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Introduction

The prediction of the 3-dimensional structure of a protein given its chemical composition (that
is, its amino acid sequence), remains an elusive problem in spite of decades of research efforts.
The rate of progress in the field is even stagnating, and much of the improvements seen in the
last couple of years can be attributed to larger databases ofexperimentally determined protein
structures, and to more powerful computers (Kryshtafovychet al., 2007).

We recently developed a probabilistic model of local protein structure in continuous space,
TorusDBN, which is an attractive alternative to the discrete, non-probabilistic fragment assem-
bly methods (Boomsmaet al., 2008). Furthermore, the model allows for calculating the prob-
ability of a sampled conformation, which is essential in order to avoid biases in Monte Carlo
sampling. However, in order to predict native protein structures, non-local interactions must
also be taken into account.

Here we present our framework, PHAISTOS5, and our initial attempts of predicting protein
structure from sequence. We tested our approach rigorouslyby participating in the 8th Commu-
nity Wide Experiment on the Critical Assessment of Techniques for Protein Structure Prediction
(CASP8); a biennial double-blind experiment in protein structure prediction (Moult, 2006). We
submitted structure predictions for 5 different targets. Two of these targets turned out to be in-
trinsically unstructured proteins, without a fixed structure. Nonetheless, we managed to predict
some important substructures present in these proteins. For the remaining three globular pro-
teins, we successfully predicted the fold for two of them. These results are very encouraging,
especially considering the preliminary state of the nonlocal energy function and the fact that we
only use the protein sequence as input for the predictions.

Phaistos framework

Our long-term goal is to have a completely probabilistic description of protein folding. The
connection between the underlying physics and the probability of finding a protein in a con-
formationj, comes from the Boltzmann distribution and is proportionalto gj exp(−Ej), where
gj andEj are the multiplicity and energy of the conformation, respectively. According to the
widely accepted Anfinsen hypothesis (Anfinsenet al., 1961), the native state of a protein is the
most probable state at thermodynamic equilibrium.

5http://www.phaistos.org
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We represent the protein as a polymer with fixed bond lengths and bond angles. The amino acid
side chain atoms are represented by one pseudo atom (SC) at the geometrical center for each
residue, as shown in Fig. 1. The only degrees of freedom for the protein are thus the dihedral
angles along the backbone; a conformation is specified by thesetX = {ωi, φi, ψi}, where the
index i runs over all amino acids andω, φ, ψ are the usual backbone dihedral angles. In the
current version of PHAISTOS, we fix the protein’s secondary structure to the one predicted by
PSIPRED (Jones, 1999).

Figure 1: Protein representation. The protein backbone is modeled inatomic detail: each residue
contains four backbone atoms (N, Cα, C and O). For the amino acid side chains we use a simplified
representation: each side chain is represented by one pseudo-atom (SC).

We combine our local model with a non-local energy function,and obtain low energy structures
by generalized Monte Carlo sampling. Then, a subset of thesesamples are selected based on
their energies and by clustering structures. The final predictions are obtained by filling in all the
missing atomic details (that is, the side chain atoms and thehydrogen atoms) and ranking the
samples using an all-atom force-field.

Our non-local energy function consists of contributions from excluded volume interactions,
hydrogen bonds between main chain atoms, compactness and a multi-body contact term. The
excluded volumes of atoms were taken into account in the formof a simple repulsion when two
atoms are closer than the sum of their van der Waals radii, of the form

Eclash ∼ H(rc − rij)(1 − rij/rc),

whereH is the Heaviside step function,rij is the interatomic distance andrc is the clash dis-
tance.

The hydrogen bond term was taken from the literature, and is afunction of various distances and
angles between the hydrogen bond partners (Fabiolaet al., 2002). We only include hydrogen
bonds betweenβ−strands, asα−helix hydrogen bonds are taken into account by the local
model. The hydrogen bond energy term is of the form

Ehb = ǫ
(

(σ/rN−O)6 − (σ/rN−O)4
)

cos4 (θ − θ0) SW(rN−O) ,

whereǫ is a scaling factor,σ is a parameter determining the optimal hydrogen bond N-O dis-
tance,rN−O is the distance between the N and O atoms,θ is the N-O-C angle (θ lies between 0
and 180 degrees),θ0 is the ideal hydrogen bond angle and SW is a smoothing function.

Folded protein molecules are in general compact, and we include a term for biasing sampling
towards compact structures. This term is based on a spatial Poisson process. Such a Poisson
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process can be used to assign a probability to observing a number of points in a given three-
dimensional volume. We use the probabilityP(N |Rg), whereN is the length andRg is the
radius of gyration of the protein. The expression forP(N |Rg) according to the spatial Poisson
process is:

P(N | Rg) =
1

N !

(

ρRc
g

)N
exp

(

−ρRc
g

)

.

