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To my parents





Who does not know,
and does not know that does not know,

is fool.
Avoid him.

Who does not know,
and knows that does not know,

is not mature.
Enlighten him.

Who knows,
and does not know that knows,

is sleeper.
Wake him up.

Who knows,
and knows that knows,

is a wise man.
Follow him.

ARABIC PROVERB
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ABBREVIATIONS

AA amino acid

AdN nucleophilic addition

CC coupled clusters

CI configuration interaction

COMBINE comparative binding energy

CoMFA comparative molecular field analysis

DCE 1,2-dichloroethane

DFT density functional theory

DhaA haloalkane dehalogenase from

Rhodococcus rhodochrous NCIMB 13064

DhlA haloalkane dehalogenase from

Xanthobacter autotrophicus GJ10
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E elimination
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FF force field
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FH4 tetrahydrofolate

GC–MS gas chromatography–mass spectrometry

GSH glutathione

HF Hartree–Fock method

Km apparent dissociation constant

LinA γ-hexachlorocyclohexane dehydrochlorinase

LinB haloalkane dehalogenase from

Sphingomonas paucimobilis UT26

1,3,4,6-tetrachloro-1,4-cyclohexadiene halidohydrolase

LinC 2,5-dichloro-2,5-cyclohexadiene-1,4-diol dehydrogenase

LinD 2,5-dichlorohydroquinone reductive dehalogenase

MD molecular dynamics

MM molecular mechanics

MO–LCAO molecular orbital-linear combination of atomic orbitals

MPn Møller–Plesset perturbation method of order n

Mw relative molecular weight

NADH, NAD+ nicotinamide adenine dinucleotide

PES potential energy (hyper)surface

PLS partial least-squares projection to latent structures
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Q2 cross-validated correlation coefficient

PQQ, PQQH2 ubiquinone

QM quantum mechanics

QM/MM quantum mechanics/molecular mechanics

QSAR quantitative structure–activity relationship

R2 correlation coefficient

SCF self-consistent field

SN2 bimolecular nucleophilic substitution

TI thermodynamic integration
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Chapter 1

Motivation

This thesis summarizes research work focused on study of catalytic properties of

enzymes participating on degradation of environmental pollutants.

The study of microbial hydrolytic dehalogenases has been largely motivated
by their potential use in biotechnological treatment of waste materials, biore-
mediation of contaminated soil and water, and industrial biocatalysis. These
enzymes play a crucial role in the biodegradation of aliphatic halogenated com-
pounds. They can selectively catalyze the release of halide ions from their
substrates with water as the sole co-substrate.

Unfortunately, the wild type enzymes often do not acquire sufficiently high
activity or specificity for degradation of environmental pollutants in industrial
scale. As practical biocatalysts, these enzymes suffer from low activity and
too narrow substrate specificity. Therefore numerous projects were initiated
to understand the molecular basis of substrate specificity and to engineer their
catalytic properties. Protein design can be used to improve the catalytic pro-
perties of such enzymes. To tailor the enzyme for improved substrate specificity,
the amino acid residues that participate in substrate binding must be identified
so that they can be modified by site-directed mutagenesis. Comparative Binding
Energy (COMBINE) analysis has been shown to be a useful technique for deri-
ving quantitative structure-activity relationships (QSARs) from a set of three-
dimensional structures of enzyme–substrate complexes. This project is aimed
to apply COMBINE analysis approach to study substrate binding to haloalkane
dehalogenases for the improvement of their binding abilities.
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Chapter 2

Summary

Due to environmental problems arising from the production and use of halo-
genated hydrocarbons, the study of microbial enzymes that can catabolize
degradation of these compounds is of major interest. Haloalkane dehaloge-
nases (EC 3.8.1.5) make up one such important class of enzymes because of
their ability to attack halogenated aliphatic hydrocarbons, which are produced
in several industrial processes. Haloalkane dehalogenases remove halides from
organic compounds via a hydrolytic mechanism that results in the production
of the corresponding alcohol, halide ion, and proton. Unfortunately, wild type
enzymes often do not acquire sufficiently high activity or specificity for degra-
dation of environmental pollutants. Protein design can be used to improve
the catalytic properties of such enzymes. The adjustment of enzyme substrate
specificity toward desired substrates requires identification of the amino acid
residues that are involved in substrate binding. Such information can be de-
duced from three-dimensional structures of enzyme–substrate complexes using
quantitative structure-activity relationships (QSARs) by means of Compara-
tive Binding Energy (COMBINE) analysis. Obtained results demonstrate that
COMBINE analysis is promising tool that can be used in construction of pre-
dictive and robust QSARs using atomic detail models of the enzyme–substrate
complexes. The models provide insights into the important interactions for de-
termining the relative binding affinities of the molecules, and suggestions for
modification of these interactions to improve binding affinity. The computa-
tional requirements are sufficiently modest that the technique can be used to
study tens to hundreds of enzyme–substrate complexes.
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Chapter 3

Shrnut́ı

Důsledkem environmentálńıch problémů zp̊usobených značnou produkćı a širo-
kým použit́ım halogenovaných uhlovod́ık̊u je současný zájem o studium mik-
robiálńıch enzymů, které katalyzuj́ı degradaci těchto látek. Haloalkan dehalo-
genázy (EC 3.8.1.5) tvoř́ı jednu z takových d̊uležitých tř́ıd enzymů d́ıky jejich
schopnosti atakovat halogenované alifatické uhlovod́ıky, které jsou produkovány
r̊uznými pr̊umyslovými procesy. Haloalkan dehalogenázy jsou zodpovědné za
odštěpeńı halogenidového aniontu hydrolytickým mechanismem, jehož produkty
jsou odpov́ıdaj́ıćı alkohol, halogenidový ion a proton. Enzymy divokého typu
bohužel často nevykazuj́ı dostatečně vysokou aktivitu nebo specifitu pro degra-
daci environmentálńıch polutant̊u. Proteinové inženýrstv́ı je technologie, která
může zlepšit katalytické vlastnosti př́ıslušných enzymů. Pro úpravu enzymu
za účelem zlepšeńı substrátové specifity je nutné identifikovat aminokyseliny
pod́ılej́ıćı se na vazbě substrátu. Takovéto aminokyseliny lze poté následně mo-
difikovat mı́stně-ćılenou mutageneźı. Užitečnou technikou umožňuj́ıćı odvozeńı
kvantitativńıch vztah̊u mezi strukturou a aktivitou použit́ım sady 3D struk-
tur komplex̊u enzym–substrát je srovnávaćı analýza vazebných energíı (angl.
Comparative Binding Energy, COMBINE). Źıskané výsledky demonstruj́ı, že
COMBINE analýza je nástroj, který lze využ́ıt ke konstrukci prediktivńıch a ro-
bustńıch QSAR model̊u s použit́ım struktur komplex̊u enzymu se substráty po-
psaných na atomové úrovni. Tyto modely nám umožňuj́ı pochopit d̊uležité inter-
akce určuj́ıćı relativńı vazebné afinity molekul a navrhnout modifikace těchto in-
terakćı za účelem zlepšeńı vazebné afinity. Výpočetńı nároky COMBINE analýzy
jsou dostatečně přiměřené k tomu, aby bylo možné tuto techniku aplikovat ke
studiu deśıtek až stovek komplex̊u.
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Part I

Theory
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Chapter 4

Computational chemistry

This chapter explains basic terms related to application of different computational

chemistry methods and describes fundamentals of specific computational approaches.

4.1 Basic terms

The term “computational chemistry” can be defined as a tool for solving che-
mical problems using computer. An attempt is made to model all aspects of
real chemistry by computer as accurately as it is possible. It should not be
mixed with the term “theoretical chemistry” that is more oriented for search-
ing of theories that enable explanation or prediction of experimental data while
computational chemistry [1] uses these theories in specific programs to model
real molecules or molecular systems. It is apparent that both disciplines are not
only complementary but they both need each other. Computational chemistry
can be therefore defined as the set of implementations of specific theories. More
particular is the term “molecular modelling”.

Molecular modelling is a general term which covers a wide range of mole-
cular graphics and computational chemistry techniques used to build, display,
manipulate, simulate and analyze molecular structures, and to calculate pro-
perties of these structures [2]. Molecular modelling is used in a number of
different areas, and therefore the term does not have a rigid definition [3]. To
a chemical physicist, molecular modelling might imply performing a high level
quantum mechanical calculation using a supercomputer on a structure with 4 or
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5 atoms; to an organic chemist, molecular modelling might mean displaying and
modifying a candidate drug molecule on a desktop computer; to a biochemist,
molecular modelling might represent simulation of an enzymatic reaction. The
criterion for a successful modelling experiment should not be how accurately
the calculations are performed, but whether they are useful in rationalizing the
behavior of the molecule, or in enhancing the creativity of the chemist in the
design of novel compounds.

The first step in scientific method is to form a hypothesis. It can be just
an educated guess or logical conclusion from known facts. If the hypothesis is
found to be consistent with known facts, it is called a theory and usually pub-
lished. A theory is one or more rules that are postulated to govern the behavior
of physical systems. Scientific theories are quantitative in nature that allows
them to be tested by experiment. The basic characteristics of most theories are
that they explain observed phenomena, predict the results of future experiments
and can be expressed in a mathematical form. There are two main constructs
used in the scientific approach. The first commonly used construct are models.
A model is a simple way of describing and predicting scientific results which is
known to be an incorrect or incomplete description. Despite this fact models are
extremely useful because they allow us to to predict and understand phenomena
without performing the complex mathematical manipulations dictated by a ri-
gorous theory. The valuableness of a model is not hidden in its intrinsic beauty
but in its ability to solve practical problems. The second useful construct is
an approximation. A lot of models typically involve deliberate introduction of
simplifying approximations. Even though a theory may give a rigorous mathe-
matical description of chemical phenomena, the mathematical difficulties can
prevent feasibility of solving the specific problem exactly. One can leave out
a particular part of the problem or apply specific approximation methods as
simplified functions or fitting parameters [4].

It is important to realize that theories, models and approximations are suit-
able tools allowing us to achieve research aims. But one has always weight how
the obtained results can be trusted with given degree of accuracy. The real
strength of computational chemistry is the ability to generate data from which
a human may gain insight and thereby rationalize the behavior of different class
of molecules [5].
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4.2 Theoretical methods

The cornerstone of all computational chemistry methods is the relationship be-
tween geometry of studied molecular system and its energy, reflecting all other
static or dynamic properties. The dependence of potential energy of a molecule
on the positions of atoms forming the molecule can be described by hypersurface
in the N-dimensional space.

EPOT = f(x1, x2, . . . , xN ) (4.1)

The study of the potential energy (hyper)surface (PES) gives the informa-
tion about molecular geometry and energy that can be used for the static (e.g.,
activation barriers of elementary reaction processes) and the dynamic (e.g., si-
mulation of a system in time) reactivity studies. There are two main approaches
within computational chemistry devoted to the energy determination and quan-
tification: quantum mechanics (QM) and molecular mechanics (MM).

4.2.1 Quantum mechanics

In the quantum mechanical approach the molecule can be seen as system of
atom nuclei and electrons that is completely described by Schrödinger equation.
Schrödinger equation for one particle system can be written as follows:

(−
~

2m
∇2 + V)Ψ(r, t) = EΨ(r, t) (4.2)

E is total energy of a particle of mass m, moving through space under
the influence of an external field V. ~ is the Planck constant divided by 2π.
Position vector r is given by r = xi + yj + zk. Wavefunction Ψ describing the
state of the system can be used for evaluating other properties. Symbol ∇2 is
an abbreviation for

∇2 = 4 =
∂2

∂x2
+

∂2

∂y2
+

∂2

∂z2
(4.3)

Left-hand side of the Schrödinger equation is usually abbreviated to HΨ,
where H is the Hamiltonian operator of energy describing relationships in the
system of electrons and nuclei. Under the conditions that Hamiltonian operator
H is not a function of time, it is possible to separate coordinates and time and
the equation 4.2 can be reduced to

H(r)Ψ(r) = EΨ(r) (4.4)
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The energy can be determined by calculating integral

E =

∫

Ψ∗HΨdτ
∫

Ψ∗Ψdτ
(4.5)

The wavefunction may be a complex number, so the complex conjugate
notation is used in the previous expression. The square of the wavefunction at
the point r is a probability of finding a particle at this point.1 The probability
of finding the particle over the whole space must be equal to one, therefore
wavefunction must fulfill following condition:2

∫

Ψ∗Ψdτ = 1 (4.6)

Although the Schrödinger equation is a simple equation, it can be solved
analytically for very simple problems only.3 To be able to perform non-trivial
numerical solution and obtain results in reasonable time several approximations
had been introduced. The most used is Born–Oppenheimer approximation that
separates electron movement from nuclei movement using the fact the electrons
are much lighter than nuclei.4 This means that electrons can respond to any
change of nuclear positions almost instantaneously. The nuclei are considered to
be fixed so that electronic wavefunction depends only on their positions and not
on their momenta. Application of Born–Oppenheimer approximation allowed
to define potential energy surface that can be used for solving a lot of chemical
problem. Other type of approximations can be related to the shape of the wave-
function. One of the most widespread approximation of such type represented
molecular orbital as linear combination of atomic orbitals (MO–LCAO). Ac-
cording to other used aproximations the methods based on quantum mechanics
can be divided into four major groups:

Empirical methods (HMO, EHT and others) reduce the calculations only to
necessary parts. They use very raw approximations that cause large mis-
takes so these methods are used rarely.

Semiempirical methods (CNDO, INDO, MINDO, NDDO, MNDO, PPP, AM1,
PM3 and others) neglect some calculations and replace them by expe-
rimental data. These data form so-called parametrization of the method

1for the electronic wavefunction the probability is the electron density
2the wavefunction is said to be normalized
3particle in a box, harmonic oscillator, hydrogen atom and a few more
4the proton is 1836 times heavier than the electron
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and can be obtained for example from spectral characteristic of the atoms.
Only valence electrons are taken into account in the semiempirical methods
so these methods can reach relatively high reduction of computational re-
quirements comparing to classical ab initio methods.

Ab initio methods solve Schrödinger equation using minimum number of appro-
ximations (Born–Oppenheimer and MO–LCAO) and no experimental or
empirical parameters are used. The main problem in ab initio approach
is solving the electrostatic interaction between two electrons. Hartree–
Fock (HF) method was introduced to answer that problem. The electrons
system can be seen as an ensemble of electrons in which every single elec-
tron moves in average electrostatic field of other electrons (so-called core).
The solution leads then to the system of HF equations solved by iterative
process using self-consistent field method (SCF). The quality of result of
HF method depends on the quality of wavefunction expansion in the basis
set. The calculated energy will converge to so-called HF limit (the best
energy reachable using HF method) with increasing expansion of the ba-
sis set. It is important to realize that even if we can afford to have long
expansions of molecular orbitals and even we can reach the HF limit there
are still defects in the wavefunctions which arise from approximations in
the actual HF equations. The first error originates from the fact that
the Schrödinger equation is not relativistically correct. Fast-moving inner
electrons may move with speeds which are not negligible with the veloc-
ity of light and relativistic effects thus contribute; mass is not constant.
Since most chemical and biological transformations of molecules do not
involve core electrons this error causes no serious difficulty. The second
error is more serious and is called the correlation energy error. The cor-
relation energy is defined as difference between energy corresponding to
exact calculation including correlation effects and HF energy. The post-HF
methods had been developed for inclusion of correlation energy into calcu-
lation or for calculation of the correlation energy itself. To the three most
popular post-HF methods belong configuration interaction method (CI),
coupled clusters method (CC) and Møller–Plesset perturbation method
(MP).

Density functional theory (DFT) methods are alternative to the ab initio
methods [6]. They are based on Hohenbeg–Kohn theorems. According
to these theorems is wavefunction Ψ of non-degenerated ground state of
many-electron system unambiguous functional of one-electron density ρ.
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The equation for determination of E and Ψ is given by variational condi-
tion

δE

δΨ
= 0 (4.7)

that can be rewritten using mentioned theorem as

δE

δρ
= 0 (4.8)

The large importance of the Hohenberg–Kohn theorems stems from the
fact that they shows that one need not calculate the full N -body wavefunc-
tion but only the total electron density in order to obtain all ground-state
properties [7]. Concerning the fact that one-electron density is much sim-
plier object (it is a function of three variables) one can expect lower compu-
tational demands. However, it is important to note that Hohenberg–Kohn
theorems are “only” existence theorems: they prove the existence of the
functionals but do not describe any way of obtaining them. The problem
is hidden in the form of energy functional that is not explicitly known
and therefore approximate forms have to be introduced. Total electronic
energy can be then expressed as

E(ρ) = EKE(ρ) + EC(ρ) + EH(ρ) + EXC(ρ) (4.9)

where EKE(ρ) is kinetic energy, EC(ρ) is an electron-nuclear interaction
term, EH(ρ) is energy of electron-electron interaction and EXC(ρ) con-
tains correlation and exchange contributions. EXC(ρ) can be divided into
two separate terms referring to the exchange and correlation parts, but
actually corresponding to same-spin and mixed-spin interactions, respec-
tively.

EXC(ρ) = EX(ρ) + EC(ρ) (4.10)

Both components can be expressed by two distinct types; local functio-
nals that depend on only the electron density ρ while gradient-corrected
functionals depending on both the ρ and its gradient ∇ρ.
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4.2.2 Molecular mechanics

MM is based on classical physics model where the atoms are represented as
mass points that mutually interact. The MM energy is written as a sum of such
terms, each describing the energy required for distorting a molecule in a specific
manner [5].

EMM = ESTR + EBEND + ETORS + EV DW + EELE + ECROSS (4.11)

ESTR is the energy function for stretching a bond between two atoms,
EBEND represents the energy required for bending an angle, ETORS is the
torsional energy for rotation around a bond, EV DW and EELE describe the non-
bonded atom-atom interactions and finally ECROSS describes coupling between
the first three terms. Any deviation of the model from the “ideal” molecular
geometry that has zero energy will result in an increase in energy. Therefore
this approach can give only relative energies between two different molecular
structures. Stable molecules correspond to minima on the potential energy sur-
face and therefore they can be located by minimizing EMM as a function of the
nuclear coordinates.

A set of equations defining how the potential energy of a system varies with
the locations of its component atoms. The implementation of these equations
is called a force field (FF). The comprehensive list of currently available force
fields can be found in the book by Young [8]. Every force field contains two
major types of parameters used for description of the behavior and properties
of the system in the specific force field. These are:

• Series of atom types defining the characteristic of an element within a spe-
cific chemical context. Atom types prescribe different characteristics and
behavior for an element depending upon its environment. It means that
the atom type depends on hybridization, charge and the types of the other
atoms to which it is bonded.

• One or more parameter sets which fit the equations and atom types to
experimental data. Parameter sets define force constants that are values
used in the equations to relate atomic characteristic to energy components
and structural data such bond lengths and angles.
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The total energy is given by the potential energy of the atomic nuclei5 V
only. Therefore MM calculations require knowledge of the constitution of the
molecule and individual atom types. The consequence of this approach is the
fact that MM is not able to describe any processes and properties concerning
electrons6 and therefore is not applicable for study of chemical reactivity. Ne-
vertheless, there exist some exceptions allowing simulation of breaking bonds
as for example force field ReaxFF [9] that is currently applicable only for small
hydrocarbons molecules.

The main advantage of MM approach is its applicability for solving ma-
ny computational chemistry problems that are too large for treating by QM
methods that deal with electrons in the system. Even if some of the electrons are
ignored, there still remain a large number of particles that have to be considered
as is the case of biomolecules. Such calculations can not be performed using the
QM approach due to extreme time requirements.

4.2.3 Simulation techniques

Simulation techniques used in computational chemistry can be further divided
into three categories:

Molecular dynamics (MD) is based on solving Newton’s laws of motion for
individual atoms of simulated system. It can provide data obtained from
the computer simulation of intra- and intermolecular forces between the
particles in the system. To achieve such purpose it is necessary to know the
force affecting the individual atoms. The evaluation of the forces acting
upon atoms is done in MD using empirical force field. The configurations
of the system are generated by integration of the Newton’s laws of motion

d2ri

dt2
=

Fi(r1, r2, . . . , rN )

mi
(4.12)

where

Fi(r1, r2, . . . , rN ) = −∇iV (r1, r2, . . . , rN ) (4.13)

5as a function of nuclear positions
6bond forming and breaking, etc.
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and

∇i =
∂

∂xi
+

∂

∂yi
+

∂

∂zi
(4.14)

These equations describe the motion of a particle of mass mi with posi-
tion ri. The force Fi acting on the particle (i.e., direction and magnitude
of a force) is given by a potential energy gradient in 4.13. The parti-
cle is forced to move toward decreasing potential energy. The result is
a trajectory showing the behavior7 of the system in time.

Ab initio dynamics has the same basics as molecular dynamics but the forces
influencing atoms are calculated on quantum-chemical level.

Quantum dynamics is based on solving time-dependent Schrödinger equa-
tion. Due to extreme complexity of this equation is the application of
quantum mechanics restricted only to very small molecular systems.

Molecular dynamics simulations are important for understanding the phy-
sical basis of the structure and function of biological macromolecules [10]. They
can provide an ultimate details concerning individual particle motions as a func-
tion of time. Probably the most challenging task in the present biomolecular
simulations is to address problem of enzyme catalysis and to calculate free ener-
gies. In the field of computer simulations of the enzyme catalysis there are
several computational approaches for study of the enzyme catalysis on an ato-
mistic level [11, 12]. Currently, two main strategies capable known to provide
reliable insight into enzyme catalysis are the empirical valence bond (EVB) and
hybrid molecular orbital quantum mechanics/molecular mechanics (QM/MM)
methods. Two most rigorous methods currently available for calculating free
energies are the free energy perturbation (FEP) and the thermodynamic inte-
gration (TI) [13].

4.3 COMBINE analysis

COMBINE Analysis Outline
The aim of COMBINE analysis [14] is to make full, simultaneous and syste-
matic use of all available information describing/influencing binding process of

7variance of velocities and positions of particles
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ligands into macromolecular targets. The analysis tries to correlate general bio-
logical property of the system with information hidden in the 3D structure of
macromolecular target. Such biological property can be for example the binding
affinity of small ligand to a macromolecule. The ligand can be either substrate
molecule or inhibitor. The abbreviation “COMBINE” is composed from COM-
parative BINding Energy but this abbreviation forms also an acronym that
refers to two aspects of the technique: (i) macromolecule–ligand structural data
are combined with experimental binding data and (ii) empirical molecular me-
chanics energy calculations are combined with PLS chemometric analysis. This
methodology provides qualitative and quantitative prediction of binding affini-
ties without a necessity to perform time-consuming and expensive experiments
and gives us atomic-detail insight into binding process of specific ligand.

COMBINE Analysis Overview
The COMBINE method can be applied to any dataset for which two necessary
pieces of information are available: experimental binding or activity measure-
ments for a series of ligands that bind to a macromolecular receptor and an
experimentally determined three-dimensional structure of the target macromo-
lecular receptor complexed to a representative ligand. The method relies on
the assumptions that all ligands analyzed bind to the receptor to the same
binding site and that the binding mode can be deduced by comparative mo-
delling techniques (Figure 4.1). In the first step of COMBINE analysis a set
of macromolecule–ligand complexes is prepared from single macromolecule and
a set of single ligand molecules. For all macromolecule–ligand complexes to-
tal binding energy is then calculated. COMBINE works with total binding
energy calculated for the set of macromolecule–ligand complexes using a mole-
cular mechanic force field. The total binding energy, ∆U , may be assumed to
be given by the sum of several terms: (i) the sum of intermolecular interaction
energies (∆ui) between the ligand and each macromolecule residue, ELM

INTER,
(ii) the change in intramolecular energy of the ligand upon binding to the macro-
molecule, ∆EL, (iii) the change in intramolecular energy of the macromolecule
upon ligand binding, ∆EM , (iv) the desolvation energy of a ligand, EL

DESOLV ,
and (v) the desolvation energy of a macromolecule, EM

DESOLV .

∆U = ELM
INTER + ∆EL + ∆EM + EL

DESOLV + EM
DESOLV (4.15)

The second and third terms, describing changes in intramolecular energies
upon binding, can be neglected in most cases because many ligands are rather
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small molecules and there is no evidence for large differences in the structure
of the macromolecule when different ligands are bound. Intermolecular energy
contributions are then decomposed into van der Waals and electrostatic inter-
actions. The following step is the decomposition of the macromolecule–ligand
interaction energy on a per residue basis for each of the complexes. A ma-
trix is then constructed in which the rows represent the different compounds
studied and the columns contain the residue-based energy information, which is
separated into two blocks (van der Waals and electrostatic), plus an additional
column containing the experimental binding affinities. Addition of other poten-
tial descriptors that could influence ligand binding process is also possible and
methodologically easily viable.

