for f the minimum length of any edge).Then the Four Point Method returns the correct tree (i.e., ij+kl remains the minimum)
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Naïve Quartet Method
 Compute the tree on each quartet using the four-point conditionMerge them into a tree on the entire set if they are compatible:
 Find a sibling pair A,BRecurse on S-{A}If S-{A} has a tree T, insert A into T by making A a sibling to B, and return the tree
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Error tolerance for NQM
 Suppose every pairwise distance is estimated well enough (within f/2, for f the minimum length of any edge).Then the Four Point Method returns the correct tree on every quartet.And so all quartet trees are compatible, and NQM returns the true tree.
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In other words:
 The NQM method is statistically consistent methods for estimating CFN trees!
 Plus it is polynomial time!

Page 96
						

Distance-based Methods
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Statistically consistent (under CFN) distance-based methods
 • Neighbor Joining• Minimum Evolution• Weighted Neighbor Joining• Bio-NJ• DCM-NJ• And others
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Other statistically consistent methods
 • Maximum Likelihood• Bayesian MCMC methods• Distance-based methods (like Neighbor Joining and
 the Naïve Quartet Method)• But not maximum parsimony, not maximum
 compatibility, and not UPGMA (a distance-based method)
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Maximum Likelihood
 • Input: sequence data S, • Output: the model tree (tree T and
 parameters theta) s.t. Pr(S|T,theta) is maximized.
 NP-hard.Good heuristics (e.g., RAxML and FastTree)But what does it mean?
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Computing the probability of the data
 • Given a model tree (with all the parameters set) and character data at the leaves, you can compute the probability of the data.
 • Small trees can be done by hand.• Large examples are computationally
 intensive - but still polynomial time (using an algorithmic trick).
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CFN model calculations
 Consider an unrooted tree with topology ((a,b),(c,d)) with p(e)=0.1 for all edges.
 What is the probability of all leaves having state 0?
 We show the brute-force technique.
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Brute-force calculation
 Let E and F be the two internal nodes in the tree ((A,B),(C,D)).
 Then Pr(A=B=C=D=0) =Pr(A=B=C=D=0|E=F=0) +Pr(A=B=C=D=0|E=1, F=0) +Pr(A=B=C=D=0|E=0, F=1) +Pr(A=B=C=D=0|E=F=1)
 The notation “Pr(X|Y)” denotes the probability of X given Y.
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Calculation, cont.
 • Technique: • Set one leaf to be the root• Set the internal nodes to have some
 specific assignment of states (e.g., all 1)• Compute the probability of that specific
 pattern• Add up all the values you get, across all the
 ways of assigning states to internal nodes
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Calculation, cont.
 Calculating Pr(A=B=C=D=0|E=F=0)
 • There are 5 edges, and thus no change on any edge.
 • Since p(e)=0.1, then the probability of no change is 0.9. So the probability of this pattern, given that the root is a particular leaf and has value 0, is (0.9)5.
 • Then we multiply by 0.5 (the probability of the root A having state 0).
 • So the probability is (0.5)x (0.9)5.
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CFN Maximum likelihood
 Given a set S of binary sequences, find the CFN model tree (tree topology and edge parameters) that maximizes the probability of producing S.
 ML, if solved exactly, is statistically consistent under CFN (and under the DNA sequence models, and more complex models as well).
 The problem is that ML is hard to solve.

Page 106
						

“Solving ML”
 Technique 1: compute the probability of the data under each model tree, and return the best solution.
 Problem: Exponentially many trees on n sequences, and infinitely many ways of setting the parameters on each of these trees!
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“Solving ML”
 Technique 2: For each of the tree topologies, find the best parameter settings.
 Problem: Exponentially many trees on n sequences, and calculating the best setting of the parameters on any given tree is hard!
 Even so, there are hill-climbing heuristics for both of these calculations (finding parameter settings, and finding trees).
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Bayesian analyses
 • Algorithm is a random walk through space of all possible model trees (trees with substitution matrices on edges, etc.).
 • From your current model tree, you perturb the tree topology and numerical parameters to obtain a new model tree.
 • Compute the probability of the data (character states at the leaves) for the new model tree.
 • If the probability increases, accept the new model tree.
 • If the probability is lower, then accept with some probability (that depends upon the algorithm design and the new probability).
 • Run for a long time…
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Bayesian estimation
 • After the random walk has been run for a very long time…
 • Gather a random sample of the trees you visit
 • Return:
 • Statistics about the random sample (e.g., how many trees have a particular bipartition), OR
 • Consensus tree of the random sample, OR
 • The tree that is visited most frequently
 • Bayesian methods, if run long enough, are statistically consistent methods (the tree that appears the most often will be the true tree with high probability).
 • MrBayes is standard software for Bayesian analyses in biology.
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Phylogeny estimationstatistical issues
 • Is the phylogeny estimation method statistically consistent under the given model?
 • How much data does the method need need to produce a correct tree?
 • Is the method robust to model violations?• Is the character evolution model reasonable?
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Jukes-Cantor DNA model
 • Character states are A,C,T,G (nucleotides).• All substitutions have equal probability.• On each edge e, there is a value p(e) indicating
 the probability of change from one nucleotide to another on the edge, with 0<p(e)<0.75 (to ensure that JC trees are identifiable).
 • The state (nucleotide) at the root is random (all nucleotides occur with equal probability).
 • All the positions in the sequence evolve identically and independently.
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Jukes-Cantor distances
 Dij = -3/4 ln(1-4/3 H(i,j)/k)) where k is the sequence length
 These distances converge to an additive matrix, just as with CFN distances.
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DNA substitution models
 • Every edge has a substitution probability
 • The model also allows 4x4 substitution matrices on the edges:
 • Simplest model: Jukes-Cantor (JC) assumes that all substitutions are equiprobable
 • General Time Reversible (GTR) Model: one 4x4 substitution matrix for all edges
 • General Markov (GM) model: different 4x4 matrices allowed on each edge
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Statistical Methods of Phylogeny Estimation
 • Many statistical models for biomolecular sequence evolution (Jukes-Cantor, K2P, HKY, GTR, GM, plus lots more)
 • Maximum Likelihood and Bayesian Estimation are the two basic statistical approaches to phylogeny estimation
 • MrBayes is the most popular Bayesian methods (but there are others)
 • RAxML and GARLI are the most accurate ML methods for large datasets, but there are others
 • Issues: running time, memory, and models…R (General Time Reversible) model

Page 115
						

Phylogeny estimationstatistical issues
 • Is the phylogeny estimation method statistically consistent under the given model?
 • How much data does the method need need to produce a correct tree?
 • Is the method robust to model violations?• Is the character evolution model reasonable?
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Course material
 • Phylogeny estimation (6 weeks)• Multiple sequence alignment (2.5 weeks)• Genome Assembly (1 week)• Metagenomics (1 week)• Historical Linguistics (1 week)• Discussions of scientific papers: remaining
 weeks
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