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Scribed by Ari Greenberg

1. Review of Phylogeny Trees from last lecture

It is often important to infer the correct phylogén tree between a set of organisms.
There are many ways to do this. One obvious way imorphology and placing
organisms which appear to be similar closer togeththe tree. For example, it is

obvious that humans and monkeys are closer thamasiand fish, so we could put
primates together and fish outside in a tree. Hanesreating trees based on morphology
can lead to mistakes as we saw in the last lecture.

A better alternative to morphology is to use segeanformation. If we have a multiple
alignment without gaps of highly conserved regioha set of organisms, then we can
place species together according to how similasttgiences are to each other.

The UPGMA method can be used to reconstruct thiogbpetic tree of a set of
organisms. This method requires that we have psérdistances between each pair of
organisms and that the distances obeyttrametric property: for any three organisms,
two of the distances are equal and larger thaedaal to) the third. These distances are
related to the molecular clock -- the distance leetwtwo organisms is exactly the
geological time, and current organisms all residé@ bottom of the tree (time 0).
Neighbor-joining is an alternative algorithm whishguaranteed to produce the correct
tree if the distances asaelditive. Distances are additive if the pairwise distarimssveen
any two organisms simply by adding up the distaméesach branch along the tree. Even
if the distances are not additive, neighbor-joinafign produces a good quality tree.

In the tree on the right, the two closest nodeten 3
tree are 1 and 3, however 1 and 3 are not nei
leaves. Neighbor-joining will find the correct tige] 0.1

assuming that distances are additive. The algorithm
works as follows:

Dij = dij — (ri + 1j)
wheredij is the distance between i and j, etljd4

r = ——>k dik
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Once we adjust the pairwise distances in this Wan the two nodesandj for which
Dj is minimized are guaranteed to be neighbors irptiydogenetic tree. In the tree
above, D, and B4 are minimum, while B is not.

Four-Point Condition: The pairwise distances between a set of orgarasenadditive if
and only if for every set of four leaveg, k, | , two of the following three sums are equal
and larger than the third:;3- Dy, Di + Dy, and Q3 + Dy

If the four-point condition is true for any pairwislistances among a set of organisms,
then those distances are guaranteed to be additidee can use the neighbor-joining
algorithm to construct the correct tree.

Neighbor-Joining Algorithm

Initialization:
Define T to be the set of leaf nodes, one per e
LetL=T
Iteration:
Pick i, j such that the adjusted distange$>minimal
Join i and j by creating a new node k and ggffar all other nodes m
to 1/2 (dm + dm — dj), dik = dij — dk
Add kto T, with edges of lengthskd= % (dj + 1i — 1), dik = dij — dik
Remove i, j from L;
Add kto L
Termination:
When L consists of tw nodes, i, j, and the edgaveen them of length;d

2. Parsimony

Parsimony is a popular method for creating phylegierirees because it is fast and
simple. The problem of finding theest phylogenetic tree is in known to be NP-hard, so a
simple algorithm that gets generally good resultsfien preferred.

Goal: Given a multiple alignment, find the correct plgdoetic tree and the history of
substitutions that led to the current species.

There are two subproblems that must be solved:

1. Given a tree and a multiple alignment, find tistory of substitutions. This is
an easy problem because we can look at each cofuthe multiple alignment
independently, and calculate the minimum numbenwaiations that could have led to the
given column.

