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Index of ftp://ftp.ncbi.nlm.nih.gov/genomes/Bacteria
/Escherichia_coli_K_12_substr_ MG1655_uid57779/

[lonck reHOB

Up to higher level directory

Name

NC_000913.GeneMark-2.5m
NC_000913.CeneMarkHMM-2.6r
NC_000913.Glimmer3
NC_000913.Prodigal-2.50
NC_000913.asn
NC_000913.faa
NC_000913.ffn
NC_000913.fna
NC_000913.frn
NC_000913.gbk
NC_000913.gff
NC_000913.ptt
NC_000913.rnt
NC_000913.rpt
NC_000913.val

Size
1052 KB
263 KB
175 KB
930 KB
19596 KB
1778 KB
4498 KB
4596 KB
60 KB
18078 KB
2265 KB
387 KB
10 KB
1 KB
8013 KB

Last Modified

3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13
3/5/13

5:10:00 AM
5:10:00 AM
5:09:00 AM
5:11:00 AM
2:02:00 AM
2:02:00 AM
2:02:00 AM
2:02:00 AM
2:02:00 AM
2:02:00 AM
2:02:00 AM
2:02:00 AM
2:02:00 AM
2:02:00 AM
2:02:00 AM



Gene Structure
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What is it about genes that we
can measure (and model)?

* Most of our knowledge is biased towards

protein-coding characteristics

— ORF (Open Reading Frame): a sequence defined by in-frame
AUG and stop codon, which in turn defines a putative amino
acid sequence.

— Codon Usage: most frequently measured by CAl (Codon
Adaptation Index)

 Other phenomena
— Nucleotide frequencies and correlations:
* value and structure
— Functional sites:
* splice sites, promoters, UTRs, polyadenylation sites



CTaTUCTUKa KogMpyroLLEN
nocfienoBaTeNbHOCTU

« HepaBHOe 1cnonb3oBaHMe KOAOHOB B KOOMPYHOLLMUX
obnacTtax — yHMBepcanbHas XxapakTepucTuka
reHOMOB.

— HepaBHoe ncnonb3oBaHne aMMHOKUCTIOT B
CYLLIeCTBYHOLLMX Derikax

— HepaBHoe ncnonb3oBaHMe CUHOHUMUYHbBIX KOAOHOB
(KOoppenupyeT ¢ N30bITKOM COOTBETCTBYHOLLMX tRNAS)

o DTN XapakTEPUCTUKN MOTYT ObITb UCMOMNbL30BaHbI A5
pasgerneHns Mexay KoampyroLwumMmn n
HekoaupyrLwmmm obnactamm reHoma.

« CTatuctuka kognpoBaHus — PyHKLUUS, KOTopagqa ans
paHHon NHK nocnenoBaTenbHOCTU BblYUCAET
npasgonogodune (YCnoBHYy BEPOATHOCTL) TOrO, YTO
gocne,u,oaaTeanoc:Tb ABNAeTCA KogupytoLwien ang

erka



An Example of Coding Statistics

The Human Codon Usage Table

iGly 0G0 (17.08 (023 [Arg [AGD (1209 (022 (T TGG (1474 (1.00 (Ara (COG {1040 0.19

iGly (0GA (1931 (026 [Arg (AGA (1173 (021 (End (T0A | 264 (061 (Ara (COA | 563 (0.1

iGly (OGT (1366 (048 {Ser (AGT (1048 (044 iCys (TGT  9.99 (042 (Ara (COT { 516 (0.9

iGly (OGC (2494 (033 {Ser (AGC (1354 (025 iCys (TGC (1386 (0.55 (Ara (COC {1052 (0.19

‘Ol (GAG 3832 (059 ilys (AAG (3379 (060 (End iTAG i 073 i047 iGIn icAG {3295 (073

POl iGAA P27.51 (041 ilps (AAA 2232 1040 (End iTAA i 095 i022 iGN icAA (1194 (027

PASD [GAT 2145 (044 AsSn PAAT 1643 (044 iTw ITAT (1180 (042 (His iCAT | 9.56 041

PASD IGAC (27.06 0,56 (Asn [AAC (2130 (056 (Tw ITAC (1648 [0.58 (His iCAC {1400 [0.59

fval IGTO (2560 (045 Met (ATG (2186 (100 {lew (TIG (1143 (042 ilew ICTO 3993 {043

el IGTA © 609 (040 ille (ATA | 605 (044 ilew iTTA | 555 (006 ilew iCTA : 642 {007

el IGTT 1030 (047 ille (AT (1503 (035 iPhe ITIT (1536 (043 ilew ICTT (1124 {042

fval IGTC 1501 (025 ille (ATC (2247 (052 iPhe (TIC (2072 (0.57 ilew iCIC {1944 (020

fala i0GCG | 7.27 1040 iThr (ACG | 630 1042 (Ser ITCG i 4.38 (0.06 iPro iCCO i 7.02 0.1

fala iGCA (1550 1022 iThr (ACA (1504 (027 (Ser iTCA (1096 0.5 (Pro iCCA {17.11 027

Pala iGCT 12023 1028 iThr (ACT (1324 (023 (Ser iTCT i1351 {048 (Pro iCCT {1803 029

fala iGCC (2843 (040 iThr iACC (2152 (038 (Ser iTCC (1737 023 (Pro iCCC (2051 (033




Codon Adaptation Index (CAl)

CAJ = H fcodonl-

i=codons ]F(wdonl. )

max _|

the geometric mean of the weight associated to each
codon over the length of the gene sequence (measured
in codons).

