Institutional Repository - Research Portal

Dépébt Institutionnel - Portail de la Recherche

UNIVERSITE researchportal.unamur.be
DE NAMUK

RESEARCH OUTPUTS / RESULTATS DE RECHERCHE

Collective Motions in Protein Structures: Application of Elastic Network Models Built
from Electron Density Distributions

Leherte, Laurence; Vercauteren, Daniel

Publication date:
2007

Document Version
Peer reviewed version

Link to publication

Citation for pulished version (HARVARD):

Leherte, L & Vercauteren, D 2007, 'Collective Motions in Protein Structures: Application of Elastic Network
Models Built from Electron Density Distributions', Conference on Computational Physics 2007 (CCP07), ULB,
Bruxelles, Belgium, 5/09/07.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

» Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
* You may not further distribute the material or use it for any profit-making activity or commercial gain
* You may freely distribute the URL identifying the publication in the public portal ?

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Download date: 02. May. 2026


https://researchportal.unamur.be/en/publications/eb3769a0-0227-4cb8-870c-d183229287ea

ons in Protein Structures: Applications of Elastic Network Models
Built from Electron Density Distributions

Laurence Leherte, Daniel P. Vercauteren
Laboratoire de Physico-Chimie Informatique (PCI), University of Namur (FUNDP)

Abstract

Computational simulations of protein dynamics play an important role in deciphering
protein functions, and usually require the knowledge of atomic coordinates. However,
for a humber of cases, one can only obtain fuzzy images of the molecules by means of
experiments. Therefore, a question is whether one can describe the motion of a
protein, at least the principal features, based on such images.

It has recently been shown that it is feasible to extract information about protein
motions, at a reasonable degree of accuracy, without knowing the precise amino acid
sequence. The models that are used, such as the Gaussian Network Model (GNM) and
the Anisotropic Network Model (ANM), operate under the fundamental assumption
that a folded protein can be viewed as an elastic network [1-2]. Numerous Web servers
are now available to easily and rapidly evaluate the slow and large-magnitude dynamics
of protein structures [3-9].

The present work consists in studying the dynamics of protein structures using
topological and structural informations contained in low-resolution promolecular
electron density distributions.  Dynamical information are obtained from two
approaches. The first one consists in building networks from ED maxima calculated at
various smoothing levels [10]. The second approach also considers ED networks, with
edges weighted by ED overlap integral values.

1. C,- and ED-Based Protein Networks
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5. Network Parameters for
Pancreatic Trypsin Inhibitor (5pti)
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2. Kirchhoff Matrix I of a Protein Network
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7. Residue Fluctuations
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*calculation over first 6 modes

3. Gaussian Network Model

ri=valu’ whereAisa diagonal matrix of eigenvalues of I' (frequencies?), and U is

the matrix of eigenvectors.
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8. Residue Displacement Vectors (mode #1)  ,._y7a )
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