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Pattern Recognition Approach
Secondary Structure Elements:fH; E; L g (can have di erent
de nitions)
Multi-Class Classi cation Problem

Reduced to the Combination of Bi-Classi ers
(H= H;E= E;L= L)
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Pattern Extraction: Sliding Window

length n window
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Figure 1: Sliding Window Scheme
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Related Work

Rost B, Sander C. Prediction of secondary structure at bette
than 70% accuracy.J. Mol. Biol. 1993;232:584599. 220223.
(the well-known PHD method, using the neural network
approach)

Guo et. al. A Novel Method for Protein Secondary Structure
Prediction Using Dual-Layer SVM and Pro les. PROTEINS:
Structure, Function, and Bioinformatics .54:738743 (2004)
(using the SVM appoach combined with the PSSM pro Ig
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Bottleneck of this Scheme

Only the \local" information is used.

Why not use new models that are capable of considering
nonlocal interactions in the sequence which occur outside a
xed length window?
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Bayesian Segmentation Model

Basically, it interprets the problem within the Bayesian fr amework,
and breaks down each element so that we can make better use of

the information provided by the data.
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Notation

sequence oh residues.

S=fi:Struct(R;) & Struct(Rij+1); I mg

the sequence ofm segment ending position.

the sequence of secondary structural types for each segment
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Figure 2: Representation of the secondary structure of a prin
sequence in terms of structural segments. The parameters sivn
represent the segment typesl (L, E, L, E, L, H, L, . . .) and
endpoints S (4, 9, 11, 15, 18, 25, . . .). The associated structure
assignment is LLLLEEEEELLEEEELLLHHHHHHHLLL . . .
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Basic Model

1. Infer the values of (m; S; T) given a residue sequenceg, i.e.,
P(m;S;TjR)
2. By Bayesian inference, nd

arg mr_nSr_;lTx P(m;S;T|R)
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A Priori Distribution

For computational convenience, we factorP (S; T; m) as a Markov
process:

\d
P(m;S;T)=P(m) P(T;jT; )P(SIS 1;T;)
=1

Interpretation

P(T;JT; 1) implies that each segment type depends only on its
nearest neighbors;

P(S;]S; 1;T;) allows explicit modeling of the di ering length
distributions of each segment type observed in the Protein
Data Bank.
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Figure 3: Empirical length distribution of observed structural seg-
ments for -helices (dark) and -strands (light). Distributions are
calculated from the structural database.
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Likelihood
Y
sequence likelihood = segment likelihood
P(Rim;S;T)= P(R[s, ,+1:51S;T)

j=1
The form of the segment likelihood is structure-dependent;

we aim to developing a probabilistic model of the given type 6
segment.
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General Comments

1. note that this model does not assume conditional indepengince
of intra -segment residues;

2. the terms P(R(s, ,+1:5,1)S; T) for individual segments depend
on general properties of a segment (such as hydrophobic
moment or helix dipole) beyond properties of individual
residues.
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Core Aspects of Secondary Structure
Formation

amino acid amino acid propensities;
hydrophobicity patterns;
side chain interactions;

helical capping signals.
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Helix Model

side chain periodicity can be an important clue for identifying
the underlying backbone conformation.

helical capping signalsthe preference for particular amino acids
at the N- and C-terminal ends which terminate helices throuth

side chain-backbone hydrogen bonds or hydrophobic
Interactions.
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Intra-Segment Dependencies

Sj Y+|H
P(R[Sj 1+1: Sj]ij 1;Sj;H): P,{'_Ii s 1(Rin[5j 1+ 1])
i=Sj 1+1
Slec
P™(RijRs, 1+1:i 11)
i=Sj 1+ +1
Vi
P(I:_Isj i +1 (R|JR[SJ 1+10d 1])

i:Sj |(|_:i+1

Here Ii] indicates the length of the helix N-cap model,N;, C;
Indicate the ith position from the N- and C-termini respectively;
and | indicates internal (noncap) position.
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Figure 4: Evaluation of the -helix segment model for a particu-
lar amino acid subsequence. Grayed areas are the N- and C-cap
positions speci ed by distinct amino acid probability dist ributions.
Internal positions are modeled as identically distributed but depen-
dent.
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Helical Segment Model

The rst 4 such positions at each terminus in -helices are of
particular interest because of their:

Inability to form intra-helical hydrogen bonds;
propensity for acidic/basic side chains;

stabilization e ects of the helical dipole moment.
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Helical Segment Model (cont'd)

Figure 5: A graphical model representing the conditional irdepen-
dence structure for the amino acids in an example -helix segment.
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Helical Segment Model (cont'd)

Hence we can reformalize the intra-segment dependencies:
P (RiiRp: 1) = P (Rijhi)P™ (hijhi 2;hi s5hi 4)

where h; 2 f hydrophobic; neural; hydrophilic g indicates the
hydrophobicity class of residueR;.

Note, reduced alphabet to avoid combinatorial explosion of
parameters.
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Statistical Data

Figure 6: Amino acid distributions for interested positions.
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-Strand and Loop Models

The general form is convenient for modeling variable-lengt
segments, and we retain such a form for -strand and loop
segments;

the utility of distinguishing end-capping residues in -strands
and loops is less obvious than in the case of-helices.
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Computation and Inference

Slight generalization of the standard forward-backward afgorithm

for HMMSs:
. X 1 X . .

(Jit) = (ViDP(Rpy+1:j1iSprev = V;S=};T =1t; )
v=1l |I2SS
P(S=]JJT =t Spev = V; )P(T =tjTprev = I; )

. X1 X . .

(Jit) = (V;I)P(R[j +1: v]JSnext =v;S= T =1t )
v=)+1l |2SS
I:)(Snext — VjS — j;Tnext = )P(Tnext — |jT =1 )

where SS 2 f H; E; L g is the set of possible secondary structural
types and h represents the model parameters.
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An Alternative to MAP

many di erent segmentations may exist which may have
signi cant probability mass.

the most commonly reported measure of accuracy for protein
secondary structure prediction is the Q3 value, the percentage
correct on a per residue basis.

Thus the marginal posterior mode at each position is prefered:
n O,
Structpmoge = arg mTaxP(TR“]jR; )
i=1
where P (Tgr,,JR; ) represents the marginal posterior distribution
over structural types at position 1.
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Compute the Marginal Distribution

X1 IhH 1X
P(Tr, = YR; )= ;1) (k;t)
j=i D+1 k=i 12SS
I:)(R[j +1: k]jSprev = ;S =kT=t )
P(S= KT =t; Sprev = I, )P(T = thprev =1, )=Z
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Results
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Comparison 1

Figure 7. Results obtained from Salamov and Solovyev, 1997.
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Comparison 2

Figure 8. Results obtained from Guo et al., 2003
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Discussion

1. This method is more powerful to incorporate expert knowlelge;
2. but it requires a great deal of data;

3. can we do something to combine the sliding window scheme
with this one?
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Q&A
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