*This is not perfect
— Genes sometimes have unusual codons for a reason
— The predictive power is dependent on length of sequence



CAl Example: Counts per 1000 codons



GT, AG

Donor Site

Splice signals (mice)

wetboagobehete ¢ oxio

Acceplor Site

wethogobekets p owlu



HMMs and Prokaryotics Gene Structure

* Nucleotides {A,C,G,T} are the observables
» Different states generate nucleotides at different frequencies

A simple HMM for unspliced genes:

Q '

X_—>poxxxxxxx ATG ccc oo cCC TAA XXXXXXXX
inter- region around coding region around
A genic start codon region stop codon

* The SeqUEriLe Ul dtates 1> all alniuiativil Ul LiE BEHIEdleu DL il — cacll nucleotide is

generated in , start/stop, state

 This HMM has 4 states: x- non-coding, c- coding, start and stop



Parse

g =
ACTGACTACTACGACTACGATCTACTACGGGCGCGACCTATGCG
P =
ITTTTTITTITITIIIIIITITITITITITITITITIITITIIIIIIIITIITITIIGGGGG

TATGTTTTGAACTGACTATGCGATCTACGACTCGACTAGCTAC
* For a giverEseqaenice, Id palrselis Ian assigrimeant of gere
structure to that sequence.

* |n a parse, every base is labeled, corresponding to the content
it (is predicted to) belongs to.

* In our simple model, the parse contains only “1” (intergenic)
and “G” (gene).

A more complete model would contain, e.g., “-” for intergenic,
“E” for exon and “1” for intron.

Base Position | 7775000 | 7780000 | 7785000 | 7790000 |
IFEefSeq Genes

RefSeq Genes [ N H— T
(Genscan Gene Predictions

NT_010718.226 f-—---- +--4-------- H1-H--8H- NT_010718.227 j==H=-=-




The HMM Matrixes: ® and H

0 0 0 O
05 0998 0.002 0
05 0001 0996 O
|0 0001 0002 0O

'0.28 0.32°
0.22 0.18
0.25 0.18
0.25 0.32.

x, (i) = probability of being in state m at position i
H(m,y.) = probability of emitting charactery. in state m;
@, = probability of transition from state k to m.



A eukaryotic gene

Base Position | 7775000 | 7780000 | 7785000 | 7790000 |
RefSeq Genes
RefSeq Genes —— I 1
Genscan Gene Predictions
NT_010718.226 J------- - H-1-H--BH--1 NT_010718.227 f==H=--

* This is the human p53 tumor suppressor gene
on chromosome 17.

* Genscan is one of the most popular gene
prediction algorithmes.



A eukaryotic gene

Base Position 7790000 |

RefSeq Genes

NT_010718.226 NT_010718.227 ===~

This particular gene lies on the reverse strand.



An Intron

revcomp(CT)=AG
GT: signals start of intron

G:signals end of intron

Base Posion. 7777440 | 7740 | 77750 | o | s | 7777530 | 777540 | sl | 7r5a0 | 777670 |
>GCTGGTGTTGTTGGGCAGTGCTAGGAAAGAGGCAAGGAAAGGTGATAAAAGTGAAnCTGAGGCATAACTGCACCCTTGGTCTCCTCCACCGCTTC|TGTCCTGCT CTTACCTC

RefSeq Genes
TPE@_:") YRR N RNV RN N NN VNN R R YY)
o R R

revcomp(AC)=GT

(Genscan Gene Predictions

Donor Site

Acceptor Site

81
¥
———k S | ITxExvee T
OahﬁﬂQﬁNFOOQF““‘I”NFOG?F“”Q’”NFOFN”
ARATE LD D ELER A S kS R R A
bbbt ek



Signals vs contents

* In gene finding, a small pattern within the genomic
DNA is referred to as a signal, whereas a region of
genomic DNA is a content.

* Examples of signals: splice sites, starts and ends of
transcription or translation, branch points,
transcription factor binding sites

 Examples of contents: exons, introns, UTRs,
promoter regions



Prior knowledge

* We want to build a probabilistic model of a gene
that incorporates our prior knowledge.

e E.g., the translated region must have a length
that is a multiple of 3.



Prior knowledge

The translated region must have a length that is a
multiple of 3.

Some codons are more common than others.
Exons are usually shorter than introns.

The translated region begins with a start signal and
ends with a stop codon.

5’ splice sites (exon to intron) are usually GT;
3’ splice sites (intron to exon) are usually AG.

The distribution of nucleotides and dinucleotides is
usually different in introns and exons.



Lienn MapkoBa BbLICOKOTIO
nopsaagka

 k'"-order Markov model bases the probability of an event
on the preceding k events.

- Example: With a 3™-order model the probability of this

sequence: Target
E_q_mtext /
[] CTAGATI]
would be:
[] P(G|CTA)-P(A|TAG)-P(T | AGA)[]
/ Context

Target



Lienn MapkoBa BbLICOKOTIO
nopsaagka

* Advantages:

— Easy to train. Count frequencies of (k+1)-mers in
training data.

— Easy to compute probability of sequence.

» Disadvantages:

— Many (k+1)-mers may be undersampled in training
data.

— Models data as fixed-length chunks.

Fixed-Length
Context

..ACGTAGTTCAGITA...




