HMM's —
Hidden Markov Models
Part Il

Sources:
1)
2)
3) Felsenstein J, Churchill GA. A Hidden Markov Model approach to
variation among sites in rate of evolution. Mol Biol Evol. 1996
Jan;13(1):93-104.



CpG islands

In the human genome, for biological reasons, the occurrence of
the dinucleotide CG is lower than would be expected from
C & G independent probabilities.

On the other hand, around
promoters or the “start”
regions of many genes, we
see many more CG couplets
(and in fact more C and G
generally).
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Markov chains In use

Let’'s answer one of the previous questions, using Markov
Chains. For example: Given a sequence, is it a CpG island?

Let's assume that we have the 2 sets of transition
probabilities: in “standard” DNA, and transition probabilities
in “CpG” DNA.
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Markov chains in use - continued

0.18 0.274 0.426 0.12 0.3 0.205 0.285 0.210

0.171 0.368 0.274 0.188 0.322 0.298 0.078 0.302

0.161 0.339 0.375 0.125 0.248 0.246 0.298 0.208

—H Q] O >

0.079 0.355 0.384 0.182 0.177 0.239 0.292 0.292

1| Q] O >

CpG islands (+ model) “normal” DNA (- model)
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Markov chains in use - continued

Thus, we have two models which we can compare statistically
(likelihood ratio test).

*

P(x|model+) anlog P"xi -1
P(x|model-) 43 P xi - 1x

S(x) =log
S(X)~ x°
4
*Note: P,q,;=P(x,) — the probability of beginning with x;.
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And now to HMM'’s

HMM'’s can answer a question we posed before that Markov
chains cannot — how do we find CpG islands in a long un-
annotated sequence?

Instead of two Markov chain
models (like before) we need
one model that incorporates
hoth the models from before.
How do we do that in the
orevious example?
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The solution...

We relable the states. In order to integrate, we will define A*, G*, C* T*

(CpG areas) and A, G-, C-, T- (“normal” DNA). Both A* and A- emit the symbol
A.

A+ C+ G+ T+ A- C- G- T-

A+

C+

G+

A BH K
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Most probable state path - Viterbi
algorithm

We can compute the likelihood of each one of these state
paths.

Look for the maximum likelihood state sequence.

This way, given a long unnotated sequence, one gets the ML
state at the end:
A-G-C-G-T-T-T-C-G+C+A+G+A-C-G-T-C+G+T+

Viterbi algorithm does this with dynamic programming algorithm

(an example — later).
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Another example: Inferring phylogeny and rate
of evolution from aligned sequences

Reminder: A phylogeny (or phylogenesis) is the origin and
evolution of a set of organisms, usually of a species. A
major task is to determine the ancestral relationships
among known species (both living and extinct), and the
most commonly used methods to infer phylogenies
include maximum likelihood, and Bayesian.

Many methods assume equal rate of evolution at all sites —
unrealistic

Rate4site — a method for deducing the rate at each sites.
Assumes independence of the rate between sites.
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Rate4site

rate of evolution is not constant among amino acid sites

rate variations correspond to different levels of purifying
selection acting on these sites.

purifying selection can be the result of geometrical
constraints on the folding of the protein into its 3D structure,
constraints at amino acid sites involved in enzymatic activity
or in ligand binding or, alternatively, at amino acid sites that
take part in protein-protein interactions.

Rate4Site calculates the relative evolutionary rate at each
site using a probabilistic-based evolutionary model. This
allows taking into account the stochastic process underlying
sequence evolution within protein families and the
phylogenetic tree of the proteins in the family. The
conservation score at a site corresponds to the site's
evolutionary rate.
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Methodology of Rate4site

The sole obligatory input to Rate4Site is an MSA file. The
program then computes a phylogenetic tree that is consistent
with the available MSA (the user can also input a pre-calculated
tree). It then calculates the relative conservation score for each
site in the MSA. This is carried out using either an empirical
Bayesian method or a maximum likelihood method (Pupko et
al., 2002).

Differences between the two methods are explained in details in
Mayrose et al (2004).

References: Mayrose, |., Graur, D., Ben-Tal, N., and Pupko, T. 2004. Comparison of
site-specific rate-inference methods: Bayesian methods are superior. Mol Biol Evol 21:
1781-1791.

