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Searching with PSI-BLAST

Protein BLAST. search databases using a protein query - Mozila Firefox Y@ x
File Edit View History Bookmarks Tools Help
v & @ =/ http://www.ncbinim.nih.gov/blast/Blast.cqi?CMD=Web&PAGE v v psi-blast R
fa
£ Protein BLAST: search databa...| % v
or, upload file Srowsen) ©
Job Title
jour BLAST search @
Database Non-redundant protein sequences (nr) ¢/ &
Organism
opten Excute
Enter organism common name, binomial,or taxid. Only 20 top taxa il bs shown. @
Exclude Models 0WXP) (] Uncultured/emvironmental sample sequences
optional
Entrez Query
option
g Enter an Entrez query to limit search &
Program Selection
Algorithm blastp (protein-protein BLAST)
® PSIBLAST (Positon-Specific lterated BLAST)
PHLBLAST (Patten Hi Initiated BLAST)
Choose a BLAST algoritim @
BLAST Search using PSI-BLAST (Position-Specific Iterated BLAST)
Show results in a new window
P Algorithm parameters
4 ~
Done 5]
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1°t order Markov Model
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What are Markov Models good for?

@ Background sequence composition

@ Spam
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Hidden Markov Models
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Hidden Markov Models

e 5'UTR \/rlntron Start

A " Intergenic Exon Intron\\
\\/ \__ '3.'UTR’z \ Intron Stop

Mark Voorhies Hidden Markov Models



Hidden Markov Models
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Hidden Markov Models
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Hidden Markov Model
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The Viterbi algorithm: Alignment

A_—
(\/.Q

A >4H4>N0>»4H>0

Mark Voorhies Hidden Markov Models



The Viterbi algorithm: Alignment
CH

. @ Dynamic programming, like
—

Smith-Waterman

2 \i/ @ Sums best log probabilities
of emissions and transitions

T \L (i.e., multiplying

A \L independent probabilities)

f\ - o Result is most likely

74 - annotation of the target
; \L with hidden states
1=
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The Forward algorithm: Net probability

@ Probability-weighted sum
—) over all possible paths

)

. @ Simple modification of
— Q Viterbi (although summing
probabilities means we have
to be more careful about
rounding error)

@ Result is the probability that
the observed sequence is
explained by the model

@ In practice, this probability
is compared to that of a null
model (e.g., random
genomic sequence)

>4 >N>»4H>0
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Training an HMM

o If we have a set of sequences
with known hidden states
(e.g., from experiment),
then we can calculate the
emission and transition

G)I O
I I [I @ probabilities directly

Mark Voorhies Hidden Markov Models



Training an HMM

o If we have a set of sequences
with known hidden states
(e.g., from experiment),
then we can calculate the

CH—
. .@ emission and transition
probabilities directly
@ Otherwise, they can be
iteratively fit to a set of
unlabeled sequences that are
known to be true matches
to the model
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Training an HMM

o If we have a set of sequences
with known hidden states

G‘ — (e.g., from experiment),

. then we can calculate the
6 Q emission and transition

probabilities directly

@ Otherwise, they can be
iteratively fit to a set of
unlabeled sequences that are
known to be true matches
to the model

@ The most common fitting
procedure is the
Baum-Welch algorithm, a
special case of expectation
maximization (EM)
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Profile Alignments: Plan 7

Oy Ky Erer
el
D> > D B

(Image from Sean Eddy, PLoS Comp. Biol. 4:¢1000069)

Mark Voorhies Hidden Markov Models



Profile Alignments: Plan 7 (from Outer Space)

(Image from Sean Eddy, PLoS Comp. Biol. 4:¢1000069)
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Rigging Plan 7 for Multi-Hit Alignment

(Image from Sean Eddy, PLoS Comp. Biol. 4:¢1000069)