Journal of Molecular Biology ~Genscan Example

Volume 268, Issue 1, 25 April 1997, Pages 78-94

Prediction of complete gene structures in human genomic DNA

Chris Burgea & , Samuel Karlina
a Department of Mathematics Stanford University, Stanford CA, 94305, USA

http://dx.doi.org/10.1006/jmbi.1997.0951, How to Cite or Link Using DOI

e Uses explicit state duration HMM to model
gene structure (different length distributions

for exons)

* Different model parameters for regions with
different GC content

21



E- exons

I- introns

single exon

5 UTRs

3’ UTRs

P- promoter
region polyA site
N- intergenic
region

P
L4

*°

backward strand

&

forward strand
0/

22



© 1998 Oxford University Press Nucleic Acids Research, 1998, Vol. 26, No.4  1107-1115

GeneMark.hmm: new solutions for gene finding
Alexander V. Lukashin and Mark Borodovsky!*

School of Biology and 1Schools of Biology and Mathematics, Georgia Institute of Technology, Atlanta,
GA 30332-0230, USA

Received August 14, 1997, Revised and Accepted December 30, 1997

GeneMark.hmm http://nar.oxfordjournals.org/content/26/4/1107

A

Direct strand codmg state:
Typical gene of length i nt
Direct stop
codon
Direct strand codmg state:
Atypncal gene of length j nt
Reverse strand coding state:
Typical gene of length k nt
Reverse strand coding state!
Atypical gene of length m n

Figure 1. Hidden Markov model of a prokaryotic nucleotide sequence used in the
GeneMark hmm algorithm. The hidden states of the model are represented as ovals
in the figure, and arrows correspond to allowed transitions between the states.

Direct start
codon

Non-coding state
of length n nt

Reverse stop
codon

Reverse start
codon

A




GeneMark

Borodovsky & Mclninch, Comp. Chem 17,
1993.

Uses 5"-order Markov model.

Model is 3-periodic, i.e., a separate model for
each nucleotide position in the codon.

DNA region gets 7 scores: 6 reading frames &
non-coding—high score wins.

Lukashin & Borodovsky, Nucl. Acids Res. 26,
1998 is the HMM version.




Interpolated Markov Models (IMM)

* |ntroduced in Glimmer 1.0
Salzberg, Delcher, Kasif & White, NAR 26, 1998.

* Probability of the target position depends on a
number of previous positions
(sometimes 2 bases, sometimes 3, 4, etc.)

 How many is determined by the specific context.

« E.g., for context ggtta the next position might
depend on previous 3 bases tta.

But for context catta all 5 bases might be used.



Real IMMs

* Model has additional probabilities, A, that
determine which parts of the context to use.

* E.g., the probability of g occurring after context
atca Is:

A(atca)P(g | atca)
+(1— A(atca))[A(tca)P(g| tca)
+(1—A(tca))[A(ca)P(g| ca)
+(1-4(ca))[A(a)P(g] a)
+(1-4(a))P(9)ll]



Real IMMs

 Result is a linear combination of different
Markov orders:

b,P(g|atca)+ b,P(g|tca)+ b,P(g|ca)
+b,P(g|a)+b,P(9)
where
b,+b,+b,+b,+b, =1
« Can view this as the results of
different-order models.

* The probability of a sequence is still the
probability of the bases in the sequence.



IMMSs vs Fixed-Order Models

« Performance

— IMM generally should do at least as well as a
fixed-order model.

— Some risk of overtraining.

MM result can be stored and used like a
fixed-order model.

 IMM will be somewhat slower to train and will
use more memory.

Variable-Length
Context

..ACGTAGTTCAGITA...




GLIMMER-HMM

Exon2+

Init Exon+ Term Exon+

—-[ Exon Sngl+ ]—

—————— Intergenic gy R

Exon Sngl-

Init Exon-

N-order interpolated Markov models (IMM) (N=8)



General Things to Remember about (Protein-coding)
Gene Prediction Software

* Itis, in general, organism-specific

* It works best on genes that are reasonably similar to
something seen previously

* |t finds protein coding regions far better than
non-coding regions

* In the absence of external (direct) information,
alternative forms will not be identified

 Itisimperfect! (It’s biology, after all...)



[TpounbHbie HMM
Profile HMM

° EepeM MHOXECTBEHHOE BblpaBHUBAHUE U
Aeriaem U3 Hero CTatnCtn4eckyro Mmoaersib.
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Profile HMMs

Mooenupyet ceMencTBo NocnenoBaTenbHOCTEN

Bbluncnaerca n3 MHOXXeCTBEHHOIo BbipaBHMBAHUA
cemMeuncTtaa

BeposaTHOCTKU nepexogoB COCTOAHUN U UCNYCKaHUS
OAHHbIX 3aBUCAT OT NO3ULNUN BbipaBHMBAHNSA
(position-specific)

Hapno yctaHoBUTL NapaMeTpbl MO4ENU TaKUMWN,
4YTOObI NONHAA BEPOATHOCTb AOCTUrana Mmakcmmyma
Ons YrieHoB CEMEUCTBA.

[TocnepoBaTeNbHOCTM MOTYT ObITb NPOTECTUPOBAHDI
Ha NpUHaaneXHoCTb CEMEUCTBY, UCNOSNb3YyA
anropntm Butepbu ans oueHkn coBnageHusi ¢
npodgunem



CTponM Moerb: COCTOSIHUS
cosnageHusa (Match States)

e EcCnn Ham HYXHO BbINONHUTL BblpaBHMUBAHUE BE3 NMPOMnycKoB, TO
Mbl MOXXEM UCMOSib30BaTb NPOCTYH0, HepasseTeneHHyto HMM, roe
N3 Ka)XO0ro COCTOSHMUA coBnageHns MoXHO nepenTn B Apyroe
COCTOSIHUA coBnageHus

* ﬂ,]’lﬂ KaXoro COCToAHUA cyecTtByeT BEPOATHOCTb UCIMYCKaHNA
dMNHOKNCI10Tbl, KOTOPbIE 3aBUCAT OT COCTOAHUA COBMNaaeHnA

Mo cywecTtBy ato PSSM (Position Specific Scoring Matrix): Bec kaxxaon
KONOHKN PSSM moxeT 6bITb oTMacwtabuposaH ot 0 oo 1 B
COOTBETCTBUM C BEPOATHOCTSIMU NUCMYCKaHUA.

