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TODAY'S TOPICS

> PSI-BLAST
» Hidden Markov model and profile HMM

> Protein family/domain databases
(InterPro, HMMER, etc.)
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PSI-BLAST

1st iteration =
a regular BLASTP
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PSI-BLAST

> Two different E-value thresholds

piay @

¥ Threshold E-value for rﬂepor'ﬁnQ matches

[ BLosuMez ~ | @

[ Existence: 11 Extension: 1~ | @

[ score matrix ~ e

. @

~$ pSI-BLAST threshold:

1o nomesemctea  E-value threshold for sequences to
¥ be included to create the PSSM

“ for the next iteration
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PSI-BLAST

Sequences. Pproducing significant alignments Download ~  selecte:

PSI-BLAST threshold (0.005)

Show [0~ | @

value < 0.005

E-value < 0.05 (reporting threshold)

(PSI-BLAST 1
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PSI-BLAST
{PSSM is constructed from the chosen sequences
Q 516 516 81% 0003 248% 296 XP.

Run PSI-BLAST lteration 2 with max number of sequences | 500 “ ‘ Start the 2nd iteration of search
Sequences with E-value WORSE than threshold =

PSI-BLAST iteration 1

select
I More sequences can be included, but be very carefull [—sx = ..,

w7 497 7% 008 WM 2T X

111048538 isoform X1 [Nigparvata

Gco 493 493 78% 0010 2540% 261

- If unrelated sequences are included, generated
PSSM loses the specificity.

- Errors can be amplified quickly with iterations.

=» Profile corruption problem
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PSI-BLAST

Sequences producing significant alignments Download ¥ Selectcolumns ¥ Show [ 500 v | ©

sequences newly added thisiteration @ _J GenPept Graphics Distance tree of results  Multiple alignment MSA Viewer

Sequences with E-value BETTER t 1an threshold

500 sequences selected

1 selectall 500 sequences selected  Skip¥o the first new sequence PSI-BLAST iteration 2
‘seioc] Used
o | o Newy

Por A
Wemt Lo Acoession

0% Selus TSO0% 420 XP 0269508661
100% Selua TSO0% 304 XP 017104501
0% Selds TG 420 XP 00138285

[N N<J<]

% o0 9726%

4% Set0 9521%

Q

1800000 2
100000

ipotnscatproton 34 016236 P W own e 2w 2 kaormrmt @ )
woan my e °
W ey zew °
] e °
W s 3 200 : )
Q sl 199 7% 4eds 2143% )
W own B e om0 owesrzt °
3 ypomnaset etin R 047 Pt W e ez 195 a0t )
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PSI-BLAST

First iteration (BLASTP search)

163 [Harmor g 524 524 49% 0001 2547% 276 xp oeserseses

520 520 7% 000f\2460% 265 xp o3rosTesst

sij Py S Ypp———

2 0.00: 0002

s 516 516 T6% 0002 -]

516 516 8% 0003

ws ms e oom a

6e-40
1 ol sl 151 151 8% 6e40 232297266 XP 0371967634 °
se xyostl 199 149w  ae30 ofo1% 2 xp oo °
‘1 4e-39 |ien 2% 2 womms @ e

ata] agab.. 1 2097 679% fi8 TMwsasz3.1 )

- Ist iteration has the real E-values for the query.
- After the 2nd iteration, E-values are for the PSSM.

™ s ——————
bon 12 12 ea% te3n s 196 Keeres )
1w 1 e 200 fzom 16 ke )

wy. 10 130 6% Ges 2451% 276 Xp odsirieas °

e-32
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PSI-BLAST

First iteration (BLASTP search)

Select Used
Max Tow Qury E P Ac.
Descripion Scientfic Name

o 638 68 100% 00 10000%

84 4 100% 00 Wagw

50 50 % 00 G

2 2 W 00 D

20 20 W% 00 92t

.

