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— Multiple sequence alignment (MSA )
— Z£KIFinding
— Gene expression clustering
— CNV detection
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A A& 5575 (Forward Algorithm)
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ViterbifF.y2: 5451 (1)
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Yi 6{(A) W(A) | 8(B) y(B)
t=1 |1 1.000x101 | - 4.000x102 -
t=2 |3 1.333x1072 | A 3.600x103 B
t=3 |4 1.778x103 | A 3.240x10* B
t=4 |5 3.370x104 | A 1.067x10* A
t=5 |5 3.161x10%4 | A 2.880x10° B
t=6 |6 4.214x10° | A 7.776x10° B
t=7 |6 5.619x107 | A 2.100x10° B
t=8 |3 7.492x108 | A 1.890x10°/ B
t=9 |2 0.989x10° | A 1.701x108 B
t=10 |6 1.322x10° | A 4.592x10? B
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Baum-Welch 2 = 5 (4)
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Multiple sequence alignment (MSA )
F: K| Finding

Gene expression clustering

CNV detection
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 Krogh A. et al, Hidden Markov model in
computational biology. Applications to protein
modeling. Journal of Molecular Biology 235:1501-
1531, 1994.

 Eddy SR. Hidden Markov models. Current Opinion in
Structure Biology 6:361-365, 1996.

e Eddy SR. Profile hidden Markov models.
Bioinformatis 14:755-763, 1998.

This part is modified from Colin Cherry’s slides download from
webdocs.cs.ualberta.ca/~colinc/cmput606/HMMOct25.ppt



Methods for Characterizing a Protein
Family

 Objective: Given a number of related
sequences, encapsulate what they have in
common in such a way that we can recognize
other members of the family.

e Some standard methods for characterization:
— Multiple Alignments
— Regular Expressions

— Consensus Sequences
— Hidden Markov Models
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ACA---4TG
TCAACTATC
ACAC--4GC
AGA---ATC
ACCG--ATC

Example borrowed from Salzberg, 1998

N

UL
3

How could we characterize this
(hypothetical) family of nucleotide
sequences?
— Keep the Multiple Alignment
— Try a regular expression
[AT] [CG] [AC] [ACTG]* A [TG] [GC]
e But what about?

— TGCT--AGGurs
— ACAC--ATC

— Try a consensus sequence:
ACA---ATC
 Depends on distance measure
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e #1-“TGCT--AGG"vrs: #2-“ACAC--ATC”
— Regular Expression ([AT] [CG] [AC] [ACTG]* A [TG] [GC]):

e #1 = Member

— HMM:
e #1 =Score of 0.0023% #2 Score of 4.7% (Probability)

5/17/2011

e #1 = Score of -0.97

#2: Member

#2 Score of 6.7 (Log odds)

Bioinformatics @ math.pku
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 Three types of states:
— Match
— Insert

— Delete

e One delete and one
match per position in
model

* One insert per transition
in model

e Start and end “dummy”
states

Example borrowed from Cline, 1999
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Example borrowed from Cline, 1999
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Insert St
A3 -
Bl B2
A3 -
B1 B2

Example borrowed from Cline, 1999
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A4
B3

A4
B3
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Example borrowed from Cline, 1999
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* Training from a Multiple Alignment
e Aligning a sequence to a model

— Can be used to create an alighnment
— Can be used to score a sequence

— Can be used to interpret a sequence

* Training from unaligned sequences
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e This process what we’ve been seeing up to this point.
— Start with a predetermined number of states in your HMM.

— For each position in the model, assign a column in the multiple
alignment that is relatively conserved.

— Emission probabilities are set according to amino acid counts in
columns.

— Transition probabilities are set according to how many
seqguences make use of a given delete or insert state.



Remember the simple example
ACA ATG
T C A ATC §Q
ACA AGC TT E
AG A ATC e e

ACC ATC

e Chose six positions in model.

 Highlighted area was selected to be modeled by an insert
due to variability.

e Can also do neat tricks for picking length of model, such
as model pruning.

5/17/2011 Bioinformatics @ math.pku 56



W H1l: Gene Finding

e Burge, C. and Karlin, S. (1997) Prediction of
complete gene structures in human genomic
DNA. J. Mol. Biol. 268, 78-94

e Burge, C. B. and Karlin, S. (1998) Finding the
genes in genomic DNA. Curr. Opin. Struct. Biol.

8, 346-354.