This matrix is then projected on to a small number of orthogonal “latent
variables” using partial least-squares projection to latent structures (PLS) ana-
lysis [15–17], and the original energy terms are given weights, wi, according
to their importance in the model, in the form of PLS pseudo-coefficients. The
higher coefficients are more significant for explaining the variance in the expe-
rimental data. PLS method is applied for selection of energetic terms corre-
lated with binding affinities. Quality of COMBINE model is described by two
parameters—correlation coefficient (R2) and cross-validated correlation coeffi-
cient (Q2). R2 determines the quality of a fit and its value quantifies percents
of explained variability of experimental data by the latent variables while Q2

characterizes predictive ability of a model [18].

COMBINE Analysis Applications
COMBINE analysis was originally developed for drug design purposes and the
first application was described by Ortiz et al. [19, 20] for study of 26 inhibitors of
the human synovial fluid phospholipase A2. Later the analysis was used by Perez
et al. [21] for study of HIV-1 protease inhibitors and further extended by Pastor
et al. [22]. The methodological cornerstone describing COMBINE methodology
in detail was published by Wade et al. [14]. Later other COMBINE studies have
been conducted with different molecular systems as transcription factors of the
nuclear receptor family binding to DNA [23], heterocyclic amines and human cy-
tochrome P450 1A2 [24] and human neutrophil elastase with the N3-substituted
trifluoromethylketone-based pyridone inhibitors [25]. Recently Wang and Wade
constructed two other COMBINE models for two subtypes and one mutant of
neuraminidase from influenza virus complexed with 43 inhibitors [26] and for
periplasmic oligopeptide binding component–peptide complexes [27].
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Figure 4.1: Simplified scheme of COMBINE analysis. L1, L2... – ligands;
M – macromolecule; L1M, L2M... – macromolecule–ligand complexes; ∆U –
total binding energy; ELM

INTER – intermolecular interaction energies between
the ligand and each macromolecule residue; EELE – electrostatic interaction
energy; EV DW – van der Waals interaction energy; Km – logarithmic values of
experimental binding affinity (apparent dissociation constant).
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All COMBINE applications mentioned above concerned drug design. Our
contribution to the field, outlined in this thesis, was the first application of
COMBINE for study of enzyme catalysis and impact of mutations to catalytic
efficiency. We applied COMBINE analysis for investigation of structure–function
relationships of haloalkane dehalogenase DhlA and a set of halogenated sub-
strates [28]. This study continued by application of COMBINE analysis for
different enzyme species from the same protein family [29] and was finally ex-
tended by incorporation of methodological improvements [30].
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Chapter 5

Microbial dehalogenation

5.1 Halogenated aliphatic compounds

Environmental Concerns
Halogenated aliphatic hydrocarbons are among the most frequently occurring
environmental pollutants [31, 32]. Although large portion of these compounds is
produced naturally by existing biotic and abiotic processes, extensive industry
use of halogenated compounds caused presence of large amounts of these xeno-
biotics in the environment. Large quantities of these compounds are widely
used for industrial purposes as solvents, extractive agents in the organic syn-
thesis, side products from technological syntheses, parts of capacitors, dielectric
impregnants, fire-resistant additives, inflammable hydraulic fluids, additives for
lubricants and greasing oils, pesticides, fire retardants, heat transfer fluids and
cleaning agents. The industrial production reaches several hundreds up to thou-
sands of tons per year. This class of compounds represents one of the top group
of compounds on the U.S. Environmental Protection Agency’s list of Priority
Pollutants [33, 34].

Sources of Halogenated Compounds
Halogenated aliphatic compounds occur in all compartments of biosphere, in
underground water and surface water, atmosphere, soil, sediments and they are
transported into food chains as well. They are detectable in city air. Halo-
genated hydrocarbons are produced in large quantities by natural and anthro-
pogenic way.
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Abiotic natural sources are especially forest and bush fires and volcanic
activity. Biogenically are these compounds produced by sea organisms, higher
plants, ferns, insects, bacteria, fungi and mammals [35]. Living organisms pro-
duce minimally 2 000 different halogenated derivatives [36]. Sea organisms com-
monly synthesize brominated compounds while terrestrial organisms produce
rather chlorinated compounds. The main sources of volatile organic bromides
in the atmosphere are seaweeds. Iodinated compounds do not occur so often
and fluorinated compounds are very rare.

The natural sources of halogenated compounds were underestimated for
a long time although their production is in specific cases even substantially
higher than anthropogenic production. Natural production of chloromethane is
such an example. It is estimated as 28 millions of tons per year while anthro-
pogenic production is only 0.6 millions of tons per year [32]. The production
of chlorinated phenols by lignin-degrading fungi is also larger than their an-
thropogenic production [37]. Biogenic sediments from various geological epochs
contain quantities of organohalogens. The content of halogenated organic com-
pounds in sediments is either primary or the compounds are synthesized de
novo by biotic or abiotic way. Organisms exploit halogenated compounds as
frightening agents or irritants. Halogenated alkanes, alcohols, ketones, car-
boxylic acids, aldehydes, epoxides, alkenes and amides of carboxylic acids can
be isolated from seaweeds.

Properties of Halogenated Compounds
Halogenated organic compounds are ubiquitous in the environment. They ex-
hibit antibacterial, antifungal, herbicidal, insecticidal and moluscicidal effects
but on the other hand they are environmentally dangerous and are hazardous to
humans due their toxic, genotoxic, teratogenic and irritating effects. Short-term
exposition by halogenated aliphatic compounds causes skin irritation, depres-
sion of central nervous system, damages of liver and kidneys. For those reasons,
ability to persist in the environment for a long time and their high mobility,
big attention is currently devoted to this group of compounds. Halogenated
hydrocarbons are generally more persistent compared to the equivalent non-
halogenated hydrocarbons. The persistence in the environment is caused by the
presence of stable carbon-halogen bond. The biological recalcitrance of halo-
genated compounds is related to the number, type and position of the halogen
substituents. As a general rule, the carbon-halogen bond is regarded as in-
creasingly recalcitrant with increased electronegativity of the substituent. Also
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halogenated substances with one or few substituents are expected to be more
easily degradable than the corresponding polyhalogenated compounds.

There are several possible reasons for the persistence of a pollutant in the
environment. These include: (i) the absence of microorganisms with the capa-
bility of degrading a compound, (ii) the presence of unfavorable environmental
conditions for biodegradation (permeability of the subsurface for air and water,
temperature, pH, salinity and water content, presence of inhibitory chemicals,
etc.), (iii) unfavorable substrate concentration (the pollutant may be present in
too high concentration, leading to toxicity, or in too low concentration, failing
to induce the degradative enzymes), and (iv) lack of bioavailability of the pol-
lutant because of incorporation into humic substances or strong adsorption to
soil particles.

5.2 Dehalogenation mechanisms

Microorganisms evolutionary developed broad range of enzymatic pathways for
transformation of halogenated substrates [38–40]. There are several diverse
groups of enzymes utilizing halogenated compounds as a growth substrate whose
function is a carbon-halogen bond cleavage [41–44]. That cleavage can serve only
as first but critical biotransformational step or performs complete biodegrada-
tion. Enzymatically catalyzed dehalogenation reactions can be divided accord-
ing to reaction mechanism into following categories: oxidation, substitution, re-
duction, dehydrodehalogenation, hydratation and methyl transfer (Figure 5.1).

Oxidation. Oxidation is mostly used for degradation of halogenated aromatic
compounds. Oxygenases non-specifically oxidase halogenated aromatics
and produce nonstable intermediates that spontaneously eliminate halo-
gen. Oxygenolytic dehalogenation is often random reaction of enzymes
with broad substrate specificity. The products of those reactions are not
consequently metabolized by dehalogenating bacteria.

Hydrolytic, glutathione-dependent and intramolecular substitution.

Halogenated aliphatic compounds undergo substitution in water in the
absence of inorganic or biochemical catalysts. In general, these reactions
proceed slowly with half-lives of days to centuries. The hydrolytic de-
halogenases catalyze a nucleophilic displacement reaction with water as
the sole co-substrate. Hydrolytic dehalogenation is often considered to be
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Figure 5.1: Enzyme-catalyzed dehalogenation reactions in microbial cultures
that grow on halogenated organic compounds. Reproduced from the publication
of Janssen et al. [38].
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the first step in an aerobic degradation of halogenated aliphatic hydro-
carbons and it allows entering of halogenated hydrocarbons into the cen-
tral metabolism. Therefore some bacteria use halogenated hydrocarbons
as a source of carbon and energy. Glutathione transferases play a key
role in the detoxification of xenobiotic compounds and reactive products
of oxidative transformation reactions in higher organisms. Their role in
degradation of halogenated compounds is the nucleophilic displacement of
a halogen substituent. Haloalcohol lyases, also called halohydrin hydro-
gen halide lyases, catalyze the intramolecular nucleophilic displacement of
vic-haloalcohols to their corresponding epoxides.

Reduction. Reductive mechanism is more typical for anaerobic environment.
It is often the only way how degrade some polychlorinated industrial sub-
stances. The reduction can be either performed by hydrogenolysis (re-
placement of a halogen atom by a hydrogen atom) or by dihaloelimina-
tion (elimination of two halogen atoms with simultaneous formation of
a double bond).

Dehydrodehalogenation. Dehydrodehalogenases eliminate HCl from haloor-
ganic substrate leading to the formation of a double bond. This reaction
consists of removal of a halogen from one carbon atom and concomitant
or subsequent removal of a hydrogen atom from an adjacent carbon atom.

Hydratation. A hydratation type of dehalogenation reaction has been pro-
posed for the bacterial conversion of a few compounds that carry a halo-
gen substituent on an unsaturated carbon atom. These compounds include
derivatives of acrylic acids and aromatic compounds.

Methyl transfer. Chloromethane and dichloromethane are known to support
growth of strictly anaerobic bacteria. The methylotrophic strain Aceto-
bacterium dehalogenans uses chloromethane as sole energy source, pro-
ducing acetate. A chloromethane dehalogenase, which is inducible by
chloromethane, transfers the methyl group of its substrate onto tetra-
hydrofolate, producing methyltrihydrofolate and chloride.

5.3 Haloalkane dehalogenases

Probably the most widespread mechanism of microbial dehalogenation of halo-
genated aliphatic hydrocarbons is hydrolytic dehalogenation. This reaction is
catalyzed by enzymes called haloalkane dehalogenases (EC 3.8.1.5). Haloalkane
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dehalogenases [45, 46] cleave carbon-halogen bond in the presence of one water
molecule as the only co-factor. The products of the dehalogenation reaction
are corresponding alcohol, halide ion and proton. Substrate specificity of the
haloalkane dehalogenases is very broad [47]. These enzymes catalyze transfor-
mation of halogenated alkanes, alkenes, cycloalkanes, ethers, alcohols, hydrines
and carboxylic acids. Some of these compounds (e.g., 1,2-dichloroethane, 1,2-
dichloropropane or 1,2,3-trichloropropane) are important environmental pollu-
tants and haloalkane dehalogenases should serve as biocatalysts for their re-
moval. Currently these enzymes are employed in bioreactors inoculated by
dehalogenases-producing bacteria for decontamination of ground water [48], in
chemical syntheses during removal of unwanted intermediates [41] and in biosen-
sors for detection of halogenated compounds in the free environment. Broader
application of haloalkane dehalogenases in practice is hindered by their low ac-
tivity toward target substrates. The primary aim of structure-function relation-
ships of these enzymes is proposal and in vitro construction of mutant enzymes
with higher dehalogenation activity and broader substrate specificity. These
modified enzymes would markedly help to increase efficiency of dehalogenation
processes without environment exposition of newly formatted intermediates.

Haloalkane dehalogenases belong to α/β-hydrolase fold proteins [49, 50]. The
core of each enzyme is similar and it consists of two different domains: α/β-fold
domain (main domain) which is conserved in all α/β hydrolases and so-called
cap-domain. The main domain is composed of an β-sheet constituting of eight
β-strands surrounded by six α-helices. The cap-domain is composed of an ad-
ditional five α-helices connected by loops. The active site is located between
these two domains of the enzyme in an internal, predominantly hydrophobic
cavity and can be reached from the solvent through a tunnel. At least three
different groups of haloalkane dehalogenases can be distinguished according to
different substrate specificity [51]. Each of these categories has its own represen-
tative with known three-dimensional structure: haloalkane dehalogenase from
Xanthobacter autotrophicus GJ10 (DhlA) [52–55], haloalkane dehalogenase from
Sphingomonas paucimobilis UT26 (LinB) [56–58] and haloalkane dehalogenase
from Rhodococcus rhodochrous NCIMB 13064 (DhaA) [59]. The ratio of volumes
of the active sites for three substrate specificity representatives DhlA : DhaA :
LinB was determined as 1 : 2 : 2.5 [51].

Reaction Mechanism
The carbon-halogen bond in a substrate molecule is cleaved and correspond-
ing alcohol is released during hydrolytic dehalogenation. The complete reaction
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mechanism (Figure 5.2) involves three subsequent steps—nucleophilic substitu-
tion (SN2), nucleophilic addition (AdN ) and elimination (E). In the first step,
nucleophilic oxygen atom of aspartate residue attacks carbon atom bound to
halogen atom in a substrate molecule. Aspartate serves as a nucleophile, at-
tacking the substrate molecule, and is located in a very sharp turn called the
nucleophile elbow. Such attack causes formation of alkylenzyme ester—in which
aspartate residue is esterified to alkyl group—and halide anion. In the second
step, substrate–enzyme ester is attacked by nucleophilic water molecule. In the
last step, tetrahedral intermediate decomposes and alkohol plus halide anion is
released. Proton originating from the reaction protonates the histidine residue.

Three structural features of haloalkane dehalogenases were recognized as es-
sential for their catalytic performance: (i) a catalytic triad, (ii) an oxyanion
hole, and (iii) halide-stabilizing residues [51, 52]. The catalytic triad is formed
from three amino acid residues that are directly involved in the reaction mech-
anism. This triad is highly conserved in all members of α/β-hydrolase fold
superfamily. The catalytic triad is composed of a nucleophile, a base and an
acid. The nucleophile initiates the dehalogenation reaction by nucleophilic at-
tack on carbon atom bound to halogen in substrate. The base activates water
molecule which subsequently hydrolyzes previously formed alkyl–enzyme inter-
mediate. Histidine serves as base, abstracting the hydrogen from the hydrolytic
water molecule. The catalytic acid (Asp in DhlA; Glu in LinB and DhaA) is
hydrogen bonded to histidine, and increases the basicity of nitrogen in the imi-
dazole ring. The acid helps a base to stabilize the charge that develops on base
ring and to keep the base in proper orientation.

Another catalytically important structural feature that is conserved in all
α/β-hydrolases [49] is a small gap called oxyanion hole [60] near the amidic
nitrogen of amino acid following the nucleophile. This oxyanion hole is formed
by two backbone nitrogen atoms. Amidic NH groups from tryptophan next
to the nucleophile and from another residue located after strand β3 (Glu56 in
DhlA, Asn38 in LinB, and Asn41 in DhaA) are hydrogen bonded to Oδ2 of the
nucleophile, leading to an increased nucleophilicity of Oδ1 and stabilization of
the negatively charged transition states. The oxyanion hole is believed to be
a major contributing factor in lowering the free energy of the activated complex
and stabilization of the tetrahedral alkyl–enzyme intermediate. The overview
of amino acid residues essential for the catalytic function of DhlA and LinB
enzymes is show in Table 5.1.
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Table 5.1: Amino acid residues essential for catalysis.

enzyme DhlA LinB DhaA

catalytic triad Asp124 Asp108 Asp106

Asp260 Glu132 Glu130

His289 His272 His272

oxyanion hole Glu56 Asn38 Asn41

Trp125 Trp109 Trp107

primary halide stabilization Trp125 Trp109 Trp107

Trp175 Asn38 Asn41

Unlike residues of the catalytic triad and oxyanion hole, the halide-stabilizing
residues are not present on equivalent positions in different haloalkane dehalo-
genases [51]. Trp125 and Trp175 were identified as essential for stabilization
of halide ion in DhlA. The former one is also conserved in LinB and DhaA
while the latter one is not conserved due to different architecture of the cap
domain. The overall reaction rate of wild type enzymes is very slow so they
can convert only several substrate molecules per second. The reaction me-
chanism has been studied in detail by protein crystallography [52–55, 61, 62],
kinetic measurements [63–69], thermodynamic analysis [70], site-directed mu-
tagenesis [71–78], structure–function relationships [47, 79–84] and by molecular
modelling [51, 85–99].

The differences in the primary and tertiary structure of the enzymes—
especially in the active site—play crucial role in their substrate specificity and
activity toward their substrates. The understanding of relationships between
the structure and the haloalkane dehalogenases substrate specificity has funda-
mental importance for improvement of the environmental catalysis by means of
protein engineering. The substrate specificity can be a function of several pro-
perties [51] and following three were recognized as important also for haloalkane
dehalogenases: (i) size and geometry of the active site, (ii) size and geometry of
the entrance tunnel to the active site and (iii) efficiency of stabilization of the
transition state and the halide anion by active site amino acids.

Bacterial Strains Containing Haloalkane Dehalogenases
Haloalkane dehalogenases are already known for more than 20 years. The
first dehalogenating enzyme has been isolated from Xanthobacter autotrophi-
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cus GJ10, bacterium capable to use 1,2-dichloroethane as a sole carbon and
energy source. Up to now there are about fifteen different bacterial strains
showing dehalogenase activity that had been discovered and characterized. The
currently known bacterial strains producing haloalkane dehalogenases are listed
in the Table 5.2.
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Table 5.2: List of bacterial strains producing haloalkane dehalogenases.

Organism Strain Gene Protein AA Mw

Xanthobacter autotrophicus GJ10 dhlA DhlA 310 35 144

Xanthobacter autotrophicus GJ70 dhlA DhlA 310 35 144

Ancylobacter aquaticus AD20 dhlA DhlA 310 35 144

Ancylobacter aquaticus AD25 dhlA DhlA 310 35 144

Sphingomonas paucimobilis UT26 linB LinB 296 33 107

Rhodococcus erythropolis Y2 dhaA DhaA 293 33 246

Rhodococcus rhodochrous NCIMB 13064 dhaA DhaA 293 33 246

Rhodococcus (formerly Corynebacterium) sp. m15-3 dhaA DhaA 293 33 246

Rhodococcus (formerly Arthrobacter) sp. HA1 dhaA DhaA 293 33 246

Rhodococcus (formely Acinetobacter) sp. GJ70 dhaA DhaA 293 33 246

Pseudomonas pavonaceae 170 dhaA DhaA 293 33 246

Mycobacterium sp. GP1 dhaAf DhaAf 307 34 725

Rhodococcus sp. TB2 dhaA DhaA 293 33 246

Mycobacterium avium N85 dhmA DhmA 301 33 841

Mycobacterium avium 104 106 DhmA 301 33 841

Mycobacterium tuberculosis H37Rv rv2296 Rv2296 300 33 358

Mycobacterium tuberculosis CDC1551 mt2353 Rv2296 300 33 358

Mycobacterium tuberculosis H37Rv rv2579 Rv2579 300 33 728

Mycobacterium tuberculosis CDC1551 mt2656 Rv2579 300 33 728

Mycobacterium bovis MU11 iso-Rv2579 Iso-Rv2579 300 33 714
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5.3.1 DhlA enzyme

The haloalkane dehalogenase DhlA is a globular protein that was isolated from
the nitrogen-fixing soil bacterium Xanthobacter autotrophicus GJ10 [52]. DhlA
participates in biodegradation pathway (Figure 5.3) for utilization of 1,2-di-
chloroethane and 2-chloroethylvinylether as the only carbon source [38]. The
structure of a free enzyme was solved for the first time by X-ray crystallography
at 1.9 Å resolution [100].

DhlA is composed of 310 residues and its molecular mass is about 36 kDa
(Figure 5.4). It hydrolyzes terminally chlorinated alkanes with a chain length
up to four carbons and brominated alkanes with a chain length up to ten carbon
atoms to primary alcohols. The optimal activity for the catalysis occurs at the
pH of 8.2 and the temperature 37 ◦C. The catalytic triad of DhlA (Figure 5.5)
is composed of Asp124–His289–Glu260 [52]. The nucleophile Asp124 is located
between β-strand 5 and α-helix 3 and the base His289 between β-strand 8 and
α-helix 10. The catalytic acid is positioned after β-strand 7. Bound substrates,
transition states, and product structures are primarily stabilized by hydrogen
bonds from the Trp125 and Trp175. Only one tunnel is connecting buried active
site of DhlA with the surface of the enzyme [94].
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Figure 5.4: View of secondary structure elements making up the three-
dimensional structure of DhlA enzyme. α-Helices are in red, β-strands in yellow,
and random coils in green.
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Figure 5.5: Detailed view of amino acid residues making up the DhlA active
site (shown as sticks and van der Waals surface). Catalytic triad residues are in
red, oxyanion hole residues in blue and primary halide-stabilizing residue that is
not part of the oxyanion hole is represented in yellow. Crystallographic position
(PDB-ID 2DHC) of 1,2-dichloroethane colored by atom-type is shown in the
center of the active site.
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5.3.2 LinB enzyme

Haloalkane dehalogenase LinB originates from Sphingomonas paucimobilis UT26
that was found in soil exposed for 10 years to lindane (γ-hexachlorocyclohexane)
[101]. Lindane had been abundantly used as insecticide but its production and
application was forbidden due to its toxicity and persistence. LinB is the second
enzyme of biochemical degradation of lindane which is used by bacterium as a
carbon and energy source (Figure 5.6).

LinB belongs to the same protein family as DhlA (Figure 5.7). These two
proteins differ both by their structures and their catalytic properties. LinB
is composed of 296 residues and its molecular mass is about 34 kDa (Figure
5.7). The catalytic triad in LinB (Figure 5.8) is composed of Asp108–His272–
Glu132 [102]. The nucleophile Asp108 is located at the turn between β-strand 5
and α-helix 3. The base His272 is localized at the turn connecting β-strand 8 and
α-helix 10. The catalytic acid Glu132 is positioned after β-strand 6 [103]. Bound
substrates, transition states, and product structures are primarily stabilized by
hydrogen bonds from the Trp109–Asn38 pair. The active site of LinB is 2.5
times larger than the active site of DhlA and is less buried inside the protein
core [51]. There are at least three tunnels leading from the protein surface into
the active site of LinB. LinB shows broader substrate specificity than DhlA,
i.e., it is more active toward larger and β-substituted haloalkanes, and therefore
it should be more suitable for the design of efficient catalysts for the target
compounds carrying a halogen in the β-position.
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Figure 5.6: Degradation pathway of lindane catalyzed by the enzymes of bac-
terium Sphingomonas paucimobilis UT26.
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Figure 5.7: View of secondary structure elements making up the three-
dimensional structure of LinB enzyme. α-Helices are in red, β-strands in yellow
and random coil in green.
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Asp108

His272

Trp109

Asn38

Glu132

Figure 5.8: Detailed view of amino acid residues making up the LinB active
site (shown as sticks and van der Waals surface). Catalytic triad residues are in
red, oxyanion hole/primary halide-stabilizing residues in blue. Crystallographic
position (PDB-ID 1G5F) of 1,2-dichloroethane colored by atom-type is shown in
the center of the active site. The substrate molecule is bound in the non-reactive
position.
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5.4 Protein engineering

Protein engineering is focused on modification of proteins resulting in improved
catalytic efficiency, increased enzymatic activity, thermostability, improved pos-
sibility of immobilization, changed pH or temperature optimum or targeted drug
improvement with lowered side effects. Generally there are two complementary
strategies how to achieve the aims of biomolecular engineering [105], i.e., how
to obtain enzymes with intentionally modified and/or improved desired physi-
cal and catalytic properties. These are rational re-design and directed evolution.

Rational Re-design
Rational re-design [106] is very information-intensive as it usually requires both
the availability of the structure of the enzyme and knowledge about the rela-
tionships between sequence, structure and mechanism/function. On the other
hand, rapid progress in solving protein structures by X-ray crystallography and
NMR spectroscopy and enormously increasing number of sequences stored in
public databases have significantly eased access to essential data. In rational
re-design [107] precise changes in amino acid sequence are preconceive based on
a detailed knowledge of protein structure, function and mechanism and are then
introduced using site-directed mutagenesis. The enzymes with desired proper-
ties are generated by individual amino acid substitution or secondary structure
engineering in rational re-design approach. Depending on the purpose of the
mutagenesis, amino acid substitutions are often selected by sequence compari-
son with homologous sequences [106]. However, the results have to be carefully
interpreted because minor sequence changes by a single point-mutation may
cause significant structural disturbances. Thus, comparison of the three-dimen-
sional structures of mutant and wild-type enzymes are necessary to ensure that
a single mutation is really site-directed.

