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APPLICATIONS OF HMM s
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OUTLINE

Debnitions and terms

Training approaches

Seqguence feature selection

[0 Secondary structure prediction

Probabllistic alignment using HMMs: PFAM, HMMER

Gene bnding Inext major topic"

0 Prokaryotic genes and generalized HMMSs

0 Eukaryotic genes
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D EFINITIONS AND REVIEW

A hidden Markov model #HMM$ is agenerative stochastic mode
which assigns the probabilities to Pnite length strings over alphatl
A. A fourdotuple #A,Q4&P:$ debPnes a hidden Markov mod#l :

0 A % the Pnite alphabet over which thabserved strings are debPned.
O Q % the Pnite collection of hidden states of the model.
0 Pe#d$ % the probability afmitting characteri if the hidden state isk

0 P #qloand % the probability afransition from hidden state k to hidden
statem In one step

OO0, 0.0, 0.0,
Y Y Y Y Y Y Y Y

H H H H T T T T
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ALGORITHMS

0 Forward or backward !sum peeling" . compute the probability of an
observed stringaja>.a given emission and transmission probabilitie
Runs in time O#|(An$, or O#|Q| n$ for sparse models.

0 Decoding !'Viterbl" : compute the sequence of hidden stategitp. g
that I1Is most likely to have given rise to an observed sequenge.. a
Runs in time O#|(An$, or O#|Q| n$ for sparse models.

0 Training : estimate transition and/or emission probabilities given

[0 a set oflabeled observed sequences #corresponding hidden states are knc
frequency counts, possibly corrected

1 only observed sequences:. Baum%Welch, or another non%linear optimiz
procedure
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TRAINING HMM S FROM
LABELED SEQUENCES

CGATATTCGATTCTACGCGCGTATACTAGCTTATCTGATC
01111111 2222222 111111 22221111111 2222111110

T RANSITIONS
to state
0 1 2 A j
from |0 |0(0%) |1 (100%) |0 (0%) & = | Qe
Staté | 1 |1 (4%) |21 (84%) |3 (12%) h=0 A’h
2 |00%) |3 (20%) |12 (80%)
symbol E
A C G T = 1,k
n || 6 7 5 7 € | I#I"lE
state (24%) | (28%) | (20%) | (28%) +  hoo —ioh
,| 3 3 2 7
(20%) | (20%) | (13%) | (47%)
EMISSIONS

EXAMPLE FROM : HTTP //WWW .GENEPREDICTION .ORG/BOOK/HMM %ART 1PPT
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PROTEIN STRUCTURE
PREDICTION

A simple model states that each residue in a folded protein can
assigned to one of three structural features:

Protein 1DZOA

01 An ! %helix #o&set 4 hydrogen bonds$
0 A "9%strand/sheet

0 Other #a loop, LS

Cheng and Baldi BMC Bioinformatics 2007 8:113
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EMISSION AND TRANSITION
FREQUENCIES

> 0.14-
o Loop
: - - - 9 0.124 -
0 Frequency distributions of amino%ac |§ ...
residues is di&erent between classes. E.g. |5 "1 I
be used to estimate emission probabilities. (4 o.0:- T —l—‘_ “_H
"5 0.02-
= — — § 0: ! i —T | { les)
0 To estimate transition probabilities, we ST TECHORSIN SN RN aRS Y
simply tabulate how frequently the |zou
transitions happen in a large referenc |3 ] 5
dataset with know structure. : ] - _
Table 1. HMM of organization of secondary structure § #
along sequences SN 55 15 1 S B R R R R
TO ARNlDCQEGHILKMI“PSTW‘YV
amino acid
§ 0.12
g Sheet
STATIONARY FREQUENCIES OF THE g
HIDDEN M ARKOV CHAIN 3
g ARNDCQEGHILKMFPSTWYV
amino acid

; o 0.3248 0.2124 0.4628

GOLDMAN , THORNE AND JONES JMB 1996
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Table 1. HMM of organization of secondary structure
along sequences
| RAINING CAVEATS ;
From % B L
o 0.9085 0.0005 0.0910
(13290) (8) (1331)
i3 0.0051 0.8813 0.1836
(50) (8008) (1812)
¥ 0.0619 0.0862 0.8519
(1341) (1867) (18450)
4 0.3248 0.2124 0.4628

Rare transition probabilities events are drcuit to estimate mom
counts data.