HMMer3 speeds

on shuffled target sequences on real target sequences
1 PP P 1 n il PR 1 1 s
10°4 A —H B L10
NCBI BLASTP
y HMMER3, o
10 = | o, o 10
@
L
3193 SSEARCH £3 000" o= r . e o
b HMMER3 DiviC / T A MFS_1
= DUFg72 Inc
107 3 10
0-000000TRD a0~
10" = 10
10 T T T T T T
10 100 1000 10 100 1000

query length M (residues) query length M (residi

Eddy, PLoSCompBiol 7:€1002195
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HMMer3 sensitivity and specificity

random (iid) negatives monoshuffled negatives;
one homologous region per positive two homologous regions per positive
L 1 L L 1 L

B £ 0.9

H3 (no filters)

£0.8

0.7

- 0.6

o
w

fraction of true positives

XA
0
Tt 0.2

WU BLASTR FP\SW o

T T T T T T
0.001 0.01 0.1 1 10 0.001 0.01 01 1 10
mean false positives per search mean false positives per search

Eddy, PLoSCompBiol 7:€1002195
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Homework

@ Compare the performance of BLASTP, PSI-BLAST, phmmer,
and jackhmmer on a difficult sequence such as AGAlp
(CAA96325.1). Use the shuffling tool on the course website
to generate negative controls with the same composition. For
positive controls, see Euk. Cell 5:628.

@ Download Cluster3 and JavaTreeView

@ Read PNAS 95:14863
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Stochastic Context Free Grammars

@ <~
€S (&5

@ Can emit from both sides — base pairs

@ Can duplicate emitter — bifurcations
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INFERNAL /Rfam

input multiple alignment: example structure: UU

C.GGm
[stucture] . : : <<= >- >>; <<mmm. B> A
human . AAGACUUCGGAUCUGGCE|. .€cc. sA-U
mouse aUACACUUCGGAUG-CACI.I.IUGa A8 Ce
orc . AGGUCUUC - GCACGGGCHo| cluc . A
i s 10 s 2
2
ROOT
guide tree: § m:;t < \@o
BIF__ 4] &\)
BEGL 5 [BEGR 15
4qVATP_6p14 15 MATL 16
sqMATP_7p13  16{MATP 17p27
ATR 12 174MATP 18) 26
64 MATP 11 18 [MATEI9
7(MA 1oQUIATRRZ0) 25
8MA 21<IMATIRN
oA 22<EIATINS2]
10 AT 23<NIATIgS]
[END END 24

Modified from the INFERNAL User Guide — Nawrocki, Kolbe, and Eddy
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INFERNAL /Rfam

input multiple alignment: example structure: UU

C.GGm
[stucture] . : : <<= >- >>; <<mmm. B> A
human . AAGACUUCGGAUCUGGCE|. .€cc. sA-U
mouse aUACACUUCGGAUG-CACI.I.IUGa A8 Ce
orc . AGGUCUUC - GCACGGGCHo| cluc . A
i s 10 s 2
2
ROOT
. 2{MATL 2
quide tree: WAL 3] A QOQ
BIF__ 4] &\g’)
BEGL 5 [BEGR 15
4qVATP_6p14 15 MATL 16
sqMATP_7p13  16{MATP 17p27
ATR 12 174MATP 18) 26
64 MATP 11 18 [MATEI9
7(MA 1oQUIATRRZ0) 25
8MA 21<IMATIRN
oA 22<EIATINS2]
10 AT 23<NIATIgS]
[END END 24

Modified from the INFERNAL User Guide — Nawrocki, Kolbe, and Eddy

Mark Voorhies Hidden Markov Models

CGA”
a A



INFERNAL /Rfam

input multiple alignment: example structure: UU

C.GGm
[stucture] . : : <<= >- >>; <<mmm. B> A
humen . AAGACUUCGGAUCUGGCH . .Bcc. AU
mouse aUACACUUCGGAUG-CACI.I.IUGa AGCe
orc . AGGUCUUC - GCACGGGCHlg clluc. A
i 5 1 b 2
o
ROOT
. 2 MATL 2
guide tree: WAL 3] A G Q
BIF 4] [oX<]
BEGL 5 BEGR 15 &@)
4 ATP _6p14 15 ATL 16
5 ATP _7p13 16 A 17p27
ATR 12 174MATP 18) 26
64 MATP 11 18 [MATL19
7qMA 19 (HIATRIZ0) 25
8MA 21< AT
oA 22 NATINR2]
10 MAT 23<RIATEES]
[END END 24