2. Give a multiple alignment where the tree iskraiwn, determine the tree that
would give us the minimum number of mutations oweeapply parsimony on that tree.
This problem ifNP-hard so we must use heuristics to search the huge spaees
intelligently.
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In this example, we have a column consisting of ABand the tree. By inspection, we
see that the minimum number of mutations that cexfaain this column is 1, namely a
mutation from A to B in the most recent branch.
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We calculate the score of the parsimony tree fioenbiottom upwards. Starting at the
leaves, we create the sets of valid characteracdt mode. At a leaf, this set contains
exactly one element: the character found in tharoalat that leaf. Walking up the tree,
we form sets at each node by comparing the twoodéke children of that node. If the
child sets overlap (Cn Cr # &) then the set for a node is the intersectionsofvito child
sets. This makes sense because only charactées imérsection could be passed on to
both children without sustaining a mutation. If (€ Cr = &), then the only explanation
is that a mutation occurred at this point, so vae@l(C U Cg) into the set and add one to
the cost. The reason that we place the union ofheacters is that we do not know at
this point if the mutation occurred in the left beh or in the right branch, but in either
case the cost is the same: 1 mutation. The paoetd be either some character from the
left child or some character from the right chilthis process is repeated all the way up
the tree until all nodes have been labelled anditia¢ score has been calculated. This
score is the minimum number of mutations that cexidlain this tree structure.

In formal terms, the algorithm is:

Given a tree, and an alignment column u
Label internal nodes to minimize the number olresg substitutions

Initialization:
Set cost C = 0; node k = 2N — 1 (last leaf)
Iteration:
If k is a leaf, set R={ xK[u] } Il Rk is simply the character ot'kspecies

If k is not a leaf,
Let i, j be the daughter nodes;
Set Kk = R n Rj if intersection is nonempty
Set k= R U R}, and C += 1, if intersection is empty
Termination:
Minimal cost of tree for column u, =C

We also have an algorithm for tracing back to finel nucleotides in each ancestral node:

Traceback:
1. Choose an arbitrary nucleotide fromRfor the root
2. Having chosen nucleotide r for parent k, & R; then choose r for daughter i.
Else, choose an arbitrary nucleotide for R
This traceback procedure wilbt construct all possible parsimony scenarios!



{A, B} B A
A A
A\‘ A\‘
A B A B A B A B A B

Note that we make arbitrary choices in the tracklpaocedure whenever we choose one
out of a set of multiple characters. Thus, the #ntyaceback procedure can lead to many
different scenarios. The tree on the left couldegige to either of the two on the right,
depending on whether we initially choose A or Btfug top nucleotide. However, there

is a third possible scenario that traceback wilangredict:

A B A B

There are many algorithms for reconstructing thtenegd trace but we will not be
discussing them in this class. We will see someregices to the literature later.

3. Probabilistic Methods: Xroot

ty
to

X1
X2
The probability of a tree can also be calculatenbeting to a model such as Jukes-
Cantor or Kimura:

P(x1, X2, Xroot| t1, t2) = P(x00t) P(X1 | t1, Xroot) P(x2 | 22, Xroot)
This formula consists of three events which cathbeght of as independent:



P(xroot) is the frequency of ¥ in the ancestor
P(x1 | &1, Xroot) is the probability of mutating toixjn t1.
P(x2 | 2, Xroof) is the probability of mutating togxin t2

If we use Jukes-Cantor and assign letter valuéiset@ariables, we can plug in values and
predict the scores. For example, ifXXoot = A, X2 = C, and{ =1t = 1, then the
probability according to Jukes-Cantor is:

PA*Ya(1 + 3eda) * Y4(1 — eda) = (VaB(1 + 3edo)(1 — eda)

Jukes-Cantor only has one model paramatgrgo maximum likelihood calculations for
the branch lengths is very fast!

If we know all the characters of both the leaves #v@ ancestors, then we can calculate
the combined probability of the tree:

Given the tree topology T and the branch lengths t,

P(Xl’ Xor vy X XNa1r o1 XoN-1 | T, 1) = P()|(oot) * HjifOOtP()ﬁ | Xoarent(j) tj, parent09

However, in general we only know the charctershefleaves, not the ancesters. (We
know x...Xn but not Xi1....%n-1.) Thus we must sum over every possible lettefin x
XN+2; «.v XON-1-

P(Xy, X, v Xy | Ty 1) Z2XN41 2 X4z - 2Xong POXG Xoy vy Yong | T 1)

There are an exponential number of combinationsfdstunately we can use dynamic
programming to calculate the probability in polynahtime.This algorithm is called
Felsenstein's Likelihood Algorithm:

Let P(Lk | @) denote the probability of all the leaves wetmde k, given that the residue
atkis a.