Directed Evolution
Directed evolution [108–110] has emerged as a popular alternative of rational
re-design in the field of protein engineering. Directed evolution techniques allow
to genuinely mimic molecular evolution in vitro. Mimicking natural evolution,
an initial parent gene is chosen and a diverse library of offspring genes is cre-
ated through mutagenesis and recombination. A screen or selection is applied
to the library and the mutants that exhibit the greatest improvement in the
desired properties are chosen to become the parents to the next generation.
This iterative search has generated large improvements in properties such as
stability [111], substrate specificity and activity [109, 112, 113], enantioselecti-
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Figure 5.9: Comparison of rational protein design and directed evolution.
Reprinted from the article of Bornscheuer et al. published in Current Opinion
in Chemical Biology [106].
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vity [106] and thermostability [114–116]. Directed evolution often discovers
these improvements by making a few amino acid substitutions that collectively
have an important functional effect. For this reason, the method generally re-
quires a starting protein with some activity toward the desired reaction.

The scheme comparing both approaches is shown in Figure 5.2. During
rational protein design, mutants are planned on the basis of their protein struc-
ture and then prepared by site-directed mutagenesis. After transformation in
the host organism, the variant is expressed, purified and analyzed for desired
properties. Directed evolution starts with the preparation of mutant gene lib-
raries by random mutagenesis, which are then expressed in the host organism.
Protein libraries are usually screened in microtiter plates using a range of selec-
tion parameters. Protein characterization and product analysis sort out desired
and negative mutations. In vitro recombination by DNA shuffling, for example,
can be used for further improvements. Both protein engineering approaches can
be repeated or combined until biocatalysts with desired properties are generated.

Choosing the most effective approach for a particular enzyme-engineering
task depends on the level that the mechanistic base of the desired property
is understood. With the rapidly increasing number of 3D protein structures
available in databases and the development of powerful protein modelling tools,
rational re-design will become more efficient and broadly applicable. Mean-
while, emergence of novel high-throughput screening processes and strategies
for increasing sequence diversity will extend the application of directed evolu-
tion to many more industrial enzymes and increase the feasibility for creating
new functions.
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Part II

Results
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Chapter 6

Synopsis of results

General Considerations
The study of the catalytic properties of microbial dehalogenases may help us to
understand and assess the potential for degradation of xenobiotics using micro-
organisms. Such insight might provide biotechnological solutions to deal with
environmental problems. In order to design effective bioremediation systems,
all known parameters influencing biodegradation processes must be taken into
consideration and novel systems capable to treat large quantities of waste ma-
terials properly and efficiently must be proposed.

A lot of computational effort had been recently invested into understand-
ing of haloalkane dehalogenase reaction mechanism and more complete insight
to the factors affecting their catalytic efficiency. The enzymes with hydrolytic
type of dehalogenation reaction mechanism are currently targets of intensive
research due to their potential application for bioremediation techniques that
propose inexpensive and fast way how to remove halogenated pollutants from
contaminated areas.

Improvement and modification of catalytic properties of dehalogenases can
be proposed by means of computational chemistry and molecular modelling
in combination with experimental studies. Moreover, the computational site-
directed mutagenesis method for in silico construction of the protein mutants
and estimation of their catalytic efficiency can save experimental time, material
and financial resources.
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COMBINE Applicability Testing
In this study [Chapter 7] we conducted COMBINE analysis for 18 substrates
of the haloalkane dehalogenase from Xanthobacter autotrophicus GJ10 (DhlA).
The (intermolecular) enzyme–substrate interaction energy was decomposed into
residue-wise van der Waals and electrostatic contributions and complemented by
surface area-dependent and electrostatic desolvation terms. COMBINE model
containing van der Waals and electrostatic intermolecular interaction energy
contributions calculated using the AMBER force field explained 91% (73% cross-
validated) of the quantitative variance in the apparent dissociation constants
and can be advantageously used to propose amino acid residues contributing
most significantly to the substrate specificity of DhlA. Such residues were iden-
tified and they represent suitable targets for modification by site-directed mu-
tagenesis. COMBINE model predicted correctly the change in apparent disso-
ciation constants upon single-point mutation of DhlA for six enzyme–substrate
complexes.

COMBINE Methodological Improvements
In following study [Chapter 8] we tried to solve the problematic aspect hin-
dering broader application of COMBINE analysis. We evaluated applicability
of automated molecular docking and quantum mechanical calculations to the
construction of a set of structures of enzyme–substrate complexes for use in
COMBINE analysis. The results of the COMBINE analysis were compared
with previously reported data obtained for the same dataset with complexes
based on an experimental structure of the DhlA-dichloroethane complex. It
was revealed that the quality of fit and the internal predictive power of the two
COMBINE models are comparable, but better external predictions are obtained
with the new approach. Moreover, both COMBINE models displayed a similar
composition of the principal components.

Broadening of COMBINE Applicability
This study [Chapter 9] deals with substrate specificity of haloalkane dehaloge-
nase isolated from Sphingomonas paucimobilis UT26 (LinB). COMBINE analy-
sis for LinB enzyme and a set of twenty five subtrates was performed. The three
principal components model explained 95% (91% cross-validated) of experimen-
tal data variability. The analysis was capable to explain differences in binding
affinity arising from the length of the carbon chain. The study revealed that
the substrate length optimum for LinB is six carbon atoms. Modelling of LinB
is slightly more difficult due to its larger active site and less specific binding
of substrates. Unfortunately, the COMBINE model did not explain sufficiently
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affinity differences for analogous substrates differentiating by bearing halogen
atom. The explanation of these differences will possibly require additional stu-
dies as measurement of inhibition kinetic constants, more precise description of
desolvation effects and/or application of different docking algorithm and force
field.

COMBINE Analysis in Protein Design
This study [Chapter 10] summarize the results of the project focused on the
study of engineering of haloalkane dehalogenases. Haloalkane dehalogenases
(E.C. 3.8.1.5) are microbial enzymes that utilize water as the only co-substrate
to transform halogenated alkanes into halide ions and alcohols. These enzymes
have a potential application in detoxification of subsurface pollutants, reco-
very of industrial side products and biosensors. Modification of their substrate
specificity and activity is required for optimization of catalytic properties for
biotechnological applications. The major objective of the project was to under-
stand the structural determinants of substrate specificity of these enzymes. Two
COMBINE models for haloalkane dehalogenases DhlA and LinB are compared
and their correspondences and differences are evaluated. This study classed
COMBINE analysis into the framework of protein engineering.

Explanation of Non-productive Binding
In next study [Chapter 11] we kinetically and structurally examined the halo-
alkane dehalogenase from Sphingomonas paucimobilis UT26 (LinB) in complex
with 1,2-dichloroethane, 1,2-dichloropropane and butane-1-ol, that is the re-
action product of the turnover of 1-chlorobutane. It was revealed by inhi-
bition analysis that both 1,2-dichloroethane and 1,2-dichloropropane act as
simple competitive inhibitors of the substrate 1-chlorobutane and that 1,2-
dichloroethane binds to LinB with lower affinity than 1,2-dichloropropane. Sub-
sequently we verified by docking calculations conducted with the enzyme in the
absence of active site water molecules and halide ions that studied substrates
could bind productively. After inclusion of water molecules and halide ions
in the calculations, the compounds were docked in the manner similar to that
observed in the crystal structure.
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ABSTRACT

Comparative binding energy (COMBINE) analysis was conducted for 18 sub-
strates of the haloalkane dehalogenase from Xanthobacter autotrophicus GJ10
(DhlA): 1-chlorobutane, 1-chlorohexane, dichloromethane, 1,2-dichloroethane,
1,2-dichloropropane, 2-chloroethanol, 2-chloroacetonitrile, epichlorohydrine, 2-
chloroacetamide and their brominated analogues. The purpose of the COM-
BINE analysis was to identify the amino acid residues determining the substrate
specificity of the haloalkane dehalogenase. This knowledge is essential for the
tailoring of this enzyme for biotechnological applications. Complexes of the
enzyme with these substrates were modelled and then refined by molecular me-
chanics energy minimization. The intermolecular enzyme–substrate energy was
decomposed into residue-wise van der Waals and electrostatic contributions and
complemented by surface area dependent and electrostatic desolvation terms.
Partial least-squares projection to latent structures analysis was then used to
establish relationships between the energy contributions and the experimental
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apparent dissociation constants. A model containing van der Waals and electro-
static intermolecular interaction energy contributions calculated using the AM-
BER force field explained 91% (73% cross-validated) of the quantitative variance
in the apparent dissociation constants. A model based on van der Waals in-
termolecular contributions from AMBER and electrostatic interactions derived
from the Poisson–Boltzmann equation explained 93% (74% cross-validated) of
the quantitative variance. COMBINE models predicted correctly the change
in apparent dissociation constants upon single-point mutation of DhlA for six
enzyme–substrate complexes. The amino acid residues contributing most signi-
ficantly to the substrate specificity of DhlA were identified; they include Asp124,
Trp125, Phe164, Phe172, Trp175, Phe222, Pro223 and Leu263. These residues
are suitable targets for modification by site-directed mutagenesis.

INTRODUCTION

Haloalkane dehalogenases are microbial enzymes that catalyze dehalogenation
reactions [31, 32, 38], which are important for the degradation of environmental
pollutants [41–43]. Halogenated aliphatic compounds are among the most fre-
quently occurring pollutants. Large quantities of these compounds are widely
used as pesticides, solvents, fire retardants, hydraulic and heat transfer fluids
and cleaning agents. They are environmentally dangerous and are hazardous
to humans due their toxic, genotoxic, teratogenic, and irritating effects. Un-
fortunately, wild type enzymes often do not acquire sufficiently high activity
or specificity for degradation of environmental pollutants. Protein design can
be used to improve the catalytic properties of such enzymes. To tailor the en-
zyme for improved substrate specificity, the amino acid residues that participate
in substrate binding must be identified so that they can be modified by site-
directed mutagenesis. Comparative binding energy (COMBINE)1 analysis has

1Abbreviations: BUW, block unscaled weights; COMBINE, comparative binding energy;
DhlA, haloalkane dehalogenase from Xanthobacter autotrophicus GJ10; EES

ELE , enzyme–
substrate electrostatic interaction energy in the presence of the surrounding solvent derived
from the Poisson–Boltzmann equation; EDESOLV −SUR, surface area dependent term of the
desolvation energy; ES

DESOLV , desolvation energy of a substrate; EE
DESOLV , desolvation

energy of an enzyme; FFD, fractional factorial design; ∆GELE , overall electrostatic free
energy change upon binding; GES

ELE , electrostatic energy for all atoms in the enzyme–substrate

complex; GS
ELE , electrostatic energy for substrate atoms; GE

ELE , electrostatic energy for

enzyme atoms; ∆GS
DESOLV , change in desolvation energy of the substrate upon binding;

∆GE
DESOLV , change in desolvation energy of the enzyme upon binding; ∆HV AP , enthalpy

of vaporization; INTCQ2 , intercept of the permutation plot for Q2; Km, enzyme–substrate

dissociation constant; PLS, partial least-squares; Q2, cross-validated correlation coefficient;
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been shown to be a useful technique for deriving quantitative structure–activity
relationships from a set of three-dimensional structures of enzyme–ligand com-
plexes [14, 19–23]. Here, we use COMBINE analysis to derive a predictive model
for substrate binding specificity in which important interactions for binding are
highlighted so that the model can be used to guide mutagenesis experiments to
modify the enzyme’s substrate specificity.

The haloalkane dehalogenase isolated from the soil bacterium Xanthobacter
autotrophicus GJ10 (DhlA) is a soluble globular enzyme [117]. DhlA is com-
posed of 310 residues and has a molecular mass of ∼36 kDa. It consists of two
different domains: the α/β-fold domain (main domain) which is conserved for
all α/β-hydrolases [49, 50] and the so-called cap domain. The main domain is
composed of eight β-sheets surrounded by six α-helices, whereas the cap domain
is composed of five additional α-helices. The active site of the enzyme is located
between these two domains in an internal, predominantly hydrophobic cavity
that can be reached from the solvent through a tunnel. The catalytic residues
form a catalytic triad (nucleophile, base, and acid) that is highly conserved
among all of the α/β-hydrolases known to date. The mechanism of dehalo-
genation is hydrolytic and requires the substrate and a water molecule in the
active site; no other co-factor is necessary. During the hydrolytic dehalogena-
tion, a carbon–halogen bond in the substrate is cleaved and the corresponding
alcohol is formed. Details of the reaction mechanism have been investigated
by crystallography [52, 53, 55], kinetic measurements [63–66, 70], site-directed
mutagenesis [69, 71–76, 103] and by molecular modelling [51, 85–88, 91, 92].

Previous theoretical studies were focused on the reaction mechanism of
haloalkane dehalogenases (quantum mechanical calculations) and their confor-
mational behavior (molecular dynamic simulations). The study presented here,
on the other hand, deals with the substrate specificity of DhlA, and its aim is to
construct a predictive model for estimation of the binding affinities for mutant
proteins. To this end, a COMBINE analysis was carried out to identify the pro-
tein residues responsible for the differences in binding affinities of 18 chlorinated
and brominated aliphatic substrates of DhlA. The effects of different scaling and
variable selection procedures on the quality of the models were studied. The
best model explained 93% (74% cross-validated) of the quantitative variance

R2, correlation coefficient; SDEC, standard deviation of error of calculation for the working
or training set; SDEPINT , standard deviation of error of (internal) predictions; SDEPEXT ,
standard deviation of error of (external) predictions; UV, scaling to unit variance; ∆U , total
binding energy.
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Table 7.1: Steady-State Dissociation Constants (in mM)

of Haloalkane Dehalogenasea.

compound log Km compound log Km

1 1-chlorobutane 0.34 10 1,2-dibromopropane 0.11

2 1-chlorohexane 0.15 11 2-chloroethanol 2.60

3 1-bromobutane −1.22 12 2-bromoethanol 1.04

4 1-bromohexane −0.52 13 epichlorohydrine 1.68

5 dichloromethane 2.00 14 epibromohydrine 0.34

6 1,2-dichloroethane −0.28 15 2-chloroacetonitrile 0.80

7 dibromomethane 0.38 16 2-bromoacetonitrile −0.31

8 1,2-dibromoethane −2.00 17 2-chloroacetamide 2.00

9 1,2-dichloropropane 1.11 18 2-bromoacetamide 1.30
a From reference [67]

in binding constants and enabled identification of the residues that contribute
most to the binding specificity; these are candidates for site-directed mutagene-
sis aimed at altering the substrate specificity of DhlA.

METHODS

Experimental Data
Apparent dissociation constants (Km) were used as the measure of binding
affinities for a set of 18 substrates. The binding affinities of these compounds
vary over 4 orders of magnitude. The Km values determined by Schanstra et
al. [67] were logarithmically transformed (Table 7.1). Experimental activities
were measured using steady-state kinetic analysis with purified DhlA. The Km

values for dichloromethane, 2-chloroethanol, and 2-chloroacetamide were fixed
at the highest measured concentrations since the exact dissociation constants
were not reported [67].

Overview of COMBINE Analysis
Binding energies are calculated for the set of enzyme–substrate complexes us-
ing a molecular mechanics force field. The total binding energy, ∆U , may be
assumed to be given by the sum of five terms: (i) the sum of intermolecular inter-
action energies (∆ui) between the substrate and each enzyme residue, EES

INTER,
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(ii) the change in the intramolecular energy of the substrate upon binding to the
enzyme, ∆ES , (iii) the change in the intramolecular energy of the enzyme upon
substrate binding, ∆EE , (iv) the desolvation energy of a substrate, ES

DESOLV ,
and (v) the desolvation energy of the enzyme, EE

DESOLV .

∆U = EES
INTER + ∆ES + ∆EE + ES

DESOLV + EE
DESOLV (7.1)

The second and third terms, describing changes in intramolecular energies
upon binding, were neglected in the study presented here because the DhlA sub-
strates are rather small molecules and there is no evidence for large differences
in the structure of DhlA when different substrates are bound. Intermolecular
energy contributions were decomposed into van der Waals and electrostatic in-
teractions.

In the first step of COMBINE analysis, a set of structures of enzyme–
substrate complexes is prepared and the total binding energy is calculated for
each of these complexes. The following step is the decomposition of the enzyme–
substrate interaction energy on a per residue basis for each of the complexes.
A matrix is then constructed in which the rows represent the different com-
pounds studied and the columns contain the residue-based energy information,
which is separated into two blocks (van der Waals and electrostatic), plus an ad-
ditional column containing the experimental binding affinities. Further columns
can contain additional energy terms such as the substrate desolvation energy
terms. This matrix is then projected onto a small number of orthogonal “latent
variables” using partial least-squares (PLS) analysis [15, 16], and the original
energy terms are given weights, wi, according to their importance in the model,
in the form of PLS pseudocoefficients. The higher these coefficients are, the
more significant they are for explaining the variance in the experimental data.
Thus, in the simplest form, the COMBINE model for binding affinity, ∆G, is
of the following form (C is a constant term):

∆G =
∑

wi∆ui + C (7.2)

Parametrization of Halogenated Substrates
The all-atom AMBER molecular mechanics force field [118] was used through-
out, and consistent parameters for the haloalkanes were derived to describe the
bonded and non-bonded interactions. For each molecule, molecular electro-
static potentials (MEPs) were calculated from the corresponding ab initio wave
functions (RHF MP2//6-31G*) using Gaussian94 [119] following full energy
minimization. Partial atomic charges were then derived by fitting each MEP
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to a monopole–monopole expression using the RESP methodology [120, 121].
One conformation of each molecule (trans) was employed in the fit, except for
1,2-dichloroethane for which both the gauche and trans conformations were
considered. Atom types for carbon atoms in the haloalkanes (CT) were taken
from the AMBER database. Equilibrium bond lengths and angles for chlo-
rinated and brominated hydrocarbons were obtained by averaging equivalent
terms from the ab initio 6-31G(d) energy-minimized structures (Table 7.1). Di-
hedral parameters involving halogens were adjusted so as to reproduce in the
molecular mechanics force field the torsional barriers calculated ab initio. For
this purpose, the SPASMS module in AMBER [122] was employed. Nonbonded
parameters for halogen atoms were developed and tested following a previously
reported procedure [123] with some modifications. In brief, periodic cubic boxes
(27 Å × 27 Å × 27 Å) containing 149 solvent molecules of 1,2-dichloroethane,
bromoethane and acetonitrile were constructed to reproduce the density and
enthalpy of vaporization (∆HV AP ) of these liquids at 300 K. The compressibil-
ity values (in 10−6 bar−1) that were used were 84.6, 142.3, and 107.0, respec-
tively [124]. Molecular dynamics simulations were carried out at 300 K using
the SANDER module in AMBER. Both the temperature and the pressure were
coupled to thermal and pressure baths with relaxation times of 0.2 and 0.6 ps,
respectively. In a 20 ps heating phase, the temperature was gradually increased
under constant-volume conditions, and the velocities were reassigned at each
new temperature according to a Maxwell–Boltzmann distribution. This was
followed by an equilibration phase of 200 ps at 300 K, and by a 300 ps sampling
period at constant pressure during which system coordinates were saved every
50 ps. All bonds involving hydrogens were constrained to their equilibrium va-
lues by means of the SHAKE algorithm [125], which allowed an integration time
step of 2 fs to be used. A non-bonded cutoff of 10 Å was employed, and the lists
of non-bonded pairs were updated every 25 steps. Density values were provided
directly by the SANDER module. ∆HV AP values were calculated according to
the equation

∆HV AP = RT − EINTER (7.3)

where EINTER is the interaction energy of the system, which encompasses both
the electrostatic and van der Waals components obtained directly from the
SANDER output, divided by the number of molecules in each box.
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Construction of Enzyme–Substrate Complexes and Energy Analysis
The complexes were modelled with AMBER 5.0 [126] using the structure [52]
of DhlA complexed with the substrate 1,2-dichloroethane (DCE) (PDB entry
2DHC) as a template. The WHATIF 5.0 program [127] was used for adding
the polar hydrogen atoms. His289 was singly protonated in the δ-position in
accordance with its catalytic function. Non-polar hydrogen atoms were added
using the AMBER 5.0 graphic interface xLEaP. The substrates were manually
docked in the enzyme active site and aligned so that the X–C1–C2 angle (where
X is a halogen atom) of each substrate could be superimposed on that of the
DCE molecule. These initial structures of the complexes were refined using the
molecular mechanics force field of Cornell et al. (1994) implemented in AMBER
5.0. One hundred steps of steepest descent were followed by conjugate gradient
energy minimization until the root-mean-square value of the potential energy
gradient was less than 0.1 kcal mol−1 Å−1. A non-bonded cutoff of 10.0 Å and a
distance-dependent dielectric constant (ε = 4rij) were used. The ANAL module
of AMBER 5.0 was used for energy decomposition of the refined complexes.

Estimation of Surface Desolvation Energy
The surface desolvation energy (EDESOLV −SUR) of a substrate was calculated
as a sum of atomic surface accessibilities multiplied by hydrophobicity coeffi-
cients for specific atom types. Atomic surface accessibility was calculated using
the NACCESS 2.1.1 program [128]. This program is an implementation of the
method of Lee and Richards. Appropriate hydrophobicity coefficients were taken
from the literature [129, 130] as follows: carbon-containing group, 18; neutral
oxygen or nitrogen, −9; sulfur −5; charged nitrogen, −38; and charged oxygen,
−37. In this context, we assigned a value of 1 to the hydrophobicity coefficient
of halogen atoms.

Estimation of the Electrostatic Contributions to the Free Energies of Binding.
Continuum Electrostatics Calculations
The overall electrostatic free energy change upon binding (∆GELE) can be
calculated from the total electrostatic energy of the system by running three
consecutive calculations on the same grid [131, 132]: one for all the atoms in
the complex (GES

ELE), one for the substrate atoms alone (GS
ELE) and a third one

for the enzyme atoms alone (GE
ELE). Since the grid definition is the same in the

three calculations, the grid energy artifact cancels out when the electrostatic
contribution to the binding free energy is expressed as the difference in energy
between the bound and the unbound molecule:
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∆GELE = GES
ELE −

(

GS
ELE + GE

ELE

)

(7.4)

An alternative method, which allows partitioning at the residue level, con-
siders a different description of the binding process. This consists of first de-
solvating the apposing surfaces of both substrate and enzyme and then letting
the charges of the two molecules interact. It is then possible to separate the
change in electrostatic free energy on molecular association (∆GELE) into three
components [131–133]: (i) the enzyme–substrate interaction energy in the pre-
sence of the surrounding solvent (EES

ELE), (ii) the change in desolvation energy
of the substrate upon binding (∆GS

DESOLV ), and (iii) the change in desolvation
energy of the enzyme upon binding (∆GE

DESOLV ):

∆GELE = EES
ELE +

(

∆GS
DESOLV + ∆GE

DESOLV

)

(7.5)

This decomposition is exact, contains all cross terms, and can be profitably
used in COMBINE analysis. The first term in equation 7.5, that is, the electro-
static energy of interaction between the group of E atoms in the enzyme and the
group of S atoms in the substrate, can be described (in kilocalories per mole)
by

EES
ELE =

E
∑

i=1

qiφi (7.6)

where q represents the atomic point charges of the ith atom of the enzyme and
φi is the electrostatic potential at the ith atom of the enzyme created by the
S atoms of the substrate. Equation 7.6 can be recast in the form of a sum of
N residue-based contributions (eN ), where N is the number of residues in the
enzyme, each of these containing K atoms:

EES
ELE =

N
∑

n=1

K
∑

k=1

qnkφnk =

N
∑

n=1

en (7.7)

This allows the total electrostatic free energy of substrate binding to be
expressed as a sum of residue-based contributions plus two additional terms
corresponding to the electrostatic components of the desolvation free energy of
both the substrate and the enzyme:

∆GELE =
N

∑

n=1

en + ∆GS
DESOLV + ∆GE

DESOLV (7.8)
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The electrostatic potentials used in equations 7.6 and 7.7 can be calculated
either as:

φi = 332

L
∑

j=1

qj

εrij
(7.9)

where ε is the relative permittivity of the homogeneous dielectric medium and
rij is the separation between every pair of atoms (as in the molecular mechanics
force field) or to include the potential created by the response of the surrounding
solvent to the substrate charges, by solving the linear form of the Poisson–
Boltzmann equation:

∇[ε(−→r )∇φ(−→r )] = −4πρ(−→r ) + κ−2φ(−→r ) (7.10)

where ρ is the fixed solute charge distribution, κ is the modified Debye–Hückel
constant that accounts for a Boltzmann distribution of the ions in solution, and
ε(−→r ) and φ(−→r ) are the dielectric constant and the electrostatic potential, re-
spectively, as a function of position. The solvent-corrected potential calculated
with equation 7.10 can be either that generated by the charges on the enzyme
at the positions of the uncharged substrate atoms or, alternatively, that cre-
ated by the charges on the substrate at the location of each of the uncharged
atoms of the enzyme. It is the latter that we have computed for the purpose of
calculating the residue-based contributions to EES

ELE described in equation 7.7.
Thus, the only effect that is missed by this approach is the solvent polarization
created by the enzyme charges and its corresponding cross terms. However, the
consequence of ignoring this effect is almost negligible when the complexes of
a common receptor with a series of congeneric substrates are considered, as is
demonstrated below by the similar EES

ELE values computed with equations 7.4
and 7.8.

