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1 Introduction

For almost forty years, it has been known that the sequence determines the structure of a pro-
tein, which in turn determines its function (Anfinsen, 1973). The protein structure prediction
problem concerns the prediction of the 3-dimensional structure of proteins given their amino
acid sequence. A solution to this problem is of major importance in science, medicine and
biotechnology. Currently, the problem still stands mainlyunsolved, despite huge efforts and
slow incremental progress.

Two key ingredients are thought to be important to solve the problem. First, a way to ex-
plore conformational space efficiently is needed. Recently, we proposed probabilistic models
of local protein structure in continuous space (Hamelrycket. al.2006; Boomsmaet. al., 2008);
such models allow statistically rigorous sampling of structures with plausible backbone angles.
However, the major bottleneck in protein structure prediction is the construction of energy func-
tions – or equivalently, probabilistic models – that favor the native state. In this contribution,
we address an important aspect of the latter problem.

Central to understanding protein structure is the hydrogenbond. The importance of mod-
eling hydrogen bonding adequately in protein structure prediction, simulation and design is
evident. However, relatively few probabilistic models of hydrogen bond geometry have been
proposed. In addition, due to the complicated parameterization of hydrogen bond geometry –
which involves both angles and distances – the few proposed models suffer from drawbacks
such as the discretization of conformational space, or the decoupling of variables by assuming
independence. Such simplifications are likely to affect modeling of hydrogen bonds drastically.
Here, we present a probabilistic model of hydrogen bond geometry in continuous space, making
use of a Bayesian network.

2 Methods

The Pisces server (Wang and Dunbrack, 2003) was used to construct a dataset of proteins for
training; we required a pairwise sequence identity below 25%, a resolution better than 1.2 Å, an
R-value below 0.3 and the absence of chain breaks. The training set consisted of 292 structures.
A test set that includes lower quality structures was also constructed – again using the Pisces
server – by considering all structuresnotpresent in the test set, requiring an R-factor below 0.7,
a pairwise sequence identity below 25% and the absence of chain breaks. The test set consisted
of 3794 structures.

We parameterized a backbone hydrogen bond using the four pairwise distances between the
O,N,C and H atoms. These four distances are:d1 = O· · ·N, d2 = C· · ·N, d3 = C· · ·H and
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d4 = O· · ·H (see Figure 1). Hydrogen bonds were defined as having the following properties:
d1 < 3.5 Å , (O,H,N) angle> 100◦ and (C,O,H) angle> 100◦. For the sake of simplicity,
we assumed that every residue (except proline) is involved in at most one hydrogen bond at its
amide group, and one hydrogen bond at its carbonyl group; if several configurations satisfied
the selection criterion, the one with the smallestd4 was selected.

The DSSP program (Kabsch and Sander, 1983) was used to determine the secondary struc-
ture. All residues were classified into three categories:H for helix (classesG andH in DSSP),
E for strand (E,B), andC for coil (all others cases, exceptI). The rare hydrogen bonds be-
tweenH andE residues, and inπ-helices (classI in DSSP) were discarded, resulting in five
possible secondary structure combinationsS, with S ∈ [HH,EE,CC,HC/CH,EC/CE].

The sequential separation between the hydrogen bonded residues was also taken into ac-
count. The separation is defined as∆ = |i − j| for the hydrogen bonded pair with sequence
positionsi, j. All ∆ ≥ 5 are grouped together, and thus∆ ∈ [2, 3, 4, 5+]. The helical pair
(HH) only occurs with sequence separations three or four, corresponding to a 310-helix and
anα-helix, respectively. All other pairs occur with all possible sequence separations, except
intra-strand pairs (EE) which very rarely occur with separation two. In the model, secondary
structure and sequence separation were considered together, resulting in 17 distinct combina-
tions; these combinations were represented by one variable. In total 33714 hydrogen bonds
were considered for training. Bio.PDB (Hamelryck and Manderick, 2003) was used to extract
the data.

The full model (see Figure 1) represents the following jointprobability distribution:

P (S,∆, H,D) = P (D|H)P (H|S,∆)P (S,∆) (1)

whereD = [d1, d2, d3, d4],H is a discrete hidden nuisance variable,S is the secondary structure
information and∆ is the sequential separation. The first factor,P (D|H), is a four-dimensional
log-normal distribution. The other factors are derived from conditional probability tables.

Mocapy++ (Paluszewski and Hamelryck, 2010) was used to construct and train the Bayesian
network. Parameter learning was done using the stochastic EM algorithm. The number of
values adopted by the hidden node (the hidden nodesize) is a hyperparameter that needs to be
determined separately; we used the Bayesian information criterion (Schwarz, 1978) to select
the optimal model. We trained a range of models with a hidden node size varying between 5
and 110; the optimal hidden node size is 30. Figure 2 shows theBIC-value of all the trained
models.

Figure 1: Left: The four distances and atoms that characterize a backbone hydrogen bond. Right:
Structure of the Bayesian network. Shaded nodes are observed variables; non-shaded nodes are hidden
variables. S,∆: the secondary structure/sequence separation node,H: the hidden node andD: the
four-dimensional distance node.
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3 Results and Discussion

A detailed probabilistic model of hydrogen bond geometry ishighly valuable in protein structure
refinement, high-resolution protein prediction, protein design, and the simulation of protein
dynamics. We provide two evaluations of the model: a first based on visual inspection, and a
second based on distinguishing low from high quality protein structures.

The generative nature of the probabilistic model allows forsampling, which can be used to
visually inspect the performance of the model. Figure 3 compares samples obtained from the
model with the training data. The results indicate that the overall shape and the multimodal
nature of the data is well captured. The multimodality is dueto the sequential separation∆; a
hydrogen bond with lower separation is typically more bent than a hydrogen bond with higher
separation. This is indeed captured by the model.

A simple test to evaluate if the model can be used for refinement, is to examine if the model
can distinguish low quality structures (resulting from lowresolution data) from high quality
structures. Figure 2 shows the average negative log-likelihood of the hydrogen bonds in a
structure versus the resolution of that structure. The poorgeometry of the hydrogen bonds in
the low resolution structures is clearly reflected in the figure. The correlation vanishes around
1.2 Å, which is the cutoff used to select the structures in thetraining set.

In this contribution, we presented a simple probabilistic model of backbone hydrogen bond
geometry. In contrast to other models, the geometry is represented in a natural, continuous
space. We expect this model to be useful for protein structure prediction, simulation and design.

Figure 2: Left: The BIC-values for all the trained models, and their corresponding hidden node sizes.
The optimal model is shown as a shaded dot. Right: Average negative log-likelihood values of all the
structures in the test-set plotted against the resolution of the corresponding structures.

Acknowledgements
We acknowledge funding by the Danish Program Commission on Nanoscience, Biotechnology
and IT (NaBiIT) (project: “Simulating proteins on a millisecond time-scale”, 2106-06-0009).

63



Figure 3: 2D-histograms of the samples obtained from the model and thetraining data for all pairwise
distances.
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