Pupko, T., Bell, R.E., Mayrose, |., Glaser, F., and Ben-Tal, N. 2002. Rate4Site: an
algorithmic tool for the identification of functional regions on proteins by surface
mapping of evolutionary determinants within their homologues. Bioinformatics 18
Suppl: S71-S77.
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Minimum requirements for (half-) realistic
Inference of phylogeny

. It must allow rates to differ among sites.

2. It must not assume that we know the relative rates
of change at the individual sites, but must instead
infer these from the data.

3. It must allow there to be some correlation between
the rates of evolution at adjacent sites.
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A Hidden Markov Model Approach to Variation Among Sites in
Rate of Evolution (Churchill and Felsenstein 1996)

Sites
Phylogeny 1 2 3 4 5 6 71 8
_|: C A C G A C G 1A
C G T A A C G A
M ¢ 6 A G A C G G .
- ~—— ¢ A A A A C G G
A A G T G C G C

Hidden Markov chain:
100 © O e+ O O O ©

Rates of V4
evolution 20 o-e © O\ﬂ © 0/. e

03 O O O O eo+=0+=90 O

all correlation between sites will be assumed to be the consequence of the
clustering (if any) of high and low rates at adjacent sites.
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Reminder: HMM Formalism

{S, K, P, A, B}
S : {s,...sy\} are the values for the hidden states
K: {k,...ky } are the values for the observations
The hidden states emit/generate the symbols (observations)
[1= {1} are the initial state probabilities
P = {P,} are the state transition probabilities
B = {b,} are the emission probabilities
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Motivation

» To find the path of rates that fits the data in the best way.
»We will represent a general path as follows:

(c4,Cy,-..,C,) (path of evolutionary rate states)

where ¢, = 10.0 or 2.0 or 0.3 (in the example above).

»Observations: Multiple sequence alignments

» C; corresponds to the rate at site |I.

» n —is the length of the sequence.
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Paths 2 HMM

»Each path corresponds to a state path.
The “real” path is hidden.

»Before we had A*C*G* > ACG

»Now we have c,,C,,C4
corresponding to a multiple sequence alignment :

X1Y1Y3
X2Y2Y3
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Motivation - notes

Finding the path that best fits the data...how?
The path that makes the maximum contribution to the
likelihood of the data.

Instead of going over all possible paths (computationally
hard) = dynamic programming.
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Outline of the algorithm

1. Assume we have k categories of rate:
PR PP o

We know I'Iri for i=1...k (probabilities of occurences of rate ;)
e.g. ryiryirar, = 0:1:2.3:8.9 for four different states

We know prior probabilities that a given site is in these k
categories, e.g. 0.1:0.32:0.22:0.36
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Outline - continued

2. The likelihood of a given phylogeny T:

L = Prob(D|T)
= 2 2 z Prob(c,, ¢3, ..., ¢,)
L2 I e Cn
X Prob(D|T, r.,, repy ooy 7).

sum, over all assignments of rate categories, of the probability
of the data D given that combination of rates, multiplied
by the prior probability of that combination of rates.

n — the number of sites in sequence.

c, denotes the category that a given rate combination assigns to site |,
so that the rate assigned to site i is r,
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Outline - continued

3. Look for the combination which makes the largest
contribution to the likelinood:

R = max Prob(c\,cy ...,c,)
o T i TR Cp
X Prob(D|T, re, Fupy oo v 7o),
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1. Choosing rate categories

How to choose the rates?

- estimate the values of relative rates r; and probabilities f, by ML,
using the EM algorithm (significant increase in computation time)

- in practise: examine a few sets of rates and choose the one with ML

Abteilung Bioinformatik
| PM B und Funktionelle Genomik



2. Computing the likelihood

Since each site evolves independently once the rate categories
are determined, the likelihood

L = Prob(D|T)

— E 2 E Prob(c,, ¢3, ..., C,)

cp 02 Cn

X Prob(D|T, r.,, reys ooy 1e).

] Cp

transfers into

I = E z vae 2 PrUb(f,'], Ca, « v vy {"n)

1 (]

X || Prob(D;|T, r,).
=1
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2. Computing the likelihood (cont’d)

L = E > 2 Prob(cy, ¢;, ..., ¢,)
) €2 Cn

X || Prob(D;|T, r,).
=1

Computational costs for computing likelihood are tremendous:
K categories, n sites:

number of combinations of categories is k"
€.J. 1000 sites, 3 rates: 31000=10477

cf. Number of partciles in universe: 1080
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2. Computing the likelihood (cont’d)