This part is modified from slides download from
www.cs.ubc.ca/~rogic/GeneFinding.ppt



Startcodon  codons  pgnor site

ATGCCCTTCTCCAACAG
Transcription
start

/

Promoter

______

Exon

5'UTR

—

Acceptor site

Intron

Poly-A site
e

- -

Stop codon GGCAGAAACAATAAA!Ye T
GATCCCCATGCCTGAGGGCCCCTC 7‘

" g UTR
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Signals: Pre-mRNA Splicing

Start codon Stop codon

Genomic DNA —
- Transcription

pre-mRNA Cap- I N -oly(A)
- = Splicing
MRNA Cap- I -~ oy (A)
. . Translation
Protein | | L
exon intron
Donor site* f Acceptor site
— _/
'
Splice sites
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Spliced Alignment
Compare with cDNA or EST probes

Start codon Stop codon

v
Genomic DNA _

mRNA Cap- _ -Poly(A)
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Spliced Alignment
Compare with protein probes

Start codon Stop codon

v v
Genomic DNA [ O [

Protein | " 1

5/17/2011 Bioinformatics @ math.pku 61
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Base Position | 7775000 | 7780000 | 7785000 | 7790000 |
RefSeq Genes
RefSeq Genes ] e ) 1
(Genscan Gene Predictions
NT 010718.226 e +-4--------- H-H--3H--1 NT_010718.227 p==H=+-

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

 Genscan is one of the most popular gene
prediction algorithmes.
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A Al AariiAat+imcr cArn A
QA T dIYULIL ECIIC
Base Position 7785000 | 7790000 |

RefSeq Genes

NT_010718.226 NT_010718.227 ==

This particular gene lies on the reverse strand.
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An Intron

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

: signals end of intron

BasePosion 7770 | mmm | [mmew | | sl | mms|l om0 w0 s |
_5[60TGGTGTTGTTGGGCAGTGCTAGGAAAGAGGCAAGGAAAGGTGATARAAGTGAATCTGAGGCATAACTGCACCCTTGETCTCCTCCACCGCTTCTTATCCTGCT NRCTTACCTC

RefSeq Genes

revcomp(AC)=GT

TRE3

(Genscan Gena Predictions

NT 010718.228

Donor Site
L]
g1
“H R - "8 - ™ m % ®- e ~ ®
5 3
s thomg bt g v
Acceptor Site
a
=1
_TTTITIIII-L-:-:_ g | L.
U\ﬁhﬂﬂd‘ﬂﬂl-ﬂU\hhﬂﬂd‘ﬂﬂr:ﬁl?hl--;l?tri?hllll-ﬂrﬂﬂ
L A T 3
mezogm bt p oy
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Signals vs co
* 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

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



Prokaryotic Vs. Eukaryotic Gene Finding

Prokaryotes:

small genomes 0.5 — 10-10%bp
high coding density (>90%)
no introns

Gene identification relatively easy, _

with success rate ~ 99%

Problems:

overlapping ORFs
short genes
finding TSS and promoters

Eukaryotes:

large genomes 107 — 1019 bp
low coding density (<50%)
intron/exon structure

!

Gene identification a complex problem,
gene level accuracy ~50%

Problems:

many
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e Nucleotides {A,C,G, T} are the observables

e Different states generates generate nucleotides at different frequencies

A simple HMM for unspliced genes:

Q '

X F—>ooooooxxx ATG cce €CC | cCC TAA XXXXXXXX
inter- region around coding region around
genic start codon region stop codon

ATG TAA

* The sequence of states is an annotation of the generated string — each
nucleotide is generated in , start/stop, state
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GeneMark — HMMs enhanced with ribosomal binding site recognition

Genie — neural networks for splicing, HMMs for coding sensors, overall structure
modeled by HMM

Genscan — WM, WA and decision trees as signal sensors, HMMs for content
sensors, overall HMM

HMMgene — HMM trained using conditional maximum likelihood

Morgan — decision trees for exon classification, also Markov Models

VEIL — sub-HMMs each to describe a different bit of the sequence, overall HMM
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XAMPLE: finding genes with VEIL

The Viterbi Exon-Intron Locator (VEIL) was developed by
John Henderson, Steven Salzberg, and Ken Fasman at
Johns Hopkins University.

Gene finder with a modular structure:

Uses a HMM which is made up of sub-HMMs each to
describe a different bit of the sequence: upstream
noncoding DNA, exon, intron, ...

Assumes test data starts and ends with noncoding DNA
and contains exactly one gene.