Bce BEPOATHOCTU NepexonoB Ha3HA4YakTCA 1: cywecCTBYET TOJIbKO
OoauH BI:>I60p — ABUratbCs B crnegyrulee CoOCTodHNA coBnaaeHuA.

begin — M1 — M2 F— M3 — M4 —| end




CoCTOAHUA BCTABKU
Insertion States

Bo MHOXeCTBEHHOM BbipaBHUBAHWUM YaCTO BCTPEYAIOTCS KOMNOHKWU, SIBNAOLLNECS
nponyckamu B OOMbLUMHCTBE NOCNEeAoBaTENbHOCTAX, HO coaepXKallne aMUHOKUCIOThI B
HEKOTOPBbIX.

— TaKkue KONMOoHKMU Jiyyuie 0003Ha4YaTb Kak COCTOSHUNSA BCTABKMU.
Mo mepe npoaBMKeHUS MO MOAENN N TEHEePUPOBaHUS MCKOMOW NMocreaoBaTenbHOCTH,
COCTOSIHUS1 BCTaBKW reHepupytoT 3KCTPa aMUHOKNCIOTbI, HAXOASLWMECS B 3TUX KONMOHKaX.
CocTosiHMS BCTaBKku 00nagatoT BEPOATHOCTAMM UCNYCKaHUSA, KOTOpble 0ObIYHO TaKue e,
Kak 1 obLas NponopLns KaXKaom aMMHOKUCIIOThI B ©0a3e AaHHbIX.
CocTosiHUSA BCTaBKM 3aMblKaloTCA Ha cebs, YTO 0O3HAYaeT, YTO MHOXKECTBO NO3ULIUIA
MOXET ObITb MCMYLEHO B 3TOM COCTOSIHUMN.

B cocTosiHMe BCTaBKM MOXHO BOUTU N3 OHOrO0 COCTOSIHUSI COBMageHNs, HO BbIXO
nponcxoanT yxe B crieayrollee:. BCTaBKa NnponcxoanT Mexay coceaHnMU

dAMWHOKUCIOTaMN.

begin — M1 M2 — M3 (— M4 — end




CocTosaHune aenuunm
Deletion States

|E',eJ'II/ILI,I/IFlMI/I BO MHOXECTBEHHOM BblpaBHUBAHNWN HA3bIBAOT NO3NLIUN, B KOTOPbIX
OoNbLUMHCTBO NocnegoBaTenbHOCTEN MMEKT aMUHOKUCIOThI, U TONbKO
HebonbLLIOE KONMNYeCcTBO — NPOMYCKMW.

CoCTOsIHMSA OenMUMN UCMONb3YOTCA ANst TOro, YTOObl NEPECKOUYNTL MEXAY
COCTOSAHUAMM.

— [lonyckaeTcsi Nponyck COCTOsIHMI COBMNaAEHUs1, NEPEXOAsSt U3 OQHOMO COCTOSIHUSA
aenvumn B apyroe.

— CocTosiHNS Aenvummn AencTBYOT Kak adpHHbIE WTpadbl: BEPOSTHOCTM Nepexoda u3
COCTOSIHMS COBNageHNs B COCTOSAHNS AENULUMM PAaBHO3HAYHO LITpady 3a OTKPbITUE

pa3pbiBa, U Nepexoa N3 OAHOro COCTOSIHUS AeNNUUK B Apyroe paBHO3HaYHO LuTpady
3a NPOOOIKEHNs pa3pbiBa.

B NPOTNUBONOJIOXKHOCTb COCTOAHUAM coBMageHnA n COCTOAHUAM BCTABKW,
COCTOAHUA aennunnm Asndr0TCcA MmoJiHawmnmMmm, OHN HNYero He UCNycCKakoT.

Gy

M2 — M3

begin M1

end

\ 4

M4

\ 4
\ 4
\ 4




Profile HMMs

A. Sequence alignment Cywecmsyem makxe

e Y Kk @ rnepexod u3 cocmosiHuU

N e i ko8 8CMaeKu 8 cocmosHue

N EE KX denuyuu, Ho makue

S oW = X nepexoobl cHUMAaKmcs
RED POSITION REPRESENTS ALIGNMENT IN COLUMN ManoseposAmHbIMU, U ux
GREEN POSITION REPRESENTS INSERT IN COLUMN cywecmeogaHue rnomozaem
PURPLE POSITION REPRESENTS DELETE IN COLUMN fpuU nocmpoeHuu Modenu

B. Hidden Markov model for sequence alignment

443
M1 M2 M3 B

. match state ’insert stata . deleta state —= ftransition probability

D4

BEG M4



Profile HMMs: Example

An alignment of proteins from the HMM:

DI—>|D2— D3
. B G - K -
N\ R R N
PD - - K L 0 I 0 3
_EG 1 W - 8 g g g

The states giving this alignment:




Pfam

* “A comprehensive collection of protein domains and
families, with a range of well-established uses
including genome annotation.”

e Each family is represented by two multiple sequence

alignments and two profile-Hidden Markov Models
(profile-HMMs).

e A.Bateman et al. Nucleic Acids Research (2004)
Database Issue 32:D138-D141




END




A Profile HMM Example

This is a section of a repeated
sequence in Bacillus
megaterium.

