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Molecular evolution

evolutionarytree(Noro etal. 1998)
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homologous gene sequences

Woolly mammoth ... CTAAATCATCACTGATC- - AAAGAGACC. . .
African elephant . .. CTAAATCATCACCGATC- - AAAGAGAGC. . .
Asian elephant ... CTAAATCATQGCTGATC- - AAAGAGAGLC. . .
Dugong ... TTAAATCACTCLCGATCATAAAG GAGC. . .
Manatee ... TCAAATCAT GACCATAAAG GAGC. . .

differencesetweersequencegrow with time ‘




Mark ov model

e eachcharacteevolvesindependently
e rootsequenceharactersrei.i.d.

e charactetransitionson edges

parent @ 1 child
10010. . 11010. ..
@ 1a @

characteatnodeu: &(u)
—randomvariablesforming a Markov chainon eachpath




Distancebasedalgorithms

Distancg/coin-tossmodel: symmetricmutations]

D(u,v) = — In(P{&(u) = &(v)} — P{&(u) #&(v)})
e symmetric
e additive alongpaths
Distance-basedlgorithm:
1. distanceestimatiorbetweereavesD

2. algorithmusingpairwisedistancematrix



Additi ve treeproblem

build edge-weightetteefrom sum-of-edge-weigthsn pathsbetweeneaves
— usetriplets (eg., Waterman Smith, Singh,Beyer 1977)




Estimated distances

Userelative frequenciesn sample
D(u,v) = —In(P{&(u) = §(v)} — P{&() #E(V)})
e estimatiorerror

e harderto recognizeseparatériplet centers

e estimationerrorgrows with distance



Triplet centerestimation

Similarity:

S(u,v) = exp(—D(u,v))
=P{E(u) = E(V)} —P{E(u) #E(V)}

Distanceestimationerror:for0 < € < 1,

P{ B(u,0)—D(u,0)>="1=%) } < aexp (—bre2S(u,v,w))

(with a,b > 0 constants)
Averagesimilarity:
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Harmonic GreedyTriplets

Add oneinternalnodeandleafatatime

e greedyselectionof triplet by averagesimilarity

e recognizeseparaténnernodes
(four-point condition)

e restrictpool of tripletsconsidered
(relevanttriplets)



Samplelength
Boundedmutationprobabilitieson edges
1
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s.t. with probability 1 — 3, topologyis recoveredcorrectly

o treedepth d < 1+log,(n—1)



Simulated experiments

compareo NeighborJoining(SaitouandNei 1987)andotheralgorithms
simulateDNA sequencevolution (Jukes-Cantog K2PH")

e 500leaftree(Chasectal. 1993)
treeof 500seedplantsfrom rbcL gene

e 1895leaftree(RDP 1999)
treeof 1895eukaryotegrom ribosomalSSU

e 3135leaftree(RDP 1999)
treeof 3135Proteobacterifrom ribosomalSSU

evaluateby Robinson-Buldsdistancg1981):
percentag®ef misplacednternaledges






Experimental samplelength — 500leaf tree

varyingsampleength
RF"% 500-leaf tree, high mutation probabilities
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Experimental samplelength — 1895leaftree

RF%) 1895-leaf tree, high mutation probabilities
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Experimental success— 1895leaftree

varying mutationprobabilities

1895-leaf tree, high mutation probabilities
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Experimental success— 3135leaftree

3135-leaf tree, high mutation probabilities
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Summary

distance-basealgorithmwith

e polynomialsamplesize
(Jukes-CantarKimura’s, paralinearLogDet)

e O (n?) runningtime
O (n) work space

e goodexperimentaperformancen large divergenttrees

— fastestlgorithmwith polynomialsamplesize

http://www.cs.yale.edu/"csuros-miklos/papers/