Reminder: Hidden Markov Model specifies that each combination of rate
categories c,, C,, . . . , C, is the outcome of a stationary Markov chain, and
thus its prior probability is simply the product of the prior probability of c,
times a product of transition probabilities of that Markov chain:

Prﬂb(ﬂl Coy v ooy C ) = ):_|Prlc2 croy ot an 1.6n"

Thus, L can be rewritten as: or:

2 Ay

L:Efﬁ > D o D Prob(cs, ... ¢y €)) L—Zﬁl‘zE Eth(r‘z .cqlen)

X Prob(D|T, r.,, reys - - - s rf")] X l_[ Prob(D;| T, re)l
i=1
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2. Computing the likelihood (cont’d)

Let's define L, ) as the conditional likelihood of T for the data D® (= data
set cosnsisting of sites k through n) given that site k has rate category c,

L = zf"‘ > D o D Probley, ... c,]c)

€2 €3 Cn

—

[.]=L,,0

X |] Prob(D;|T, r.)
i=1

Thus, L can be rewritten as:

L= f,LY.
|
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2. Computing the likelihood (cont’d)

Definition of likelihhood L allows to reformulate:
L) = Prob(D, | T, Fe,) 2 2 E Prob(c,, .., ¢,|cy)

2 0] Cy

X H Prob(D,| T, r.). (7)
i=2

Because of Markov chain property:

.02

LY = Prob(D,|T, r.,) 2, P
€2

X >, -+ D, Problcy, .., caler)

€3

[.]=L, @

X || Prob(D;| T, 7.)
i=2
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2. Computing the likelihood (cont’d)

.02

LY = Prob(D,|T, 7)) D, P
€2

X [D o D Problc,, . ., c,]ey)
3 Ch
[.]=L, @
X | | Prob(D;|7, r.)|-
i=2
Thus:
LY = Prob(D,|T; r,,) X P., LY.
or generally: with:
LY = Prob(De| T, ro) 20 Py LED. L = Prob(D,|T, r.,).

Ck+l

This recursion form can be easily derived

Abteilung Bioinformatik
| PM B und Funktionelle Genomik



2. Computing the likelihood (cont’d)

General recursion form:

L® = Prob(Dy|T, r.) 2, Pepe,, LETD. L = Prob(D,|T, r.).
Ch+l

Pattern of computation reverses order of recursion:
proceed from last site n to the first one:

First compute likelihoods Prob(Dle,er) at each site for
each possible rate category

Then determine L, ™ and recursively L, _1..L (!

Number of computations only O(n x k) (instead of
O(kM)!
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3. The most probable rates’ combination
(follows a version of the Viterbi algorithm (1967))

Ability to calculate the likelihood of pyhlogeny T allows to
search for maximal likelihood phylogeny. Likelihhood is
computed by summing contributions from all possible
combinations of rates. Most interesting is the combination
that makes the maximal contribution to the likelihoods at

the sites:
R = max Prob(cy, ¢, ..., c,)
Lo [P o TR A
X Prob(D|T, Fops Tegs v oo s Te,)-
Define: R® = max {Prob(c;,,,..,c.|cp)
Ck1ve+21Cn
X Prob[D®|T, r.,r.,. ..., r.1}.
where for k=n: ) ;
R®™ = Prob(D,|T, ), D® — data of sites k till n

D, — gata at site k
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The most probable rates’ combination - continued

This is the likelihood contribution of sites k through n, where site
k has rate c¢,, and the rest (k+1 through n) have the combination
of rates that maximizes the contribution.

Ck MaXf\ombination

AGCTTATACT
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The most probable rates’ combination - continued

We thus get the following recursive formula:

R = Prob(Dy|T, c;)max [P R+ 1,

Chalk+1" " Chk+1
Ch+l
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Proof (the essentials)

RY) = max { Prob (ck +1,..., Cn | ck) x Prob(D ® | T, rex,..., fen) =

= MaX {Pck +1,ck+2 0. Pen—1cn X

ck+1,...cn

x Prob[D«| T, ek +1,..., fen] x Prob[D ®*™V | T, rek +1,..., Fen]

Because the rate categories are the outcome of a Markov
chain and P(c1,...cn)=f ;P o-Poes--Pen-1.n

Due to the assumption that once the rate is set, the sites
evolve independently
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The most probable rates’ combination - continued

Thus, we compute the above equation from sites n, n-1, n-2 up
till 1, for each one of the rate categories.

At the end, we take the largest of the quantities

This is the quantity that maximizes the contribution to the
likelihood.