The latter two terms of equations 7.5 and 7.8, corresponding to the diffe-
rences in electrostatic free energies of desolvation of the substrate and enzyme
upon complex formation, were calculated by considering the effects on the re-
spective electrostatic free energies of replacing the high dielectric medium of the
solvent with the low dielectric medium of the other molecule in those regions
that are occupied by the binding partner in the complex.

Each of the components of equation 7.8, which describes the electrostatic
effects of substrate binding, enters the energy matrix for COMBINE analysis as
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a different variable. From the previous derivation, and as demonstrated below
in the Results, it is clear that the total electrostatic binding free energy is par-
titioned taking into account the cross terms in the reaction field and no double
counting is done; i.e., the sum of electrostatic terms in the energy matrix yields
the electrostatic free energy of binding for that particular compound. This is
an important feature that allows easier interpretation of the regression models,
avoiding convoluted effects in the energetic description of the variables. It is also
worth noting that the formalism that is presented creates an electrostatic block
with variance similar to that of the van der Waals block, making the direct use
of PLS analysis possible without invocation of scaling procedures, which may
produce spurious results in three-dimensional QSAR [20].

The Poisson–Boltzmann equation was solved using a finite difference method,
as implemented in the DelPhi [133] module of Insight II. The atomic coordinates
that were employed were those of the AMBER-optimized complexes. The in-
terior of the enzyme, the substrates, and the complexes were considered as
low-dielectric medium (ε = 4) whereas the surrounding solvent was treated as
a high-dielectric medium (ε = 80) with an ionic strength of 0.145 M. Cubic
grids with a resolution of 0.5 Å were centered on the molecular systems that
were considered, and the charges were distributed onto the grid points [131, 132].
Solvent-accessible surfaces [134], calculated with a spherical probe with a 1.4 Å
radius [135], defined the solute boundaries, and a minimum separation of 10 Å
was left between any solute atom and the borders of the box. The potentials at
the grid points delimiting the box were calculated analytically by treating each
atom with a partial atomic charge as a Debye–Hückel sphere [131, 132].

Chemometric Analysis
The program Q2 4.5.11 (Multivariate Infometric Analysis) was employed for
data pretreatment, building of a model, and selection of variables by fractional
factorial design (FFD) [136]. The program SIMCA-P 8.0 (Umetri, Sweden) was
used for permutation validation [137]. The quality of models is described by
the correlation coefficient (R2), the cross-validated correlation coefficient (Q2),
the standard deviation of error of calculations (SDEC), the standard deviation
of error of predictions (SDEPINT and SDEPEXT ), and the intercept of the
permutation plot for Q2 (INTCQ2). R2 and SDEC are the descriptors of the
quality of the fit and are given by the equations 7.11 and 7.12, respectively.
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R2 = 1 −

∑

i

(yicalc − yiobs)
2

∑

i

(yiobs − yimean)2
(7.11)

SDEC =

[

∑

i

(yicalc − yiobs)
2

N

]1/2

(7.12)

R2 takes values up to a maximum value of 1, corresponding to a perfect
fit. A value higher than 0.5 is generally considered statistically significant. Q2

characterizes the predictive ability of a model and was computed using the Leave
One Out/Leave Some Out cross-validation according to equation 7.13.

Q2 = 1 −

∑

i

(yipred − yiobs)
2

∑

i

(yiobs − yimean)2
(7.13)

A value higher than 0.4 is generally considered statistically significant. The
parameters SDEPINT and SDEPEXT quantify the error in prediction for test
and validation sets, respectively, and are standard deviations computed in a
manner analogous to that of SDEC.

INTCQ2 is a measure of the background Q2 obtained by model fitting with
a randomized y variable (30 permutations with random seed). The X variable
matrix contained 622 columns (620 energy contributions for 310 amino acid
residues and two energy contributions for the catalytic water molecule) and 18
rows (enzyme–substrate complexes). The dependent y variable was represented
by 18 logarithmic values of experimental binding constants Km. Three different
data pretreatment methods were applied to the energy interaction matrix during
the PLS analysis: centering only (no scaling), block unscaled weights (BUW),
and scaling to unit variance (UV). A sum of squares higher than 10−7 was the
pretreatment threshold that was used for X variables to be considered active.
This threshold served for elimination of variables with low-magnitude energies
and variance. External validation was performed by splitting the data set of
the complexes into two subsets. The compounds were ordered according to log
Km values and split into odd and even values to obtain homogeneous data sets.
One of them served as a test set (compounds 2, 4, 6, 8, 9, 13–15, and 17), while
the other was used as a training and validation set (1, 3, 5, 7, 10–12, 16, and 18).



81

RESULTS

Parametrization of the Halogenated Alkanes
The nonbonded parameters used in this work for the Cl and Br atoms and the
cyano group present in the haloalkanes that were studied were derived from
condensed phase molecular dynamics simulations of three relevant organic sol-
vents. The good agreement found between the calculated and experimentally
measured densities and enthalpies of vaporization (Figure 7.1) lends credence
to the validity of these parameters. The derived parameters are provided in the
Supporting Information.

Construction of COMBINE Models
The set of 18 enzyme–substrate complexes was modelled, and each complex was
energy-minimized. The positions of the substrates inside the active site after
energy minimization are shown in Figure 7.2. Different types of models were
built using several scaling methods. The Q2 value was used as the criterion to
determine the optimal dimensionality of the PLS models. The FFD variable se-
lection procedure was then applied to all models using two different techniques
(retaining uncertain variables and not retaining uncertain variables). The com-
plete set of PLS models with their statistical parameters is listed in Table 7.2.
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Figure 7.1: (A) Time evolution of the calculated density (grams per cubic cen-
timeter) during the molecular dynamics simulations of the solvent boxes: bro-
moethane (¤, exptl, 1.460), 1,2-dichloroethane (4, exptl, 1.235), and acetoni-
trile (•, exptl, 0.786). (B) Time evolution of the calculated enthalpy of vapo-
rization (∆HV AP , kilocalories per mole) during the molecular dynamics simu-
lations of the solvent boxes: bromoethane (¤, exptl, 6.72), 1,2-dichloroethane
(4, exptl, 8.43), and acetonitrile (•, exptl, 7.94). The experimental values are
displayed as horizontal dashed lines.



83

Table 7.2: Summary of the COMBINE Models.

m
o
d
el

a

B
U

W
b

U
V

c

F
F
D

d

E
e V

D
W

E
f E

L
E

E
g D

E
S

O
L

V
−

S
U

R

E
E

S
h

E
L

E

∆
G

S
i

D
E

S
O

L
V

∆
G

E
j

D
E

S
O

L
V

o
b
jk

v
a
rl

A
m

R
2

S
D

E
C

Q
2

S
D

E
P

in
t

1 – – N + + – – – – 18 448 4 0.911 0.342 0.728 0.596

2 – – R + + – – – – 18 436 3 0.893 0.375 0.734 0.590

3 – – E + + – – – – 18 24 2 0.865 0.420 0.770 0.548

4 + – N + + – – – – 18 448 4 0.910 0.343 0.734 0.590

5 + – R + + – – – – 18 434 3 0.888 0.382 0.734 0.590

6 + – E + + – – – – 18 23 2 0.865 0.420 0.774 0.543

7 – + N + + – – – – 18 448 4 0.959 0.198 0.649 0.576

8 – + R + + – – – – 18 232 4 0.964 0.185 0.700 0.532

9 – + E + + – – – – 18 105 4 0.970 0.167 0.748 0.488

10 – – N + + + – – – 18 449 5 0.924 0.316 0.722 0.603

11 – – R + + + – – – 18 445 3 0.885 0.388 0.704 0.622

12 – – E + + + – – – 18 7 2 0.864 0.421 0.774 0.544

13 + – N + + + – – – 18 449 5 0.924 0.316 0.722 0.604

14 + – R + + + – – – 18 445 3 0.882 0.393 0.705 0.622

15 + – E + + + – – – 18 7 2 0.864 0.421 0.774 0.544

16 – + N + + + – – – 18 449 4 0.959 0.198 0.648 0.577

17 – + R + + + – – – 18 227 4 0.967 0.178 0.718 0.516

18 – + E + + + – – – 18 111 4 0.966 0.178 0.747 0.488

19 – – N + + – – + + 18 450 4 0.903 0.356 0.705 0.621

20 – – R + + – – + + 18 443 3 0.885 0.388 0.704 0.622
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Table 7.2: Summary of the COMBINE Models—Continued.

m
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d
el

a

B
U

W
b
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V

c
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F
D

d
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E
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L
E

E
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L
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U
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h
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∆
G

S
i

D
E

S
O

L
V

∆
G
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O
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V
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m

R
2
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D

E
C

Q
2

S
D

E
P
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t

21 – – E + + – – + + 18 8 2 0.864 0.421 0.774 0.544

22 + – N + + – – + + 18 450 6 0.939 0.283 0.779 0.538

23 + – R + + – – + + 18 439 3 0.885 0.388 0.704 0.622

24 + – E + + – – + + 18 7 2 0.864 0.421 0.774 0.544

25 – + N + + – – + + 18 450 4 0.959 0.197 0.649 0.576

26 – + R + + – – + + 18 222 4 0.962 0.190 0.687 0.544

27 – + E + + – – + + 18 112 4 0.967 0.176 0.749 0.487

28 – – N + – – – + + 18 199 3 0.909 0.345 0.745 0.577

29 – – R + – – – + + 18 192 2 0.858 0.431 0.733 0.591

30 – – E + – – – + + 18 7 2 0.864 0.421 0.774 0.544

31 + – N + – – – + + 18 199 4 0.918 0.328 0.752 0.570

32 + – R + – – – + + 18 188 2 0.861 0.427 0.745 0.578

33 + – E + – – – + + 18 7 2 0.842 0.455 0.741 0.582

34 – + N + – – – + + 18 199 3 0.842 0.386 0.494 0.692

35 – + R + – – – + + 18 117 3 0.858 0.366 0.677 0.553

36 – + E + – – – + + 18 45 2 0.817 0.416 0.716 0.518

37 – – N + – – + – – 18 502 5 0.930 0.303 0.742 0.580

38 – – R + – – + – – 18 490 3 0.898 0.365 0.755 0.567

39 – – E + – – + – – 18 14 2 0.831 0.471 0.718 0.607

40 + – N + – – + – – 18 502 5 0.925 0.314 0.738 0.586
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Table 7.2: Summary of the COMBINE Models—Continued.
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∆
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∆
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E
C

Q
2

S
D

E
P
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41 + – R + – – + – – 18 490 3 0.890 0.379 0.756 0.564

42 + – E + – – + – – 18 17 2 0.831 0.471 0.718 0.607

43 – + N + – – + – – 18 502 4 0.924 0.269 0.581 0.629

44 – + R + – – + – – 18 269 4 0.913 0.286 0.467 0.709

45 – + E + – – + – – 18 171 4 0.954 0.208 0.556 0.648

46 – – N + – – + + + 18 504 5 0.933 0.297 0.731 0.593

47 – – R + – – + + + 18 497 3 0.898 0.365 0.709 0.617

48 – – E + – – + + + 18 6 3 0.885 0.387 0.788 0.527

49 + – N + – – + + + 18 502 5 0.922 0.320 0.733 0.590

50 + – R + – – + + + 18 491 3 0.889 0.381 0.696 0.630

51 + – E + – – + + + 18 9 2 0.864 0.421 0.774 0.544

52 – + N + – – + + + 18 504 4 0.924 0.268 0.580 0.630

53 – + R + – – + + + 18 269 4 0.933 0.252 0.477 0.703

54 – + E + – – + + + 18 172 4 0.945 0.227 0.549 0.653
a Model identifier; b Block unscaled weights; c Scaling to unit variance; d Fractional factorial design (FFD): N,

without FFD; R, FFD with retained uncertain variables; E, FFD with excluded uncertain variables; e van der

Waals energy contributions from AMBER (X matrix); f Electrostatic energy contributions from AMBER

(X matrix); g Surface term of desolvation energy in the X matrix; h Enzyme–substrate interaction energy in

the presence of the surrounding solvent in the X matrix; i Change in desolvation energy of the substrate upon

binding in the X matrix; j Change in desolvation energy of the enzyme upon binding in the X matrix;

k Number of objects; l Number of variables X after threshold application; m Number of latent variables
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Figure 7.2: Stereoview of the DhlA haloalkane dehalogenase in complex with
ligands. The 18 ligands are superimposed in the positions obtained from energy
refinement. The protein backbone is represented by a Cα trace (A). The side
chains of first-shell residues lining the active site that are identified as significant
contributors to substrate specificity in COMBINE analysis are shown in stick
representation, and in a magnified view in (B) where they are labelled according
to the DhlA sequence. The active site water molecule that is included in the
COMBINE analysis is shown as a sphere.
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Effect of Scaling on the Predictive Ability
The unscaled models have statistical criteria similar to the BUW-scaled mo-
dels (Table 7.2). The autoscaled models have higher R2 values but significantly
lower Q2 values, which is indicative of overfit. External validation was employed
for testing the predictive power of the models (Table 7.3). External validation
of the models without scaling and the BUW-scaled models produces similar
statistics. The autoscaled models unequivocally provide the best SDEP values.
This result, however, does not seem consistent with the fact that autoscaled
models have lower Q2 values and is presumably a chance effect. Indeed, y-value
permutation tests indicated the presence of chance correlation in the autoscaled
models. The chance correlation is also apparent from Table 7.4. Many of the
best scoring energy contributions in the autoscaled models are not provided by
the residues lining the active site, and some of them are provided by residues
on the protein surface.

Effect of Variable Selection on the Predictive Ability
Two types of FFD variable selection procedures were performed. FFD resulted
in higher Q2 values, indicating improved internal predictive ability of the models
(Table 7.2), but at the same time resulted in lower R2 values, suggesting that
some of the variables that are important for explaining Km were excluded from
the data set. The 24 variables retained in model 3 and the 23 variables in model
6 were sufficient for explaining 87% of the variance (77% cross-validated) in the
Km values. External validation, however, confirmed the greater robustness of
the models derived without variable selection (Table 7.3).

Effect of Surface Desolvation Energy on the Predictive Ability
Inclusion of the surface desolvation energy term (EDESOLV −SUR) does not sig-
nificantly improve the predictive ability of the models (models 10–18) in com-
parison to the ability of models without this term (models 1–9). Statistical
criteria for the models with and without surface desolvation terms are very
similar (Table 7.2). The variable EDESOLV −SUR showed low weighted regres-
sion coefficients and was eliminated from the models that employed variable
selection. Addition of EDESOLV −SUR did, however, have a large influence on
the number of variables retained after FFD variable selection.

Effect of Continuum Electrostatic Energy Terms on the Predictive Ability
Replacement of AMBER electrostatic interactions with the enzyme–substrate
interactions calculated by numerically solving the linearized Poisson–Boltzmann
equation slightly improved both R2 and Q2 (models 37–42; compare with mo-
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Table 7.3: External Validation and Permutation Test of COMBINE Models.

modela objb varc Ad R2 SDEC Q2 SDEPint SDEPext INTCQ2

1* 9 444 4 0.985 0.143 0.742 0.587 0.561 −0.02

2* 9 425 3 0.980 0.165 0.879 0.401 1.008 −0.08

3* 9 16 3 0.982 0.157 0.924 0.318 0.973 −0.11

4* 9 444 4 0.981 0.160 0.738 0.590 0.629 −0.05

5* 9 426 3 0.981 0.160 0.890 0.383 1.003 −0.07

6* 9 15 3 0.982 0.157 0.924 0.318 0.973 0.01

7* 9 444 4 0.989 0.103 0.544 0.662 0.559 0.39

8* 9 204 4 0.994 0.078 0.729 0.510 0.537 0.29

9* 9 105 4 0.998 0.048 0.846 0.385 0.589 0.37
a Model identifier. The number corresponds to the models presented in Table 2. An asterisk

indicates that only a half of the objects were used in a model; b Number of objects in a model.

Working set: 2, 4, 6, 8, 9, 13–15, and 17. Validation set: 1, 3, 5, 7, 10–12, 16 and 18;

c Number of variables X after threshold application; d Number of latent variables
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Table 7.4: Most Important X Variablesa in COMBINE Models.

model 1 model 2 model 3 model 4 model 5 model 6 model 7 model 8 model 9

172
vdw

124
vdw

124
vdw

125
vdw

124
vdw

124
vdw

164
vdw

125
vdw

125
vdw

125
vdw

125
vdw

125
vdw

172
vdw

125
vdw

125
vdw

172
vdw

164
vdw 120vdw

164
vdw

172
vdw

164
vdw

164
vdw

172
vdw

164
vdw

125
vdw 120vdw 126vdw

124
vdw

164
vdw

172
vdw

124
vdw

164
vdw

172
vdw 171vdw 145vdw

164
vdw

222vdw
175

vdw 222vdw 222vdw
175

vdw 222vdw 97ele 126vdw 97ele

175
vdw

289
vdw

289
vdw

175
vdw

289
vdw

289
vdw 261vdw 97ele

172
vdw

128
vdw 222vdw

175
vdw

128
vdw 222vdw

175
vdw 196vdw

172
vdw 171vdw

289
vdw

223
vdw

262
vdw

289
vdw

223
vdw 176ele

128
vdw 171vdw 196vdw

223
vdw

125
ele 176ele

223
vdw 125ele 293ele 173vdw 127vdw 121ele

226
vdw 260ele 293ele

226
vdw 260ele 64ele

175
vdw 261vdw 59ele

263
vdw 176ele 64ele

263
vdw 176ele 168vdw 120vdw 130vdw 261vdw

262
vdw

226
ele 168vdw

262
vdw 226ele 167vdw 145vdw 196vdw 189vdw

124
ele

172
ele 167vdw

124
ele

262
vdw 271vdw 189vdw

128
vdw

128
vdw

179vdw
175

ele 271vdw 179vdw
172

ele 230ele 168vdw 121ele 273ele

125ele
262

vdw 230ele
125

ele
175

ele 291ele 104vdw
175

vdw 104vdw

176vdw 179vdw 291ele 176vdw 179vdw 116ele 184vdw 104vdw 203vdw

172
ele

263
ele 116ele

172
ele 176vdw 72ele 203vdw 184vdw 184vdw

226
ele 311ele 72ele

226
ele

263
ele 244ele 170vdw 203vdw 163ele

260ele
164

ele 244ele
56

vdw
164

ele 134vdw 126vdw 173vdw 175vdw

176ele 176vdw 61ele 260ele 311ele 61ele 174vdw 57ele 173vdw
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Table 7.4: Most Important X Variablesa in COMBINE Models—Continued.

model 1 model 2 model 3 model 4 model 5 model 6 model 7 model 8 model 9

56
vdw

128
vdw 134vdw 224vdw

128
vdw 274vdw 167vdw 122vdw 57ele

224vdw
262

ele 274vdw 176ele 149vdw 50vdw 121ele 189ele 244ele

260vdw 149vdw 50vdw 260vdw 262ele 104ele 57ele 189vdw 281vdw

165vdw 55ele 104ele 165vdw 260vdw – 260vdw 174vdw 282vdw

57vdw 224ele – 57vdw 55ele – 189ele 123vdw 287vdw

vdw first shellb 12 9 7 12 9 6 5 5 4

ele first shellc 3 7 0 4 4 0 0 0 0

vdw second shelld 7 4 7 7 5 7 16 16 14

ele second shelle 3 5 10 2 7 10 4 4 7
a Variables are sorted according to absolute values of weighted regression coefficients (only 25 top scoring variables are listed);

first-shell residues are in bold; b Number of first-shell residues displaying van der Waals type interactions; c Number of first-shell

residues displaying electrostatic type interactions; d Number of second-shell residues displaying van der Waals type interactions;

e Number of second-shell residues displaying electrostatic interactions
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dels 1–6). Only the unscaled and BUW-scaled models were taken into account
in these comparisons since the chance correlation was detected earlier in the
autoscaled models. When the electrostatic term calculated using AMBER was
replaced with the overall electrostatic energy change upon binding calculated
with DelPhi (∆GELE), a new set of global interaction energies was obtained.
The residue-based electrostatic interaction energies computed with DelPhi, as
depicted in equation 7.7, were used to replace the corresponding AMBER values
in the COMBINE energy matrix. To account for the change in the electrostatic
energy of desolvation of the substrate and the enzyme binding site upon complex
formation, two new variables, ∆GE

DESOLV and ∆GS
DESOLV , were incorporated

in the analysis as additional terms. Addition of ∆GE
DESOLV and ∆GS

DESOLV

into models with both AMBER electrostatic and van der Waals interactions did
not lead to statistically better models (models 19–27). The replacement of AM-
BER electrostatic interactions with ∆GE

DESOLV and ∆GS
DESOLV terms led to

models with improved predictive ability (models 28–33). Addition of these two
terms to models with AMBER electrostatic interactions replaced with the cor-
responding values from Poisson–Boltzmann calculations slightly improves the
predictive ability of the COMBINE models (models 46–54). The substrate de-
solvation energy term makes the most important contribution to the first prin-
cipal component in these models. The desolvation energy of the enzyme is also
among the five most significant energy contributions.

Chemometric Analysis of Model 4 (BUW-scaled, without FFD and EDESOLV )
The most influential variables are almost the same in the unscaled and BUW-
scaled models (Table 7.4). Model 4 was chosen for detailed description because
it shows one of the best statistical parameters out of the models based on per-
residue van der Waals and electrostatic contributions. This model has four
latent variables, yields an R2 of 0.91, a Q2 of 0.73 and an SDEPINT of 0.59,
and shows good external validation (Tables 7.4 and 7.5). Validation by per-
mutation confirms no chance correlation in the model. The robustness of this
model is further supported by the fact that a very similar model is derived when
COMBINE analysis is performed for the same structures with different software
(the COMBINE program, A. R. Ortiz) with slightly different pretreatment and
cross-validation procedures (data not shown). Score plots for model 4 are shown
in Figure 7.3, while the loading plots are shown in Figure 7.4. The most im-
portant variable in the first principal component is the electrostatic interaction
energy of Asp124, 124ele. This component is most important for explaining
the variance in the binding affinities of compounds 11, 12, and 18 (listed in
order of decreasing significance). The most important variable in the second
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principal component is the van der Waals interaction energy of Trp125, 125vdw.
This component is particularly important for explaining the binding affinity of
compounds 13 and 14. In the third component (focused on compounds 2, 5,
4, 8, 10, 14, and 18) the most significant variables are 263vdw, 172vdw, 226vdw,
175vdw, and 125vdw. In the fourth component (which explains the variance in
binding affinity of compounds 5, 1, 6, 9, 4, 2, 18, and 17), variables 226vdw and
172vdw are most influential. The overall importance of each variable in model
4, as quantified by the weighted regression coefficients, is presented in Figure
7.5. The goodness of fit and external predictive ability of the model is presented
in Figure 7.6. A stereoview of the energy contributions selected by COMBINE
analysis with the assigned type of energy contributions is shown in Figure 7.7.
A picture illustrating unfavorable interactions between long substrate molecules
(butanes and hexanes) and Trp175 together with positive interactions of these
molecules with three amino acid residues (Leu263, Met152, Cys150) on the op-
posite side of the active site is shown in Figure 7.8.

External Predictions of Binding Affinities for Mutant Proteins
The applicability of the COMBINE models for predictions was validated using
two mutants of DhlA for which the crystal structures were determined [63, 64].
Four substrate molecules with available experimental binding constants were
modelled in the active sites of the mutant proteins. The experimental binding
constants were calculated only for models with the best SDEPEXT values (mo-
dels 4 and 40). Although the internal predictive ability of model 49 was as good
as that of model 40, model 49 led to significantly worse external predictions.
The trends in the changes of binding affinity due to mutation are predicted
correctly using both model 4 and model 40 without exception (Table 7.5). The
largest error was obtained for the substrate 1-bromo-2-chloroethane, but this
is not unexpected since the prediction is made for both a new substrate and
a new enzyme. Generally, the predictions made using model 4 and model 40 are
equivalent as shown by their SDEPEXT values (0.66 and 0.67, respectively).