Initialization:
Setk=2N-1
[teration: Compute P(k | a) for all ac X
If k is a leaf node:
Set P(k | a) =1(a = %)
If k is not a leaf node:
1. Compute P(] b), P(4j | b) for all b, for daughter nodes i,
2. SetP(k | a) =2b,cP(b | a,if P(Li | b) P(c|aj}P(L | c)
Termination:
Likelihood at this column = P(xX,, ..., %y | T, t) =2aP(Lyn.1 | @)P(a)




This algorithm gives us the probability of a giveslumn, assuming that we have a
model for how nucleotides mutate such as JukeseCahhe parsimony algorithm gives
us the minimum number of mutations in a given calubut Felsenstein's algorithm
takes into account the possibility that there cdaddnutations of a letter to another letter
and then back to itself, within a single branchu3,ithe expected number of mutations
given by Felsenstein's algorithm will be largentitiae number of mutations given by the
parsimony algorithm.

4. Probabilistic Methods for Constructing Phylogenéc Trees

Problem: Given a multiple alignment (without gapM sequences and a model for
predicting mutations such as Jukes-Cantor, defiadikelihood of the tree as the product
of the likelihood of each column of the alignment:

L(T,t) =P(Data | T, t) ey POy - Xom T, 1)

(All columns are assumed to be independent).

Find the tree topology T and vector of branch laadtthat maximizes the likelihood
L(T, t).

There are many different algorithms and proballigpproaches suggested to solve this
problem, but at the moment parsimony techniques tefe more successful. There are
literally hundreds of different programs availafile constructing phylogenetic tress.
Here are some recommended programs for tryingythisself

Rec-1-DCM3
http://www.cs.utexas.edu/users/tandy/mp.html Tandy Warnow and colleagues

SEMPHY
http://www.cs.huji.ac.il/labs/compbio/semphy/  Nir Friedman and colleagues




5. Multiple Sequence Alignments

There are two main ways that proteins evolve:

1. Species divergence -- when two species spiitems in each species are free
to evolve differently.We expect to see some sintjldyetween proteins in the current
species and the protein in the ancestor.

2. Protein duplication -- A large chunk of a gemoisiduplicated, resulting in two
copies. One copy is free to evolve (randomly), #redorganism can still survive because
the other copy remains functional. The copy thaies has a huge advantage over
random DNA strings because it is already a funetigmotein -- the mechanism for
transcribing and translating and folding the genalieady in place.

Suppose there are two very similar genes that drosegene duplication and we are
wondering if they function in the same biologicabgess or not? If the genes are
extremely similar to one another, then can we itifat they are likely to function in the
same process? If both genes are used for the satioh, then the only explanation for
why both genes are necessary in the genome isdlochtgene has a different condition on
which it functions.

When creating protein phlyogenetic trees, it isam@nt to know which branches arose
from speciation and which branches were causeabyg duplication.

Multiple alignments are useful because they reteeak the common evolutionary
history of a set of organisms.

Definition of a multiple alignment:

Given N sequences x¢, ... X', insert gaps as needed in each sequence so that ea
sequence is the same length and the score ofdbalghap between the sequences is
maximized.

Multiple alignments are much more powerful thampese alignments. A faint similarity
between two sequences may not be statisticallyfgignt, but if we see the same faint
similarity between many sequences this is evidémaethe sequences are indeed related.