15 nocnepoBaTenbHOCTEN, U
BblpaBHMBAHWE UMEET OSINHY
16 ocHOBaHUN.

CHayvana napameTpusyem
MoAernb, TO €CTb OLLEHMBAEM
BEPOSATHOCTM NEPEXOLOB U
NCNYCKaHUSI.

[locne atoro moAgesnb MOXeET
NCNONb30BaTbCA A OLEHKN
pa3HbIX
nocrneanoBaTeNbHOCTEMN.

GG-GGAAAAACGTATT
TG-GGACAAAAGTATT
TG-GAACAAAAGTATG
TACGGACAAAATTATT
T--GAAGAAAAGTATG
TA-GAACAAAAGTAGG
TG-GAACAAACGCATT
CGGGACAAA-AGTATT
TGGGGTAAA-AGTATT
TGAGACAAA-AGTAGT
TGAGACAAA-AGTATA
TGGGACAAAGAGTATT
TG-AAACAAAGATATT
CG-GAACAAAAGTATT
TA-GGACAAAAGTGTT



Co3gaHne moaenu

* YT0 Ha3bIBaTb BCTaBKaMu, YTO AENULNAMIN?
— >50% nponyckoB -> BCTaBKa
— <50% nponyckos -> genuuusa
* 9 nocnenoBaTtenibHOCTEN MMEIOT pas3pbIB B
TPETbLEWN KONMOHKEe U ogHa
nocrnenoBaTenbHOCTb MMEET paspbiB B
KONMOHKe 2.
— [lo onpeneneHHOMY nNpaBuny KOMoHKa 3
AOIMKHa ObITb BCTAaBKOMN, @ KOJTOHKA 2 —
aenuumen, Ho 3TO O3HaYaeT, YTo y Hac byaert

nepexon cpasy oT Aenuunm Ko BCTaBke, a
aToro crnegyet mnsberarb.

— [ycTb KonoHka 2 1 3 ByayT Aenuunamum.

* Y yeTblpex NnocneagoBaTefibHOCTEN Pa3pbIBbI
B KoroHke 10. 3To gomkHa ObITb Aenuuus,
HO Mbl cAeNnaem 3TO BCTaBKOW, YTOO®bI
NMETb XOTS Obl OHY BCTaBKY.

GG-GGAAAAACGTATT
TG-GGACAAAAGTATT
TG-GAACAAAAGTATG
TACGGACAAAATTATT
T--GAAGAAAAGTATG
TA-GAACAAAAGTAGG
TG-GAACAAACGCATT
CGGGACAAA-AGTATT
TGGGGTAAA-AGTATT
TGAGACAAA-AGTAGT
TGAGACAAA-AGTATA
TGGGACAAAGAGTATT
TG-AAACAAAGATATT
CG-GAACAAAAGTATT
TA-GGACAAAAGTGTT



 KonoHka 10 — cocTtosaHMe BCTaBKU — OCHOBaHUSA
Opyrux nocriegoBaTernbHOCTEN UCMYyCKAlOTCA U3

More Set Up

* KOnoHku 2 1 3- COCTOSAHUA AeNULUUN, HO B OPYrnx
nocnenoBaTefibHOCTAX — COCTOAHUA COBMaaeHus.

COCTOAHUA BCTaABKKU, MO3TOMY AONA 9TON KOJTOHKU HET

COCTOSAHUSA cOoBNaaeHus.
 OkoH4aTenbHas moaesnb nmeet 15 cocTosAHUN

coBnageHun c cooTBeTCTBYROLLNMIN COCTOAHNAMUN

BCTABOK U AeNULINN.

— DBOSbLUMHCTBO COCTOSAHUIM BCTABOK U AENULNIA HE NCMNOSb3YIOTCA B HaLLEeN
nocrnegoBaTenibHOCTN, MO3TOMY Y HUX ByAyT HU3KME BEPOATHOCTU. Ho, Tem
He MeHee, OHW OO KHbI ObiTb BKIHOYEHbl B MOAENb.

column

10

11

12

13

14

15

16

state

M1

M2

D1

M3

D2

M4

M5

M6

M7

M8

M9

I9

M10

MI11

M2

M13

M14

M15




[lapameTpusayms

Kakne napameTpbl HAM HY>XHbI?
OMUCCUOHHBIE:
— B kaxgom coctosiHue Hago 3agaTb BEPOATHOCTM SMUCCUM ONA BCeX 4 OCHOBaHWUM

— COCTOFlHI/I@ BCTaABKUN TaKXe HyXOa€TCA B BEPOATHOCTAX SMUCCUN OJ1A BCEX 4
OCHOBaHWMN.

» OObI4HO BepyTCcsa GOHOBbLIE BEPOSATHOCTM N3 BCEro reHoMa unm 6asbl JaHHbIX
[MepexogHsble:

— [N KONOHOK 2 1 3 HaM Hy>XXHbl BEPOSTHOCTMU nepexo%a coBnageHus -> genuuma
match -> delete (M->D), n gennuusa -> genvuusa (D->D).

— HOns KOJ'I)OHKI/I 10, Ham HyXHa BepodaATHOCTb M->I, n |->| (gna koTopon y Hac HeT
OaHHbIX).