The values for the parametersρ andc of the spatial Poisson process were obtained by maximum
likelihood estimation (resulting inρ = 0.334, c = 2.274), using a database of(N,Rg) pairs
derived from protein structures in the Top500 database6, which is a standard reference database
of high quality protein structures. As far as we know, this isthe first application of the spatial
Poisson process for constructing a probabilistic model of the compactness of proteins.

The last non-local energy term in our model is a multibody contact potential which captures
the preferences of the different amino acid types with respect to neighboring amino acids and
the total number of neighbors. To determine the neighbors ofan amino acid, we made use of
the half sphere solvent exposure construction (Hamelryck,2005), which separates the spherical
environment of an amino acid into two separate domes, one of which contains the side chain. A
simple probabilistic model (essentially based on a dice model) is then used to model the amino
acid type content of the domes. Details of this model will be described in a separate publication.

We sample the conformational space from the distribution

P ∼ P(X|S,A)PclashPhbP(N |Rg)Pmultibody,

whereP(X|S,A) is the probability of the structure according to TorusDBN, included by using
it as a proposal distribution in a Markov Chain Monte Carlo (MCMC) scheme. The remaining
factors are probabilities from our non-local terms, where energy terms have been converted
to probabilities in the form of Boltzmann factorsPi ∼ e−λiEi, whereλi is a scaling factor
for energy termi. The scaling factors were determined manually using a smallset of known
protein structures. By using our local model as proposal distribution, only conformations with a
realistic local structure are considered, allowing for an efficient search in conformational space.

The energy landscape of conformational space is very rugged. Therefore, the task of find-
ing the global minimum among a large number of local minima separated by high barriers
is a formidable challenge which requires advanced samplingtechniques. The sampling algo-
rithm that we use is a generalized multi-histogram method that estimate the density of states
as a function of energy,g(E), from the sampling histogram (Hesselbo and Stinchcombe, 1995;
Ferkinghoff-Borg, 2002). The density of states is used to sample conformational space with
sampling weights

ω(E) =

(

∑

E′≤E

g(E ′)

)−1

.

The sampling algorithm thus biases the sampling towards lowenergy conformations, and at the
same time avoids getting trapped in local energy minima.

Using our coarse-grained model and efficient sampling we cangenerate large numbers of con-
formations. In order to select conformations for further analysis we use a clustering algorithm

6Available from http://kinemage.biochem.duke.edu/databases/top500.php.
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that is based on Gauss integrals (Røgen, 2005; Røgen and Fain, 2003). Briefly, each conforma-
tion is mapped to a point inR30 using 30 different topological invariants of the polygonalcurve
connecting the Cα atoms of the structure. The points inR

30 are then clustered using standard
Euclidean metrics andk-means clustering.

We select a subset of structures based on the clustering and the coarse-grained energies for
further analysis. For each structure, we generate an all-atom model from the backbone coor-
dinates (Hartmannet al., 2007) and calculate the energy of the structure using a physics-based
all-atom force field with implicit solvent (Dominy and Brooks, 1999). The all-atom structures
are energy-minimized using steepest descent and adopted-basis Newton-Raphson minimization.
The final selection of structures is based on all-atom energies, radius of gyration, hydrophobic
radius of gyration, and physical properties.

Results

We selected 5 target sequences from the CASP8 experiment forprediction and used our proto-
col to generate 5 candidates for each target. Two of the selected targets turned out to be largely
disordered proteins. One of the disordered targets, T0474,was a dimer with some ordered
parts which included a helix-turn-helix motif, which was also present in our prediction (Fig. 2).
The other disordered protein, T0480, contained a zinc fingerwith four cystein residues in close
proximity, which we also correctly predicted (results not shown). For two of the remaining tar-
gets, T0469 and T0473, we predicted the native structures with Cα root mean square deviations
(RMSDs) of 5.0 and 5.4 Å, respectively (Fig. 3).

Figure 2: Experimental (light grey/green) and predicted (dark grey/blue) structures for residues 17-49
of CASP target T0474. Cα RMSD is 1.9 Å. (Colour figures will be included in the proceedings available
online).

Conclusions and outlook

Our results are very encouraging, given that our energy terms for non-local interactions were
just initial versions of what will eventually become a fullyprobabilistic framework for protein
structure prediction. In particular, we did not use any templates from homologous structures
in our predictions, suggesting that our approach is useful in de novo structure prediction where
template-based methods can not be used.
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Figure 3: Experimental (light grey/green) and predicted (dark grey/blue) structures for CASP targets
T0469 (left) and T0473 (right). Cα RMSDs are 5.0 and 5.4 Å, respectively. (Colour figures will be
included in the proceedings available online).

Comparing the experimental results with our sampled conformations, it is apparent that we need
to improve the non-local energy terms considerably. Furthermore, the secondary structure pre-
dictions that we used to restrict the search in conformational space turned out to be detrimental
to the results in some cases. We are currently working on an improved description of non-local
features in folded proteins which does not rely on a fixed secondary structure and we expect
considerable improvements.
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