(1)
fcl Rcl

Abteilung Bioinformatik
| PM B und Funktionelle Genomik



Backtracking the rate combination

We still don’t know which combination c,,...c,, brought us here,
so we backtrack: Start with rate category c, corresponding to

maximum contribution. Then find value c, that is involved in
maximum contribution...

Rate cat. (n)
N L i
n
bl 4
- (n-1) (n-1) (n-1)
1 er Rr2 / Rr3
(2) (2) (2)
2 er A Rr2 >4 Rr3
1 ////1 1
frer(}) fro Rr(g) /frB Rr(S)

Abteilung Bioinformatik
| PM B und Funktionelle Genomik



12

Implementation in DnaML: Assumptions

Each site in the sequence evolves independently.
Different lineages evolve independently.
Each site undergoes substitution at an expected rate which is chosen
from a series of rates (each with a probability of occurrence) which we specify.
All relevant sites are included in the sequence, not just those that have
changed or those that are "phylogenetically informative".
A substitution consists of one of two sorts of events:
(a) The first kind of event consists of the replacement of the existing
base by a base drawn from a pool of purines or a pool of pyrimidines
(depending on whether the base being replaced was a purine or
a pyrimidine). It can lead either to no change or to a transition.
(b) The second kind of event consists of the replacement of the
existing base by a base drawn at random from a pool of bases at
known frequencies, independently of the identity of the base which
IS being replaced. This could lead either to a no change, to a
transition or to a transversion.
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Implementation in DnaML: Base substitution model

The ratio of the two purines in the purine replacement pool is the same

as their ratio in the overall pool, and similarly for the pyrimidines.

The ratios of transitions to transversions can be set by the user. The substitution
process can be diagrammed as follows: Suppose that you specified A, C, G, and T
base frequencies of 0.24, 0.28, 0.27, and 0.21.

A. First kind of event:
1. Determine whether the existing base is a purine or a pyrimidine.
2. Draw from the proper pool:

3. Purine pool: Pyrimidine pool:
0.4706 A 05714 C
0.5294 G 0.4286 T
(ratio 1s 0.24 : 0.27) (ratio i1s 0.28 : 0.21)
B. Second kind of event: Draw from the overall pool: 0.24 A
0.28 C
0.27 G
021T
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Implementation in DnaML: Specification of evolutionary rates

For example, let‘s assume three possible rates of evolution, 1.0, 2.4, and 0.0,
further prior probabilities of a site having these rates are 0.4, 0.3, and 0.3,
further average patch length (number of consecutive sites with the same rate) is 2.0.

Average patch length: 1/(1-A) with A being the autocorrelation parameter
(in the above example A=0.5)

Transition probability is then defined as:
(0 Kronecker symbol) Py = A\d; + (1 — N)f;

A close to 1: high degree of autocorrelation, A = 0: no autocorrelation
Accordingly, the program will sum the likelihood over all possibilities, but

giving less weight to those that (say) assign all sites to rate 2.4, or that fail to
have consecutive sites that have the same rate.

Abteilung Bioinformatik
| PM B und Funktionelle Genomik



Implementation in DnaML: New layer of rate variation

Another layer of rate variation is available. The user can assign categories of rates to
each site (for example, we might want first, second, and third codon positions in a
protein coding sequence to be three different categories).

Specify the relative rates of evolution of sites in the different categories.

For example, we might specify that first, second, and third positions evolve at
relative rates of 1.0, 0.8, and 2.7.

Then assign different categories to sequence from position 1..n:
123123123123123123444444444444444444123123123123123123
codon Intron codon

Likelihood is computed exactly the same way as above, just replace re, by p; X re,
when calculating Prob(Di|T,rCi), with p; being the pre-assigned rate for site |
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Implementation in DnaML: Computation of tree topologies and
optimal branch lengths

A) Search among tree topologies is done according to a stepwise addition followed by
branch-swapping by nearest neighbor interchanges after each species is added

Optionally final round of branch swapping by subtree pruning and regrafting
Optionally multiple runs with different input orders of species
B) Derivatives of likelihood are obtained in recursive calculation along the sequence

These derivatives are used for estimating the branch length by use of the
Newton-Raphson method.
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An example: beta-hemoglobin DNA sequences
In 8 mammalian species