Uses biological knowledge to “hardwire” part of HMM, eg.
start + stop codons, splice sites.
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e The start codon model is very simple:

Upstream—(@)~(t)—(g)— Exon

 The splice junctions are also quite simple and can be
hardwired (here is the 5’ splice site):

Y ErguH
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[3 splice S'teH intron HS’ splice site} [ =3 ponA}
site

For more detalls, see J. Henderson, S.L.
Salzberg, and K. Fasman (1997) Journal of
Computational Biology 4:2, 127-141.
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Developed by Chris Burge 1997
One of the most accurate ab initio programs

Uses explicit state duration HMM to model
gene structure (different length distributions
for exons)

Different model parameters for regions with
different GC content



/'

forward strand

5/17/2011 76



~Anrncr~ran’c ANvcrhhidyactriivra
ClisLdll o AlITLITILCULULUIC

)

e
!

HMM'’s states for exons and introns in three different phases, single exon,
5" and 3’ UTRs, promoter region and polyA site and intergenic region

Explicit length modeling
HMMs for exons, introns and intergenic regions

WM and WA for acceptor site, branch point, polyA site and promoter
region

Decision tree (maximal dependence decomposition) for donor sites



W H11l: Gene Expression Clustering

e A. Schliep et al. Using hidden Markov model to
analyze gene expression time course data.
Bioinformatics 19(Suppl. 1) i255-i263. 2003.

e M.Yuan and C.Kendziorski. Hidden Markov
Models for Microarray Time Course Data in

NMullvinla RinlAagiral Canditinanc (with Dicriiccinn)
IVIUIUPIC DIVIOgICal COTNUItornS \(vwitil visCuosoiuind).

Journal of the American Statistical Association
101(476): 1323-1332; Discussion 1332-1340,

2 OO 6 . (http://www.ima.umn.edu/taIks/workshops/9-29-10-3.2003/kendziorski/kendziorski_ima03.ppt)
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Fig. 1. A Hidden Markov Model visualized as directed graph, the

emission pdfs are attached to the nodes. The model depicted is a
prototype for down-regulation.
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e Given n sequences O/, clustering is a partition

C' = {Cla T 7CI{}-

e K clusters, each cluster is a hidden Markov
model )

e Joint likelihood

=11 1] zOn)

k=11€C},
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Fig. 4. Yeast: A cluster containing cell-cycle regulated gene
expression time courses and a partial decomposition according to
the first over-expression state.
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Iterative Algo
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ela

e |teration(t={1,2,...})

— Generate a new partitioning of the sequences by
assigning each sequence O' to the model k for which
the likelihood z(o'A{™) is maximal.

— Calculate new parameters \".... .\ using the re-
estimation algorithm for each model with their start
parameters AV ... \&V and assigned sequence.

[ Qif PN PR

® DLUP‘ II LHE IIIIPIUVEHIETIL UI LHE UUJELLIVE
function is below a given threshold, g, the
grouping of the sequences does not change or a
given iteration number is reached



W FHIV: CNV Detection

e K. Wang et al. PennCNV: an integrated hidden
Markov model designed for high-resolution
copy nhumber variation detection in whole-
genome SNP genotyping data. Genome
Research 17: 1665-1674, 2007.

This part is modified from Yoon Soo Pyon’s slides download
from https://wiki.case.edu/images/6/6f/Cnv_snparray.ppt.
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Homozygous deletion Hemizygous deletion Normal
Copy number O Copy number 1 Copy number 2

- -

T T

Copy neutral LOH amplication
Copy number 2 Copy number 6
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Clone-based comparative genomic
hybridization (Array CGH)
® Test and reference DNA are differentially
fluorescent labeled and hybridized to the array.
® cons: low resolution (Cannot find small CNV
region)
SNP genotyping array
® pros: Higher resolution
® Cons: poor sighal-to-noise ratio of hybridization
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Human-1 Beadchip (100,000)
240,000 BeadArray

300,000

550,000

650,000

1 Million just released. (human1M)

o Affymetrix SNP array

10,000 (Mapping 10K array, 2003)

100,000 (Mapping 100K array)

500,000 (Mapping 500K array)

1 Million just released (Genome-wide Human SNP 6.0)
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SNP probe

e Target (250-2000 bp)

°* .. ACAGAAGTCTTG[A/C]JAATCTATTTC
PM, : TGTCTTCAGAACITTAGATAAAGAG
MM, : TGTCTTCAGAACATTAGATAAAGAG
PM; : TGTCTTCAGAACGTTAGATAAAGAG
MM;: TGTCTTCAGAACCTTAGATAAAGAG
PM, °: TCTTCAGAACTTTAGATAAAGAGTA
MM, °: TCTTCAGAACTTAAGATAAAGAGTA
PM;°: TCTTCAGAACGTTAGATAAAGAGTA
MMg°: TCTTCAGAACGTAAGATAAAGAGTA
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)
Mapping 100K:

® 1 probe set: 40 probes (20 PM, 20 MM), 25 bp/each
SNP6.0:

