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Sequence Fawilies

* Functional biological sequences typically
come in families

* Sequences in a family have diverged
during evolution, but normally maintain
the same or a related function

* Thus, identifying that a sequence belongs
to a fawmily tells about its function

HMM Profile

* Consensus wmodeling of the family using
a probabilistic model

* Built from a given multiple alignwment
(assumed to be correct)
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Sequences from a Globin
Family

- ~-'JLSPAI)‘Kvl'lex;mvmn'ziArrH;-G‘:VGAPN,E!WFL?FP’:’PKTYFPHP A"g nwment of
v 7 globins

The 8 alpha
helices are
shown as A-H
=~ above the
Fae alignment

Ungapped Score
Matrices

* A natural probabilistic wmodel for a
conserved region would be to specify
independent probabilities efa) of
observing amino acid a in position i

* The probability of a new sequence x
according to this model is

L

P(z|M) = H ei(x;)

i=1

Log-odds Ratio

* We are interested in the ratio of the
probability to the probability of x under
the random model

L el
S = Zlog
=1

qz;

Position specific score matrix (PSSM)
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Adding Indels to Obtain
a Profile HMM

Insertion states

‘.‘H Match states

Profile HMMs generalize pairwise alignment

Periving Profile HMMs
from Multiple Alignments

* Egsentially, we want to build a model
representing the consensus sequence for
a tamily, rather than the sequence of
any particular member

* Non-probabilistic profiles and profile
HMMs

Non-probabilistic
Profiles

* Gribskov, Mclachlan, and Eisenberg 1987

* No underlying probabilistic wmodel, but rather
assigned position specific scores for each match
state and gap penalty

* The score for each consensus position is set to
the average of the standard substitution scores
from all the residues in the corresponding
wultiple sequence alignment column
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Non-probabilistic
Profiles

HBA_HUMAN
HBB_HUMAN
MYG_PHYCA ..
GLB3_CHITP .. |

GLB5_PETMA .. |V{S--
LGB2_LUPLU .. |

GLB1_GLYDI

The score for
residue ‘a’ i 35(v,a)+ }s(¥,a)+ }s(1,a)
column 1

s(a,b) : standard substitution matrix
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Non-probabilistic
Profiles

* They also set gap penalties for each
column using a heuristic equation that
decreases the cost of a gap according to
the length of the longest gap observed
in the wmultiple alignment spanning the
column
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Problem with the
Approach

* If we had an alignment with 100 sequences,
all with a cysteine (C), at some position, the
probability distribution for that column for
an ‘average” profile would be exactly the same
as would be derived from a single sequence

* Poesn’t correspond fo our expectation that the
likelihood of a cysteine should go up as we see
wore confirming examples

12
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Similar Problem with
Gaps

HBA_HUMAN .. .VGA--HAGEY...
HBB_HUMAN ...V----NVDEV...
MYG_PHYCA ...VEA--DVAGH. . .
GLB3_CHITP ...VKG------ D...
GLB5_PETMA ...VYS--TYETS...
LGB2_LUPLU ...FNA--NIPKH...
GLB1_GLYDI ...TAGADNGAGV...

********
Scores for a deletion in columns 2 and 4 would be set to the
same value

More reasonable to set the probability of a new gap opening to
be higher in column 4
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Basic Profile HMM

Parameterization

* A profile HMM defines a probability

distribution over the whole space of
sequences

* The aim of parameterization is to make
this distribution peak around members of
the family

* Parawmeters: probabilities and the length
of the model

14

Model Length

* A simple rule that works well in
practice is that columns that are more
than half gap characters should be
wodeled by inserts

15
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Probability Values

e = Art erx(a) = 7Ek(a)
T Y Awe - > Er(@)

k, ¢ : indices over states
ake, ex(a) - trangition and emission probabilities
Age, B (a) : transition and emission frequencies
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Problem with the
Approach

* Transitions and ewmissions that dont
appear in the training data set would
acquire zero probability (would never be
allowed)

* Solution: add pseudo-counts to the
observed frequencies

* Simples psevdo-count is Laplace’s rule: add
one to each frequency
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Example

HBA_HUMAN ...VGA--HAGEY. ..

HBB_HUMAN ...V--=--NVDEV...
MYG_PHYCA ...VEA--DVAGH. ..
GLB3_CHITP ...VKG------ D...
GLB5_PETMA ...VYS--TYETS...
LGB2_LUPLU ...FNA--NIPKH...
GLB1_GLYDI ...IAGADNGAGV...

********
ey (V) = 6/27, e, (1) = en, (F) = 2/27

ey, (@) = 1/27 for all residue types a other than V, I, F
ayymy = 7/10,ay,p, = 2/10 and @y, = 1/10

18
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Example: Full Profile HMM
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Searching with Profile
HMMs

* One of the main purposes of developing
profile HMMs is o use thew to detect
potential membership in a family

* We can either use Viterbi algorithm to
get the most probable alignment or the
torward algorithm to caleulate the full
probability of the sequence summed
over all possible paths
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Viterbi Algorithm

VMG = 1)+logay, ;s

em; (xi) 1 g
VM@ = log—— +max VLG — 1) +logay_yw;,
9x; V,-‘Zl(i —1)+logap,_m;

VMG —1)+logaw;y;,
. e, (x) 5
VjG) = log—— +max V(i —1)+logayy,
Ed VPG —1)+logap,y;
VM) +10gw,; 0,
VPG) = max{ VL ,G)+logay v
VP () +logap, ;-
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Forward Algorithm

eny(x) .
FMG) = log M"I +log[aw;_yw;exp (F},G — 1))
-

+ay_wyexp(FLyG = ) +ap,_,exp (F2,G = D)]:
e (xi)
4
+ay,y, exp(F} — D) +ayy, exp (FPG ~D)]:

PPy = 1og[aw, .o, exp (FA1)) + 0y o, oxp (F119)
+ap, 0, exp (F2, ()]

FlG) = log

logfan, exp (£ - D)
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Questions?
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