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The problem:;

E. strong GGACCTCAAG GITTGACTGG ACCATCCGGA CCTTCAGGAG AGACTGGACC
Sponge ATGCCGCCTG GCTTCTTCGA CCCCAAAGGG CCCGECTCCTG AGCTTGGACC
HSA1Al GGICCCCAAG GCTTCCAAGG TCCCCCTGGT GAGCCTGECG AGCCTGGAGC
HSA1A2 GGCCCTCAAG GITTCCAAGG ACCTGCTGGT GAGCCTGGTG AACCTGGTCA
HSA2 Al GGIGCTCCTG GGCCTCAAGG ATTTCAAGGC AATCCTGGTG AACCTGGTGT
HSA3A1 GGICATCCTG GITCCCCTGG ATCTCCAGGA TACCAAGEEC AAGCTGGTCC
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Terminology

root

ancestral taxon
+— = Interna vertice

branch length
= edge weigh

taxon = | eaf

outgroup
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Treetopology — ((Sponge,Seaurchin),(D(A(C,B))))
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Ancestral
character state
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= 1: A T C GC |C Character
N 2. A A C GG |G
3 1 A C CCIC Character state

{A,C,T,G} . 4-state
{0, 1} : Binary state
{Met, Ala, His,...,Trp} : 20-state




Biological Assumptions

n Character Homology
n Bifurcating (multi-furcating) Descent




Character Homology

Copy
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Two characters are considered homologous if they are
descendents of an ancestral character with similar function




I Bifurcating descent
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Estimation Principles

n Distance relationships
n Nested character states
n Likelithood




Distance relationsnips
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A and B are more closely related to each other than they
are to any other taxa

-> Clustering algorithms : UPGMA, WPGMA, Sattah
and Tversky, Split decomposition




dAB)=a+b
dA,C)=a+e+c
dA,D)=a+e+d
dB,C)=b+e+c
dB,D)=b+e+d
dCD)=c+d
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d(A.B) + d(C,D) b d(A,C)+d(B,D)
= d(A,D) + d(B,C)

H/_/
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ABCD B
AO0321 d(A,B)+d(C,D) b d(A,C)+d(B,D) = d(A,D) +d(B,C)
B3012

C2103

A B
D1230 C>_<
d(A,B) + d(C,D) = 6 D
d(A,C)+d(BD)=4  d(A,C)+d(B,D) b d(A,B)+d(C,D) = d(A,D) +d(B,C)
d(A D) + d(B.C) = 2
C

>
D B
d(A,D)+d(B,C) b d(A,C)+d(B,D) = d(A,B) +d(C,D)




Numeric optimization

\A‘ 10 .. 10cC
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B-10 1.0™D

ABCD (3-2)2+(2-2)2+(1-2)2+(1-2)2+(2-2)2+(3-2)2= 4
A0321
B3012 AdO0 1.0.B

C210 3 >ﬂ<
D1230 c”10  10°D

(3-2)2+(2_2)2+(1-2)2+(1-2)2+(2-2)2+(3-2)2 =4

A 0.5 05B

| 2-additive tree >ﬂ<
D705 05N

(3-2.5)2+(2-2.5)2+(1-1)2+(1-1)2+(2-2.5)2+(3-2.5)2 =1



Nested character-states

no vertebrate

vertebrate
‘/

((Sponge,Sea urchin),(D(A(C,B))))

0 0 (1 11 b presence/absence
of vertebrate

f
shared derived state
= synapomorphy



ABCDE ABCDE
01101 2201001

\ /4
(A,D),(B,C,E) (A,C,D),(B,E)

+
((A.D),(C,(B.,E))) = ((A.D),C),(B.,E))
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10, 1}

{0}
{1}
{0, 1} {0} {0, 1}

[]
] 0 1.1 0 0 1 0 length =23
]
- (A
= Fitch-Hartigan Al gorithm
- {A
{A T, C
{AT) A {AT)

AT C A A A T length =3

parsi nony | ength of n characters = Zli
[, = parsinony |length of jth char act er




Likelihood

P(MD) _ P(D\ M)P(M)

P(M\ D) ==
(D) P(D)

P(M \ D) ~ P(D \ M)

therefore, P(D \ M) is called the likelihood




Suppose we see “AAAT”, what isthe
probability of drawing abase “A”?

Don’'t know!