513 513 % 00 9555%

or 1o Newy

[
Sare Score Cov dent Len  AESON o by g
bast PSSM

E-values can become lower or higher with more iterations
depending on the sequences included to build PSSM!!

]

ncharactized potsn LOCABD1909 Drosophia pseudoobscurs] Dusophiaps.. 421 421 100% Sed l{é/ o e ousss @ 0
; 26527 st smirs Dooias w8 an wn seun' s/ wn e °

Dopnisie.. 407407 _oux setsn o s ousseos @ O
csits 1 Drosophla melropaster T )
nhracttzsd ot LOCS5248 Drosia sl Dutia. M4 4N 9% 1138 1% W8 0wl @ O
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Profile hidden Markov models

> Probabilistic models of multiple alignments
(Krogh et al., 1994; Krogh 1998)
- Closely related to standard profiles (PSSMs)
introduced by Gribskov

-> Used in e.g, PFAM, SMART, Superfamily, Panther
(databases of multiple alignments and profile HMMs)

What is a hidden Markov model?
What is hidden?

DNA regulatory

Eddy (2004) What is a hidden Markov model? €—
element example

Nature Biotechnology 22: 1315-1316.
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Markov models

> Markov chain: a stochastic process from one state to
the next that exhibits the Markov property
(e.g., States for DNA: A, T, G, C)

D 0 0 0 o
o Markov property: The next state of the system depends only on
the present state of the system [No memory]
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Markov models

> Markov chain: a stochastic process from one state to
the next that exhibits the Markov property

(e.g., States for DNA: A, T, G, C) » .
[P: Transition probability]

P P P P
D o 0
o Markov property: The next state of the system depends only on
the present state of the system [No memory]

¢ Transition probabilities are independent of time
ITime homoaeneous]

- Markov chain if the state spaces is discrete

- Markov process if the state space is continuous BIOSATI(S7/ICISI
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Markov models

» Markov chain
Coin tossing example [2 states: Head and Tail]

ONO,
e P(Head) = 0.5, P(Tail) = 0.5
 P(HH) = P(H) x P(H)
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Markov models

» Markov chain
Coin tossing example [2 states: Head and Tail]

~—_
0 00
* P(Head) = 0.5, P(Tail) = 0.5

« P(HH) = P(H) x P(H)
o P(HHT) = P(HH) x P(T)
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Markov models

> Markov chain
Coin tossing example [2 states: Head and Tail]

7~ N _7~ N _— N

OROROGRO

¢ P(Head) = 0.5, P(Tail) = 0.5
¢ P(HH) = P(H) x P(H)

© P(HHT) = P(HH) x P(T)

© P(HHTH) = P(HHT) x P(H)

© P(HHTHT) = P(HHTH) x P(T)
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Markov models

» Markov chain
Coin tossing example [2 states: Head and Tail]

7~ N 7 N _ 7~ N_

ONORGRONG

¢ P(Head) = 0.5, P(Tail) = 0.5

¢ P(HH) = P(H) x P(H)

© P(HHT) = P(HH) x P(T) = P(H) x P(H) x P(T)

o P(HHTH) = P(HHT) x P(H) = P(H) x P(H) x P(T) x P(H)
© P(HHTHT) = P(HHTH) x P(T)

15

= P(H) x P(H) x P(T) x P(H) x P(T) BIOS477/877 L18 - 16

Markov models

> Markov chain
Coin tossing example

[|6—.5T]

g
[H->H] 0.5 C@ @D 05 [T5T]
Yo

[T->H]
At time t+1
° . i H T
Stateg._Head or Ta_|I_ 9 & o »
e Transition probability == [ 05 05 ] Row sum =
At time t
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Markov models

» Markov chain
Coin tossing example: loaded coin (more Tail than Head)

a=0.6

<CE (D=

b=0.4

At time t+1
° . i H T
State§._ Head or Ta_ll_ u o G )
« Transition probability == T [ 0.4 0.6] Row sum = 1
At time t
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Markov models