1 60 241 300
Tachygloas ATGGTGCATT TGAGTGGTTC TGAGAAGACT GCTGTCACCA ACCTGTGGGG GCATGTGAAC Tachygloss AACCTCAAGG GAACCTTCGC CAAGCTGAGC GCGACAAGCT GCACGTGGAC
Didelphis ...C.TC.OA G.......AC TGCA....T. TA.G...C.G Didelphis G JT..T.AT.. ....T....T ..G..C.... .Tuuonenrn ovaTaunnnn
Tarsius 2. CL.C.OR A .. Tarsius Ca T
Rattus AL A . Rattun CuvaaTow T
Capra WG C.0A G Capra e e Tos TC. oottt .T L iBG i iiane JTuaToiiis wvaiannas T
Oryctolag. .. TCCA..GA G...... ODryctolag. G b T . S N T L T
Homo ... C.CC.OA G...... Homo ..., [T - PR .T
Lemur cevrssC.OA G ... Lemur . .....ae.n Y - PO T.. TC.A.....T vrarearesT
1111111222 1112222122 2111111222 2221111222 2111111122 2111111222 111114141 1431141131 2222111111 1111111111
111 2 221 2 1111 2 22 2 111 111 2 2 111111111 1111 11 11112 1 1 1111 111111 1 111 111111
61 120 3ol 380
Tachyglose GTCAATGAAC TCGGTGGCGA GGCCCTTAGC AGGCTGCTGG TCGTCTACCC CTGGACCCAG Tachygloes CCCGAGAATT TCAATCGCCT GGGTAACGTG CTGGTCGTGG TCCTGGCCCG TCACTTCAGC
Didelphis Tevasinea sus Didelphin i €. «.:0OATG.. ...G..TA.C A.T..0A.CT Q...
Taraing  ..GG.A..TG .T.....T.. ......G... ... ants caaee AL Tarsius .T.T. ...C..T... .....GTGT. .G...
Rattus B I e Rattus .T... ...C..TA.. A.T..GA.T. .GT.
Capra . P T.. Capra [ c. i TR « U - I N - P
Oryctolag. T IR RIS Oryctolag. S SRR D Teve veaCiviens vvw. T T WG...T.T.A
Homo . rea smsmmaa wee 2Biiaiinee Tavenanans Homo [ PP - B R 4 TGT. .G.......
Lemur --AG.GA..G N T 4ea smiaasmaaa Ao Lemur .L.TC. ... C. RIS P I + cee.e@..T. .G.....TGA A.....TG..
2222222222 11111143111 12131113311 1211213411 2141111144 1111211111 1112222111 1131112221 11311122222 2111122222 2111111111
2 2 1111 & 111 111 11111 1111111 111111 1 111 111 1 11 1111 1 22 11 222 21 11
121 180 asi 420
Tachygloas AGGTTCTTCG AATCCTTCGG TGACCTGTCC AGCGCCGATG CTGTGATGGG AAACGCCAAG Tachyglose AAGGAATTCA CCCCCGAGGC CCAGGCTGCC TGGCAGAAGC TGGTGTCTGG TGTTTGCCAC
Didelphis . -T..T. TCTC.T.GC. e JITT.T.. . Didalphis .T..T. .T..T..ATG T....T...T . LG AL..G....T
Tarsius . .. T. -CTC.T.CC. €..T..T... Tarsiue ' .GC...T T. Lo AT, LG, ...GG.TACT
Rattus -.T. TCT...TC.. T...C.T... Rattus . P oemangm TGT.. Ao.oonin.n [ L R TR G.... A..GG..AGT
Capra -.T. TCT..T.... C..T..T... Capra . « +=-.GCT.CT G.....u AG .TT......G ..... G.... ....G..A.T
Oryctolag. CT..AC. .. ¢..TC.T... Oryctolag. ee T TC. T Gavnnnnnnn Y SR - . G.... ...GG..A.T
Homo .CTC.T.... C...C.T... Homo .. A....... ce . ACCA.T Q... ... .. - AT ... .AG ... G.... ...GG.TA.T
Lemur .G TCTC.TTC. . ... G...C.T... Lemur LT € B GC T Gl B o U - N G.... ...GG..A.T
1111111111 22221113111 1114111411 2222222211 1111111122 2112211111 12211113111 1111222222 2111111111 1221111111 1111114141 1111114111
1111 11 22211111 1 11111 2 221 11 11122 1 2211111 1 11111 222272 111 1 11111 11111 f11 1 1
181 240 444
Tachygloss GTCAAGGCCC ATGGTGCCAR ATGCCCTGAA GAACCTCGAC Tachygloss CTOA
Didelphis JS 3 A .A._AG.C.. .C.TT.G... Didelphis .
Tarsiue s ssa . .GC TC.T..G... Tarsius e
Rattus .. AC..T.G... Rattus LA
Capra = ..G....000 2. -CAAG.. ......AGA. ..... ar C.T.uTens Capra AL
Oryctolag. G. -A.T. .G.GT..... TC....Q... Oryctolag. -
Homo G....TA.T. ...G....6C TC....G... Homo AL
Leswar G....TA.T. .A.OT...C. TC....G... Lemur .
1111122211 1111222222 2111122211 1222221122 2222211111 1111111111 1114111111 1121
111 1 111 11 1111 222 111 1 2 =22 111 111 111 1 111 1 11 1 21

