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ridging from molecular simulation to biochemical networks
atthias Stein1, Razif R Gabdoulline1,2 and Rebecca C Wade1
How can we make the connection between the

three-dimensional structures of individual proteins and

understanding how complex biological systems involving many

proteins work? The modelling and simulation of protein

structures can help to answer this question for systems ranging

from multimacromolecular complexes to organelles and cells.

On one hand, multiscale modelling and simulation techniques

are advancing to permit the spatial and temporal properties of

large systems to be simulated using atomic-detail structures.

On the other hand, the estimation of kinetic parameters for the

mathematical modelling of biochemical pathways using protein

structure information provides a basis for iterative manipulation

of biochemical pathways guided by protein structure. Recent

advances include the structural modelling of protein complexes

on the genomic level, novel coarse-graining strategies to

increase the size of the system and the time span that can be

simulated, and comparative molecular field analyses to

estimate enzyme kinetic parameters.
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Introduction
The structures of proteins are being solved in ever-

increasing numbers, particularly as a result of structural

genomics projects. The number of protein structures that

can be modelled is rising concomitantly [1]. This struc-

tural information provides a basis for understanding

protein function and for the design of modified proteins

and ligands, including drugs [2]. Although it is important

to study proteins as individual entities, a full understand-

ing of their function requires treatment of their biological

context, which may be considered as, for example, a

multiprotein complex, a crowded cell compartment or a

metabolic network. This task is very challenging because
urrent Opinion in Structural Biology 2007, 17:166–172
it requires bridging many orders of magnitude in spatial

and temporal dimensions.

We consider two main strategies to bridge from atomic-

detail structures of proteins to the complex biological

systems they participate in (see Figure 1). The first

approach is to construct spatial models by building up

from models of multiprotein complexes to simulations of

the dynamics of macromolecules in cellular compart-

ments using multiscale methods. The models should

permit zooming in and out in spatial and temporal resol-

ution. The state of the art of this approach is summarized

in the next section. The second approach is to feed

properties, such as kinetic parameters, computed from

protein structures into macroscopic biochemical network

models. Simulation of such biochemical networks can

permit critical steps in the networks to be identified. If

these are dependent on parameters that can be estimated

from protein structure, then they can be targeted for

alteration by structure-based ligand design or protein

engineering. Thus, an iterative cycle between protein-

structure-based simulation and design, and mathematical

modelling of biochemical networks can be established.

This second approach, which provides a practical means

of bridging from molecular modelling and simulation to

biochemical networks, is the main focus of this review.

Towards dynamic structural models of
the cell
Advances in imaging and fluorescence labelling tech-

niques are providing insights into the location and

dynamics of specific macromolecules in cells. For a recent

overview of biological, biochemical and physical methods

to characterize single cells, proteins and protein com-

plexes, see [3]. The growing amount of spatial and

temporal data needs to be put in a common framework

[4]. This raises challenges in modelling the interactions of

macromolecules at the cellular level. We summarize how

this is being addressed from a bottom-up perspective.

Modelling multimacromolecular complexes
The modelling of multimacromolecular complexes is a first

step in going from individual protein structures to a spatial

model of a cell and all its molecular components. The

methods and algorithms to elucidate the structures of

protein–protein macromolecular assemblies have recently

been reviewed [5]. Recent studies have shown that large

complexes can be modelled using a combination of diverse

types of experimental data and modelling techniques. For

example, raw electron density maps from cryo-electron

microscopy (cryo-EM) can be used to assist the modelling

of multiprotein complexes (for a review, see [6]). The
www.sciencedirect.com
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Figure 1