Some statek may not appear in any of the training sequences. Tl
means#k ! | = O for every statd and P!k, cannot be computec
from counts.

One can OpadO #reRecting our prior beliefs$ to observed count:

0 Ag) =#of k! | transitions + rg

/
0 Epk =# of emissions of k from b+ ry(b)
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STRUCTURE INFERENCE

Given atrained HMM H and a sequenc& we can:

[0 Run Viterbi decoding to assign a most%likely hidden pathlof" and L to a
given sequence and infer the most likely path.

0 Use a forward%backward algorithm to compute the posterior probabilit
that that a given positioni in the amino acid sequence is in an%helix," 9

sheet or a loop:

~ _ Pr{g ="1|SH} ~ _ Pr{g =[5 H}
Pt = P SH] T T Pr{SIH]

~ _ Pr{g = L|S,H}

P = T RS
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HTTP ://WWW .BIOMEDCENTRAL .COM/1472%68

o0 = - - - - k—y @ @ dljyoa protein
= go/n%sus

" J/AM V‘%”&Mq

Q

o |

true secondary structure

0O Qs % a standard measure
structural prediction accuracy
defined as the proportion of
residues assigned to correct class

0  Random assignment € 3= 33(

[0 State%of%the%art predictiQ~ 80(

120

S2

ALHEASGPSVILFGSDVTVPPASNAEQAK

hhhhh oooo 000 00000 hhhhh
(true)
ohhhooo00 00000 000 hhhhhh

(22/29 = 76% - useful)
hhhhh oooo hhhh ooo hhh ooooo hhhhh
(22/29 = 76% - terrible)

HTTP ://INOOK .CS.UCDAVIS .EDU/~KOEHL /CLASSESCSB/CSB |[ECTURE 11PPT
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HMM S ACTUALLY USEFUL FOR STRUCTURE

PREDICTION
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PROFILE HMM ALIGNMENT /
MATCHING

A distant cousin of functionally related sequences in a protein fam
may have weak pairwise similarities with each member of the fan
and thus falil signibPcance test.

However, they may have weak similarities with many members
the family.

The goal is to align a sequence to all members of the family at onc

Family of related proteins can be represented by their multip
alignment and the correspondingproble .
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PROFILE REPRESENTATION
OF SEQUENCE FAMILIES

Aligned DNA sequences can be represented by 4N probPle matrix
rel3ecting the frequencies of nucleotides in every aligned position.

Protein family can be represented by 20N proPle representing
frequencies of amino acids.

These can be used to estimatemission probabilities of an HMM

0.5

0

A C G T

E (—.3 0.000455373 0.000819672 9.10747e-05 0.998634
0.0512143 0.119885 0.000273224 0.828628
0.000335008 0.000167504 0 0.999497
8.37521e-05 8.37521e-05 0.999749 8.37521e-05
0.000167504 0.0274707 0.000167504 0.972194
0.957377 0.0021062 0.0332003 0.00731626
0.0100599 0.981792 0.00108081 0.00706684

HIV protease
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M ULTIPLE ALIGNMENTS AND
PROTEIN FAMILY CLASSIFICATION

Multiple alignment of a protein family shows variations Ii
conservation along the length of a protein

Example: after aligning many globin proteins, the biologis
recognized that the helical regions in globins are more consen
than others.

One way to visualize: entropy plots

InBuenza A hema"lutini!

Antigenic sites

A
«f "

100
) -
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W HAT ARE PROFILE HMM s

A Proble HMM Is a probabilistic representation of a multiple
alignment.

A given multiple alignment #of a protein family$ is used to builc
proble HMM.