® 906,600 SNP probes, 946,000 CNV probes
® 1 SNP probe set: 6~8 probes (all PM), 25 bp/each

® CNV probe (1 probe/probe set) : 202,000 probes
targeting 5,677 known regions of copy number
variation, 3,182 distinct, nonoverlapping segments,
each interrogated with an average of 61 probes. In
addition, more than 744,000 probes were chosen
evenly spaced along the genome to find novel CNVs.
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e Fluorescent intensity signal of A/B allele

SNP genotyping
Intensity signal normalized /
E—— .
Intensity value \
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CNYV detection and inference
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 Hidden Markov Model designed for high
resolution CNV detection in whole genome
SNP genotyping data

5/17/2011

Table 1. Hidden states, copy numbers, and their descriptions

Copy Total

no. copy Description

state no. (for autosome) CNV genotypes

1 0 Deletion of two copies Null

2 1 Deletion of one copy A B

3 2 Mormal state AA, AB, BB

4 2 Copy-neutral with LOH AA, BB

5 3 Single copy duplication AAA. AAE, ABB, BBB

6 4 Double copy duplication ~ AAAA, AAAB, AABEB, ABBB,

BEEB

Bioinformatics @ math.pku 93



CIlITIVCINYV \LUllL u.’

P
Log R ratio (LRR): total fluorescent intensity
signals from both sets of probe/allele at each SNP

B Allelle Frequence (BAF) : relative ratio of the
intensity signals between two probes/allele at
each SNP

Accurate model for log R ratio and B Allele
Frequency

+ Population allele frequency + distance between
adjacent SNPs + family information



3 copy CNV
Copy-neutral LOH
—] BB
AA
|
4 copy CNV - ) : Normal copy

0l
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1300774512 [45]
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Log R Ratio

Figure 1. An illustration of log R Ratio (LRR) and B Allele Freq (BAF) values for the chromoseme 15 g-arm of an individual. A normal chromosome
region has three BAF genotype clusters, as represented as AA, AB, and BB genotypes in boxes, and with LRR values centered around zero. The
copy-neutral LOH region has normal LRR values, but without the AB genotype cluster. The increased copy number for a CNV region can be detected
based on an increased number of peaks in the BAF distribution, as well as increased LRR values. The patterns of LRR and BAF for different CNV regions,
normal regions, and copy-neutral LOH regions are distinct from each other, thus the combination of LRR and BAF can be used to generate CNV calls.
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e X, Y :normalized sighal intensity
e R =X+Y :total signal intensity
e O =arctan(Y/X)/(rt/2)

LRR = Iogz (Robserved/R expected)

BAF =

0,if 9<46,,
0.5(8—0,,) Oy —O,s), if B, <O <O,
0.5+ 0.5(0 - 0,,) (O — Oy, if O,y <O< 6,

1,if 0> 06,
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e First order HMM assumes that the hidden
copy humber state at each SNP depends only
the copy number state of the most preceding

SNP.
* {r, b, z}: log R ratio, B allele Frequency, Copy
number state at SNP i (1 <i<xM)

_ zz{(ﬂ P(r12)P(b | zi)j(P(zl)liMz[ P(z, zil)}
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 Emission probability of log R ratio
P(r Z):ﬂ-r+(1_7Z-r)¢(r;lur,z’sr,z)

 Emission probability of B allele Frequency

K(z)-1
P(b|2) =7, +(1-m,) > BN[g-LK(2)~1 pgla(®; 4 4.Ss4)

g=2
+(1-7,)BN[0; K(z) -1, pB][I{b:O}MO + |{0<b<1}¢(b; Ho11Sp1)]
+(1-7,)BN[K(2) -1 K(z) -1, pB][I{bzl}Ml + |{0<b<1}¢(b; My K (2) Sb,K(z))]

K(z)-1

g1 jpsg‘l(l— pe) ¢

where BN[g -1, K(z) -1, pg] :(



PennCNV Transition probability of hidden
states

Probability of having a copy number state change between
two adjacent SNPs.

Intuition: The copy number state is unlikely to change for
SNPs that are nearby but is more likely to change for SNPs
that are far apart.

1 Z a@-eT )i 1=

Py (-e ), if 1+ ]

P(zi=11z,=])=;

D is constant number. 100MB for state4 and 100KB for others

Value p are treated as unknown parameter and estimated in
the Baum-Welch algorithm



PennCNV —parameter estimation and
CNV calling

e Baum-Welch algorithm for training model to
maximize the likelihood of the observed data

of each individual
e Viterbi algorithm to infer most likely path.

e CNV is called most likely state sequence
whenever a stretch of states that is different

from normal state is observed.



