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Protein structure prediction could be seen as either aarig@l or an algorithmic playground.
We are certainly interested in algorithmic improvementslf S8onsistent mean field methods
(SCMF) have traditionally been used in areas such as wawidmnoptimisation or protein
side-chain placement. We have been trying to apply the igetasd the most likely conforma-
tion for a protein. The philosophy relies on precalculatedrithutions of structural descriptors
given a set of known properties (a protein’s sequence) tiggawith a sequence, which is de-
composed into small overlapping fragments, the confonati space is described by a fixed
number of weighted multivariate Gaussians (the known itigions). As the conformational
bias, introduced by the sequence fragments, is local thghigeof the Gaussians for all over-
lapping fragments can be optimised iteratively. Unlike ecolar dynamics or Monte-Carlo
simulations, the optimisation is done in probability speater than on some initial structure.
Therefore, we do not need to calculate energies as in s@u&2iF. When the iteration con-
verges sample structures are generated from the weightess{aas. The current results show
that the procedure is able to find protein-like structures.céh also use this principle to predict
protein sequences from structure.

1 Introduction

We are interested in self consistent mean field methods @&k tiein structure prediction
problem. This also means formulating and building new fdiekls and treating also
protein sequence optimisation. Our method has a probédite®del of protein sequence-
structure correlation and approaches self consistentymtitis framework.

Many methods have already been applied to ab initio proteirctsire prediction. All
use some scoring schemes that are based on statistics phgifics and chemistry. We
want to avoid chemical detail as calculations become italde and also coarse grain
where one is usually dependent on preconceptions. Our agipis purely statistical with
its own approximations, but little reliance on human prexaptions.

2 Methods

We have developed and successfully applied a scoring scteepretein comparisons us-
ing sequence, structure or bbth It is based purely on Bayesian statistics and derived via
a maximally parsimonious automatic classfigom overlapping protein fragments. Each
is described by 5-7 amino acid types and 10-14 dihedral arfghen the backbone. The
method assigns a fixed number of class weights (typically3®D) to each fragment.

With this scoring framework we are able to generate proteircgire samples in four
steps (figure 1). First, the class weights matrix is buildrfrthe sequence. Then, the
conformational space is narrowed down by iteratively uipdgthe class weights of over-
lapping fragments. The local preferences are propagatdideaositions within a fragment
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are correlated. This favours the consistent classes. Freconditional class weights sam-
ple structures can be generated. As a final step, stericadask removed and the models
are collapsed by resampling random stretches. Unlike mistal SCMF, the method works

without assuming the Boltzmann distribution at any stage.
generate @
—

sample models
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Figure 1. Inthe online phase a sequence is broken into gurig fragments. Each fragment is classified leading
to a probabilistic description of possible conformatiofhis can be used to generate sample structures.

The method is available as a web service:
http://cardigan.zbh.uni-hamburg.de/ ~mahsch/schenk

Given an amino acid sequence the server generates a hugenofremples and ranks
them with their fragment probabilities,

1

Niragments Nelasses Ntragments

I X 1”ﬂfﬁAPj(ff"W) :

i=1 j=1

whereNy is number ofcx, w;| ;a4 is the conditional weight of clagsgiven the sequence

o, v
i

fragmentf4 andp; ( ) denotes the conditional density of the structure fragment

2% in classj.

3 Results

The Evaluation of 100000 samples of selected targets (figusriggests that the target
structure can be found among the generated modelselical targets seem easier than
those containing-strands, which is consistent with other methods. We alkutzed the
structure which corresponds to the distribution mean. Hewneave find it far from correct.

There are certain limits with the evaluation one should keepind when interpreting
the results. The multivariate Gaussian model lacks to atcimu the periodic nature of
dihedral angles and the use of idealised bonds lengths agldsaduring structure con-
struction introduces a fe\&ngstrﬂms error.

Another application of the classification is the predict@framino acid composition
from structure. The regenerated sequences are about 20%caleo the original. So far,
itis unknown whether these are bad sequences or alterpathatbilities folding to similar
structures.
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Target Protein  [Samples Best Highscore| Mean |[Mean (opt.)] Samples (opt.) FB5-HMM* ROSETTA*
PDB code Length a Bl <6A [%] RMSD [A] RMSD [AJRMSD [A] RMSD [A]<6A [%] RMSD [A] <6A [%] RMSD [A]|<6A [%] RMSD [A]
1FC2 43200 3510 4.1 6.2 6.9 5.5 9.503 21 % 33
1ENH 5420 0553 44 11.2 94 10.7] 0.387 46 6595 25 47 27
2GB1 5614 0.002 55 13 94 99 0.001 58 0037 49 0 6.3
2CRO 6550 0.050 53 871 106 91 0.052 52 0464 39 18 42
1CTF 6833 0.003 56 ny 127 1.0 0.009 54 6 53
4IcB 7640 0.003 5.7 12 104 8.0 0.004 53 0.089 43 17 47

Figure 2. Evaluation of 100000 samples of selected targétambers taken from Ref. 4.

1ENH best sample best sample (opt.) [ ghsco e mean mean (opt.)

Q’”j; \%ﬁ)&ﬁ <1

2GB1 best sample best sample (opt.)

highscore mean (opt.)

Figure 3. Two Examples from the evaluation.

4 Conclusions and Outlook

The method was tested with only a simple term to favour comipac It produces the
correct type of fold with secondary structure and loops imext places. There is some
limitation of coordinate reconstruction.

We are participating in the CASP8 competition. For this weiarproving the server
ranking. We are testing a combination with Monte Carlo ofgation methods. To im-
prove the quality of the generated models we are incorpwatolvation and long-range
terms into our scoring functions. Finally, we are fasterongsampling method.
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