This model then may be used to bnd and score less obvious poter
matches of new protein seguences.
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OO0 -
AX<OO>» N
<M< W

Fig. 2. A small profile HMM (right) representing a short multiple
alignment of five sequences (left) with three consensus columns.
The three columns are modeled by three match states (squares
labeled m1, m2 and m3), cach of which has 20 residue emission
probabilities, shown with black bars. Insert states (diamonds labeled N OTE THAT THE
10-13) also have 20 emission probabilitics each. Delete states (circles

labeled d1-d3) are “mute’ states that have no emission probabilities. H M '\/| TOPOLOGY IS

A begin and end state are included (b.e). State transition probabilities

are shown as arrows. SPARSE

Sean Eddy OProble hidden Markov modelsO Bioinformatics 1998:14#9% 755:63
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Delete

Insert

Match

\ 4

Start A3

A5

al a2 A3 - A4 A5

l

Figure 1.8: The HMM as a generative model. The HMM generates the sequence
al a2 A3 A4 - A5 by alternately emitting a symbol according to the current state’s
emission distribution and then transitioning to a new state based upon the transition
distribution. The “-” symbol corresponds to a non-emitting delete state in the model

and would be a gap in a multiple alignment.

End
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Grundy, WN. PhD Thesis UCSD 1998

HTTP ://NOBLE .GS.WASHINGTON .EDU/PAPERYTHESIS.PDF

SERGEI L KOSAKOVSKY POND !SPOND @UCSD.EDU" W AYNE DELPORT !WDELPORT @UCSD.EDU"



mailto:spond@ucsd.edu
mailto:spond@ucsd.edu
mailto:wdelport@ucsd.edu
mailto:wdelport@ucsd.edu
http://noble.gs.washington.edu/papers/thesis.pdf
http://noble.gs.washington.edu/papers/thesis.pdf

Alignment Proble HMM alignment
Globally optimal alignment Viterbi path
Alignment Score Log Pr{Viterbi path}

-- Log Pr{sequence|HMM}

POSITION SPECIFIC

Match score d(¢c) |092(piq /P)

Afbne gap score (x indels) @ = log, Pr{match ! insert} +
a+b(x-1) log, Pr{insert ! match}

b=log, Pr{insert! Insert}

AIMS, SPRING 2010 SERGEI L KOSAKOVSKY POND !SPOND @UCSD.EDU" W AYNE DELPORT !WDELPORT @UCSD.EDU"

Friday, March 12, 2010


mailto:spond@ucsd.edu
mailto:spond@ucsd.edu
mailto:wdelport@ucsd.edu
mailto:wdelport@ucsd.edu

HMM GAP SCORES

In traditional sequence alignment, gap penalties are largely arbitre
but not so in HMMs

PI’{ matchi | insert} + Pr{matchi | matchi+1} +
Pr{match; ! deletg =1

This creates a natural dependance between match and indel ste
that has no analogy In traditional sequence alignments

Insertion states can also contribute emission probabilities

Pr{ g |insert }
Setting those to background frequencies yields the tradition
assumption #gap % residue = constant score$

But HMMs can accomodate, e.g. the propensity for insertions |
outer loops of proteins that tend to be hydrophilic%residue rich.
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T RAINING A PROFILE HMM

0 Multiple alignment #s$ is used to construct the HMM model.

0 Assign each column to a Match state in HMM. Add Insertion and Deletior
states.

0 Estimate the emission probabilities according to amino acid counts in colurr
Di&erent positions in the protein will have di&erent emission probabilities.

0 Estimate the transition probabilities between Match, Deletion and Insertior
states

0 The HMM model can be further trained #e.g. Baum%Welch$ to derive
optimal parameters from the starting values.
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PFAM

1 Pfam describes protein domains

1 Each protein domain family in Pfam has:

1 Seed alignment: manually veriPed multiple alignment of a representative se
sequences.

1 HMM built from the seed alignment for further database searches.

0 Full alignment generated automatically from the HMM

1 The distinction between seed and full alignments facilitates Pfa
updates.

[0 Seed alignments are stable resources.

0 HMM probles and full alignments can be updated with newly foun
amino acid sequences.
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PFAM USES

Pfam HMMs span entire domains that include both well%conser\
motifs and less%conserved regions with insertions and deletions.

It results In modeling complete domains that facilitates bette
seguence annotation and leeds to a more sensitive detection.

Example: PF00516 #HIV%1 gp120$

0 24 sequences in the seed alignment. 75195 in the complete alignment

' !

YV J L
Y [ﬁ EJ% = i J SPNE@’Y '—.E [-J |

U2

PFO0516HIV%1cP120PROTEIN HMM LOGO
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E%ALUES FOR HMM

Much like in BLAST, one can obtain cut%o& values for HMM scor
and E%value analogs.