— Ham Takke HyxHbl 06wme BeposaTHocTn M->M, M->D, and M->I gna gpyrmnx
KOIMOHOK

— ,El,pyrme BEPOATHOCTHU 6y,D,yT BbIHUNCJ1EHbLI N3 YCI10BUA, YTO BCE BEPOATHOCTU
nepexoanos M3 aHHOINo COCTOAHUNA OOJTXHbl CYMMMNUPOBAaTbCA B 1.

e

begin — M1 > M2 > > nd

poat0aCd




OMUCCUOHHBLIE BEPOATHOCTMU

* POHOBLIN YPOBEHL (BEPOSATHOCTM OCHOBaHWUM, ecrn Obl
OHW ObINKU BbIOPaHbI criy4YanHbIM 0Dpa3om)
— Wcnonb3yTcsa ans COCTOAHUA BCTaBKM.
— MoXXHO B34Tb YacToThl U3 Lernoro reHoma B. Megaterium.
GC=38%.
« G=C=0.19nA=T=0.31.
« Cneundonyeckne aMMUCCNOHHbIE BEPOATHOCTU AONS
Ka)Qoro COCToAHUSA coBnageHusd

— [lNocuuTtaTb YacToThl KaXxaoro ocHoBaHus! (6e3 npobernos) B
KaXkOoW KOMNOHKWU

— Ho ewe HY>XHbl NMCEBOAOYHACTOTHI.



OMUCCUOHHbIE NceBao4YacTOThbl

The simplest way to do pseudocounts is the Laplace method: adding 1 to the
numerator and 4 (i.e. total types of base) to the denominator:

— Freq(C in column 1) = (count of C’s + 1) / (total number of bases + 4)

— =(2+1)/(15+4)=0.158

— As compared to actual frequency = 2/15 = 0.133

— There are no A’'s in column 1, so the probability of A from column 1 = 1/19 = 0.052
Qsomewhat more sophisticated method is to use overall base frequencies for each

ase.

— Freq(C in column 1) = (count of C’s + 0.19) / (total number of bases + 1) =2.19/16 = 0.137

— Freq(Ain column 1) = 0.31/16 = 0.019
The base frequency method could be altered by multiplying the pseudocounts by
some constant, as an estimate of our uncertainty of how likely we are to find a
sequence with an A first.

— For example, to be more equivalent to the Laplace method, multiply by 4:

—  Freq(C in column 1) = (count of C’'s + (4 * 0.19) ) / (total number of bases + 4) =2.76/19 =
0.145

— Freq(Ain column 1) = (4 * 0.31)/19 = 0.065
— Note how different the probabilities are for A.

We will just say that how to apply pseudocounts is an area of heuristics and active
research.

We will use the overall base frequency method.



YHacToTbl Nepexonos

Bcero 225 nepexoaos, 1 Tonbko 9 M->D.
P(M->D) = 9/225 = 0.040.

— [HOna D->D, ectb 1 cnyyan u3 9 genuunn, korga
nocnefoBaTenbHOCTL NPOAnOXaeT ObiTh gennunen,
noatomy P( D->D)=1/9 = 0.111, Toraa

P(D->M) = 1 - (D->D) =0.888

Bcero 11 M->1 nepexogos. (konoHka 10).

— HeT criydaes I->1, TO3TOMy Mbl MPON3BOSILHO
pellaem cagenartb 3Ty BePOATHOCTb, pasHon D->D
(0.111), NOCKONbKY Mbl MPON30BIIbHbIM 06pa3om
peLmnnun, Kakme KOroHKMN TpakToBaTb Kak BCTaBKK, a
Kakue Kak genvumu.

— P(I->M)=0.888

Torga doHoBble nepexoabl P(M->M)= 1 — (P(M->])
+ P(M->D)) =1 - (0.040 + 0.044) = 0.916.

Ham Takke HYy>XHbl HU3KMEe BEpPOATHOCTU OANd
nepexonos |->D n D->I, koTopble He OOTKHBbI
NPOMNCXOOUTb, TaK YTO Mbl X CTaBUM PaBHbIMU
0.00001
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A
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Cneundunyeckue nepexoqbl

KonoHkM BCTaBoK 1 AeNULINA.

KonoHka 2 cogepxut 1 M->D n14 M->M.

— Need to add in pseudocounts from the overall data,
So:

P(M->D| column 2) =
(M->D count + 0.04) / (total transitions in column 2
1) =

1.04/16 = 0.065.
--M->1 in column 2 is the background level, 0.044
— M->M for column 2is 1 —0.065 - 0.044 = 0.891
KonoHka 3 cogepxut 8 M->D n 6 M->M (ewwe
ecTb D->D, HO Mbl ero nocuymTanmu).
— Prob(M->D in column 3 ) = 8.04/15 = 0.536

— Prob (M->M in column 3) =1 -0.536 -0.044 =
0.420

KonoHka 10 cogepxut BctaBky M->l n 5
nepexogos M->

— Prob(M->| in column 10) = 10.044/16 = 0.628
— Prob (M->D in column 10) = 0.04 (background)

— Prob (M->M in column 10 is 1 — 0.628 — 0.04 =
0.332

Q)

[P0 0 O 06 66 @ P T 0 6 6]