Schematic figure showing two different approaches to bridging from structure-based molecular simulation to complex cellular systems.
modelling of protein assemblies based on the structures

of homologous protein–protein complexes has been

attempted on the genomic scale [7,8]. When template

structures of complexes are not available, protein–protein

docking techniques have been applied to generate struc-

tures of binary and multiprotein complexes [9]. Larger

systems can be modelled at a lower level of resolution. The
Figure 2

Schematic figure illustrating the concerted use of protein-structure-based s

phenomenon. This figure follows the layout of the scheme in Figure 1. The c

diffusional association of the superoxide anion, and to compute the diffusio

influenced by the electrostatic potential of the protein, shown by isosurface

computed for this process (k4) was used in a 19-differential equation model

compartments and two enzymes, that reproduced experimentally observed
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nuclear pore complex was modelled by Devos et al. [10]

using a modular fold recognition and assignment approach,

followed by iterative sequence-structure alignment and

model building. Geyer and Helms [11,12�] made spatial

and kinetic reconstructions of chromatophore vesicles from

Rhodobacter sphaeroides purple bacteria. These spherical

vesicles of �45 nm diameter contain the photosynthetic
imulations and mathematical modelling to study a cellular

rystal structure of myeloperoxidase was used to simulate the

nal association rate constant and its dependence on pH. This is

s at �0.3 (red) and +0.3 (blue) kcal/mol/e. The kinetic parameter

of the peroxidase-oxidase reaction, involving two cellular

oscillations in the levels of metabolites in activated neutrophils [41].

Current Opinion in Structural Biology 2007, 17:166–172
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Box 1 Mathematical modelling and simulation of biochemical

networks.

Models of biochemical networks are typically constructed as sets of

differential equations describing the time dependence of compound

concentrations. Ordinary differential equations (ODEs), depen-

dent on only one variable (e.g. time), can be used to describe the

change of states (e.g. compound concentrations). The equations can

describe changes due to reaction and diffusion or other transport

processes. Partial differential equations (PDEs) depend on more

variables and enable the investigation of spatial and temporal

changes of molecular concentrations. The differential equations

contain kinetic parameters, which need to be determined experi-

mentally or estimated computationally.

When molecular concentrations fall below a threshold such that they

can no longer be treated uniformly and deterministically, then the

discrete nature of the molecules and their stochastic behaviour has

to be taken into account in simulations with random fluctuations. This

can be done using the Gillespie algorithm to compute the time

evolution of the probability distribution of a stochastic system of

reactions.

The dependence of the results on the choice of parameter values can

be investigated by a sensitivity analysis. Metabolic control analysis is

one tool commonly used to investigate the relationship between a

steady-state system and individual reactions on a quantitative and

qualitative level. The sensitivity of the steady-state solution to small

parameter perturbations is analyzed and insight gained into the

regulatory and feedback properties of the network.

A variety of software packages are available for modelling and

simulating biochemical networks [51]. The models can be described

and exchanged using systems biology mark-up language (SBML) or

cell mark-up language (CellML) formats. An overview of concepts

and applications of systems biology can be found in [52].
machinery and have been extensively characterized exper-

imentally. The models provide a basis for stochastic

dynamic simulations of the complete vesicle at the mol-

ecular level and assist in the resolution of experimental

ambiguities.

Simulation of the dynamics of
macromolecular assemblies
The simulation of the dynamics of macromolecular

assemblies is the next step in building a dynamic model

of the cell. The size and complexity of systems that can be

simulated by atomic-detail molecular dynamics (MD)

simulation techniques using molecular mechanics (MM)

models is constantly increasing [13]. Examples of large

systems simulated recently include the complete satellite

tobacco virus [14], tRNA decoding in the ribosome [15] and

cellular machines [16]. The rare occurrence of barrier-

crossing events in biochemical processes on the MD time-

scale (of the order of tens of nanoseconds) means that

alterations of the potential energy surfaces or special con-

figurational sampling schemes are frequently necessary. An

alternative is to reduce the level of detail in the simulations,

that is, the number of particles simulated can be reduced by

coarse graining (CG), enabling longer timescales and larger

spatial scales to be accessed. CG methods for proteins have

been reviewed recently [17]. A recent example of mesos-

cale simulations employing CG is the investigation of the

role of histone tails in chromatin folding [18�,19].