The Eddy conjecture #2008$ states that:

1 O... optimal gapped alignment scores #Viterbi scores$ follow Gur
distributions with a constant# #just as in the ungapped alignment case$
that the expected distribution of total log likelihood ratio scores #Forwar
scores$ asymptotes to an exponential tail with the same const&ox

1 #=log z, where z is the base of th%logarithm ulsed for log%odds #e.g. 2

PlVa t'~ 1{ exp{ e "'t ™M
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Histogram of ! fits for 9318 Pfam 22.0 models Typical examples and outliers

L1 1 1 | 11 11 | L1 1 1 | 11 | I_l L1 1 1 | 11 11 | L1 1 1 | 11 11 EF l
A ; A Caudal _act |
: expect | =log 2 =0.6931 310-2
_—
N ;10 ¥
Y, 1 =0.6840 | —
observed: X £107°
mean 0.6928 +/- 0.0114
£107°
0'5' 6':5'\7/';/'5R§: o DUF851 | ; Sulfakinin ;
HHEaE: == (low outlier) | - (high outlier) (107 =
low outlier: \\ high outlier: N . - ] 104 S
DUF851 Sulfakinin YeN\! =0.5839 | ] 0.6931 =
0.5828 0.8368 ' 4 (10°°
N )’
T T 1 | | | | | | T T 1 | | | I I- | T T 1 | | | | | | I I;.I. I. | | | | | 0.6931 R E — ;10_8
050 055 060 065 070 075 0.80 0.85 0.90 -10 0 10 20 30 -10 0 10 20 30
A Viterbi score threshold t (in bits)
Figure 2. Viterbi scores follow Gumbel distributions with constant /. (A) A histogram showing the distribution ofP estimates determined by

maximum likelihood Gumbel fits to multihit local Viterbi scores afi= 10° i.i.d random sequences of lengtt.= 400, for 9318 profile HMMs built from
Pfam 22.0 seed alignments. The sharp black peak is from prototype HMMERS3, with mean 0.6928 and standard deviation 0.0114, and extreme outlie
indicated by arrows. The broader grey histogram is from old HMMERZ2, for comparison. The conjecturelbg 2 is shown as a vertical dotted red line.
(B,C) log survival plotsH{V. t) on a log scale, versus score threshalfishowing observed versus expected distributions for multihit local Viterbi scores
for two typical Pfam models, RRM_1 and Caudal_act, for 10° i.i.d. random sequences of length.=400. On a log survival plot, the high-scoring tail

of a Gumbel distribution is a straight line with slope? | . Black circles show the observed data. The black lines show maximum likelihood fitted
Gumbel distributions, withP estimates as indicated. The red lines show the conjecturéd=log 2 Gumbel distributions, withmfitted by maximum
likelihood. (D,E) log survival plots for the extreme outliers DUF851 and Sulfakinin, as described in the text.
doi:10.1371/journal.pcbi.1000069.g002

A Probabilistic Model of Local Sequence Alignment That
Simplifies Statistical Significance Estimation

Sean R. Eddy*

Howard Hughes Medical Institute, Janelia Farm Research Campus, Ashburn, Virginia, United States of America
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A RELATED APPLICATION

E.g. motif%pPnding

Xo X1 X2

Xo X1 X2

Star 1-Xo> 1.0> 1.0> 1-X1> 1.0> 1.0> 1.0> 1-X2> End

Motif 1 Motif 2
Figure 11.2: A small, linear motif-based HMM. Only the darker nodes and
transitions are used in the model; the gray background nodes would appear in a
standard HMM but are unreachable in this HMM. Note that this is a simplified
example; real motifs generated by MEME are longer.

Grundy, WN. PhD Thesis UCSD 1998 HTTP ://NOBLE .GS.WASHINGTON .EDU/PAPERSTHESIS.PDF
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DIFFERENT TYPES OF ALIGNMENT

Query

Seguence

Proble

Seguence

Proble

AIMS, SPRING 2010

Database Program
Seguence BLAST, FASTA...
Seguence PSI-BLAST...

Proble PSSM, PFAM, HMME
Proble PROF_SIM,

COMPASS, HHsearc
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HMM p

Pairstate MM MM MI MM MM DG MM
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MI DG
Allowed v‘
pair state
transitions MM
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