Input: MSA of sequences by CLUSTALW (readily obtained with only two gaps)
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Parameter settings for estimating site specific
rate variations

Site-specific categories representing the three codon positions
best combination of parameters: rates 1.0:0.6:2.7

Two regional rates

best combination of parameters: rates 1.0:8.0

Inferred frequencies of the two regions 0.75:0.25
Inferred parameter A = 0.5454
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Inferred rates of evolution for beta-hemoglobin
DNA sequences in 8 mammalian species

1 60 241 300
Tachygloas ATGGTGCATT TGAGTGGTTC TGAGAAGACT GCTGTCACCA GCATGTGAAC Tachygloss AACCTCAAGG GAACCTTCGC CAAGCTGAGC GAACTGCACT GCGACAAGCT GCACGTGGAC
Didelphis .C. ...C.TC.GA G.......AC TGCA....T. TA.G...C.G Didelphis  ..... G.... .T..T.AT.. G..C.... R o
Tarsius L A N G.C .. CA.G. . AG. . Tarsius . T ..T
Rattus AC. AT . T AR .G . Rattus . e T
Capra ...C..C.O0AG......G.. CA.G. . Capra . T
Oryctolag. ..TCCA..GA G......T.. CA.G..... T Dryctolag. ....-...A. C.....T.. T.o.......T (ovnnieens Toniiienn ciniennnn T
Homo ...C.CC.O0M G...... T.. CA.G..vinn Homo . re o T - . T T T
Lemur ihess.C.0A G .. .. TG. . CA.G...0.T Lemur  ....aaeaan P TR T.. TC.A.....T .. 1esissessT
1111111222 1112222122 2111111222 2221111222 2111111122 2111111222 1111314441 1231144131 2222111111 1111111111 1111111111
111 2 221 2 1111 2 22 2 111 111 2 2 111111111 1111 11 11112 1 1 1111 111111 1 111 111111
61 120 301 360
Tachyglosse GTCAATGAAC TCGGTGGCGA GGCCCTTAGC AGGCTGCTGG TCGTCTACCC CTGGACCCAG Tachygloss CCCGAGAATT TCAATCGCCT GGGTAACGTG CTGGTCGTGG TCCTGGCCCG TCACTTCAGC
Didelphis ..TG.CC.GA CT..... T.. ceeleeaaBe Teisiuana suanas Didelphin oToweeo@r o« OATG. . ...G..TA.C A.T..GA.CT @......TGA @.....TQ..
Tarsius ..GG.AL.TG .T..... T.. Tarsius -..66.T.T. ...C..T... .....GTGT. .G.......AC..... TG. .
Rattus COTG....TG .T........ Rattus GG.T... ...C..TA.. A.T..GA.T. .GT...G..A C...C.GG..
Capra < Y - B ¢ . T R I . Capra 6. T... ...C....vv +v2..B..T. .G.....T.. C...CATG..
Oryctolag. L GGAL LG LT T.. vea T I Oryctolag. e @ T... o Civiene wwe. T.T. WG .. T.T.A ...T..TG..
Homo X JUPY - N UM Y wea R Homo I L I R TGT. .Guouwnns A ... TG. .
Lemur - -AG.GA..G .T........ cee T Bace teieainana Aevvavannn Lemur [ ¢« o o I cessa@ T, .G.....TGA A.....TCG..
2222222222 24111114141 1111113111 12311121311 12112113441 21411121144 11111311111 1112222111 11311112211 1111122222 2111122222 2111111111
2 2 1111 11 1111 1 111 1311 11311 1111111 111111 1 111 111 1 11 1111 1 22 11 222 21 11
121 180 as1 420
Tachygloas AGGTTCTTCG AGCGCCGATG CTOTGATGGG AAACGCCAAG Tachygloss AAGGAATTCA CCCCCGAGGC CCAGOCTGCC TGGCAGAAGC TGGTOTCTGGE TGTTTCGCCAC
Didelphis P I TCTC.T.GC. . JIT.T. .. Didelphis vee..T..T. .T..T. ATG T....T...T .......... .C...G.... A...G....T
Tarsius .T. -CTC.T.CC. ¢..T..T... Tarsius I AT, G .....G.... ...GG.TACT
Rattus TCT...TC.. T...C.T... Rattus .TC. N - S G.... A..GG..AGT
Capra TCT..T.... c..T..T... Capra sme .TT -G . -G..A.T
Oryctolag. TCT. .AC... c..TC.T... Oryctolag. ..A....... .T.. LAT. G .+ GG, AT
Homo .CTC.T.... c...C.T... Homo LA . ve. . ACCA.T AT, .. G - .+«.GCG.TA.T
Lemur .G TCTC.TTC. . . G...C.T... Lemuxr L.T.C..... G...G.C..T B v (O - G.... ...GG..A.T
1111111111 2222111311 1111111411 2222222211 1111111122 2112211111 1221111311 1111222222 2111114111 1221111111 12113114141 1111111111
1111 11 22211111 1 11111 2 221 11 11122 1 2211111 1 11111 229222 111 1 11111 114411 111 1 1
181 240 421 444
Tachygloss GTCAAGGCCC ATGCTGCCAA GGTGCTGACC TCCTTCGGCG ATGCCCTGAA GAACCTCGAC Tachygloss GOCCTGGCOC ACAAGTACCA CTGA
Didelphis ceeee.aTon oL Tenl i ciiee.o.Te (A..AG.C.. .C.TT.G... Didelphis  .......... . . AL
Tarsiue AL G C.T..G... Tarsius ve T, .. T,
Rattus AL G C..T.G... Rattus <AL
Capra . .C.T..T... Capra . L .A.
Oryctolag. - -T. Orycrolag. sssensndTa
Homo .. @....TA.T. ...C....GC . - Homo . .
Lamur . G....TA.T. .A.GT...C. TC....G... Lemur CT.....T.
1111122211 1111222222 2111122211 1222221122 2222211111 1111111111 1111111111 1121
111 1 111 11 1111 222 111 1 2 22 111 111 111 1 111 1 11 1 21