DISCUSSION

Rational engineering of enzyme substrate specificity requires detailed knowledge
of the interactions taking place between the enzyme and the substrates at atomic
resolution. Interaction energies based on molecular mechanics calculations are
employed for the study of enzyme–substrate interactions in comparative binding
energy (COMBINE) analysis [19]. In this study, the applicability of COMBINE
analysis for protein engineering purposes has been investigated. COMBINE
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97

Figure 7.7: Stereoview of DhlA with assigned energy contributions. The protein
backbone is represented by the Cα trace. The Cα atoms of the residues showing
the most important energy contributions in model 4 are shown as balls (see
Table 7.4). Dark-colored residues have only van der Waals energy contributions,
while light-colored residues have both van der Waals and electrostatic energy
contributions. The substrate molecules are in the positions obtained from energy
minimization.
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Figure 7.8: Stereoview of the substrate molecules docked in the enzyme active
site. Unfavorable van der Waals interactions between long-chain substrates, i.e.,
butanes and hexanes, and Trp175 are represented by van der Waals surfaces of
interacting atoms. Favorable interactions of the same long-chain molecules with
Leu263, Met152 and Cys150 positioned on the opposite side of the active site
can be seen.
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Table 7.5: External Predictions of Apparent Dissociation Constants for

Haloalkane Dehalogenase Mutants Using Models 4 and 40.

wt Phe172Trp

no.a substrate exptb exptb predd prede

2’ 1-chlorohexane 1.40 0.57 0.22 0.28

6’ 1,2-dichloroethane 0.53 5.13 8.47 8.83

8’ 1,2-dibromoethane 0.01 0.03 0.20 0.20

19’ 1-bromo-2-chlorohexane 0.07 0.10 1.28 1.38

wt Trp175Tyr

no.a substrate exptc exptc predd prede

6” 1,2-dichloroethane 0.53 2.85 0.83 0.73

8” 1,2-dibromoethane 0.01 0.06 0.04 0.03
a A single prime corresponds to Phe172Trp, and a double prime corresponds to

Trp175Tyr; b From reference [64]; c From reference [63]; d Predicted using model 4;

e Predicted using model 40

analysis was conducted for 18 substrates of the haloalkane dehalogenase DhlA.
The effect of scaling, variable selection, and addition of desolvation energy terms
on the predictive ability of the resulting models was investigated. No scaling and
BUW-scaling procedures provided robust models with good predictive ability
(Q2 ≥ 0.72 and SDEPINT ≤ 0.59), while autoscaling resulted in models with
chance correlation.

Variable selection demonstrated that the energy contributions from only
a limited number of amino acid residues (1%) are sufficient to explain a large pro-
portion of the variance (91%) in the binding constants. The models retaining all
energy contributions after applying pretreatment thresholds showed very good
fitting properties and predictive ability, and it was concluded that variable se-
lection procedures (i.e., exclusion of the nonsignificant variables from the data
matrix) are not necessary for modelling the DhlA–substrate binding affinities.
Apparently, PLS was effective enough to filter out nonsignificant interaction
energy contributions by giving them small weighting coefficients. The inclusion
of a surface area dependent desolvation energy term did not improve the predic-
tive ability of the models. The inclusion of the electrostatic enzyme–substrate
interactions computed by numerical solution of the Poisson–Boltzmann equa-
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tion improved the quality of the models and resulted in a COMBINE model that
achieved very good predictive ability (Q2 = 0.74, SDEPINT = 0.59, SDEPEXT

= 0.67). The incorporation of two additional terms, representing the electro-
static energy contributions to the partial desolvation of the substrates and the
enzyme upon binding, resulted in a COMBINE model with good fitting pro-
perties (Q2 = 0.78) that provided good internal predictions (SDEPINT = 0.54)
and slightly worse predictions for objects not included in model development
(SDEPEXT = 0.82).

A mechanistic interpretation of the models that were constructed provides
a detailed understanding of the structure–affinity relationships of DhlA sub-
strates. The BUW-scaled model containing van der Waals and electrostatic
energy terms for every residue (model 4) was chosen for this purpose. Simulta-
neous examination of the score plots (Figure 7.3), loading plots (Figure 7.4),
weighted regression coefficients plot (Figure 7.5), and the structures of enzyme–
substrate complexes (Figure 7.7) enables identification of important interactions
between the substrate molecules and amino acid residues that are key to under-
standing the differences in affinity. We expect that knowledge of these interac-
tions can be used to advantageously to propose mutant enzymes with modified
specificities. It is apparent from COMBINE analysis that only a limited number
of interactions are important for explaining most of the differences in binding
among the substrates of DhlA. Van der Waals interactions are considerably
more important than electrostatic interactions. This result can be rationalized
for the haloalkane dehalogenase DhlA because its active site is small, being
evolutionarily optimized for the natural substrate, 1,2-dichloroethane, whereas
most of the substrates analyzed in this study have a volume larger than that of
1,2-dichloroethane, resulting in a number of close contacts between the ligands
and the enzyme active site. Furthermore, the substrates that were analyzed are
simple, uncharged, and mainly hydrophobic molecules. Experience from stu-
dying different series of inhibitors interacting with different protein structures
by COMBINE analysis [14, 19–23] indicates that there is not a single trend
across all systems, and that the dominating interactions depend on the physico-
chemical features of the variations in the ligand series and the characteristics
of the protein binding site. Examination of the weighted regression coefficients
plot reveals that most of the important van der Waals interactions show positive
coefficients with only one exception, Trp125. Most of the electrostatic interac-
tions show negative coefficients as a result of covariations in the behavior of
the variables. In those cases where electrostatic desolvation energy is a penalty
to binding and important for explaining differences in activity, there will be
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some electrostatic interactions in the binding site that will correlate with the
desolvation energy. These interactions will be detected by COMBINE analysis
as opposing binding, even though their individual contribution is favorable to
binding. COMBINE analysis is therefore detecting an overall unfavorable elec-
trostatic desolvation effect that the favorable electrostatic interactions within
the binding site are unable to overcome. The coefficients in models including
explicit desolvation terms corroborate this interpretation.

The van der Waals interactions with positive coefficients can also be ex-
plained on a physical basis. Better van der Waals interactions result in better
binding affinity. Most of the residues with positive van der Waals contributions
line the active site cavity (Table 7.4 and Figure 7.7). Those further away may
be explained by general improvement in packing. These residues explain most
of the third and fourth principal components but also contribute to the first and
second components.

A favorable van der Waals interaction of Asp124 is observed for the sub-
strates 1-chlorohexane, 1-bromohexane, 1,2-dibromoethane, and 1,2-dibromo-
propane, while unfavorable interactions are observed with 2-chloroethanol, 2-
bromoethanol, and 2-bromoacetamide in the first component. Asp124 is a nu-
cleophile that initiates the dehalogenation reaction by nucleophilic attack on the
carbon atom bonded to halogen in a substrate molecule [52, 72]. This attack
leads to formation of a covalent alkyl–enzyme ester and a halide ion. Asp124
is positioned on a nucleophile elbow [49] and points toward the active site cavity.

The aromatic ring of Phe128 displays steric hindrance with epichlorohydrine,
epibromohydrine, 1,2-dichloropropane, 2-chloroacetamide and 2-bromoacetamide
in the second component. We noted that the much smaller Ala is present in the
equivalent position of dehalogenases LinB and DhaA [51]. Both enzymes ex-
hibit better activity with β-substituted haloalkanes than DhlA. Substitution of
Phe128 with a smaller amino acid may result in enzymes with improved affinity
for β-substituted substrates.

Van der Waals energies of Leu263, Phe172, Val226, Trp175, Trp125, Cys150,
and Met152 are among the most significant interactions in the third component.
Leu263 makes unfavorable contacts with the two largest substrates in the data
set, namely 1-bromohexane and 1-chlorohexane. A smaller amino acid in posi-
tion 263 may improve the affinity for long-chain substrates. Both Cys150 and
Met152 have the opposite effect on binding long-chain substrates. The van der
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Waals interaction energy of Cys150 with substrates 2 and 4 is 1 order of mag-
nitude lower than with other substrates. Trp175 makes direct van der Waals
contact with the halogen substituent of all substrates and provides stabiliza-
tion in a manner similar to that of Trp125 [75]. Most of the substrates inter-
act with Trp175 favorably, but 1-bromohexane, 1-chlorohexane, 1-bromobutane,
and 1-chlorobutane make unfavorable van der Waals contacts with Trp175 HNε1.
Mutagenesis of Trp175 results in proteins with low activity [63, 75]; therefore
improved binding for these substrates can only be achieved by mutations in
neighboring residues (helix 5). Nine out of 12 in vivo mutants of DhlA with
improved activity toward 1-chlorohexane [74] carried modifications in helix 5 or
its close surroundings. Priest and co-workers suggested that this region is crit-
ical for the specificity of DhlA. This observation is in line with the COMBINE
model which localizes seven highly significant interactions in helix 5 (Table 7.4
and Figure 7.7). The importance of Val226 could not be directly attributed to
the binding of specific substrates. This residue is not in direct contact with the
substrate molecules, but makes important interactions with Trp125 and Phe172.
The importance of these interactions has been experimentally demonstrated by
Schanstra and co-workers [76]. Many interactions significant for the third com-
ponent also participate in the fourth component, for example, Val226, Phe172,
Phe222, Glu56, Leu263, or Trp175. Phe172 contributes to stabilization of the
transition state and the product [85, 89]. Schanstra and co-workers [64] per-
formed mutational analysis in position 172 and constructed 16 different point
mutants, some of which had modified activity and substrate range. Quantita-
tive structure–function relationships (QSFR) analysis conducted with the same
set of point mutants identified physico-chemical properties critical for position
172: aromaticity, main-chain flexibility, refractivity, and bulkiness [79]. Like
Trp175 and Leu263, Phe172 also makes unfavorable van der Waals interactions
with the long-chain substrates 1-bromohexane and 1-chlorohexane. Phe172 is
among the most important residues of DhlA as it displayed both significant van
der Waals and electrostatic interactions.

Two of the interactions with negative coefficients, Asp124ele and Trp125vdw,
are very important for the first and second component, respectively. Asp124ele

together with the substrate electrostatic desolvation term dominates the first
component of the model employing both AMBER-calculated electrostatic inter-
action energies and the change in the electrostatic desolvation energy of desolva-
tion of the substrate and the enzyme upon complex formation (e.g., model 22).
The variables 124ele and ∆GS

DESOLV are negatively correlated in this model
and explain mainly the variability in the dissociation constants for the sub-
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strates 2-bromoacetamide, 2-chloroethanol, and 2-bromoethanol. Desolvation
of these polar molecules is energetically demanding, resulting in poor binding
affinity. The negative coefficient of Trp125 can be attributed to a different be-
havior of the energy changes associated with this residue in comparison with the
rest of the variables. This can be observed in the partial weights and loading
plots rather than in a different slope in the correlation with the external vector.
The difference may have a structural origin, since Trp125 is located in a loop
buried in the protein core, while most of the rest of the important interactions
are associated with α-helices. Trp125 appears to be important for explaining
differences between chlorinated and brominated derivatives. The essential role
of Trp125 for binding of the halogen substituent, stabilization of the transition
state, and halide ion release upon reaction has been postulated from crystallo-
graphic and fluorescence quenching studies [61], from site-directed mutagenesis
experiments [75], and from molecular modelling [85, 92]. The electronegative
aromatic indole nitrogens of the tryptophans provide polarization of the N–H
bond, resulting in a slightly positive hydrogen that can interact with the halogen.

CONCLUSIONS

In summary, the most influential active site residues can be divided into two
classes, with respect to their interaction with the substrates. The first class is
formed by residues separating chlorinated derivates from brominated derivates.
These residues include Trp125, Trp175, and Pro223, and form the halogen bin-
ding site in the protein, which is more selective for brominated derivatives.
Mutations affecting these residues should be used to modulate the halogen speci-
ficity of the enzyme. The second set of residues discriminates substrates by their
interactions with the substrate alkyl side chain. It includes Phe164, Phe172,
Phe222, and Leu263, and there is a contribution from Asp124 as well. Muta-
tions affecting these residues can be used to tune the activity of the enzyme for
different side-chain specificities. All amino acid residues discussed so far belong
to the so-called first shell of residues, i.e., residues lining the active site of DhlA.
Their significance is not unexpected since these residues make direct contacts
with the substrate molecules and their possible role could be inferred from the
X-ray structure. The identification of second shell residues might be more useful
for protein design purposes. In DhlA, such residues were also identified with
the COMBINE models and include Phe222, Leu179, Lys176, Lys224, Val165,
and Pro57 (listed in order of their significance; see Table 7.4). These residues
represent suitable targets for future site-directed mutagenesis experiments.
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ABSTRACT

We evaluate the applicability of automated molecular docking techniques and
quantum mechanical calculations to the construction of a set of structures of
enzyme–substrate complexes for use in Comparative binding energy (COM-
BINE) analysis to obtain 3D structure-activity relationships. The data set
studied consists of the complexes of eighteen substrates docked within the ac-
tive site of haloalkane dehalogenase (DhlA) from Xanthobacter autotrophicus
GJ10. The results of the COMBINE analysis are compared with previously re-
ported data obtained for the same dataset from modelled complexes that were
based on an experimentally determined structure of the DhlA-dichloroethane
complex. The quality of fit and the internal predictive power of the two COM-
BINE models are comparable, but better external predictions are obtained with
the new approach. Both models show a similar composition of the principal
components. Small differences in the relative contributions that are assigned
to important residues for explaining binding affinity differences can be directly
linked to structural differences in the modelled enzyme–substrate complexes:
(i) rotation of all substrates in the active site about their longitudinal axis,
(ii) repositioning of the ring of epihalohydrines and the halogen substituents of
1,2-dihalopropanes, and (iii) altered conformation of the long-chain molecules
(halobutanes and halohexanes). For external validation, both a novel substrate
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not included in the training series and two different mutant proteins were used.
The results obtained can be useful in the future to guide the rational engineering
of substrate specificity in DhlA and other related enzymes.

INTRODUCTION

Comparative binding energy (COMBINE)1 analysis is a computational tech-
nique for deriving detailed quantitative structure-activity relationships (QSAR)
from a set of three-dimensional structures of protein-ligand complexes [19].
COMBINE analysis systematically investigates the relationships between expe-
rimental binding affinities and the interaction energies for a set of enzyme-ligand
complexes. COMBINE analysis was originally developed for drug design appli-
cations and nowadays it is well established as a standard 3D-QSAR method [19–
29, 150]. The application of this methodology in the protein-engineering field
was first described in a study of the substrate specificity of haloalkane dehaloge-
nase DhlA (Figure 8.1) from Xanthobacter autotrophicus GJ10 [28]. As the crys-
tal structure of the DhlA-dichloroethane complex was known [52], the Michaelis
complexes for the other substrates studied could be constructed by structural
alignment to this structure [28]. However, a broader application of COMBINE
analysis can be hindered by the fact that there is a large number of enzymes for
which the experimental structure of an enzyme–substrate complex is unknown
and positioning of the substrate in the active site may not be straightforward.
This problem can become especially important for broad-specificity enzymes
with a large active site in which a large variety of ligands can be accommodated
in different binding modes. This is the case, for example, for the haloalkane
dehalogenases DhaA from Rhodococcus sp. [59] and LinB from Sphingomonas
paucomobilis UT26 [56], both of which have active sites between 2 and 2.5 times
larger than that in DhlA [51].

The problem outlined above indicates the necessity for a method capable of
finding favorable orientations for a set of substrates inside the active site of an
enzyme that will lead to the construction of robust QSAR models by COMBINE
analysis. Automated molecular docking methods may provide a solution to this
problem but validation is an important issue. The purpose of this study is to

1Abbreviations: COMBINE, comparative binding energy; DhlA, haloalkane dehalogenase
from Xanthobacter autotrophicus GJ10; Ea, activation energy; ∆H, change in reaction en-
thalpy; Km, apparent dissociation constant; PLS, Partial Least-Squares Projection to Latent
Structures; Q2, cross-validated correlation coefficient; R2, correlation coefficient; RMSEP,
root mean square error of predictions; SDEP, standard deviation of error of predictions
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Figure 8.1: Scheme of the reaction mechanism of hydrolytic dehalogenation
catalyzed by the haloalkane dehalogenases. Enz – enzyme.

evaluate the applicability of a well-established docking program for the prepa-
ration of structures of DhlA-substrate complexes and complementary quantum
mechanical calculations for the selection of binding modes that are suitable for
a COMBINE-type analysis.

METHODS

Experimental Data
Apparent dissociation constants (Km) were taken as a measure of binding affini-
ties for a set of eighteen DhlA substrates. The Km values determined by
Schanstra et al. [67] were logarithmically transformed (Table 8.1). The Km

values for dichloromethane, 2-chloroethanol and 2-chloroacetamide were fixed
at the highest measured concentrations since the exact dissociation constants
were not reported.

Modelling of Enzyme–Substrate Complexes by Automated Molecular Docking
The structures of the enzyme–substrate complexes were modelled using the pro-
gram AUTODOCK 3.0 [138] which consists of three main separate modules (AU-
TOTORS, AUTOGRID, AUTODOCK) and a set of additional scripts. Initially,
program AUTOTORS [138] was applied to the eighteen substrates to specify
their rotatable bonds. The crystal structure of the DhlA-dichloroethane com-
plex (PDB-ID 2DHC) was obtained from the Brookhaven Protein Database [139].
Polar hydrogen atoms were added using the program WHATIF 5.0 [127]. His289
was singly protonated on Nδ in accordance with its catalytic function. Non-polar
hydrogen atoms were added using AMBER 5.0 [126]. The script q.kollua was
used for addition of partial charges on all atoms of the enzyme and the script
addsol was used to assign solvation parameters to the carbon atoms in the pro-
tein structure [138]. Grid maps were calculated for the atom types present in
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Table 8.1: Apparent Dissociation Constants (in mM)

of Haloalkane Dehalogenase DhlAa.

no. compound Km no. compound Km

1 1-chlorobutane 2.20 10 1,2-dibromopropane 1.30

2 1-chlorohexane 1.40 11 2-chloroethanol 400.00

3 1-bromobutane 0.06 12 2-bromoethanol 11.00

4 1-bromohexane 0.30 13 epichlorohydrine 48.00

5 1,1-dichloromethane 100.00 14 epibromohydrine 2.20

6 1,2-dichloroethane 0.53 15 2-chloroacetonitrile 6.30

7 1,1-dibromomethane 2.40 16 2-bromoacetonitrile 0.49

8 1,2-dibromoethane 0.01 17 2-chloroacetamide 100.00

9 1,2-dichloropropane 13.00 18 2-bromoacetamide 20.00
a From reference [67]

the substrates using the AUTOGRID [138] program with a grid of 81 × 81
× 81 points and a grid spacing of 0.25 Å. For docking, a Lamarckian Genetic
Algorithm [138] was employed with a population of 50 individuals, a maximum
number of 1.5 × 106 energy evaluations, a maximum number of generations of
27 000, an elitism value of 1, a mutation rate of 0.02, and a cross-over rate of
0.80. The local search was based on a pseudo-Solis and Wets algorithm [140]
with a maximum of 300 iterations per local search. Fifty docking runs were
performed for each enzyme–substrate complex. Calculated substrate orienta-
tions from each run were clustered with the clustering tolerance for the root-
mean-square positional deviation set to 0.5 Å. The geometry of the selected
enzyme–substrate complexes was optimized using the molecular mechanics pro-
gram AMBER and the Cornell et al. force field [118]. One hundred steps of
steepest descent were followed by conjugate gradient energy minimization un-
til the root-mean-square value of the potential energy gradient was less than
0.1 kcal mol−1 Å−1. A non-bonded cutoff of 10 Å and a distance-dependent
dielectric constant (ε = 4rij) were used.

Evaluation of Multiple Substrate Orientations by Quantum Mechanics
A simplified representation of the enzyme active site was used consisting of se-
lected amino acid residues and the bound substrate molecule as obtained from
the molecular docking protocol described above. The size of the system was se-
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lected in such a way that the substrate molecule was completely surrounded by
the amino acid residues. The final cavity consisted of twenty amino acid residues
because preliminary tests showed that a smaller cavity did not properly describe
the reaction’s energy profile. The following residues were included in the cal-
culations: Glu56, Asp124, Trp125, Phe128, Leu129, Phe164, Val165, Phe172,
Trp175, Phe190, Trp194, Phe222, Pro223, Met225, Val226, Asp260, Leu262,
Leu263, His289 and Phe290. The total charge of the system was set to –3e.
The semi-empirical quantum chemical program MOPAC 2000 [141], with sub-
routine DRIVER 1.0 [142] interfaced to the program TRITON 2.0 [143], was
used for mapping the reaction pathway of the first dehalogenation step, as de-
scribed previously [85]. Briefly, the SN2 reaction was modelled by a stepwise
(0.05 Å) reduction of the distance between the nucleophilic oxygen from Asp124
and the attacked carbon on each substrate. After each step, the structure was
fully optimized except for the driven coordinate and the heavy atoms of the
protein backbone. The following keywords were used to control the MOPAC
calculation: AM1, DEBUG, BFGS, GEO-OK, MMOK, MOZYME, NODIIS,
NOINTER, NOXYZ and CHARGE.

Construction of the COMBINE Models by Partial Least-Squares Projection to
Latent Structures (PLS)
In COMBINE analysis, the computed molecular mechanics interaction energy
for each energy minimized complex is decomposed into terms according to phy-
sical property and location, in this case, on a per residue basis. As the total
interaction energy will not in general correlate with binding affinity, PLS ana-
lysis is used to derive a QSAR model in which log Km values are correlated
with the sum of selected weighted energy terms. The PLS analysis thus per-
mits identification and ranking of interactions important for the differences in
dissociation constant between the complexes, and provides a model that can be
used to predict dissociation constants for new enzyme–substrate complexes. The
program Q2 4.5.11 (Multivariate Infometric Analysis, Italy) was used for data
pre-treatment and building of PLS models. The matrix of X variables consisted
of 620 columns (van der Waals and electrostatic energy contributions for 310
amino acid residues) and 15 rows (enzyme–substrate complexes). The depen-
dent variable y was represented by 15 logarithmically transformed values of the
apparent dissociation constants Km. All data were block-unscaled and variables
with low magnitude energies (sum of squares lower than 10−7 kcal/mol) were
eliminated before the analysis. The program SIMCA-P 8.0 (Umetri, Sweden)
was used for permutation validation and external prediction of binding affinities
for mutant enzymes. The quality of the models was described by the correla-
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tion coefficient (R2) and by the cross-validated correlation coefficient (Q2). R2

is a descriptor of the quality of fit and takes values up to a maximum of 1, which
corresponds to a perfect fit. A value higher than 0.5 is generally considered as
statistically significant. Q2, which provides an estimate of the predictive power
of a model, was computed using a Leave-One-Out cross-validation procedure.
A value higher than 0.4 is generally considered as statistically significant.

RESULTS

Modelling of the Enzyme–Substrate Complexes
Individual substrate molecules were docked automatically into the active site
of DhlA (Figure 8.2). The automated docking procedure provided mechanis-
tically viable orientations for fifteen out of eighteen substrate molecules. No
biologically relevant substrate orientations inside the active site were found for
2-bromoacetonitrile and the two dihaloacetamides. The substrate molecules
with satisfactory orientations can be further divided into two groups. The
first group contains the substrates for which only a single orientation suitable
for nucleophilic attack was found: 2-chloroacetonitrile, 1,2-dichloropropane, di-
halomethanes, dihaloethanes, haloethanols and epihalohydrines. The second
group is composed of substrates for which several satisfactory orientations were
found: 1,2-dibromopropane, halobutanes and halohexanes. The two binding
modes that were obtained for 1,2-dibromopropane represented orientations suit-
able for dehalogenation from either the α or the β carbon atom.