H O d+dd+4d+4d0Q+H+Hd+J+H 43 3 H

-GGAAAAACGTATT
-GGACAAAAGTATT
-GAACAAAAGTATG
CGGACAAAATTATT
-GAAGAAAAGTATG
-GAACAAAAGTAGG
-GAACAAACGCATT
CGACAAA-AGTATT
CGGTAAA-AGTATT
AGACAAA-AGTAGT
AGACAAA-AGTATA
CGACAAAGAGTATT
~AAACAAAGATATT
-GAACAAAAGTATT
-GGACAAAAGTGTT




Emission Probability Tables

match | A C G T A C G T
1 0.028 0.130 0.078 0.764
2 0.229 0.005 0.750 0.015 overal | 031 [0.19 [0.19 |0.31
3 0.349 0.154 0.464 0.033
4 0.090 0.005 0.890 0.014
5 0.653 0.005 0.328 0.014
6 0.653 0.255 0.015 0.077
7 0.403 0.505 0.078 0,014
8 0.965 0.005 0.015 0.014
9 0.965 0.005 0.015 0.014
10 0.778 0.130 0.078 0.014
11 0.090 0.005 0.828 0.077
12 0.028 0.067 0.015 0.889
13 0.903 0.005 0.078 0.014
14 0.028 0.005 0.140 0.827
15 0.090 0.005 0.203 0.702




Transitions

Specific

M1IM2 0.891
M1->D 0.065
M2->M3 0.420
M2->D 0.536
M9->M10 0.332
M9->| 0.628

Default

M->M 0.916
M->| 0.044
M->D 0.040
D->M 0.888
D->| 0.0001
D->D 0.111

I->M 0.888
|->1 0.111

I->D 0.0001




Scoring a Sequence

Whew! We have now estimated parameters for all transitions and
emissions.

Scoring a sequence. We are going to use both the Viterbi algorithm
and the forward algorithm to determine the most likely path through
the model and the overall probability of emitting that sequence.

— Note that we really should convert everything to logarithms

— Also, it is standard practice to express emission probabilities as odds
rations, which means dividing them by the overall base frequencies.

— We are not going to do either of these things here, in the interest of
simplification and clarity.

Let’s just score the first sequence in the list:
— GG-GGAAAAACGTATT

— Remove the gap, since a sequence derived from real data is not going
to come with a gap (which came from a multiple alignment program)

— GGGGAAAAACGTATT



Scoring

GGGGAAAAACGTATT

Base 1 is G. To start the global model off, we are going to require
that this be a match state.
— The emission probability for G in M1 is 0.078, so this is the initial overall
probability and Viterbi probability.
Base 2 is also G. There are 3 possibilities for this base: it might be a
match state (M2), or it might the result of an insert state, or it might
be the result of entering a delete state (and thus match a later base.
We choose the most likely:
— M1->M2 has a 0.891 probability, and the probability of emitting a G in
column 2 is 0.750. So, this probability is 0.891 * 0.750 = 0.668
— M1->D =0.065
— M1->[, then emitting a G from the insert state = 0.044 * 0.19 = 0.008
— M1->M2 is most likely.
» So, Viterbi probability = previous prob * this prob = 0.078 * 0.668 = 0.052.
» Overall prob =0.078 * (0.668 + 0.065 + 0.008) = 0.078 * 0.741 = 0.058



More Scoring

Base 3 is also a G.

M2->M3 has 0.420 probability and 0.464 chance of emitting a G. 0.420 *
0.464 = 0.195

M2->D has 0.536 probability

M1->[, then emitting a G from the insert state = 0.044 * 0.19 = 0.008
Choose M2->D. Viterbi = 0.052 * 0.536 = 0.028.

Overall = 0.058 * (0.195 + 0.536 + 0.008) = 0.058 * 0.739 = 0.043.

We are now in a delete state between M2 and M4; we skipped the M3
state. Since delete states are silent, the G in position 3 hasn’t been
emitted yet.

From the delete state we can either move to another delete state (skipping
the M4 state in addition to M3) or we can move to M4 and emit the G.

D->M4 = 0.888 and M4 emitting a G = 0.890, so prob = 0.888 * 0.890 =
0.790

D->D =0.111
Move to M4. Viterbi = 0.028 * 0.790 = 0.022.
Overall = 0.043 * (0.790 + 0.111) = 0.043 * 0.901 = 0.039.

We can now move on to base 4 (another G)
Our path so far: M1->M2->D->M4. We have emitted the first 3 bases.
GGGGAAAAACGTATT



Still More Scoring

GGG GAAAAACGTATT

The next several bases are easy. Since the probability of moving to a delete or
insert state is low, we just have to be sure that the M->M probability times the
emission probability stays above 0.044.
M4->M5 : G prob = 0.916 * 0.328 = 0.300

— Viterbi prob = 0.022 * 0.300 = 0.0066

— Overall prob =0.039 * (0.300 + 0.040 + (0.044 * 0.19) ) = 0.039 * 0.3484 = 0.0136
M5->M6 : A prob = 0.916 * 0.653 = 0.598

— Viterbi prob = 0.0066 * 0.598 = 0.00395

— Overall prob = 0.0136 * (0.598 + 0.040 + (0.044 * 0.31) ) = 0.0136 * 0.6516 =
0.0089

M6->M7 : A prob =0.916 * 0.403 = 0.369
— Viterbi prob = 0.00395 * 0.369 = 0.00146

— Overall prob = 0.0089 * (0.369 + 0.040 + (0.044 * 0.31) ) = 0.0089 * 0.423 =
0.00376

M7->M8 : A prob = 0.916 * 0.965 = 0.884
— Viterbi prob = 0.00146 * 0.884 = 0.00129
— Overall prob = 0.00376 * (0.884 + 0.040 + (0.044 * 0.31) ) = 0.00376 * 0.938 =
0.00353
M8->M9 : A prob = 0.916 * 0.965 = 0.884
— Viterbi prob = 0.00129 * 0.884 = 0.00114

— Overall prob = 0.00353 * (0.884 + 0.040 + (0.044 * 0.31) ) = 0.00353 * 0.938 =
0.00331



Yet More

« At this point we have emitted positions 1- 8, and
the most probable path is
M1->M2->D->M4->M5->M6->M7->M8->M9

+ GGG GAAAAACGTATT

« Since the transition out of M9 is not the standard
one, we need to pause and think it through.