» Markov chain
Coin tossing example
[HaT]

N
s CE (Do

[T—>H]
At time t+1
o States: Head or Tail H T
- o H [ la a ] R -1
o Transition probability ™% + [ p b ] Rowsum=
At time t
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Markov models

> Markov chain
Loaded coin [states: H and T]

06
04 , H 0.4x0.4=0.16 Prob(HH)
G e
H
F/ 04 0.6 0.4x0.6=0.24 Prob(HT) <=
04

Start
0.6 04 _,H 0.6x0.4=0.24 Prob(TH)

H T
P, = H[ 0.4 06 T
TL 0406 06 0.6X0.6=0.36 Prob(TT) <=
Transition probability matrix [1** Toss][2™ Toss]

(Prob( T @2nd Toss ) = 0.24+0.36 = 0.6|

BIOS477/877 L18§ -21
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Markov models

> Markov chain
Loaded coin [states: H and T]

06
C 04 _H 0.4x0.4=016 Prob(HH)
WCEH @) W
p 04
04

-
06 > T 0.4x0.6=0.24 Prob(HT) <=
-
=

Start
04 _, H 06x0.4=0.24 Prob(TH)

H T 0.6
P, = H[ 04 06 T<
Tl o406 06 *T 0.6x0.6=0.36 Prob(TT)
Transition probability matrix [1** Toss][2™ Toss]

(Prob( T @2nd Toss ) = 0.24+0.36 = 0.6

BIOS477/877 L18 -23

H Ti Hz T Hz Tz
(04 06] x Ht [0.4 o.e:l = (04 06]
Pt T o,APLo,e P2

Markov models

» Markov chain
Loaded coin [states: H and T]

0.6
0.4 0.4x0.4=0.16 Prob(HH) <=
«CH O,
F_/ 0.4 0.6 T
.4

0.4x0.6=0.24 Prob(HT)
Start

o
H T 06 04 0.6x0.4=0.24 Prob(TH) 4=
P = H[ 9406 T
T| 04 06

06 T 0.6x0.6=0.36 Prob(TT)
Transition probability matrix [1*" Toss] [2" Toss]

(Prob( H @2nd Toss ) = 0.16+0.24 = 0.4)
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Markov models

» Markov chain
Loaded coin [states: H and T]

06
C 04 _H 04x04=016 Prob(HH) <¢==
“CH Do 2
| o 04 " T
04 0.6

0.4x0.6=0.24 Prob(HT) <=m

Start
0.6 04 _,H 06x0.4=0.24 Prob(TH) <=

v <
= H[ 0406
PL= T[ 04 06

06 *T 06x0.6=0.36 Prob(TT) <=

Transition probability matrix [ Toss] [2™ Toss]
[Pr‘ob( H @2nd Toss ) = 0.16+0.24 = o.4}
H Tt H T2 Hz z(
(04 06] X H [0.4 067 = (04 06]
P1 T ‘)"PL"6 P2 BIOS477/877 L18 -22
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Markov models
> Markov chain
Loaded coin [states: H and T]
0.6
C 04 o H 04x0.4=016 Prob(HH) <¢=m
“CH @I 2
‘._/ 04 06 =T 0.4x0.6=0.24 Prob(HT) <=

0.6 04 _,H 06x0.4=0.24 Prob(TH) <=

04 o <
= H[ 0406
PL= T[ 04 06

06 T 0.6x0.6=0.36 Prob(TT) <=

23

Transition probability matrix [0™ Toss][1*" Toss]
H Tt He T2 H T
Py =Po x P, - [0,4P :ej Xt [g::P gig] = [mplo.ej
First probability: Po E BIOS477/877 L18 - 24
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Markov models

» Markov chain
Loaded coin [states: H and T]