Different parts of a system might require different treat-

ments or different levels of detail. The rigid parts of a

molecule can be identified based on properties such as the

presence of a hydrogen-bonding network and then the

links between them modelled as fully flexible [20]. By

extending the timescale of simulations of proteins using

CG, microseconds can be simulated with models com-

prising 1–2 beads per residue [21�,22], whereas millise-

conds can be accessed when protein domains are treated

as rigid bodies [23].

Simulation of the dynamics of transient
interactions in large molecular systems
A range of techniques are required for the simulation of

the dynamics of transient interactions in large molecular

systems. Atomically detailed macromolecular structures

can be used directly. This was recently demonstrated by

McGuffee and Elcock [24�], who performed Brownian

dynamics (BD) simulations of the diffusional motion of

proteins in 1000-macromolecule systems of concentrated

protein solutions. Each protein was treated as a rigid

atomic-detail entity. The simulations reproduced the

experimental diffusional properties of protein solutions

and the same approach is being used to simulate a piece of

cytoplasm crowded with a range of different macromol-

ecular entities (AH Elcock, personal communication).

Another way to use atomically detailed protein structures

is in a multiscale modelling framework, in which
Current Opinion in Structural Biology 2007, 17:166–172
parameters from more detailed models are used in less

detailed models. For example, Pricl et al. [25,26�] used

atomistic MD simulations of lysozyme–silicon surface

interactions to compute molecular energetic and struc-

tural parameters for a macroscale continuum dynamic

model of the diffusion of lysozyme through silicon mem-

brane nanochannels.

Simulation of biochemical networks
The biochemical processes in biological cells are complex

and interwoven (as can readily be seen from a glance at

the ‘Biochemical Pathways’ wall chart; www.expasy.ch/

tools/pathways). Pathway cross-talk by shared metab-

olites or enzymes, regulation, and positive and negative

feedback all contribute to the complexity. Mathematical

models are essential for understanding biochemical net-

works and predicting their behaviour under perturbation.

Mathematical models permit the time dependence of

metabolite concentrations to be simulated. The spatial

variation of metabolite concentrations can also be simu-

lated (see Box 1).

Although it is possible to attempt whole-cell simulations

with all relevant metabolites included (e.g. the E-Cell

project [27] or Project Cybercell [28], to name only two),

it is more common to model individual pathways or
www.sciencedirect.com
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groups of pathways. A modular approach can then be

taken to investigate cross-talk between pathways and

reconstitute cell-like simulations from independent

modules [29]. Pathways that have been extensively

modelled and simulated recently include the mitogen-

activated protein kinase (MAPK) pathway [30] and gly-

colysis [31,32].

Spatio-temporal simulations are reviewed in [33,34].

Recent applications include the simulation of ectopic

neurotransmission with a model synapse using a Monte

Carlo (MC) method with molecules represented as diffus-

ing and reacting particles in a synaptic topology derived

from electron tomography [35]. Fleire et al. [36] used BD

simulations to model B-cell antigen collection through a

spreading and contraction response, and Means et al. [37]

applied a finite element reaction-diffusion model of

mast cell calcium dynamics that incorporates the complex

geometry of the endoplasmic reticulum.

Parameterization of models for the
simulation of biochemical networks
When biochemical networks are simulated, kinetic

parameters are required for the differential equations

in the model (see Box 1). If a differential equation

describes a reaction catalysed by an enzyme, the

parameters will correspond to rate constants for an

elementary reaction step or the overall reaction (e.g.