FiG. 3—The B-hemoglobin coding sequences used in the data example. The dots are sites at which the sequence is the same as in Tachyglossus.
The two rows of digits below each section of sequences are the regional rate categories inferred for each site. The first shows the single combination
of regional rate assignments that contributes most to the likelihood. The second shows an assignment for each site provided that 95% of more of the
likelihood is contributed by that rate being assigned to that site (otherwise no assignment is shown). Category 1 has the lower rate,

Abteilung Bioinformatik
| PM B und Funktionelle Genomik



Inferred rates of evolution for beta-hemoglobin
DNA sequences in 8 mammalian species

= Conserved codon for
ions of

heme-binding histidines
roteins (4 out of 8 higr!lighted)

Tachygloas ATGGTGCATT TGAGTGGTTC TGAGAAGACT GCTGTCACCA ACCTGTGGGG GCATGTGAAC Tachygloss AACCTCAAGG GAACCTTCGC
Didelphis ...C.TC.GA G.......AC TGCA....T. C.A.C...TC TA.G...C.G Didelphis . <@ T..T.AT
Tarsius .. C..C.0A CA.G..AG. . Tarsius . Ca T..
Rattus . CC .A.C..A.G. ceo ARG .. Rattus C.. T..
Capra ...CL.C.0A ce. CAGL .. Capra [ - PO S
Oryctolag. .. TCCA..GA Gl . oo CALG... Oryctolag. L. T
Homo ...C.CC.0M e T TE Covvannnns CAGL s Homo .C.....T.
Lemur .. ACTTTGC ......C.GA G..... TG.. CA....... TOCT..civuen CA.G...G.T Lemur 1 - PO T..
1111111222 1112222122 2111111222 2221111222 2111111122 2111111222 111114141 111114111
111 2 221 2 1111 2 22 2 111 111 2 2 111111111 1141 11
J 301
Tachyglose GTCAATGAAC TCGGTGGCGA GGCCCTTAGC AGGCTGCTGG TCGTCTACCC CTGGACCCAG Tachygloes CCCGAGAATT TCAATCGOCT
Didelphis ..TG.CC.GA Didelphin iToe e oCr 0w  GATG.
Tarsius ..GG.A..TG Tarsius .T.T.
Rattus CCTG . TG Rattus WT. ..
Capra -7 T - Capra ST...
Oryctolag. . GGLA G Oryctolag. ST
Homo ..GG.....G Homo . JTann
Lemur . AG.GA..G . -...T.G.. Lemur TCL.. G0 LGl T. ..
2222222222 24111114141 1111113111 12311121311 12112113441 21411121144 1111111111 1112222111
2 2 1111 11 1111 1 111 111 113111 1111111 111111 1 111 111 1 11 11
1 180 asi
Tachygloas TGACCTGTCC AGCGCCGATG CTGTGATGGG AAACGCCAAG Tachyglose AAGGAATTCA CCCCCGAGGC
Didelphis TCTC.T.GC. . JIT.T. .. Didalphis ..T..T. .T..T..ATG
Tarsius .CTC.T.CC. ¢..T..T... Tarsiua . .GC...T
Rattus TCT...TC.. T...C.T... Rattus . - - TGT. .