M9->M10 = 0.332. Emission prob for A from M10 is
0.778.0.332*0.778 = 0.258

M9->| = 0.628. Emission prob for A from an insert
8t3t1e (i.0e.1background probability) is 0.31 0.628 *
.31 =0.195.

Thus our best choice, the most probable path, is
M9->M10. However, looking at the aligned

sequences we can see that this is the wrong choice.

« Don’t despair: correction occurs in the next step.
Viterbi prob = 0.00114 * 0.258 = 0.000294

Overall prob = 0.00331 * (0.258 + 0.195 + 0.040) =
0.00331 * 0.493 = 0.00163

GG-GGAAAAACGTAT
T
TG-GGACAAAAGTAT
T
TG-GAACAAAAGTAT
G
TACGGACAAAATTAT
T
T--GAAGAAAAGTAT
G
TA-GAACAAAAGTAG
G
TG-GAACAAACGCAT
T
CGGGACAAA-AGTAT
T
TGGGGTAAA-AGTAT
T
TGAGACAAA-AGTAG
T
TGAGACAAA-AGTAT
A
TGGGACAAAGAGTAT
T

™ N - M M AN M M\ AN\ M T M



Yet Still More

« At this point we have emitted positions 1- 8, and the most probable
path is M1->M2->D->M4->M5->M6->M7->M8->M9->M10

+ GGG GAAAAA CGTATT

« At M10, we can:

— move to M11 and emit a C. Prob = 0.916 * 0.005 = 0.0046

— Move to an insert state and emita C. Prob = 0.044 * 0.19 = 0.0083.

— Move to a delete state. Prob = 0.04. This would be the best choice, but
it leads to a mess: delete all the remaining match states, then inserting
all the remaining bases in the query sequence at the end. It clearly
shows the need for dynamic programming.

« And while we are at it, switching to logarithms at the beginning would greater
ease calculations.

— So, to Cé)ntinue our example, we move from M10 to an insert state and
emita C.

« Viterbi prob = 0.000294 * 0.0083 = 2.44 x 10°
« Overall prob = 0.00163 * (0.0046 + 0.0083) = 2.10 x 107



To the End...

* Our path so far:
- M1->M2->D->M4->M5->M6->M7->M8->M9->M10->1
— GGG GAAAAAC GTATT

* From the insert state we can:

— |->l and emit a G, with probability 0.111 * 0.19 = 0.0211
— |->M11, with prob 0.888 * 0.828 = 0.735
« Viterbi prob = 2.44 x 10%* 0.735 = 1.79 x 10°®
« Overall prob =2.10 x 10 * (0.0211 + 0.735) =1.58 x 107
* The remaining steps are all match states, so we skip the
calculations:
— Final Viterbi probability = 4.46 x 10”7
— Final overall prob =6.79 x 10°



Final probability

* We need to know what the probability would be
for the random model, with every base inserted
according to its overall frequency in the genome.

« GGGGAAAAACGTATT has 6 G/C and 9 A/T, so
the random probability is:
(0.19)8 * (0.31)° = 1.24 x 10°*

* We compare to the overall probability of 6.79 x
10°° by dividing, giving 5459. This means that
the overall score for this sequence is 5459 times
more likely than chance to match the model.



Profile Hidden Markov Models

» BbluncneHue Beca nocnegoBartenbHOCTU NO
npopunbHbiIM HMM

— Nimesa npodounbHyto HMM, ntobon nyTh no
MOENn «McnyckaeT» nocnegoBaTefibHOCTb C
HEKOTOPOW BEPOATHOCTbIO.

BepoATHOCTb NyTU — 3TO Npou3BeAeHne Bcex

BEPOATHOCTEN NepexoaoB N UCNYCKaHUA
AaHHbIX BOOSNb NYTW.




Profile Hidden Markov Models

* BbluncneHue Beca nocnenoBaTenbHOCTU

no npoduneHbiM HMM

e Anroputm Butepbm:

— Mmesa ncxogHyro nocnenoBartenbHOCTb, Mbl
MOXEM rMocynTaTb Handoree BEPOATHbLIW
NyTb, KOTOPbIN CrEHEPUPYET (KMUCMYCTUT») ATY
nocnenoBaTenbHOCTb.




Profile Hidden Markov Models

* BbluncneHue Beca nocrnegoBaTenbHOCTU

no npodunbHbiM HMM

e ANropuT™M nporoHa BnepeA.

— [dpyron nHtepecHbir Bonpoc: Kakosa
BEPOSATHOCTb, YTO AaHHas
nocrieqoBaTenbHOCTb MOrna obITb
creHepupoBaHa 3Tou CKpbiTon MapKkoBcKoun
Moaenbl?

— PewweHue: MoxHO nocuutaTtb, CyMMUPYSA NO
BCEM BO3MOXHbIM NYTAM, KOTOpble
creHepupoBanu aHHYIO nocrnenoBaTenbHOCTb