05 I 04_yH  Prob(HHH)=064¢=m
04 06 0a ,H 4 T Prob(HHT)=.096 4=
’ @ @ : H< 04 _, H Prob(HTH)=.096¢=
o 047 06 " T=sT  Prob(HTT)=144 4=

Start

[oX
04_y,H  Prob(THH)=.096 4=
H T 0.6 0.4 H< T .
X Prob(THT)=.144 ¢==
P.= H[0.40.6] T< oL

T| 04 06 T <:H Prob(TTH)=.144 4=
Transition probability matrix 06> T  Prob(TTT)=.216 4=

[0™ Toss][1°* Toss] [2" Toss]

Markov models

> Markov chain

Loaded coin [states: H and T]

Initial Probability
L
= 6 T
Po= o406 ) 0 gy
Transition Probability [1** Toss] [2" Toss]
H T —
P, = H[ 04 06 Pn = Po x (PL)"
T| 0406

Pn: Probability of the state H or

AV AV AV AV AV AV AV N

eeiilllig
> [n-1th Toss]
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T after n times of tossing

- 2 Ho To H T Hz T2 _ Hz T2
Pr=Pox(PLY (m cof cdaxn(h g2]xit (o 52] = ©F °92
BIOS477/877 L18 -25
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What is hidden Markov model?
> Markov chain

Fair coin vs. loaded coin [states: H and T]
0.5 0.6
‘e | Y|
C@ (D )os o4 C@ D)o
05 0.4
Pro = ('g.s o.; h] Po= [Tu oTo )]

H T H T
05 = H[o04 06
05 ] PL - T [ 0.4 0.6 ]

Pe= 4 (52

BIOS477/877 L18 -27
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What is hidden Markov model?

> Markov chain
Fair coin vs. loaded coin [states: H and T]

Tos Toa
H T H T
Peo = (0505 ) Which coin  |PLo= (0408 )

T H T
do you have?
Pe = ?['?3;?] 4 P = ¥[3Z1312]
Observation: H, H, H

Pe(HHH] Fair coin) = PL(HHH] Loaded coin) =

BIOS477/877 L18 -29
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What is hidden Markov model?

» Markov chain
Fair coin vs. loaded coin [states: H and T]

N ~
“C® D= «C® DO~

T
Pro= (0505 ) Which coin Po= (o

HooT - HoT
_ you have? _ s 0.
Pe= #(8282 ) P= H[828¢ )

Try tossing the coin. Observe what happens!

BIOS477/877 L18 -28
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What is hidden Markov model?

» Markov chain
Fair coin vs. loaded coin [states: H and T]

05 0.6
~— ~—
sCH DI «CH DI
05 04

H T H T
Pro= (0505 ] Which coin  [PLo= (0408

H T do have? H T
Yyou have’ 4 0.
Pe= %(8383 ) Pu= H[8288)

Observation: H, H, H
Pe(HHH| Fair coin) > PL(HHH| Loaded coin)

[ Based on the observed sequence: HHH =¥ Fair coin is more likely ]
BIOS477/877 L18 -32
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What is hidden Markov model?

> Markov chain
If fair and loaded coins are mixed!
0.6

~ —~
o C@V(@D os C@V(@j 06

If the coin can |Pio
be changed... HooTJ
Pu= #[818¢)

H T
Pro = (0505 ]
H

;
Pr= 98383 ]

Observation: H, H, H

What is hidden Markov model?

> Markov chain

If fair and loaded coins are mixed!
0.5 0. 6
)
sCEH @ 2 wC@ D)o
0.5 0.4
H T H T
Pro = [0505 ] : Po= (0406
H T Now yée hg\;‘e sfo H T
e
Pe= ¥(8285 )| prababiines o |PL= ¥[848¢ ]

Observation: H, H, H

P(HeHeHE) or P(HLH HL) or P(HEHEHL) or P(HEHLH,) or ..

BIOS477/877 L18 -34
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What is hidden Markov model?

> Markov chain
If fair and loaded coins are mixed!