Capra TCT..T.... c..T..T... Capra = .GT....... .-..6CT.CT
Oryctolag. - AC. .. c..TC.T... Oryctolag. ses JT..TC...T
Homo .CTC.T.... ¢...C.T... Homo .. A....... ... .ACCA.T
Lemur .G. TCTC.TTC.. .. G...C.T... Lenuxr .. T.C.... G...G.C..T
1111111121 2222111111 1111111111 2222222211 1111111122 2112211111 1221111111 1111222222
1111 11 22211111 i 11111 2 221 11 11122 1 2211111 1 11111 222222
181 240
Tachygloss GTCAAGCGCCC ATGGTGCCAA TCCTTCGGCG ATGCCCTGAA GAACCTCGAC Tachygloss ACAAGTACCA
Didelphis o TC . Aurvn wuvoa..To. . .A..AG.C.. .C.TT.G... Didelphis caannan
Tarsiue 2. -CRAA. G.. C.G.A..GC TC.T..G. .. Tarsius . N
Rattus s CAAG. . G AC..T.G... Rattus
Capra « o0 ~CARAG. . - -C.T. Capra
Oryctolag. v.. CAAG. . G. TC.. Oryctolag.
Homo -CAAG. . a. ...B....68C TC.. - Homo
Lamur - .. CAAG. . G....TA.T. .A.OT...C. TC....G... Lemur . R
1114441141 1111122211 1111222222 2111122211 1222221122 2222211111 1111111111 1111111111
111 1 111 11 1111 222 111 1 2 =22 111 111 111 1 111 1 11

CAAGCTGAGC
N ST

T..

TC.A...

2222111111
11111

GGGTAACGTG
cea@..TA.C
-..G..T..
--.C..TA. .

TR -

11 1

CCAGGCTGCC
T . T

T..

L TP

|
GAACTGCACT
G..C

i 1 1111

CTGGTCGTGG
A.T..GA.CT
. .GTGT.
A.T..GA.T.
-.G..T.
ceesa T T

..T.
1111122222
22

TGGCAGAAGC
JAT... G
.TC... -G
B o SUPR G
Y v S G

G

G

AT. ..
TT.

2111111111 1221111111

111

444
CTGA
Y
LA
R

1121
1 21

1

11111

All other regions: non-helical have markedly fewer high rates than low
=> Helical regions are under less constraint than the non-helical ones

IPMB
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300
GCACGTGGAC
A

GCGACAAGCT

tneresessl
1111111111
111111 1 111 111111

360
TCCTGGCCCG TCACTTCAGC
Qoo . TGA

G...T.T.A

- I N .
G..... TGA A.....TG..
2111122222 2111111111
11 222 21 11
420
TGGTGTCTGG TGTTTCGCCAC
cG.... A...G....T
B - . .GG.TACT
«+. A..GG..AGT
wars «ea-G.. AT
aen +..G0. AT
e +..GG.TA.T
- ...6GG..A.T

1111114111 1111111111
11111 111 1 1



An example: beta-hemoglobin DNA sequences
INn 8 mammalian species

Tachyglossus
— Didelphis
a Capra
Rattus
| Lemur
~1 — Homo

‘ Tarsius
Oryctolagus
FiG. 2.—The phylogeny estimated for the eight hemoglobin B

DNA sequences. The shorter branches are not statistically significant.
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