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Problem #2: fold recognition
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for the corresponding superfamily and fold

given an protein sequence x, the vector of discriminant scores
~f (x) and the vector of a weight vector W (determined by the
learning process), the rule for computing the class rule is
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PSI-BLAST profile: a mutation model for a single protein that
is computed from a (manually created) list of close neighbours
(homologs)

given a sequence x and PSI-BLAST profile P(x), define
positional mutation neighborhood at postition j:
M(k,σ) (P(x[j + 1 : j + k])) =
P
= {β = b1 b2 ...bk : − ki=1 log pj+i (bi , P(x)) < σ}
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translation: set of k-mers β = b1 b2 ...b3 whose probability of
mutating from x is large enough according to PSI-BLAST
additional smoothing is performed using background
frequencies q(b), b ∈ Σ of amino acids in the training data
p̃i (b) =

pi (b) + tq(b)
, i = 1...|x|
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because the PSI-BLAST profile is calculated from unclassified
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Protein folding problem: final thoughts
“Molecular dynamics simulations with atomic detail can be
routinely applied to systems containing up to a million particles
over several nanoseconds.
/.../
Proteins can be followed over microseconds, which is not yet
sufficient to simulate realistic folding processes and reliably predict
protein structures from sequence data. With the near future
petaflop computers, the protein folding problem, which has been
called the Goly Grail of biophysics (Berendsen, 1998), is likely to
be solved.”
— Herman J. C. Berendsen. Simulating the Physical World:
Hierarchical Modeling from Quantum Mechanics to Fluid
Dynamics. Cambridge University Press, 2007, pp. 207-208
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