(Initial probability)
0.9
0.5

0.9

o.5m
0.1
Bl 6

F L
o States: Fair and Loaded F [ 09 01 ]
« Transition probability matrix > L L 01 09
o Each state emits symbols Hand T
with certain emission probabilities BIOS477/877 L18 - 35
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What is hidden Markov model?

> State sequence is unknown (hidden): Fair or Loaded
Observation: H T H T T T

(emission) 05 05 05 05 05 05
Fair: Fu Fr Fu Fr Fr  Fr

0.5, 0.9 0.9 0.9 0.9 0.9
(Probability of this path? |

start

State

Loaded: LH LT LH LT LT LT
(emission)

Prob=0.5x0.5x0.9x0.5x0.9x0.5x0.9x0.5x
0s  0.9x0.5x0.9x0.5=(0.5)x(0.9)7=0.0046

09 05

- . o1a .@ [Prob(path) = emission prob. X transition prob|
BIOS477/877 L18 -37
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What is hidden Markov model?

> State sequence is unknown (hidden): Fair or Loaded
T H T T T

Observation: H
State: ? }
Can we guess the hidden state sequence?
What we know: 09 a9

e

Transition probabilities: f 0i 09
Initial probabilities: (0.5, 0.5)
issi iisise Fair: H[ 0.5 LH( 0.4
Emission probabilities: Fair T[ 05] Loaded: H [ 0.6]

BIOS477/877 L18 -36
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What is hidden Markov model?

> State sequence is unknown (hidden): Fair or Loaded

Observation: H T H T T T

(emission)
Fair: Fu fT Fn Fr Fr Fr

start

State

Lo bbb
Prob=0.5x0.4x0.9x0.6x0.9x0.4x0.9x0.6x
0.9x0.6x0.9x0.6

0.9
=0.5x(0.4)?x(0.6)*x(0.9)°
YE —& i) S
BIOS477/877 L18 - 38
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What is hidden Markov model?

> State sequence is unknown (hidden): Fair or Loaded
Observation: H T H T T T

(emission) 0.5 05 05

Fair: Fu Fr Fu Fr Fr Fr

05 0.9
0.1 0.1 0.1
0.9

Loaded: LH LT LH L;r LT Lg'

State
a
=]

3
3

(emission) 04 0. 0.
Prob=0.5x0.5x0.9x0.5x0.1x0.4x0.9x0.6x
09 050 09 0.1x0.5x0.1x0.6
01
[E@ < @)
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What is hidden Markov model?

> State sequence is unknown (hidden): Fair or Loaded

Observation: H T H T T T
(emission) 05 05 05

Fair: Fi Fr Fu Fr Fr F
o5 H T HT>T T T

o1 ot 0.1
start
02 Prob=?
ded:
LOG (emission) LH !J'g- LH LT !TI |0.2-
Prob(path) = all emission probabilities x all transition probabilities

[ Search the most likely path (maximum probability) ]

BIOS477/877 L18 -40

What is hidden Markov model?

> State sequence is unknown (hidden): Fair or Loaded

Observation: H T H

mr‘ (emission) FH g@ FT

start [FF

Load(%gi:ssion) / LH LT @

Hidden state sequence! If this is the path with Max(Prob)
[ Path with the maximum probability shows the ]

State

most likely path of the hidden state (F or L)

BIOS477/877 L18§ -41
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Basic architecture of a profile HMM

Deletion states (d1, d2...): model deletion (a gap) in the alignment

Insertion states (o, i1,..):
model insertions of rendem-
residues between two

—_—

c c Y Transition

alignment positions 2: o :. ng A E::‘:‘:T.I::I::u;
O or P 9o ’I
Match states (mt, m2...): = g Ey
model the distribution # Gr G Z1 | Emission
of residues in the A E0 Hu | probabilities

corresponding o = 1u | for the state

column of an alignment

xr E Yu o_g_J BIOS477/877 L18 -43
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Profile hidden Markov models