Likelihood = P(D \ M)

Likelihood = 4p3(1-p)

Find p such that the likelihood is maximized -> p = 3/4

Log(Likelihood) =
Log(4p3(1-p)) = Log(4) + 3 Log(p) + Log(1-p)




Markov chain model of character
evolution

n Finite number of states

- @A T C G

- {AT.C G (eq. {A,T,C,G})

H A T C G .. )

O A[PL P2 D2 b n Transition matrix :

= clov o s b orobability of observing
- PEPRPEP state i given statej

]

]

O{A, T,C, G}



Transition probability is specified from node
to node
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The moded is specified by the branching order of
the tree, the initial state at the common ancestor,
and atransition matrix for each branch
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Given the model, the probability of any character
pattern at the tips of the tree can be computed

0

O 1 ;Q p 0 p 1 p 2
0 0 o =] 1 1 1
P~ P2 K

P3° py° |

0

™
u/ku P,° P3t Ps?

0 0

Prob{0, 0|0} = p:°® pil p1% + P20 p3t ps2

Prob{ 0, 0} =
Prob{ 0, 0 | 0} Prob{ Anc =0} + Prob{0, 0|1} Prob{Anc =1}




For t number of taxa and n-state characters there are
nt number of character patterns at the tips of the tree

Prob{0, 0} =,

Prob{0, 1} =1t _
Prob{l,O}:ni 2 T =1

Prob{1, 1} = m,

0
0
1
1

R O PFr O

-> Joint probability distribution of the character pattern




5:0 O Prob{0,0} =m
6: 0 1 Prob{0, 1} =1
2:1 O Prob{1,0} =13
3.1 1 Prob{l, 1} =m

Likelihood ~ T4,5 TL,6 TR TS

Maximum Likelihood Tree: Find the tree and the transition matrix
values such that the likelihood is maximized



Algorithmic Structure

n Evolutionary tree estimation as a
combinatorial optimization problem

n Overview of combinatorial optimization

n A taxonomy of evolutionary tree estimation
algorithms




Optimization

Objective function

/

Configuration

Space

T




Combinatorial Optimization
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Number of possible unrooted binary
trees with n-taxa

#Htaxa #trees

O 3 1

= 4 1x3 = 3

= 5 1x3x5 = 15

[] 6 1x3x5x7 = 105
= 7 IX3X5X7X9 = 945
[]

20 2.2 x 102 /Znn ‘35 212N (20 = 5)5(n — )"

100 1.7 x 10%%2

n 1x3x5x. . x(2n-5)




Confi guration

aat ctt acggt agt gt
aact gt acggaagt ct
at ct gt accgaagcct

Space
>
B D
A B

(bj ecti ve
Functi on

NP( D, Tl) -

MP( D, Ty)

MP( D, Tj)



The Problem







Solutions

n Exact Solutions
Exhaustive search
Branch-and-bound search
Divide-and-conquer
Dynamic programming

n Heuristic Solutions
Greedy search
Stochastic search
Super-duper clever search




Exhaustive search

==




Branch-and-bound search







I Divide-and-conquer

o
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Dynamic Programming




Alignment by dynamic programming

acccgt cggcat g

accggt cccggcagg

acccgt cggca - acccgtcggca
accggt cccggcea accggtcccggceag

\

acccgt cggcat
accggt cccggcea



Divide-and-conquer and dynamic
programming requires that the
optimzation of subproblems leadsto
optimization of the global problem

-> Di vi de-and- conquer does not yield exact
solutions for tree estinmation probl ens



Heuristics




Greedy search

Nei ghbor-joining, dustering, Mxinmm
Par si nony, WMaxi mum Li kel i hood



Stochastic search




Simulated annealing

time




Super-duper clever search

n Genetic algorithms
n Human perception

n Expert knowledge
n ?