Km, Vmax and kcat). Ideally, all the parameters required

for a given mathematical model will have been deter-

mined experimentally under conditions relevant to the

model. Indeed, with advances in high-throughput exper-

imentation, more quantitative and consistent enzyme

kinetic data are becoming available [3]. This makes it

feasible to obtain such parameters for a complete bio-

chemical pathway in a systems biology project. However,

the usual situation is that experimental measurements of

the kinetic parameters for a pathway are distributed in

different scientific publications and relate to different

experimental conditions. Some of this kinetic information

is stored in databases such as BRENDA [38] and SABIO-

RK [39]. Curation of these databases and defined stan-

dards in reporting enzyme kinetic data (STRENDA,

Standards for Reporting Enzymology Data) [40] will

facilitate the task of locating and selecting relevant

kinetic measurements. Often, experimental data are lack-

ing and parameters must then be estimated and the effect

of their variation assessed by sensitivity analysis of the

model. Parameter estimation should make use of values

available for homologous enzymes or for the same

enzyme under different conditions (pH, temperature,

buffers, etc.).

This is where protein structure information becomes

useful. It has recently been shown that, when protein

structure information is available for the enzymes

involved, kinetic parameters can be estimated from the
www.sciencedirect.com
protein structures and used in macroscopic mathematical

models [41] (see Figure 2). This provides a means for

bridging between atomic-detail protein structures and

cellular phenomena, such as the oscillation of the levels

of metabolites in a cell.

Enzyme kinetic parameter estimation
using protein structures
Enzyme specificity, ligand-binding affinity and catalytic

turnover rate are all encoded in the three-dimensional

macromolecular protein structure. The kinetic parameters

are dependent on the free energy profile of the reaction.

This free energy profile, and thus the rate-limiting step,

varies according to the nature of the substrate and the

environmental conditions (pH, temperature, etc.). The

barrier to the reaction might be due to a bond breaking

or making event, a conformational change or a diffusional

process. Therefore, the type of computational method

necessary to compute a kinetic parameter is dependent

on the physicochemical properties of the rate-determining

event.

When bond breaking or making is important, transition

state theory and a quantum-mechanical (QM) treatment

can be used to calculate enzyme kinetic parameters

[42,43]. QM, QM/MM and empirical valence bond

(EVB) methods are widely used to study enzyme catalysis

[44]. Classical MD simulation methods are appropriate to

compute free energy differences for enzyme reactions

involving conformational changes [13]. Both QM and MD

simulations are time and resource intensive, and therefore

currently impractical in a biochemical pathway modelling

project.

When the reaction is fast and subject to diffusion control,

association rate constants can be calculated using BD

simulations. These are much less computationally

demanding than QM and MM calculations, as the solvent

is treated as a continuum and the protein is typically kept

rigid. Important dynamic motions in the protein can be

accounted for using a CG model. BD simulations can be

used to study enzyme–substrate or enzyme–inhibitor

association, and the effects of point mutations and

changes in pH, viscosity and ionic strength on bimole-

cular diffusional association rate constants. Concerted use

of protein-structure-based BD simulations and math-

ematical network modelling has been demonstrated in

the modelling of oscillatory behaviour in activated neu-

trophils [41] (see Figure 2).

Practically, for biochemical network modelling, methods

are needed that can exploit protein structure information

to produce approximate estimates of kinetic parameters

with limited investment of human and computational

time. One approach is to use similarity indices to compare

the molecular interaction fields (MIFs), for example the

molecular electrostatic potentials, of structurally related
Current Opinion in Structural Biology 2007, 17:166–172



170 Theory and simulation
proteins [45]. If the kinetic parameters are known for a few

related proteins, then their MIFs can be compared with

that of the protein for which a kinetic parameter is required

and, based on similarity/dissimilarity, a value can be

assigned to the missing kinetic parameter. This approach

relies on the assumption that the MIF, or region of the MIF

compared, is a major factor in determining the relative

values of the kinetic parameters. Relative values of enzyme

parameters can be correlated across a set of mutants or a set

of orthologous enzymes from different species by compar-

ing electrostatic potentials in the vicinity of the active site

(e.g. for triose phosphate isomerase from 12 species; RR

Gabdoulline, M Stein, RC Wade, unpublished). The

approach is feasible for large-scale analysis and has been

applied to ten enzymes of a biochemical metabolic path-

way in eleven homologous species [46,47]. For estimation

of parameter values, at least two experimentally deter-

mined rates for related systems are required. The accuracy

of the estimation depends strongly on the quantity, quality

and consistency of the experimental data. Even if no

experimental values of kinetic parameters are available,

the comparison of MIFs can assist in the identification of

outliers or the classification of families of enzymes as

regards enzymatic properties (RR Gabdoulline, M Stein,

RC Wade, unpublished).

