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Abstract The Molecular Distance Geometry Problem is related to protein structure determination using Nu-
clear Magnetic Resonance information which is imprecise distances of some proteins atoms. Most
current methods available to solve this problem work with exact distances. We propose three new
methods to propagate uncertainty: using particles, using affine forms and hybrid affine-particles.
We use these new methods to propagate uncertainty and determine the protein backbone using
NMR like information.
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1. Introduction

Proper knowledge of three-dimensional protein structure is a major step in many bioinfor-
matic tasks. On important method to obtain protein structure is the Nuclear Magnetic Reso-
nance(NMR) [15] . This process can detect the interaction between pairs of atoms near to each
other. So the information given by an NMR experiment is an imprecise distance of some pairs
of atoms [6].

The computational problem to determine a protein structure from inter-atomic distances is
the Molecular Distance Geometry Problem (MDGP) [10]. Usually, we view this problem as a
graph problem, where each atom is mapped to one vertex and the edges are the known inter-
atomic distances, so this problem is also called graph embedding problem. The problem to
decide if a graph can be embedded in some k-dimensional space is known to be NP-Complete,
even for one dimensional case [12,13]. For a complete graph with exact distances, this is a triv-
ial problem. Dong and Wu [4] presented the Geometric Build-Up(GBU) algorithm that uses
a sufficient dense graph with exact distances to iteratively build a solution for the problem in
polynomial time.

Most current methods used to address MDGP use exact distances or an optimization pro-
cess, like Simulated Annealing [9]. In this work, we introduce the use of particles and present
a new hybrid method to propagate uncertainty. Applied to GBU, we can reconstruct a protein
using a sparse graph with intervalar distances.
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1.1 Uncertainty Propagation

Uncertainty representation and propagation is an important field in information theory [8].In
this work uncertainty means imprecise information, i.e. the unknown true value lies in an
interval. An uncertainty propagation method should represent the uncertainty of each system
state and control the uncertainty growth: if the uncertainty grows too much the information
can be useless.

We will use two well known methods for uncertainty propagation: Particles and Affine
Forms. Also, we will introduce a new hybrid method. All three methods will be applied to
the GBU algorithm and tested in protein structure determination.

Particles. Particles is a non-parametric uncertainty representation method [14]. Modelling
with particles is straightforward, a set of samples - called particles - is created for each un-
known value and computation is applied on these particles.

This approach is interesting because the computational framework is the same as that used
on exact values, the selection, filtering and optimization already available can be applied over
particles. In this work, we will use two methods to control particles:

Selection To control the amount of uncertainty to be propagated a subset of particles is se-
lected to represent one state. This selection is performed using Mahalanobis Distance [11].

Sample Importance Ressample Using a problem dependent scoring function, the score of
each particle is calculated and this score is used to determine the propagation probability
of each particle [2].

Affine Forms. A partially known value x̂ is defined by its central value and symbolic sum
of noise terms

x̂ = x0 +
n∑
i=1

xiei,

with xi ∈ R and ei ∈ [−1, 1]. The unknown terms ei models the uncertainty of one affine form.
To measure the uncertainty of one affine form x̂, one can use the range function:

range(x̂) =
n∑
i=1

|xi|.

In [3], an Affine Arithmetic (AA) is defined, arithmetical operations with real numbers are
trivial, other mathematical operations require approximations that create new unknowns val-
ues and enlarge the range. One important feature of AA is that noise terms can be cancelled:

x̂− x̂ = 0.

Affine arithmetic ensures that the resulting affine form contains the true value provided that
the operands contain the true value. This property, useful for reliable computing, in general is
not desirable because it causes the growth of noise range, because unlikely regions are reached
by an affine form.

Another drawback of affine representation is its distance to exact representation, that makes
the optimization process harder to design and implement.

One can create an exact representation from affine forms sampling values for unknown
terms and replacing the sampled values in all affine forms. As the affine correlation is held on
unknown sharing, this sampling process can create consistent values for a set of affine forms.
Also, it is possible to create a particles representation using this method.
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Hybrid Method. Here, we introduce a hybrid method for uncertainty propagation. Like in
[7] and in [5], the uncertainty is represented both in parametrical and non-parametrical forms.
Our method starts with an affine representation of the problem. Then a exact representation
is obtained sampling values for the unknown. The sampling process is repeated and a set of
exact instances is created. Now these instances are filtered and optimized (as seen on Section
1.1). We expect that this process will produce narrower limits and use those particles to control
the affine forms.

2. Computational Experiments

Three versions of the GBU were created to propagate uncertainty: particles-GBU, affine-GBU
and a hybrid-GBU. For particles and hybrid method, at each GBU step we create 60 parti-
cles for each state. The uncertainty is controlled as follows: the SIR process uses a quadratic
penalty function, and is repeated until the average score is stabilized, and a range that con-
tains 85% of the particles is propagated. After the proteins is determined an interval version
of Stochastic Embedding Proximity [1] improves the final structure.

2.1 Dataset and Distances Determination

We obtained all NMR proteins structures available in October 2012 at the PDB bank. As the
proposed method uses covalent and Cα distances (see below), we are able to use only proteins
whose distances were well defined in PDB bank, making 367 proteins.

The distances used in the tests were determined as follows:

1. RMN-like distances With atoms separated up to 5
◦
A , we use a intervalar distance: 2 to

3
◦
A , 3 to 4

◦
A and 4 to 5

◦
A ,in accordance with the observed real distance;

2. Molecular Geometry distances For atoms separated by one or two covalent bonds and
for consecutive Cα its exact distance is used;

2.2 Results

The affine GBU method did not work: this method does not control the uncertainty, the range
grows too fast and the computation does not work. The results for particles and hybrid meth-
ods are summarized on Table 1. The results are grouped by the size of the protein backbone,
and we show the percentage of distance restraints satisfied and the RMSD to the original pro-
tein. In Figure 3 we show the result for the 2gp8 protein.

Table 1. First the average percentage of distance restraints satisfied by the reconstructed protein and, in parenthe-
ses, the average RMSD to the original protein, in Angstr-oms.

Method/Backbone Size 50 100 150 200 >200

Particles 65,9 (2,8) 68,4 (4,6) 63,0 (7,2) 64,5 (8,4) 63,2 (10,5)
Hybrid 73,2 (3,2) 73,8 (4,6) 62,3 (6,7) 63,7 (8,1) 64,2 (9,9)

3. Conclusions

In this work we presented three methods to build protein structures using imprecise inter-
atomic distances. The pure affine approach did not work. The statistical uncertainty propaga-
tion - provided by particles selection and SIR filtering - is efficient to control the uncertainty
enabling the particles and the hybrid methods to determine the protein structure.
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Figure 1. The alignment of 2gp8 protein. In blue, the reconstructed protein using the hybrid method, aligned
with the original one, in green.
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