Modified from the INFERNAL User Guide — Nawrocki, Kolbe, and Eddy
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INFERNAL /Rfam

input multiple alignment: example structure: UU ('Gm
[stucture] . : : <<= >- >>; <<mmm. B> C:Gy
human . AAGACUUCGGAUCUGGCE . .@CcC. sA-U
mouse aUACACUUCGGAUG-CACI.I. UGa AGCe
oc . AGGUCUUC-GCACGGGCHAg cuc . A
1 5 10 15 20 5 28
2
ROOT
. 2MATL 2
quide tree: WAL 3] AG “
BIF__ 4] ey
BEGL 5 [BEGR 15 &U Q@@
4{MATP_6p14 15 MATL 16
sqVATP_7p13  16qMATP 17p27 &\3’)
ATR 12 174MATP 18) 26
64 MATP 11 18 [MATEI9
T{MA 19QNATER0) 25
8MA 21<IMATIRN
oA 22<EIATINS2]
10 AT 23<NIATIgS]
[END END 24

Modified from the INFERNAL User Guide — Nawrocki, Kolbe, and Eddy
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INFERNAL /Rfam

input multiple alignment: example structure: UU ('Gm

[structure] @@ <<< o >->>: <<pmm. B> C'GA
humen . AAGACUUCGGAUCUGGES . @gcc. AU
mouse aUACACUUCGGAUG - CACH. UGa T

orc . AGGUCUUC - GCACGGGCA9ECA cluc A GGG
H 5 o I 2 &e
ROOT
. 2 MATL 2
ide tree:
guide tree: 3 A

BEGL 5
4{MATP_6
5 ATP 7
ATR
64 MATP
7MA
8 MA
9(MA
10 MAT
[END END 24

Modified from the INFERNAL User Guide — Nawrocki, Kolbe, and Eddy
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INFERNAL /Rfam

input multiple alignment: example structure: UU ('Gm
[stucture] . : : <<= >- >>; <<mmm. B> C:Gy
human . AAGACUUCGGAUCUGGCE . .@CcC. sA-U
mouse aUACACUUCGGAUG - CACE. UGa A g
orc . AGGUCUUC - GCACGGGCAGBCA cliuc . oA 8cG
i 5 10 I 30 Y] EE CA
¢
ROOT
. 2{VATL 2
guide tree: WAL 3] A
BIF__ 4]
BEGL 5 [BEGR 15
4{MATP_6p14 15 MATL 16
sqUATP_7p13 164 MATP 17)p27
ATR_8p12  174MATP 18) 26
64 MATP 11 18<[MATE9]
7{MA 19 (HIATRIZ0) 25
8(MA 21<IMATIRN
o(MA 22<EIATINS2]
10 AT 23<NIATIgS]
[END END 24

Modified from the INFERNAL User Guide — Nawrocki, Kolbe, and Eddy
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INFERNAL /Rfam

input multiple alignment: example structure: UU LGm
[stucture] . : : <<= >- >>; <<mmm. B> “oa
human . AAGACUUCGGAUCUGGCE . .@cc. AU
mouse aUACACUUCGGAUG - CACH. .BUGa A g
orc . AGGUCUUC - GCACGGGCAGBCA cliuc . A GGG
1 5 10 15 20 %5 2 CCChp
£0C
RGOT
quide tree: 2 MATL_ 2 A
3(MATL 3] G
BIF__ 4] G
- U Ao\
BEGL 5 BEGR 15
4{MATP_6p14
sqMATP_7p13
ATR 812
6{MATP_9)p11
7R
sMA
9(MA
10{MAT
[END END 24

Modified from the INFERNAL User Guide — Nawrocki, Kolbe, and Eddy
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