Selection of Correct Binding Modes
The orientations of 1,2-dibromopropane, the halobutanes and the halohexanes
were further studied by quantum-mechanical calculations to select one unique
enzyme–substrate complex per molecule. Semi-empirical modelling of the SN2
dehalogenation reaction was conducted for each of these enzyme–substrate com-
plexes (Table 8.2). The change in heat of formation of the system during the
reaction was taken as a criterion to select the binding mode with the most ap-
propriate geometry for nucleophilic substitution, i.e., the initial reaction step.
The activation energy (Ea) of the reaction was approximated by the difference
in heat of formation between the Michaelis complex and the transition state
structures. The enthalpy change (∆H ) was expressed as the difference in heat
of formation between the Michaelis complex and the enzyme-product structures.
The activation energy barriers and the reaction enthalpies are listed in Table 8.2.
Stabilization of the released halide anion by two tryptophan residues located in
the enzyme active site (Trp125 and Trp175) is critical for the first reaction step
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Figure 8.2: Active site cavity of DhlA with docked substrate 1-bromohexane.
The electrophilic carbon of 1-bromohexane is oriented toward the nucleophilic
oxygen of Asp124 in a position suitable for SN2 attack. Asp124 together with
Asp260 and His289 constitutes the catalytic triad [52]. The scissile bond is
pointing toward the halide-binding pocket made of primary halide-stabilizing
residues Trp125 and Trp175, and secondary halide-stabilizing residues Phe172,
Pro223 and Val226 [90].
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of DhlA, as demonstrated in previous experimental [61, 63, 65, 75] and theoreti-
cal [90, 91, 95, 144] studies. The magnitude of this stabilization, as quantitated
by ∆H, was therefore the first criterion for evaluation of different substrate orien-
tations. If tryptophan stabilization was missing, then ∆H displayed more posi-
tive values. Stabilization was fulfilled by all binding modes except the mode that
assumed the nucleophilic attack on the β carbon atom of 1,2-dibromopropane
(orientation 10 1). For this orientation, a positive enthalpy change of the reac-
tion (0.8 kcal/mol) was found. Orientation 10 2, which assumes dehalogenation
from the α carbon atom of 1,2-dibromopropane, was therefore selected for the
COMBINE analysis. The orientations with the lowest activation barrier (1 1,
3 1 and 4 2) were selected for inclusion in the COMBINE model for substrates
1-chlorobutane, 1-bromobutane and 1-bromohexane, respectively. Two out of
three binding modes for 1-chlorohexane (2 1 and 2 2) showed similar activation
barriers (23.1 and 23.4 kcal/mol) and therefore each mode was independently
explored in alternative datasets that contained the remaining substrates with
unambiguous orientation. This dual modelling was used as an additional selec-
tion criterion (Table 8.2). The COMBINE model constructed for the substrates
with single orientation (dihalomethanes, dihaloethanes, haloethanols, and epi-
halohydrines) and the 2 1 binding mode showed significantly worse statistics
(R2 = 0.42 and Q2 = 0.25) compared to the model with the 2 2 orientation
(R2 = 0.98 and Q2 = 0.96).

Construction of the COMBINE Model
An initial COMBINE model was derived for the fifteen molecules for which
a suitable enzyme–substrate complex could be obtained by the automated mole-
cular docking procedure. In cases that resulted in more than one binding mode,
the mode selected based on the quantum-mechanical results was chosen. It was
revealed that simultaneous inclusion of dihalopropanes and halohexanes into the
training set led to unstable models. Each of these pairs have different locations
in the active site. The dihalopropanes bind near the entrance tunnel whereas
the halohexanes penetrate deeper into the binding site of the protein and are
oriented toward the nucleophile. Fixation of the halohexane molecules in their
docked position during molecular mechanics energy refinement of the enzyme–
substrate complexes solved this problem and enabled inclusion of both halo-
propanes and halohexanes in the final model. This fixation stopped translation
of halohexanes in the active site and retained the favorable position obtained
from the automated docking procedure.
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Table 8.2: Activation Energy Barriers and Reaction Enthalpies

(in kcal/mol) for the Substrates with Multiple Orientations.

no. compound orient Ea ∆H R2 d Q2 d SDEP

1 1-chlorobutane 1 1a 21.5 −10.8 0.97 0.95 0.7059

1 2 22.9 −19.1 0.99 0.94 0.4575

1 3 22.6 −16.2 0.98 0.93 0.6758

2 1-chlorohexane 2 1 23.1 −10.5 0.42 0.25 1.2917

2 2a 23.4 −6.0 0.98 0.96 1.0403

2 3 25.5 −11.6 0.41 0.24 1.2946

3 1-bromobutane 3 1a 23.0 −7.0 0.98 0.95 0.6882

3 2 25.2 −8.7 0.99 0.96 0.4875

3 3 26.1 −8.2 0.98 0.96 0.4887

4 1-bromohexane 4 1 28.6 −8.3 0.44 0.31 1.2710

4 2a 26.3 −7.3 0.98 0.94 1.1776

10 1,2-dibromopropane 10 1b 31.2 0.8 0.99 0.94 0.6684

10 2ac 24.9 −9.1 0.99 0.66 0.7457
a Orientation selected for COMBINE analysis; b Dehalogenation from Cβ ;

c Dehalogenation from Cα; d Parameter after adding this orientation to the

model based on single-orientation substrates
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DISCUSSION

In order to validate the applicability of automated molecular docking techniques
to the preparation of enzyme–substrate complexes and the use of quantum-
mechanical calculations for selection of the most suitable binding modes, the
newly constructed model (modelN ) was compared to our previously reported
COMBINE model (modelP ) [28] that was based on a manual superposition of
the substrates onto the experimentally determined structure of 1,2-dichloroetha-
ne in its complex with DhlA. To allow direct comparison of the models, modelP
was re-calculated with the same fifteen substrates that are present in modelN .
The models were compared in terms of their statistics, important variables and
structural features of the enzyme–substrate complexes.

Statistical Comparison of COMBINE Models
Selected statistical criteria, i.e., correlation coefficient, R2; cross-validated cor-
relation coefficient, Q2; and root-mean-square error of prediction, RMSEP are
compared in Figure 8.3. The quality of fit for the four-component models is
shown in Figure 8.4. Both approaches provided models with very similar statis-
tics, except for a significantly improved predictive power for modelN , as indi-
cated by the lower RMSEP values (in models with more than two principal
components). The better predictive ability of modelN was also demonstrated
for an external test set involving two different mutant proteins and a set of
five halogenated substrates that included the novel substrate 19’ (1-bromo-2-
chloroethane) which was not present in the original training set (Table 8.3).

Chemometric Comparison of the COMBINE Models
Score plots of the first two components (Figure 8.5A) show that the majority
of substrates are positioned similarly in both sets of complexes. The only ex-
ceptions are both epihalohydrine molecules (compounds 13 and 14) which have
their epoxy rings re-orientated in modelN . Haloethanols (compounds 11 and 12)
are the two most polar substrates and their binding affinities are described by
the first principal component (Figure 8.5A), which is mainly determined by the
electrostatic interaction energy with Asp124 (Figure 8.5B). There is a hydrogen
bond present between the hydroxyl groups of the haloethanols and the nucleo-
philic oxygen of Asp124. Asp124 also shows significant favorable electrostatic in-
teractions with other polar substrates: 2-epichlorohydrine, 2-epibromohydrine,
and 2-chloroacetonitrile (compounds 13, 14, and 15). The van der Waals energy
contributions emanating from Phe222, Phe172, and Phe164 dominate the se-
cond principal component. The score plots of the third and fourth principal
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components (Figure 8.6A) differ significantly between the two models with re-
gard to the positions of the halohexanes and dihalopropanes (compounds 2, 4, 9,
and 10). This is due to the different conformations that these molecules adopt
in the enzyme active site. The main contributors to the third principal compo-
nent (Figure 8.6B) are the van der Waals interactions involving residues Phe172,
Phe222, Leu262, while the fourth principal component is primarily made up of
van der Waals energy contributions from Asp124, Phe222, and Leu263. Phe172
and Phe222 make favorable van der Waals interactions with the halogen atoms
of every substrate molecule in modelN . Residues Leu262 and Leu263, on the
other hand, make favorable van der Waals interactions only with selected sub-
strates, that is, the halobutanes (compounds 1 and 3). The allowed flexibility
of the substrate molecules during the docking calculation permits turning of the
tail of the long carbon chains in halohexanes and halobutanes, thus resolving
the steric hindrance of these molecules with Leu263 in modelP . Two van der
Waals energy contributions that are significant in modelP (Cys150 and Met152)
do not have an analogous counterpart in modelN (Figure 8.6B). This is due to
the direct contact of the carbon tail of halohexanes with Cys150 and Met152
in modelP that is missing in modelN . These missing van der Waals interac-
tions are better seen on the graph of weighted regression coefficients (Figure
8.7). The same graph also reveals non-negligible differences in the importance
of electrostatic interactions between the two models. The electrostatic contri-
butions from residues Glu56, Phe128, Phe172, Phe176, Leu263, and His289 are
significant only in modelN . The bulk of these electrostatic contributions are due
to interactions between active site residues and the epoxide ring of epihalohy-
drines. These are the only polar molecules that are exposed to interactions with
residues occupying the space of the active site under the cap domain in modelN .
The described electrostatic interactions with epihalohydrines have a long-range
character, as seen from the distribution of interacting residues within the struc-
ture of DhlA (Figure 8.8).

Structural Comparison of the COMBINE Models
The structures of DhlA–substrate complexes obtained through automated mole-
cular docking show three major differences when compared to the structures
from the previous manual alignment: (i) all substrates without exception are
rotated along their longitudinal axis, (ii) the rings of epihalohydrines and the
halogen substituents of 1,2-dihalopropanes are repositioned, and (iii) long-chain
molecules (halobutanes and halohexanes) change the conformation of their car-
bon chain (Figure 8.9). The substrates in the complexes obtained by means of
the automated molecular docking program are generally adjusted to the size and
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Table 8.3: External Predictions of Apparent Dissociation Constants

(in mM) for Haloalkane Dehalogenase Mutants.

wt Phe172Trp

no.a substrate exptb exptb predd prede

6’ 1,2-dichloroethane 0.53 5.13 7.94 5.13

8’ 1,2-dibromoethane 0.01 0.03 0.19 0.06

19’ 1-bromo-2-chlorohexane 0.07 0.10 1.20 0.55

wt Trp175Tyr

no.a substrate exptc exptc predd prede

6” 1,2-dichloroethane 0.53 2.85 0.74 5.50

8” 1,2-dibromoethane 0.01 0.06 0.03 0.10
a A single prime corresponds to Phe172Trp, and a double prime corresponds to

Trp175Tyr; b From reference [64]; c From reference [63]; d Predicted using modelP ;

e Predicted using modelN

shape of the active site and their orientations are in good agreement with the
expected reactive conformation for the SN2 reaction. Rotation of the substrate
molecules along their longitudinal axes positions their electrophilic carbon atoms
closer (by about 1 Å) to the attacking oxygen of Asp124 while retaining the re-
leased halide ion in a position intermediate between two stabilizing amino acids,
Trp125 and Trp175 (Figure 8.9). This rotation places the substrate molecules in
both a position and a conformation (e.g., gauche for 1,2-dichlororethane) per-
fectly suited for SN2 displacement. In line with this observation, the geometry of
the Michaelis complexes evolved smoothly to that of the enzyme-product com-
plexes without any additional conformational change during the quantum me-
chanical calculations. The only exceptions were the 1,2-dihalopropanes, which
changed their conformation from trans to gauche during the SN2 displacement
reaction (gauche conformations were never obtained from the docking calcu-
lations). Epihalohydrines and 1,2-dihalopropanes were docked in orientations
such that their favorable interactions with surrounding active site residues were
maximized. Long-chain substrates adopted conformations that were adjusted
to the relatively small size of the enzyme active site. The tail of the carbon
chain distant from the cleaved carbon-halogen bond is rotated to prevent steric
hindrance with the active site residues (Figure 8.9).
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Figure 8.8: Comparison of the energy contributions in modelP (A) and modelN
(B). The Cα atoms of the residues showing the most important van der Waals
energy contributions (blue) and the residues showing both van der Waals and
electrostatic energy contributions (red) in each model are shown as balls.
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Figure 8.9: Comparison of the orientations and conformations of substrate
molecules in the active site of DhlA used for construction of modelP (A) and
modelN (B). Two amino acid residues of DhlA (the nucleophile Asp124 and the
halide-stabilizing Trp125) are shown in ball-and-stick representation. The num-
bers indicate three major differences between both sets of docked structures:
(i) all substrates are rotated along their longitudinal axis, (ii) the rings of epi-
halohydrines (in purple) and the halogen substituents of 1,2-dihalopropanes are
repositioned, and (iii) halohexanes (in blue) change the conformation of their
carbon chain.
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CONCLUSIONS

An automated molecular docking procedure provided structures for a set of
DhlA–substrate complexes that was used to derive a robust COMBINE model.
The procedure was not devoid of problems, however, as multiple binding modes
were apparent for some substrates whereas biologically relevant binding modes
were missing for others. Quantum-mechanical calculations were successfully
used as an additional and complementary computational tool for selection of
suitable binding modes, even though we note that this approach may not be
equally applicable to enzyme inhibitors or other protein ligands. Fixation of
the substrate molecule in the docked conformation during structural refine-
ment of the enzyme–substrate complexes by energy minimization was found
to be a useful alternative to full minimization in certain cases. Comparison
of the present COMBINE model with a previous one based on an experimen-
tally derived enzyme–substrate structure solved at 2.4 Å resolution and manual
superposition of the substrates revealed that, despite significant differences in
substrate orientations and conformations, both models are similar in terms of
overall fit and internal predictive power. It thus appears that positioning of
the substrate molecules relative to each other is more crucial for construction
of robust COMBINE models than absolute positioning and orientation of the
substrates inside the active site. However, the new COMBINE model derived
from the automatically docked structures, performed notably better in external
prediction.

We expect that COMBINE-type models can aid in the rational engineering
of substrate specificity of DhlA and related dehalogenases. For this purpose, the
active site residues of DhlA can be conveniently divided into two groups. The
first group contains the residues that are essential for catalysis: the catalytic
triad (Asp124, Asp260, and His289), the oxyanion hole (Glu56 and Trp125) and
the primary halide-stabilizing residues (Trp125 and Trp175). Modification of
these residues is not recommended because it could lead to enzyme inactivation.
The second group contains the residues involved in substrate binding: Phe222,
Pro223, Val226, Leu262, and Leu263 (the first shell) and Lys176, Leu176, and
Arg229 (the second shell). We would expect these second-shell residues to be
especially suitable targets for site-directed mutagenesis studies.
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ABSTRACT

Haloalkane dehalogenases are microbial enzymes cleaving a carbon-halogen bond
in halogenated compounds. Haloalkane dehalogenase LinB isolated from Sphin-
gomonas paucimobilis UT26 is a broad-specificity enzyme. Comparative bind-
ing energy (COMBINE) analysis for LinB enzyme and a set of twenty five
substrates was performed. Two outliers with kinetically different mechanism
of dehalogenation [bis(2-chloroethyl)ether and chlorocyclohexane] were identi-
fied and excluded from the analysis. The two-components COMBINE model
explained 92% of experimental data variability (89% cross-validated) and pri-
marily described differences in binding affinities caused by variability in chain
length. Binding affinity is increasing with increasing substrate size up to chain
length of six carbon atoms and then is decreasing again. The amino acid residues
important for explanation of variability in binding affinities of studied substrate
were identified: (i) the first shell residues—Asn38, Asp108, Trp109, Glu132,
Ile134, Phe143, Phe151, Phe169, Val173, Trp207, Pro208, Ile211, Leu248, and
His272, (ii) the tunnel residues—Pro144, Asp147, Leu177, and Ala247 and (iii)
the second shell residues—Pro39 and Phe273. The tunnel and the second shell
residues are the most attractive targets for substitutions since their replacement
will not lead to loss of functionality by disruption of the active site architecture.
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INTRODUCTION

Haloalkane dehalogenases are microbial enzymes cleaving a carbon-halogen bond
in halogenated alkanes, cycloalkanes, alkenes, selected ethers, and alcohols [47].
Haloalkane dehalogenases act by hydrolytic mechanism using a water molecule
as the only co-substrate. These enzymes can be used for protection of the en-
vironment, e.g., bioremediation of contaminated areas [48], removal of interme-
diates of chemical syntheses [41] and in biosensors. Haloalkane dehalogenases
show low activity and restricted substrate range with industrially important
substrates and therefore represent suitable targets for protein engineering stu-
dies.

Computer-assisted protein design followed by site-directed mutagenesis ex-
periment has been proven as powerful method for enzyme modification [105–
107, 110, 145–147]. Site-directed mutagenesis allows replacement of selected
amino acids residues in the protein structure in a predefined way. The residues
appropriate for mutagenesis must be identified in advance using some com-
putational approach. Here we use Comparative binding energy (COMBINE)
analysis [19] to derive a predictive model for substrate specificity in which im-
portant interactions for binding are designated. COMBINE analysis has been
previously used in drug design field [14, 19–27], while its applicability for protein
design purposes has been tested only recently. COMBINE model has been con-
structed for the haloalkane dehalogenase DhlA from Xanthobacter autotrophicus
GJ10 [28]. This model explained 91% (73% cross-validated) of the quantitative
variance in the apparent dissociation constants of eighteen substrates and iden-
tified the residues contributing most significantly to the substrate specificity of
DhlA: Asp124, Trp125, Phe164, Phe172, Trp175, Phe222, Pro223, and Leu263.
This model was later further improved by modified methodology for the con-
struction of enzyme–substrate complexes using automated molecular docking
techniques and quantum mechanical calculations to the modelling of enzyme–
substrate complexes [30].

Haloalkane dehalogenases belong to α/β-hydrolase fold proteins [49, 50].
The core of each enzyme in a family is similar and consists of two different do-
mains: α/β-fold (main) domain and so-called cap domain. The main domain is
composed of an β-sheet constituting of eight β-strands surrounded by six α-he-
lices. The cap domain is composed of an additional five α-helices connected by
loops. The active site is located between these two domains in an internal, pre-
dominantly hydrophobic cavity and can be reached from the solvent through a
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tunnel. At least three different groups of haloalkane dehalogenases can be distin-
guished according to different substrate specificity [51]. Each of these categories
has its own representative with known three-dimensional structure: haloalkane
dehalogenase DhlA [52–55], haloalkane dehalogenase LinB from Sphingomonas
paucimobilis UT26 [56–58], and haloalkane dehalogenase DhaA from Rhodococ-
cus rhodochrous NCIMB 13064 [59]. The ratio of volumes of the active sites for
three substrate specificity representatives DhlA : DhaA : LinB was determined
as 1 : 2 : 2.5 [51]. The differences in substrate specificity for the three classes are
mainly due to the differences in composition and geometry of the active site,
the halide-stabilizing residues, and the entrance tunnel connecting the active
site with the protein surface. It is therefore interesting to compare systemati-
cally and quantitatively structural determinants of the substrate specificity in
different haloalkane dehalogenases. In this paper we apply COMBINE analysis
to study of substrate specificity of the haloalkane dehalogenase LinB and com-
pare it with the COMBINE model derived previously for DhlA.

METHODS

Experimental Data
Apparent dissociation constants (Km) were taken as a measure of binding affini-
ties for a set of 25 substrates (Table 9.1). This set was selected from the
196 compounds using the statistical experimental design (Damborsky et al.,
in preparation). The Km values were measured using steady-state kinetics with
purified LinB enzyme. The values were logarithmically transformed prior to
statistical analysis.

Preparation of Enzyme Structure
The crystal structure of LinB enzyme (PDB-ID 1D07) was obtained from the
Brookhaven Protein Database. Polar hydrogen atoms were added using the
program WHATIF 5.0 [127]. His272 was singly protonated on Nδ in accordance
with its catalytic function. Non-polar hydrogen atoms were added using AM-
BER 5.0 [126]. The script q.kollua was used for addition of partial charges
on all atoms of the enzyme and the script addsol was used to assign solvation
parameters to the carbon atoms in the protein structure [138].

Preparation of Substrate Structures
All substrate molecules were built using program INSIGHTII 95 (Accelrys,
USA). The partial atomic charges were calculated by AM1 semi-empirical quan-
tum chemical method using program MOPAC implemented in INSIGHTII. Pro-
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gram AUTOTORS of the program package AUTODOCK 3.0 [138] was applied
to assign rotatable bonds in the twenty five substrate molecules.

Construction of Enzyme–Substrate Complex Structures
The enzyme–substrate complex structures were prepared using an automated
docking procedure of the AUTODOCK 3.0 [138]. Grid maps were calculated
for the atom types present in the substrates using the AUTOGRID program of
AUTODOCK with a grid of 81 × 81 × 81 points and a grid spacing of 0.25 Å.
A Lamarckian Genetic Algorithm [138] was employed for docking with popula-
tion of 50 individuals, a maximum number of 1.5 × 106 energy evaluations, a
maximum number of generations of 27 000, an elitism value of 1, a mutation
rate of 0.02, and a cross-over rate of 0.80. The local search was based on a
pseudo-Solis and Wets algorithm [140] with a maximum of 300 iterations per
local search. Fifty docking runs were performed for each enzyme–substrate com-
plex. Calculated substrate orientations from each run were clustered with the
clustering tolerance for the root-mean-square positional deviation set to 0.5 Å.

Refinement of Complex Structures and Calculation of Desolvation Energies
The geometry of the selected enzyme–substrate complexes was optimized us-
ing AMBER 5.0 and the Cornell et al. force field [118]. One hundred steps of
steepest descent were followed by conjugate gradient energy minimization un-
til the root-mean-square value of the potential energy gradient was less than
0.1 kcal mol−1 Å−1. Non-bonded cutoff was set to 10 Å and a distance-
dependent dielectric constant to ε = 4rij . The enzyme–substrate interaction
energy in the presence of the surrounding solvent together with the change in
desolvation energies of the substrate and the enzyme upon binding were esti-
mated. The approach for calculation of the electrostatic contributions to the
free energies of binding and the changes of enzyme and substrate desolvation
energies requires solving of linear form of the Poisson–Boltzmann equation and
is described in more details in the publication of Kmunicek et al. [28].

Construction of the COMBINE Models
COMBINE analysis was applied to construct a model correlating log Km values
with the interaction energies calculated for enzyme–substrates complexes on a
per residue basis. The statistical method Partial least-squares projection to
latent structures (PLS) [15, 16] was used for identification and ranking of inter-
actions important for the differences in apparent dissociation constant among
enzyme–substrate complexes. The X matrix consisted of either 594 columns
(van der Waals and electrostatic energy contributions for 296 amino acid residues
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plus two energy contributions from a catalytic water molecule) or 1 753 columns
(the matrix above plus energy contributions from 1 159 crystalographically re-
solved water molecules) and 25 rows (enzyme–substrate complexes). The de-
pendent variable y was represented by 25 logarithmically transformed values of
the apparent dissociation constants Km. Variables with low magnitude energies
(sum of squares lower than 10−7 kcal/mol) were eliminated before the analysis.
All PLS models were constructed using statistical program SIMCA 8.0 (Umetri,
Sweden). The quality of the models was described by the correlation coefficient
(R2) and by the cross-validated correlation coefficient (Q2). R2 is a descriptor
of the quality of fit and takes values up to a maximum of 1, which corresponds
to a perfect fit. A value higher than 0.5 is generally considered as statistically
significant. Q2 provides an estimate of the predictive power of a model, when
a value higher than 0.4 is generally considered as statistically significant.

RESULTS

Modelling of Enzyme–Substrate Complexes
The substrate set consisted of monohalogenated alkanes up to the chain length
of eight carbon atoms, dihalogenated propanes, ethane and pentane, mono-
halogenated cyclohexanes, monohalogenated ether and dihalogenated propene.
The automated docking procedure provided positionaly suitable orientations
for nineteen substrates: 1-chlorobutane (2), 1-chlorohexane (3), 1-chloroheptane
(4), 1-chlorooctane (5), 1-bromopropane (6), 1-bromobutane (7), 1-bromohexane
(8), 1,3-dichloropropane (11), 1,5-dichloropentane (12), 1,2-dibromoethane (13),
1,3-dibromopropane (14), 1-bromo-3-chloropropane (15), 1,2-dibromopropane
(16), 1-bromo-2-methylpropane (18), bis(2-chloroethyl)ether (19), 4-bromobuty-
ronitrile (22), 3-chloro-2-methylpropene (23), 3-chloro-2-(chloromethyl)-1-prope-
ne (24), and 2,3-dichloropropene (25). Extended docking (128 runs) had to be
used for obtaining the reactive conformation of 1-iodohexane (10), chlorocyc-
lohexane (20), and bromocyclohexane (21). No suitable orientations even in
extended dockings were found for three substrates: 1-chloropropane (1), 1-
iodopropane (9), and 2-bromo-1-chloropropane (17). The orientations for 1-
chloropropane and 1-iodopropane were prepared from selected orientation of
the 1-bromopropane (7) by manual exchange of halogen atoms and minimiza-
tion; orientation of 2-bromo-1-chloropropane was prepared in the same manner
from selected orientation of 1,2-dibromopropane (16). The substrate orienta-
tions obtained from automated docking spatially formed one cluster occupying
position properly suited for the dehalogenation reaction. During minimization
some substrates drifted away from the original positions and formed a separate
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cluster that was less suited for the nucleophilic attack. An alternative approach
for the minimization of complexes was therefore applied which kept the sub-
strate molecules in their docked orientations and adjusted by minimization only
protein structures (see next paragraph).