Patterns of sequence variability can be reveatirtheir own right. For example, genes
tend to show more variability at every 3rd positimtause the 3rd letter in each codon is
often allowed to vary without changing the aminaac

Scoring function:

The most common scoring function is the sum ofvpial scores:

Given a multiple alignment between X, Y, and C,itiduced pairwise alignment
between X and Y is the pairwise alignment betweean Y where we remove any
column that contains both a gap in X and a gap.iA §ap that is common to X and Y
does not contribute to the pairwise score of X énd



The Sum of Pairs score for a multiple alignmersimsply the sum over all pairs X, Y of
the induced pairwise alignment between X and Y:

S(M) =Xke Wig s(, m).

The scores for induced pairwise alignments carab®ilated according to edit distance,
affine gap penalties, etc. Each pairwise alignnhastits own weight, because the
multiple alignment may contain more sequences fwompart of the tree than from
another.

Profile Representation of Multiple Alignment

Normally, the size of a multiple alignment scalegarly with the number of sequences
aligned. However, suppose we are aligning thousahdsquences and we want to
represent the alignment compactly. Instead of sgoeach sequence separately, we
summarize each column by storing the percentagesofG's, C's, T's or gaps in that
column. Thus, we could represent a multiple aligninas 5 rows:

A 1 1 8

C . 6 1 4 1 6 .2

G 1.2 2 401
T .2 1 6 .2

- .2 8 .4 .8 .4

Where the sum of the columns in each row is 1.rAéBvely, we can provide more detail
about gap types, distinguishing between gap imtigt gap continuations, gap closes,
and single gap positions. This would allow mor@infation to be represented while
keeping the space requirements for the multipgnatient small.

6. Algorithms for finding Multiple Alignments

Can we extend Needleman-Wunsch for solving pairaiggments to find the optimal
multiple alignment for N sequences?

Let F(iy, i2, ... i) be the maximum score of aligning the firstharacters of sequence 1,
the first b characters of sequence 2, and the firshiaracters of sequence N.

Then F(i, iz, ... i) will be the maximum over all neighbors in thisdNnensional space
of (F(neighbor) + S(neighbor)).

What is the running time of this algorithm?

Example: Suppose we are aligning 3 sequences.
F(i,J,k) = max: F(i-1, -1, k-1) + S{xxXj, X«),
F(i-1, j-1, k) + S(% X, -),
F(i-1, j, k-1) + S(X -, %),
F(-1, j, k) + S(X -, -),
F(@, -1, k-1) + S(-, ¥ X«),



F(i, j, K) + S, x ),
F(, j, k-1) + S(- -, ¥,

At each step, there ar&2neighbors that we must consider. There ateduares in our
matrix, so in general the running time of this aityon is O(2' LV).

Note: if we want to do scoring for affine gaps,ritvee need 2* gap states, so the
running time would be"2

Summary: multiple alignment is a HARD problem. (N&xd)

Progressive Alignment

If the evolutionary tree is known, then we can perf pairwise alignments of sequences
that are neighbors in the tree. In each step, akguences x,y or profileg, py, to

generate a new alignment with associated profil&tpeach step of the algorithm, we
perform a pairwise alignment between sequencesoditgs. Profiles are just like
sequences except that they have weighted frequefacieach letter at each position. We
can treach

Example: For profile of the form (A, C, G, T, -):
Suppose P= (0.8, 0.2, 0, 0, 0) and B (0.6, 0, 0, O, 0.4)

Then we can compute the sum of pairs score foraligament as:
s(p, py) = 0.8*0.6*s(A,A) + 0.2*0.6*s(C,A) + 0.8*0.4*s(A;) + (0.2*0.4)*s(C, -)

And the resulting profile gxs: the (weighted) average of the two profile9=( 0.1, O,
0,0.2)

We can also align calculate the scorg,s{pfor aligning a profile with a gap:
s(p, -) = 0.8*1.0*s(A, -) + 0.2*1.0*s(C, -) andip= (0.4, 0.1, 0, 0, 0.5)

Note that progressive alignment is not guaranteegive us the optimal alignment.
However, the running time of progressive alignmismnly O(L**N) because there are
N-1 pairwise alignment steps.