> Probabilistic models of multiple alignments
(Krogh et al., 1994; Krogh 1998; Eddy 2004)
—> Closely related to standard profiles (PSSMs)
introduced by Gribskov (used in PROSITE)
-> Used in e.g,, PFAM, SMART, Superfamily, Panther

(databases of multiple alignments and profile HMMs for
domains and protein families)

o States: Insertion, Deletion, and Match
* Transition probabilities: between states
¢ Emission probabilities: for 20 amino acids
or 4 nucleotides .iosir7s77 11502
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Basic architecture of a profile HMM

Deletion states

Match states

Observed sequence: ACCY

¢ Any sequence can be represented by a path through the model
o Multiple paths are possible to model a sequence

BIOS477/877 L18 -44
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Basic architecture of a profile HMM

Deletion states

0.01

0.97

Observed sequence: ACCY

P(sequence | path): the product of emission and transition probabilities
P(=p) = 0.4x0.3x0.46x0.01x0.97x0.5x0.97x0.01x0.7

BIOS477/877 L18 -45

Basic architecture of a profile HMM

Deletion states

A ___, C B} Y
00081 g L 097 o Match states

Observed sequence: ACCY

P | path): the p of and transition probabilities

P(=») = 0.3x0.008x0.015x0.5x0.46x0.5x0.015x0.73x0.01x1.0

BIOS477/877 L8 - 46
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Basic architecture of a profile HMM

Deletion states

07

Y
Observed sequence: AGCY
P(sequence | HMM): Sum of probabilities of all possible paths
= P(sequence | path1) + P(sequence | path2) + ...
=> Probability of the sequence given the model

BIOS477/877 L18 -47
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Profile HMM search
¢ Profile HMM vs. Sequence database
. ,Dgtabase Search result
Query profile HMAM high similarity
[ — 2 ESaubncess
s Lo Seduence? Sequence5
o o Seq“e"ce - Sequencell
o o o s:qu:;lzzs Seauencal
A . - Sequence73
Pairwise alignment Sequence6é Sequence65
Sequence?7 qu
Sequence33
ow similarity

Find sequences belonging to a protein family
sharing similar functions

BIOS477/877 L18 -49
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Profile HMM search
¢ Sequence vs. Profile HMM database
Query sequence ﬂ'
ProfileHMM1

MVLSPA. .. L ]

e
Qg%% Xﬁ” i Search result

ProfileHMM2 Domain 8

Pairwise alignment

— - Find functional
ProfileHMM3 domains from a
SN 7;9 sequence.

Profile HMM database:

pHMMs are built from
protein families or
functional domains

- Identify its
functions or protein
family membership.

BIOS477/877 L18 -48
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Profile HMM databases for domain/protein families

> InterPro: Classification of protein families
https: yw.ebi.ac.uk/interpr

= includes Pfam: a database of multip] ignments and HMMs coverina manv
protein domains Include external sources
> CDD: Conserved domain database (e.g.. Pfam, SMART, efc)

hittps:/www.ncbinlm.nih.gov/Structure/cdd/cdd.shtml

> SMART: Simple Modular Architecture Research Tool

> Superfamily 2: HMM library and genome assignments server
https:/supfam.org/

> Panther: Protein ANalysis THrough Evolutionary Relationships
http:/www.pantherdb.org/

© HMMER: profile HMM search nttp://www.cbi.ac.uk/Tools/hmmer/
h i 1

¢ HHblits: Homology detection by iterative HMM-HMM comparison
(MPI Bioinformatics ToolKit https:/toolkit.tuebingen.mpg.de) ~BIOS77/877L18-30
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https://www.ebi.ac.uk/interpro/
https://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml
http://smart.embl-heidelberg.de/
https://supfam.org/
http://www.pantherdb.org/
http://www.ebi.ac.uk/Tools/hmmer/
https://toolkit.tuebingen.mpg.de/