Construction and Optimization of COMBINE Models
Initial COMBINE models were built for the set of 25 substrates. The data X
were composed of the interaction energies of substrates with the amino acid
residues of LinB plus solvent molecules. The logarithmic values of apparent
dissociation constant formed data y. The effect of several factors on the statis-
tical quality of models was tested: (I) effect of data pretreatment, (II) effect of
fixation, (III) effect of a solvent, and (IV) effect of objects selection.

I. Several different types of data pretreatment were applied on X matrix:
(i) no data pre-treatment, (ii) centering only, (iii) scaling to unit variance
only, (iv) scaling to unit variance plus centering, (v) pareto scaling only, and
(vi) pareto scaling plus centering. Statistical parameters of COMBINE models
based on the data with different pretreatment are summarized in Table 9.2. All
models employing centering (models M2, M4, M6, M8, M10, and M12) per-
formed poorly. Out of all non-centered models, pareto-scaled models (models
M5, M6, M11, and M12) showed slightly better internal predictive power than
the models without scaling and with the scaling to unit variance. However,
overall statistical quality of all non-centered models was comparable. It was
therefore decided to use the data without any pretreatment for construction of
the final model.

II. Comparison of models without (M1–M6) and with (M7–M12) fixation
of the substrate molecules during minimization of enzyme–substrate complexes
revealed that the models without fixation possessed somewhat better statistical
parameters. Chemometric analysis of fixed and unfixed models together with
careful inspection of the structures of enzyme–substrate complexes lead us pro-
pose combined model based on unfixed structures of complexes for all but two
longest substrates in the set: 1-chloroheptane (4) and 1-chlorooctane (5). These
molecules make close contacts with the tunnel residues resulting in their drift
from the reactive position during minimization.

III. The influence of solvent on the COMBINE model was initially tested
implicitly by inclusion of 1 159 crystallographic water molecules into the data
matrix, i.e., the water molecules acted as the objects in the PLS model, and
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later explicitly by adding desolvation energies. Water molecules significantly in-
creased complexity of the PLS model but did not improve its statistical quality
(data not shown). Therefore, all water molecules were excluded from further
analysis besides catalytic water bound near the catalytic triad. Addition of de-
solvation energies of both a substrate and an enzyme to the X matrix also did
not improve the models and were not incorporated in the final model.

IV. Two outlying objects bis(2-chloroethyl)ether and chlorocyclohexane were
systematically identified in the PLS models. These two molecules have the low-
est kcat/Km with LinB out of all 25 substrates analyzed in this study and
probably posses kinetically different mechanism of dehalogenation (see discus-
sion). Furthermore, the same two compounds were identified as outliers also in
the classical quantitative structure-activity relationships analysis relating Km

values to the physico-chemical properties of substrate molecules (Damborsky et
al., in preparation).

Chemometric Analysis of Final COMBINE Model
The optimized parameters were used for the construction of the final model: X
matrix was uncentered and unscaled; y vector was logarithmically transformed;
enzyme–substrate complexes were optimized without fixation for all substrates
but 1-chloroheptane and 1-chlorooctane; solvent molecules were not modelled
either implicitly or explicitly; two outliers bis(2-chloroethyl)ether and chloro-
cyclohexane were excluded from the analysis. The final model was constructed
for the matrix of 23 objects and 595 variables and was composed of two prin-
cipal components with the correlation coefficient R2 = 0.92 and cross-validated
correlation coefficient Q2 = 0.89. The relationship between the experimental
and predicted values of the binding affinities is shown in Figure 9.1. Signifi-
cant interactions for substrate specificity of LinB were identified by calculating
weighted regression coefficients (Figure 9.2). Twenty x variables (interaction
energies) have been assigned as the most important contributions based on the
coefficient values: fifteen of them correspond to van der Waals terms while five
correspond to electrostatic terms. These coefficients also provide information
about the direction of the effect: fourteen interaction energies show positive con-
tribution while negative interaction. The scores plot (Figure 9.3) displays the
distribution of objects (substrates) according to first and the second component
of the model. The first principal component separates compounds horizontally
into three groups: (i) 1-chlorohexane (3), 1-bromohexane (8), 1-iodohexane
(10), and 1,5-dichloropentane (12); (ii) 1-chloropropane (1), 1-bromopropane
(6), 1-iodopropane (9), and 2,3-dichloropropene (25); and (iii) substrates not
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Table 9.1: Steady-state kinetic parameters of the haloalkane dehalogenase LinB.

no. compound Km kcat kcat/Km

(mM) (s−1) (s−1.mM−1)

1 1-chloropropane 1.10 1.12 1.02
2 1-chlorobutane 0.13 1.02 7.94
3 1-chlorohexane 0.01 1.03 206.51
4 1-chloroheptane 0.02 3.35 222.73
5 1-chlorooctane 0.02 2.75 133.17
6 1-bromopropane 0.23 5.52 23.88
7 1-bromobutane 0.04 3.41 78.95
8 1-bromohexane 0.01 1.05 105.05
9 1-iodopropane 0.11 3.94 35.79
10 1-iodohexane 0.01 2.33 232.73
11 1,3-dichloropropane 0.16 0.95 5.94
12 1,5-dichloropentane 0.02 2.45 130.29
13 1,2-dibromoethane 1.90 6.12 3.22
14 1,3-dibromopropane 0.04 6.60 165.00
15 1-bromo-3-chloropropane 0.21 6.89 32.79
16 1,2-dibromopropane 0.14 0.84 6.02
17 2-bromo-1-chloropropane 0.55 1.37 2.49
18 1-bromo-2-methylpropane 0.05 1.60 31.98
19 bis(2-chloroethyl)ether 0.87 0.36 0.42
20 chlorocyclohexane 0.25 0.14 0.57
21 bromocyclohexane 0.02 1.34 63.29
22 4-bromobutyronitrile 0.21 3.70 17.90
23 3-chloro-2-methylpropene 0.34 3.08 9.06
24 3-chloro-2-(chloromethyl)-1-propene 0.08 8.17 103.46
25 2,3-dichloropropene 0.54 1.63 3.01
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Table 9.2: COMBINE Models.

model scaling centering fixation objects variables A R2 Q2

M1 – – – 25 595 2 0.85 0.79

M2 – + – 25 595 1 0.49 0.34

M3 unit variance – – 25 595 2 0.86 0.82

M4 unit variance + – 25 595 1 0.63 0.54

M5 pareto – – 25 595 2 0.86 0.82

M6 pareto + – 25 595 1 0.56 0.42

M7 – – + 25 595 2 0.86 0.81

M8 - + + 25 595 1 0.54 0.42

M9 unit variance – + 25 595 2 0.85 0.81

M10 unit variance + + 25 595 1 0.59 0.49

M11 pareto – + 25 595 2 0.87 0.82

M12 pareto + + 25 595 1 0.57 0.46
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Figure 9.1: Plot of observed versus predicted Km values.
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Obs ID (PrimObs ID (Obs. Sec. ID:1)M3.t[1] M3.t[2]

c003_1 CL-propan -4.1682 0.88832

c004 CL-butan -5.133 0.345873

c006 CL-hexan -5.92644 -1.04394

c017 BR-propan -4.44409 0.833377

c018 BR-butan -5.35693 0.335506

c020_1 BR-hexan -6.14205 -1.00491

c028_1 I-propan -4.56722 0.638066

c031 I-hexan -6.01829 -1.04825

c038 1,3-diCL-propan-4.99056 0.647179

c040 1,5-diCL-pentan-6.10115 -1.1179

c047 1,2-diBR-ethan-4.95534 0.963305

c048_1 1,3-diBR-propan-5.45935 0.225269

c052_c 1-BR-3-CL-propan-5.19792 0.197916

c072B 1,2-diBR-propan-5.35121 1.11283

c076B 2-BR-1-Clpropan-5.14168 1.23052

c084 1-BR-2-meth -5.0204 0.459477

c117 BR-cyclohexan-5.45106 -0.191146

c141 4-BR-butyronitril-5.32919 0.556296

c209 3-CL-2-meth -4.92013 0.691335

c222_1 3-CL-2-(CL- -5.30074 0.152786

c225 2,3-diCL-propen-4.6227 0.876373

f007_2 CL-heptane -5.30521 -2.2398

f008_1 CL-octane -5.52507 -2.09194
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Figure 9.3: Scores plot for latent variables t1 versus t2. The objects (com-
pounds) are numbered according to Table 9.1.
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Var ID (PrimM3.w*c[1] M3.w*c[2]

AA1 0 0

AA2 0 0

AA3 9.66E-05 0.000435

AA4 0 0

AA5 0 0

AA6 0 0

AA7 1.28E-05 5.47E-05

AA8 4.07E-05 0.000188

AA9 0 0

AA10 0 0

AA11 0.00013 0.00045

AA12 0 0

AA13 0 0

AA14 0 0

AA15 0 0

AA16 0 0

AA17 0 0

AA18 0 0

AA19 4.07E-05 0.000188

AA20 0 0

AA21 0.000182 -7.47E-05

AA22 4.07E-05 0.000188

AA23 0.000136 0.000424

AA24 0.000151 0.000411
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Figure 9.4: Loading plot wc1 versus wc2. Selected variables (energy contribu-
tions) are numbered according to the LinB sequence.



141

0

2

4

6

8

10

12

2
7
2
v
d
W

3
8
v
d
W

1
0
9
v
d
W

1
5
1
v
d
W

1
0
8
e
le

2
0
8
v
d
W

1
0
8
v
d
W

2
0
7
v
d
W

2
1
1
v
d
W

2
7
3
v
d
W

1
6
9
v
d
W

1
7
3
v
d
W

2
4
8
v
d
W

1
7
7
v
d
W

1
4
3
v
d
W

1
4
4
v
d
W

3
9
v
d
W

2
4
7
v
d
W

1
3
4
v
d
W

1
0
9
e
le

W
A

T
e
le

3
8
e
le

1
4
7
v
d
W

W
A

T
v
d
W

1
3
2
v
d
W

V
IP

c
o
e
ff
ic

ie
n
ts

Figure 9.5: Plot of variable importance in the projection. Selected variables
(energy contributions) are numbered according to the LinB sequence. The in-
teraction energy contributions shown as red columns (Pro39 and Phe273) corre-
spond to the second shell residues (Pro39, Phe273), interaction energy contribu-
tions shown as blue columns (Pro144, Asp147, Leu177 and Ala247) correspond
to the tunnel residues and all other interaction energy contributions correspond
to the first shell residues.
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Figure 9.6: Stereoview of LinB active site with amino acid residues selected by
COMBINE analysis. The residues are colored according to the type of interac-
tion energy contributions.
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included in any of two former groups. The second component separated objects
vertically also into three groups: (i) 1-chloroheptane (4) and 1-chlorooctane
(5), (ii) 1-chloropropane (1), 1-bromopropane (6), 1-iodopropane (9), and 2,3-
dichloropropene (25), and (iii) substrates left over. The loading plot (Figure
9.4) shows the distribution of variables according to their extent of contribu-
tion to the individual principal components. The most significant contribution
to the first principal component is provided mainly by van der Waals interac-
tion energies 38vdw, 39vdw, 108vdw, 109vdw, 143vdw, 151vdw, 169vdw, 173vdw,
177vdw, 207vdw, 208vdw, 211vdw, 248vdw, 272vdw, 273vdw, and four electrostatic
interaction energies 108ele, 109ele, 272ele, and WATele. The most important
contribution to the second principal component is provided by van der Waals
interaction energies 38vdw, 109vdw, 143vdw, 173vdw, 177vdw, 208vdw, 272vdw,
273vdw, and three electrostatic interaction energies 108ele, 147ele, and 272ele.

DISCUSSION

Two outliers were detected during the initial modelling of twenty five sub-
strates of the haloalkane dehalogenase LinB. Bis(2-chloroethyl)ether (19) and
chlorocyclohexane (20) have the lowest kcat/Km and were detected as the out-
liers also in classic quantitative structure-activity relationships (QSAR) analysis
(Damborsky et al., in preparation). These evidences suggest that two discussed
substrates may by converted by kinetically different dehalogenation mechanism.
Kinetic comparison for two analogous substrates, chlorocyclohexane (20) and
bromocyclohexane (21), revealed that the hydrolysis of alkyl-enzyme interme-
diate formed by dehalogenation of chlorocyclohexane is surprisingly 33-times
slower compared to bromocyclohexane [148]. The final COMBINE model con-
structed for twenty three substrates of the haloalkane dehalogenase LinB ex-
plained 92% of variability in experimental data (89% cross-validated) and pri-
marily described differences in binding affinities caused by variability in chain
length. This property dominated both principal components.

The first principal component explained 78% of variability in experimental
data and divided substrates into three groups (Figure 9.3; horizontal direction)
according complementarity with the active site. Binding affinity is increas-
ing with increasing substrate size up to chain length of six carbon atoms and
then is decreasing again. The optimal length corresponds to group of long-
chain substrates 1-chlorohexane (3), 1-bromohexane (8), 1-iodohexane (10),
and 1,5-dichloropentane (12); most unfavorable is the group of mono substi-
tuted propanes 1-chloropropane (1), 1-bromopropane (6), 1-iodopropane (9),
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and 2,3-dichloropropene (25); and suboptimal length corresponds to the rest
of the substrates. The first component is to large extend dominated by the
energy contributions from Asn38 and His272 (Figure 9.4; horizontal direction).
These two amino acid residues are located on the opposite sides of the active
site (Figure 9.6). Asn38 forms the bottom of the active site and together with
Trp109 stabilizes a halogen [56, 95], while His272 is the base of the catalytic
triad [103] and forms the important point of contact for the substrates enter-
ing the active site pocket via the entrance tunnel. His272 showed extremely
strong van der Waals interaction with all studied substrates. The importance
of this residue for binding of small ligands near the opening of the entrance
tunnel was revealed already by the crystallographic studies [57, 58]. The first
component also contributed to the distinction of hexanes from excessively long
1-chloroheptane (4) and 1-chlorooctane (5). This separation would not be pos-
sible without fixation of these molecules in the reactive position. Using such
methodology we could capture non-linear relationships between the chain-length
of the substrate molecules and their binding affinities. Non-linearity was expe-
rienced also during the classic QSAR analysis of the same data set (Damborsky
et al., in preparation). The second component explained 14% in data variability
and also separated substrate molecules primarily according to their size (Fig-
ure 9.3; vertical direction). A number of amino acid residues were responsible
for the separation of these groups by the second principal component: His272,
Leu177, Val173, and Phe273. These residues are located on the side of the ac-
tive site opposed to the halide-binding pocket (in direction of the tunnel) and
make more favorable van der Waals interactions with long substrates then with
short ones. Opposite trend holds for the electrostatic interaction energies of
Asn38 and Asp108 plus van der Waals interaction energies of Trp109, Pro208,
and Ile211. It is appropriate to assume that placing long substrates to the ac-
tive site will bring their chain close to the wall of the tunnel thus maximizing
van der Waals interactions. On the opposite side of the active site, the short
substrates could freely occupy the best positions near the amino acid residues
located at the bottom of the active site. Positional differences were observed
for halogen-stabilizing residue Asn38 in different enzyme–substrate complexes.
Asn38 displays high flexibility of both its side-chain and main-chain allowing
good accommodation of the active site to different substrates.

Variable importance in projection (VIP) parameter quantifies the overall
importance of each variable in PLS model and as such is well suited for identifi-
cation of amino acid residues representing the best candidates for site-directed
mutagenesis. Figure 9.5 shows twenty four energy contributions with the high-
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est VIP. Three types of contributing residues (Figure 9.6) can be distinguished:
the first shell residues (Asn38, Asp108, Trp109, Glu132, Ile134, Phe143, Phe151,
Phe169, Val173, Trp207, Pro208, Ile211, Leu248, and His272), the tunnel residues
(Pro144, Asp147, Leu177, and Ala247) and the second shell residues (Pro39 and
Phe273). The tunnel and the second shell residues are the most attractive tar-
gets for substitutions since their replacement will not lead to loss of functionality
by disruption of the active site architecture. The relevance of such a proposal
has already been proven by mutants constructed previously using directed evo-
lution and side-directed mutagenesis techniques. The equivalents of the tunnel
residue L177 and the second-shell residue Phe273 in DhaA (Cys176 and Tyr273,
respectively) were identified as hot spots for specificity of this enzyme in the
directed evolution towards dehalogenation of 1,2,3-trichloropropane [149]. The
importance of L177 for specificity has been proven by independent directed
evolution [116], cumulative mutagenesis [158], and saturated mutagenesis [159]
experiments. The new candidate for future mutagenesis studies identified by
the COMBINE analysis is the second shell residue Pro39. This highly rigid
residue is adjacent to Asn38, which is functionally one of the most important
residues of LinB. Asn38 is involved in: (i) halogen binding, (ii) transition state
and product stabilization, and (iii) co-ordination of catalytic water molecule.
Modified flexibility of Asn38 achieved by mutation of Pro39 may produce novel
catalytic properties. Construction of Pro39A mutant is currently in progress in
our laboratory.

CONCLUSIONS

The COMBINE models constructed for DhlA [28] and LinB (this study) were
compared. Only limited number of protein residues (6–8%) contributed signi-
ficantly to the explanation of variability in Km and van der Waals interaction
energies dominated over electrostatic interaction energies in both models. Sig-
nificant contributions provided by specific amino acid residues correspond well
with the composition of the enzyme active site. Different halogen-stabilizing
residues (Trp125 and Trp175 in DhlA; Asn38 and Trp109 in LinB) are known
to be employed in substrate binding in different dehalogenases [95] and these
were correctly identified by the models. Interesting is the difference in contri-
butions provided by the catalytic base located on equivalent position of both
proteins in the opening of entrance tunnel. His289 in DhlA is significantly less



146

important than His272 in LinB which can be attributed to the different orienta-
tion of the active site pocket. The pocket of DhlA is approximately orthogonal
to the entrance tunnel while in LinB is in line.
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Alcalá, E-28871 Alcalá de Henares, Madrid, Spain; Department of Physiology
and Biophysics, Mount Sinai School of Medicine, One Gustave Levy Place,

Box 1218, New York, New York 10029, USA; and European Media Laboratory,
Villa Bosch, Schloss-Wolfsbrunnenweg 33, D-69118 Heidelberg, Germany

Comparative Binding Energy Analysis
Comparative binding energy (COMBINE) analysis is a computational method
for deducing quantitative structure–activity relationships using structural data
from macromolecule–ligand complexes [19]. It can be applied to the formation
of macromolecule-small molecule complexes and macromolecule–macromolecule
complexes; in this article, these complexes will be referred to generically as
macromolecule–ligand complexes. The “COMBINE” acronym refers to two
aspects of the technique [150]: (i) macromolecule–ligand structural data are
combined with experimental binding data and (ii) empirical molecular mecha-
nics energy calculations are combined with partial least-squares projection to
latent structures (PLS) chemometric analysis. COMBINE analysis systema-
tically explores the relationships between experimental binding affinities for a set
of ligands and selected interaction energies with the macromolecule. COM-
BINE analysis is formally similar to CoMFA (Comparative Molecular Field
Analysis) [151] in as much as both methods deal with data matrices containing
a large number of energy descriptors that are subjected to chemometric ana-
lysis. On the other hand, the energy descriptors differ: in CoMFA they are
interaction fields calculated for the ligand alone, whereas in COMBINE ana-
lysis they represent residue-based ligand–receptor interactions. Compared to
classical molecular mechanics calculations of binding energies, the advantages
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3University of Alcalá.
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of subjecting macromolecule–ligand interaction energies to statistical analysis
are that the noise due to inaccuracies in the potential energy functions and
molecular models can be reduced and that mechanistically important interac-
tions can be identified. Compared to classical quantitative structure–activity
relationships (QSAR) analysis, COMBINE is expected to be more predictive
as it incorporates more physically relevant information about the energetics of
ligand–receptor interactions [19].

To estimate the total binding energy for each macromolecule–ligand complex,
∆U , a molecular mechanics force field is used to calculate the following terms:
(i) the sum, ELM

INTER, of intermolecular interaction energies (∆ui) between the
ligand and each macromolecule residue, each of which consists of van der Waals
and electrostatic contributions; (ii) the change in intramolecular energy of the
ligand upon binding to the macromolecule, ∆EL; and (iii) the change in in-
tramolecular energy of the macromolecule upon ligand binding, ∆EM . In addi-
tion, a measure of the cost in electrostatic free energy of desolvating the apposing
surfaces of both interacting partners upon complex formation [21] is estimated
using a continuum electrostatics method that provides two extra terms: (iv) the
desolvation energy of the ligand, EL

DESOLV , and (v) the desolvation energy of
the macromolecule, EM

DESOLV .

∆U = ELM
INTER + ∆EL + ∆EM + EL

DESOLV + EM
DESOLV (10.1)

The COMBINE analysis methodology is schematized in Figure 9.1. The
energy descriptors obtained from the set of experimentally determined or mo-
delled macromolecule–ligand complexes are used to construct a matrix in which
the rows represent the different ligands and the columns contain the two blocks
of residue-based molecular mechanics energy information (van der Waals and
electrostatic) plus the additional desolvation energy terms and a last column
containing the experimental binding affinities/activities. This matrix is then
projected to a small number of latent variables using the PLS method [15], and
the original energy terms are given weights, wi, according to their importance
in the model.

Application of COMBINE Analysis in Drug Design
COMBINE analysis was initially used for the study of protein–inhibitor com-
plexes. Ortiz et al. [19] applied COMBINE analysis to a series of 26 inhibitors
of the human synovial fluid phospholipase A2. The COMBINE model explained
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Figure 10.1: Scheme of the COMBINE analysis methodology. L1...Ln – ligands;
M – macromolecule; L1M...LnM – macromolecule–ligand complexes; R1...Rn –
residue of a macromolecule; EV DW – van der Waals interaction energy; EELE

– electrostatic interaction energy; EDESOLV – desolvation energy of the ligand
and the macromolecule; Ki – log (experimental binding affinity); PLS – partial
least-squares projection to latent structures analysis.
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92% (82% cross-validated) of the quantitative variability of binding constants
and provided insight into the mechanism of phospholipase inhibition. Only 2%
of the energy terms were required for explaining the differences in activity. The
model indicated that the calcium ion present in the enzyme active site is impor-
tant for inhibitory activity as is the steric accommodation of the inhibitors in
the binding site of the enzyme. Perez et al. [21] conducted COMBINE analy-
sis with a set of 33 HIV-1 protease inhibitors and externally validated their
models using an additional 16 inhibitors. Incorporation of electrostatic desol-
vation effects in the model resulted in significant improvement of its predictive
ability. The model constructed for a merged set of 49 inhibitors explained 91%
(81% cross-validated) of the quantitative variability of the experimental data.
This study was further extended by Pastor et al. [22] who incorporated the
two possible binding modes of the HIV-1 inhibitors into the COMBINE model.
This was achieved by manipulation of the data matrix used to describe the
interaction energies and provided a model with improved external predictive
ability and simplified interpretability. Tomic et al. [23] developed a COMBINE
model for the binding specificity of transcription factors of the nuclear receptor
family to DNA. They analyzed experimental data for the interaction of 20 mu-
tant glucocorticoid receptor DNA-binding domains with 16 different response
elements in a total of 320 complexes. The analysis revealed that specificity of
binding of the transcription factor to DNA is largely determined by the energy
cost of DNA desolvation and is tuned by intermolecular electrostatic interac-
tions and conformational changes. Lozano et al. [24] applied in parallel COM-
BINE and GRID/GOLPE analyzes to a series of 12 heterocyclic amines and
human cytochrome P450 1A2. The resultant COMBINE model explained 90%
(74% cross-validated) of the quantitative variability of the activity data and
corresponded well with the GRID/GOLPE model explaining 96% (79% cross-
validated) of the quantitative variability of the activity data. The study showed
that the combined use of two 3D-QSAR approaches for model construction acts
as a mutual validation procedure and allows a more reliable and detailed in-
terpretation of the results. Cuevas et al. [25] studied 40 complexes of human
neutrophil elastase with the N3-substituted trifluoromethylketone-based pyri-
done inhibitors. The authors carried out Poisson–Boltzmann computations and
derived two additional descriptors representing the electrostatic energy contri-
butions to the partial desolvation of both the receptor and the ligands, and
solvent-screened electrostatic interactions. Incorporation of these descriptors
into the model improved its statistical parameters. Most recently, Wang and
Wade [26] constructed a COMBINE model for two subtypes and one mutant of
neuraminidase from influenza virus complexed with 43 inhibitors. The model
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highlighted 12 protein residues and 1 bound water molecule as particularly im-
portant for inhibitory activity and indicated the potential for using COMBINE
analysis to investigate species specificity and resistant mutants.