Heuristic solutions are dependent on ...

n Initial position
n Configuration space




Starting tree Keep option, Steepest
options i n PAUP descent option in PAUP



Neighbor relations of trees

n Nearest-neighbor exchange (NNI)
n Subtree Prune and Regraft (SPR)
n Tree Bisection and Reconnection (TBR)
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TBR Configuration
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Statistical Properties

n Accuracy

n Measures of Tree Deviation
n Power and Error

n Confidence Limits




Tree Model

o TN
=

Different Data Sets i An esti mat or
v has a
di stri bution

Different Estlmated Trees

Dlstrlbutlon of
Estlmated Trees

True Tree




Accuracy 1S some measurement of the
dispersal of the estimator distribution around
the “true’ value

true value

AR

0

“Loss function”: L(8, E)

eg. (8 - Ep |8 -E|,
L=1if6=EdseL =0




“0 — B : We need away of measuring
deviation between trees

(a,b) (c, d, e, 1)

(a,b,c,d) (e, f)

(a,b,c) (d,e, f)
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Consensus

AN

a b cde f a b c de f

[l

= (a. b) 7 (b, c)
] (a, b, c) = (a, b, c)
L] (e, f) = (e, f)
- (d e f) = (d,ef)

(a,b,c), (e, f),(d, e, f)

AN

a b c de f




Majority-rule consensus

(a, b) (a, b) (a, b) (a,c) (a, b) (a, b) (a, c)
(a, b, c) (a, b, c) (c,d) (a,b,c) (a,b,c) (a,b,c) (a, b, c)
(e, f) (a, b, c,d) (a,b,c,d) (e, f) (d, f) (a, b, c,d) (d, f)
(d, e, f) (a,b,c,d,e) (e, f) (d,e,f) (d,e,f) (a,b,c,d,e) (d, e, f)

(a,b): 5 (a,c): 2 (c,d): 1 (d,f): 2 (e, f): 3
(a,b,c): 6 (d,e,f): 4 (a,b,c,d): 2 (a,b,c,d,e): 2

(a, b)
> 3.5 (a’b’C)




Consensus tree can be used to define a

deviation measure

a b c de f a b ¢c de f

NS

AN

a b c de f

3/ 4 cl ades resol ved
therefore, distance =1 - 3/4 = 1/4




Tree neighbor relations can be used to
define deviation

Nearst-Neighbor Interchange (NNI)
configuration

EEEEREEERERERN
@0
®®
®®
0\0

®_ Rel at ed by 2 consecutive

NNI operati ons.
Therefore, distance = 2

‘ .‘
.
.




Once we settle on a suitable deviation measure, we can compute the
expectation of the loss function as a measure of accuracy

true value

[L(6,E) dE <[ (0~ E)*dE

But... there is a different distribution for every different
sample size (number of characters) ... therefore,
accuracy is afunction of the sample size

AN

Accur acy

Sanpl e Si ze



Power and Error

False Negatives. Branches (or clades) in the true tree not
In the estimated tree -> Power

False Positives. Branches (or clades) in the estimated
tree not in the true tree -> Error




Power, Error, and Accuracy are not
necessarily related to each other

I\

N
N
N
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|
(] Power Error | Accuracy
] Hi gh Low H gh
[] Hi gh Hi gh Low
O Low H gh | Low
Low Low Low




Confidence Limits

What we would like to say: Given some data and an
estimate of the model, the probability that the estimate
IS correct

What we can say: Given some estimate of the model
and assuming that the estimate is correct, what isthe
probability distribution of the estimator




N(u, 1.0)

1.0, -0.5, 0.8, A
0.4, 0.2, -1.1, _
\‘ 0.3, 0.1, 04 | = H=0.09
-1.5, 0.4, 1.2
Y
]
- N(0.09, 1.0)
. p=0.19
— W=-01
- — W= 0.08
. p = 0.12
[ 0. 09 = 0.13

- ' N

P
95% Confidence Limit of the estimator




(55

1. Estimate
2. Assume the estimate is correct and generate replicate samples
3. Estimate from the replicate samples

4. Decide on a confidence set




Bootstrap resampling as a means of
generating replicate samples (step 2)

N AACTG
] ABCDE AACTG AACTG
N ) AACTG AACTG
11] AACTG ACGTG ACCTG || aacTG
N .
O 2: | ACGTG ACCTG CGTG || AACTG
[] 3: | AACTG ACCTG | | AACTG| |JACCTG || AACTG
B 4| AACTG ACCTG AACTG AACTG
O 5: | ACCTG prdi ACCTG
O ' ACCTG ACCTG
6: | ACCTG ACCTG
= ACCTG

Samples are generated by “drawing” characters with probability
proportional to their observed frequency -> We assume the
observed frequency to be the “true” probability of drawing
characters.




Majority-rule consensus trees can be
used to select confidence sets (step 4)




Misc. confidence limites

n Skewness index

n Decay Index

n T-PTPtest

n Parametric bootstrapping
n Whatever...