MIFs are a basic determinant of protein function [48] and

therefore a generally applicable property for comparative

functional analysis. The protein electrostatic potential in

the vicinity of the active site has been shown to be a

determinant of diffusional association rates [49]. Further-

more, the catalytic power of enzymes through stabili-

zation of the transition state is classically thought to be

due to the electrostatic properties [50]. No docking of

ligands is required in a MIF analysis, but this also means

that no direct ligand-specific information is obtained.

Other comparative approaches are possible in a systems

biology context to correlate enzyme kinetics with struc-

tural parameters such as ligand–active site distances,

number of hydrogen bonds between substrate and active

site, and so on. Further approaches are needed to develop

the reliability and range of applicability of computation-

ally viable procedures for kinetic parameter estimation in

biochemical pathway simulation.

Concluding remarks
Only a small number of metabolic pathways have been

thoroughly characterized experimentally and only for

relatively simple organisms, such as yeast and Trypano-
soma brucei. The identification of critical steps in pathways

by a combination of quantitative biological assays and

mathematical network modelling, augmented by detailed

insights into processes at the protein level, opens up

prospects for protein engineering, for example, to

enhance the production of desired metabolites in bio-

technology, and selective drug design, for example,

against parasites. For T. brucei, metabolic control analysis
Current Opinion in Structural Biology 2007, 17:166–172
has been used to suggest protein targets for the selective

inhibition of glycolysis [32].

Signal transduction pathways have recently gained atten-

tion because of their intrinsic importance in controlling

protein expression and activation in organisms from yeast

to human. The increase in the availability of quantitative

biological assays of signalling pathways has enabled

the mathematical modelling of certain modules of these

signalling pathways. The data, however, are available

only for a few signalling pathways (modules) and cur-

rently cannot be combined to give a more complete

picture of quantitative processes at the cellular level.

Databases [38,39], standards [40] and software tools are

required to facilitate the concerted use of different model-

ling and simulation methods for studying biochemical

networks. In addition, a common definition of ontologies

and data-exchange formats is necessary. SYCAMORE

(Systems Biology Computational Analysis and Modelling

Research Environment [47]) is being developed to provide

a software environment to guide the user through the steps

of building a network model, locating information in data-

bases, estimating kinetic parameters and choosing an

appropriate simulation method. It integrates protein-struc-

ture-based modelling for kinetic parameter estimation and

mathematical simulations of biochemical networks.

The modular building principle of biological modelling is

apparent: different temporal and spatial scales need to be

addressed. One has to move between the different

aspects and capabilities of simulation techniques, and

also between different levels of model representation.

Results from more accurate simulations of smaller sys-

tems can be used to generate parameters for more

approximate simulations of larger systems (CG; bot-

tom-up principle). Likewise, once critical enzymatic

steps have been identified in coarser or more abstract

systems simulations, more detailed and accurate molecu-

lar simulations may be initiated (fine-graining) to eluci-

date the cause of the behaviour of the protein of interest

(top-down principle). These two approaches complement

to lead to an iterative modelling cycle.

Biological processes are complex. The investigation of

these processes requires different tools and method-

ologies to study processes at atomistic, molecular, ensem-

ble or abstract mathematical levels. Currently, the various

approaches are fragmented and the mutual benefit of each

level of representation has not been fully exploited. It is

necessary to combine simulation methods at different

levels of representation to bridge from molecular simu-

lations to biochemical networks.
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