Application of COMBINE Analysis in Protein Engineering
A primary goal of protein engineering is to alter the physico-chemical and func-
tional properties of proteins by modification of their structures. Protein struc-
tures can be engineered either by directed evolutionary approaches [113, 114],
which do not require any a priori knowledge of protein–function relationships, or
by rational design which is based on the knowledge of these relationships. Pro-
tein structures and structure–function relationships are often so complex that
it is difficult to study them without the use of computer graphics and computer
modelling. COMBINE analysis quantitatively explores residue-based protein–
ligand interactions and provides quantitative information about the importance
of every residue in a macromolecule for the binding of different substrates. Mu-
tagenesis of the residues with the highest importance in a COMBINE model
should lead to the most significant changes in substrate specificity. The mole-
cular models of mutant structures can be constructed in silico and the effects
of substitution on substrate binding can be predicted prior to experiment using
the COMBINE model. The application of COMBINE analysis to the study
of structure–function relationships and engineering of haloalkane dehalogenase
DhlA has been recently reported by Kmunicek et al. [28] and is further extended
in this contribution.

Protein Engineering of Haloalkane Dehalogenases
Haloalkane dehalogenases are microbial enzymes that catalyze the cleavage of
a carbon–halogen bond by a hydrolytic mechanism (Figure 9.2). Haloalkane
dehalogenases require a water molecule as the only co-factor for the reaction
that is considered to be a critical step for the biological degradation of various
haloalkanes [38]. Haloalkanes are widely used as solvents, degreasing agents,
intermediates in chemical synthesis, and pesticides. Therefore haloalkane de-
halogenases could find application in bioremediation technologies and chemical
syntheses [39, 41, 48]. Different haloalkane dehalogenases have been isolated
from various bacteria [68, 101, 117, 152–156], but none of them shows sufficient
activity toward some of the technologically interesting compounds, such as 1,2-
dichloropropane, 2-chloropropane, 2-chlorobutane, and 1,2,3-trichloropropane,
although these substances have the potential to be good substrates for haloalkane
dehalogenases from the reaction mechanism standpoint.
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Figure 10.2: Reaction scheme of hydrolytic dehalogenation catalyzed by
haloalkane dehalogenases. Enz – enzyme.

Site-directed mutagenesis experiments were initiated to study structure–
function relationships and re-design of haloalkane dehalogenases [63–65, 69, 71–
76, 78, 102, 103, 157–159]. These studies identified some functional residues,
such as the catalytic triad or pairs of transition-state and product stabilizing
residues, but to our knowledge none of them provided enzymes with significantly
improved activities toward target substances. Structural studies have been con-
ducted to determine the 3D structures of the wild type [52–57, 59, 61, 62, 100]
and mutant proteins [63, 64, 160]. The haloalkane dehalogenases are composed
of two domains. The core of the main domain consists of an eight-stranded
β-pleated sheet with seven parallel strands and one antiparallel strand (Figure
9.3). This β-sheet is surrounded by α-helices. The cap domain is lying on top
of the main domain and consists of five α-helices. A buried, mainly hydropho-
bic cavity is located between these two domains. Three-dimensional structures
provide not only a good starting point for the rational design of site-directed mu-
tations and for the interpretation of results from mutagenesis experiments, but
also essential data for computer-modelling studies. Molecular docking [57, 88],
quantitative structure-function relationships [79], quantum-mechanical calcula-
tions [85, 86, 89, 91, 161, 162], and molecular dynamics simulations [92–94] have
brought insights into the binding of substrates to the enzyme active site, the
mechanism of the dehalogenation reaction, and the conformational behavior of
several dehalogenase enzymes at atomic resolution. Although the haloalkane
dehalogenases are currently being intensively studied and engineered, an effec-
tive catalyst for some target compounds has not been obtained yet. Another
approach to improve catalytic performance is to modify the reaction conditions.
Gray et al. reported construction of a thermostable haloalkane dehalogenase
DhaA [116] suitable for dehalogenation at elevated temperatures.



154

Figure 10.3: Three-dimensional model of the haloalkane dehalogenase DhlA (A)
and LinB (B), and topological arrangement of secondary elements in DhlA (C)
and LinB (D). The structures were determined by protein crystallography [54,
56]. Numbering of the secondary elements respects the evolutionary changes
in the cap domains [94]. The triangles indicate position of the catalytic triad
residues.
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COMBINE Model for the Haloalkane Dehalogenase DhlA
COMBINE analysis was conducted to identify the protein residues responsible
for the differences in binding affinities of 18 chlorinated and brominated aliphatic
substrates of haloalkane dehalogenase DhlA from Xanthobacter autotrophicus
GJ10 [28]. Experimental data for the following compounds were extracted
from the literature [67]: 1-chlorobutane, 1-chlorohexane, 1-bromobutane, 1-
bromohexane, 1,1-dichloromethane, 1,2-dichloroethane, 1,1-dibromomethane, 2-
chloroethanol, 1,2-dibromoethane, 1,2-dichloropropane, 1,2-dibromopropane; 2-
bromoethanol, 2-chloroacetonitrile, 2-chloroacetamide, epichlorohydrine, epi-
bromohydrine, 2-bromoacetonitrile, and 2-bromoacetamide. The values of ap-
parent dissociation constants (Km) varied by three orders of magnitude. The
substrate molecules were positioned in the active site of DhlA in such a way that
their C–X bonds aligned with the corresponding bond as found in the experi-
mental structure of 1,2-dichloroethane in the Michaelis–Menten complex with
DhlA [52]. Manually prepared enzyme–substrate complexes were energy mini-
mized and van der Waals and electrostatic interaction energies between the pro-
tein and the substrates were calculated and decomposed on a per residue basis
using the program AMBER 5.0 [126]. The data matrix composed of these inter-
molecular interaction energies, together with the desolvation energies calculated
using an electrostatic continuum method, was correlated with Km values using
the PLS method. A four-component model explained 91% (73% cross-validated)
of the quantitative variance in Km (Figure 9.4A). The first dimension mainly
projected out electrostatic term of Asp124, which contributes substantially to
the energy variance but has a poor contribution to the Km correlation. Asp124
is the nucleophile that initiates the dehalogenation reaction and is in very close
contact with the electrophilic carbon of each substrate (Figure 9.4B). Analysis
of the second, third, and fourth principal components showed that only a few
energy variables, involving only a few protein residues, are important for ex-
plaining the differences in binding among substrates (1% of the enzyme’s amino
acids explained 91% of variance in Km). These residues can be divided into two
classes, with respect to their interaction with the substrates. The first class is
formed by residues separating chlorinated from brominated derivatives: Trp125,
Trp175, and Pro223. These residues form the halogen binding site in the en-
zyme. Mutations affecting these residues should be primarily used to modulate
the halogen specificity of the enzyme. Phe222 also contributes to the separa-
tion of chlorinated derivates from brominated derivates, together with Leu179
(Figure 9.5). The second set of residues discriminates substrates by their in-
teractions with the substrate alkyl chains. These are mainly Phe172, Phe222,
and Phe164, with a contribution from Asp124 as well. Mutations affecting these
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residues can be used to tune activity of the enzyme for different chain specificity.
α-Helix 4 has the largest concentration of residues involved in explaining the Km

differences: Phe172, Trp175, Lys176, and Leu179 (see Figure 9.3 for position of
α-helix 4). This finding is in a good agreement with experimental observations
by Priest et al. [74], who isolated 12 in vivo mutants of DhlA with improved
activity toward 1-chlorohexane and 9 of them carried modifications in α-helix 4
or its close surroundings. Priest et al. suggested that α-helix 4 is critical for the
specificity of DhlA. The applicability of the COMBINE models to predictions
was validated using two mutants of DhlA for which the crystal structures had
been determined [63, 69]. Four substrate molecules with available experimen-
tal binding constants were modelled in the active sites of the mutant proteins
and their Km values were predicted using the COMBINE model. The trends
in changes of binding affinity due to mutation were predicted correctly without
exception [28].

The main disadvantage of the methodology described above is the need for
at least one experimental structure of an enzyme–substrate complex and the as-
sumption that all substrates bind to the active site in the same mode. There are
probably many enzymes for which the structural information on the enzyme–
substrate complex is missing or which bind their substrates in different orien-
tations, e.g., broad-specificity enzymes. An additional study was therefore con-
ducted with DhlA in which all substrate molecules were automatically and inde-
pendently positioned inside the active site using a computational method. The
remaining part of the COMBINE analysis procedure was the same as described
above. The automated molecular docking program AUTODOCK 3.0 [138] was
used for positioning 18 halogenated substrates into the active site of DhlA. The
docking calculations provided suitable orientations for 15 out of these 18 sub-
strate molecules, as no suitable orientations were found for dihaloacetamides and
2-bromoacetonitrile, i.e., they could not be docked with an orientation close to
that necessary for catalysis. Multiple orientations were found for several sub-
strates: 1,2-dibromopropane, halobutanes, and halohexanes. The orientations
for the subsequent COMBINE analysis were selected using quantum mecha-
nical calculations, which discriminated between binding modes on the basis of
their suitability for the ensuing SN2 dehalogenation reaction. Dehalogenation
reactions were simulated inside a reduced model of the active site of DhlA
composed of 20 amino acids (Figure 9.6) using the semi-empirical quantum
mechanics program MOPAC 6.0 [141] interfaced by TRITON 2.0 [143]. The
selected orientations were further optimized by energy minimization and were
found to be in very good agreement with the expected reaction mechanism of
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Figure 10.4: Plots of observed versus predicted Km values and the models of
Michaelis complexes for structure-based model of DhlA (A, B), docking-based
model of DhlA (C, D), and docking-based model of LinB (E, F). The nucleophile
(Asp) and the halide-stabilizing residue (Trp) are shown in stick representation.
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Figure 10.5: Stereoview of the active site of haloalkane dehalogenase DhlA with
bound ligands. Residues separating chlorinated from brominated derivatives are
shown as blue sticks: Trp125, Trp175, Leu179, Phe222, and Pro223. Residues
separating substrates according to the size and shape of their carbon chains are
shown as yellow sticks: Phe164 and Phe172. The van der Waals surface of the
protein atoms in direct contact with the halogen atom is represented by dots.
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Figure 10.6: Three-dimensional model of the active site of haloalkane dehaloge-
nase DhlA used for quantum mechanical calculations as displayed in the main
window of the TRITON program. This program is used for preparation of the
input data for calculation of reaction coordinates, for monitoring of the progress
of calculation, and for analysis of output data. The software is freely available
at http://ncbr.chemi.muni.cz/triton/triton.html.
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DhlA (Figure 9.4D). Furthermore, bound substrates resembled the reactive con-
formation of 1,2-dichloroethane described by Lau et al. [93]. The goodness of
the fit to the experimental data in the COMBINE model constructed from these
selected docked orientations was comparable to that previously obtained with
the structure-based model (compare Figures 4A and C). The model explained
96% (67% cross-validated) of the quantitative variance in Km, and two outliers
(dihalopropanes) had to be removed from the model. The composition of the
latent variables extracted and the importance of amino acid residues for ex-
plaining Km values, however, were similar in both models, leading to a similar
biochemical interpretation. Interestingly, the automatic docking-based model
employed more electrostatic contributions than the structure-based alignment
model. The largest difference in van der Waals interactions was noted for the
residues in direct contact with the halogenated hexanes (Phe222 and Leu263)
due to the different orientations and conformations adapted by these long sub-
strates in the small active site.

COMBINE Model for the Haloalkane Dehalogenase LinB
Haloalkane dehalogenase LinB from Sphingomonas paucimobilis UT26 belongs
to the same protein family as DhlA. These two proteins differ both by their
structures and their catalytic properties. The catalytic triad of LinB is com-
posed of Asp108–His272–Glu132 [102], while the catalytic triad of DhlA con-
sists of Asp124–His289–Asp260 [62]. The catalytic acid is positioned after β-
strand 6 in LinB(Figure 9.3D) and after β-strand 7 in DhlA (Figure 9.3C).
Bound substrates, transition states, and product structures are primarily stabi-
lized by hydrogen bonds from the Trp109–Asn38 pair in LinB and the Trp125–
Trp175 pair in DhlA. The active site of LinB is 2.5 times larger than the ac-
tive site of DhlA and is less buried inside the protein core [51]. There are at
least three tunnels leading to the active site of LinB, but only one tunnel in
DhlA [94]. LinB shows broader substrate specificity than DhlA, i.e., it is more
active toward larger and β-substituted haloalkanes, and therefore it should be
more suitable for the design of efficient catalysts for the target compounds car-
rying a halogen in the β-position. Currently, there is no 3D structure of a
Michaelis complex for LinB. Furthermore, it is not safe to assume that all sub-
strates bind to the large active site in a similar way. An automated docking-
based methodology was therefore used for the construction of a COMBINE
model for LinB. Experimental data (Km values) were determined for 25 sub-
strates: 1-chloropropane, 1-chlorobutane, 1-chlorohexane, 1-chloroheptane, 1-
chlorooctane, 1-bromopropane, 1-bromobutane, 1-bromohexane, 1-iodopropane,
1-iodohexane, 1,3-dichloropropane, 1,5-dichloropentane, 1,2-dibromoethane, 1,3-
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dibromopropane, 1-bromo-3-chloropropane, 1,2-dibromopropane, chlorocyclo-
hexane, 1-bromo-2-methylpropane, bis(2-chloroethyl)ether, bromocyclohexane,
2-bromo-1-chloropropane, 4-bromobutyronitrile, 3-chloro-2-methylpropene, 3-
chloro-2-(chloromethyl)-1-propene, and 2,3-dichloropropene. A preliminary mo-
del, consisting of only one principal component, explained 91% (87% cross-
validated) of the quantitative variability in Km values (Figure 9.4E). Two out-
liers, bis(2-chloroethyl)ether and chlorocyclohexane, had to be removed from
the model (Figure 9.4F). Extreme kcat/Km values were repeatedly measured
with these substrates. The model explained variability in Km values resulting
from the different lengths of the substrate molecules but could not deal properly
with the variability originating from the different halogens. In DhlA, halogen
substituents are tightly bound between two opposing tryptophans and the COM-
BINE model constructed for this protein could distinguish between chlorinated
and brominated substrates. More research is needed to refine the model for
LinB, e.g., by investigating the contribution of electrostatic desolvation ener-
gies, the effects of the energy minimization on conformation of substrates in
Michaelis complexes, or the effects of explicit inclusion of the water molecules
in Michaelis complexes. In fact, active exchange of water molecules between
the active site of LinB and the bulk solvent was observed in nanosecond-scale
molecular dynamics simulation [94]. The lesson learned so far from comparison
of DhlA and LinB COMBINE models is that exactly the same methodology
to generate structures of the complexes cannot necessarily be applied, even to
closely related proteins, but the modelling protocol must be adjusted with to
respect to the proteins distinguishing structural and biochemical features.

CONCLUSIONS

COMBINE analysis quantitatively explores macromolecule–ligand interactions
on a residue basis and provides quantitative information about the importance of
every residue in a macromolecule for binding of different substrates. COMBINE
analysis identified a number of specificity-determining amino acid residues in the
haloalkane dehalogenase DhlA. Trp125, Trp175, Leu179, Phe222, and Pro223
are important in distinguishing chlorinated and brominated derivatives. Mu-
tations affecting these residues should modulate the halogen specificity of the
enzyme. A second set of residues (Phe164, Phe172, and Phe222) are found to
discriminate substrates by their interactions with the carbon chain. The predic-
tive ability of the COMBINE model derived for DhlA was confirmed with two
site-directed point mutants and four novel substrates. Modelling the specificity
of the haloalkane dehalogenase LinB using the same methodology is slightly
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more difficult due to its larger active site and less specific binding of its sub-
strates. Our current COMBINE model differentiates between molecules of dif-
ferent chain length but cannot properly distinguish substrates bearing a different
halogen atom. To achieve this goal we are currently tailoring our modelling pro-
tocol for the LinB enzyme.
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ABSTRACT

The hydrolysis of haloalkanes to their corresponding alcohols and inorganic
halides is catalyzed by α/β-hydrolases called haloalkane dehalogenases. The
study of haloalkane dehalogenases is vital for the development of these enzymes
if they are to be utilized for bioremediation of organohalide-contaminated in-
dustrial waste. We report the kinetic and structural analysis of the haloalkane
dehalogenase from Sphingomonas paucimobilis UT26 (LinB) in complex with
each of 1,2-dichloroethane and 1,2-dichloropropane and the reaction product of
1-chlorobutane turnover. Activity studies showed very weak but detectable ac-
tivity of LinB with 1,2-dichloroethane [0.012 nmol s−1 (mg of enzyme)−1] and

1Coordinate and X-ray amplitudes have been deposited at the Research Collaboratory for
Structural Bioinformatics Protein Data Bank: PDB entry 1G5F for the complex with 1,2-
dichloroethane, PDB entry 1G42 for the complex with 1,2-dichloropropane, and PDB entry
1G4H for the complex with butane-1-ol.
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165

1,2-dichloropropane [0.027 nmol s−1 (mg of enzyme)−1]. These activities are
much weaker compared, for example, to the activity of LinB with 1-chlorobutane
[68.2 nmol s−1 (mg of enzyme)−1]. Inhibition analysis reveals that both 1,2-
dichloroethane and 1,2-dichloropropane act as simple competitive inhibitors of
the substrate 1-chlorobutane and that 1,2-dichloroethane binds to LinB with
lower affinity than 1,2-dichloropropane. Docking calculations on the enzyme in
the absence of active site water molecules and halide ions confirm that these
compounds could bind productively. However, when these moieties were in-
cluded in the calculations, they bound in the manner similar to that observed
in the crystal structure. These data provide an explanation for the low activity
of LinB with small, chlorinated alkanes and show the importance of active site
water molecules and reaction products in molecular docking.

INTRODUCTION

Due to environmental problems arising from the production and use of halo-
genated hydrocarbons, the study of microbial enzymes that can catabolize these
compounds is of major interest [42]. Haloalkane dehalogenases (EC 3.8.1.5) are
one such important class of enzyme because of their ability to attack poly-
chlorinated aliphatic hydrocarbons, which are produced in several industrial
processes [31, 32]. Haloalkane dehalogenases remove halides from organic com-
pounds via a hydrolytic mechanism that results in the production of the corre-
sponding alcohol, inorganic halide, and hydrogen ion. One such haloalkane de-
halogenase, LinB1 is isolated from a γ-hexachlorocyclohexane degrading bacte-
rial strain Sphingomonas paucimobilis UT26 [101]. It is the second enzyme in the
biochemical pathway enabling the bacterium to utilize γ-hexachlorocyclohexane
as its sole carbon and energy source [163].

LinB is a haloalkane dehalogenase of the α/β hydrolase family, with a main
domain consisting of an eight-stranded β-sheet flanked with α-helices, and a cap
domain which is comprised of α-helices and several loops [49, 56]. The active site
is formed by the close interactions of the two domains (Figure 10.1). Catalysis
by this family of dehalogenases is thought to take place in two steps [52]. Once
substrate binds with the scissile halide in the binding site formed by Trp109,

1Abbreviations: DhlA, haloalkane dehalogenase from Xanthobacter autotrophicus GJ10;
DhaA, haloalkane dehalogenase from Rhodococcus erythropolis strains Y2, m15-3, HA1, GJ70,
NCIMB13064, and TB2; LinB, haloalkane dehalogenase from Sphingomonas paucimobilis

UT26; RMSD, root-mean-square deviation; 1,2-DCP, 1,2-dichloropropane; 1,2-DCE, 1,2-
dichloroethane; 1-CB, 1-chlorobutane.
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Figure 11.1: The LinB structure in Richardson representation. The core (main)
domain is coloured blue. The cap domain is coloured green. The active site
residues (Asp108, Trp109, Glu132, and His272) are shown in ball-and-stick re-
presentation. The halide binding site is indicated by the Cl− ion.

Asn38, and Pro208, the carboxylate group of Asp108 makes a nucleophilic at-
tack upon the scissile carbon. Inorganic halide is released with the concomitant
formation of an ester intermediate formed by the alkane and Asp108. A nearby
water molecule undergoes deprotonation by His272 and attacks the ester linkage,
resulting in the formation of the alcohol product and free Asp108. Site-directed
mutagenesis of LinB confirms that Asp108, His272, and Glu132 comprise the
catalytic triad in that enzyme [103].

The broad substrate specificity of LinB could make it useful in bioremedia-
tion; however, LinB is inhibited by the key pollutants 1,2-dichloroethane (1,2-
DCE) and 1,2-dichloropropane (1,2-DCP). These compounds are economically
important; ∼7 230 000 tonnes of 1,2-DCE was produced in the United States in
1992 by various industrial processes [164]. 1,2-DCP is formed as a by-product
in the synthesis of propylene oxide and epichlorohydrin [165], and is a proble-



167

matic pollutant because it is not catalyzed efficiently by any of the haloalkane
dehalogenases. 1,2-DCP is recalcitrant under aerobic conditions [44, 165]. We
have investigated the structural and kinetic aspects of LinB with 1,2-DCE and
1,2-DCP to determine the reasons for the low activity of LinB with these com-
pounds. For comparison, we have also attempted to determine the structure
of LinB in complex with the model substrate 1-chlorobutane (1-CB). This in-
formation is crucial in the effort to design an enzyme with improved catalytic
properties for these compounds.

MATERIALS AND METHODS

Crystallisation
LinB was cloned, overexpressed, purified, and crystallized as described previ-
ously [166]. Briefly, crystals of LinB grew as plates of dimension 0.8 × 0.4 ×

0.2 mm using the hanging drop vapor diffusion method. The mother liquor
contained 18% PEG 6 000, 0.2 M calcium acetate and 0.1 M Tris (pH 8.9).

Soaking Experiments
Crystals of LinB were transferred using a cryoloop (Hampton Research) from the
mother liquor to a 2 µL hanging drop of cryoprotectant [0.1 M tris-(hydroxyme-
thyl)-aminomethane buffer (pH 8.9), 0.2 M calcium acetate, 18% polyethylene
glycol 6 000, 20% (v/v) glycerol] on a siliconised cover slip. The compound of
interest (10 µl) was placed into a well containing 1 mL of cryoprotectant solu-
tion. The halogenated compounds then entered the crystal via vapour diffusion
from the reservoir. The cover slip was sealed on top using vaseline. The soak
times and temperature were chosen according to the enzymatic activity of LinB
toward the compound of interest. Information for each soak is shown in Table
10.1.

X-ray Data Collection and Processing
Protein crystals were mounted with cryoprotectant in a loop (Hampton Re-
search) and kept frozen using an Oxford Cryostream Cooler (Oxford Cryosys-
tems). Data were collected using a MAR345 area detector (Mar Research) using
Cu Kα X-rays (λ = 1.5418 Å) from a Rigaku RU-200 rotating anode generator.
X-rays were focused using nickel-coated gold mirrors (Mar Research). Consecu-
tive batches of 0.25◦ oscillations were collected. Data were processed using the
HKL package [167].
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Table 10.1: Soaking and Data Collection Statistics for

the LinB–Ligand Complex.

1,2-DCE 1,2-DCP 1-CB

Data Collection

soak time (min) 60 30 60

soak temperature (◦C) 20 20 4

space group P21212 P21212 P21212

cell dimensions

a (Å) 50.9 50.8 50.8

b (Å) 71.9 72.0 72.0

c (Å) 73.3 73.3 73.3

maximum resolution (Å) 1.8 1.8 1.8

no. of crystals 1 1 1

total no. of observations 54 733 55 091 57 835

no. of unique reflections 23 846 24 918 24 212

completeness of data (%)a 93.2 (91.0) 97.0 (95.7) 94.3 (95.9)

data > 3σ1 (%) 65.8 (12.5) 77.0 (41.3) 75.3 (50.5)

I /σ1 10.8 (2.1) 12.8 (3.0) 19.6 (3.5)

multiplicity 2.3 (2.2) 2.2 (2.1) 2.4 (2.3)

Rmerge (%)b 7.2 (25.9) 5.4 (24.1) 4.0 (34.5)

Refinement Statistics

no. of non-hydrogen atoms 2 673 2 795 2 611

no. of protein 2 356 2 346 2 357

no. of ligand atoms 8 15 15

no. of solvent molecules 291 422 237

no. of ions 4 2 3

Rfactor (%)c 17.5 (27.3) 16.4 (22.4) 18.5 (28.0)

Rfree (%)d 20.4 (30.1) 19.8 (25.7) 20.5 (27.9)
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Table 10.1: Soaking and Data Collection Statistics for

the LinB–Ligand Complex—Continued.

Refinement Statistics

RMSD from ideal geometry

bonds (Å) 0.005 0.005 0.005

angles (deg) 1.3 1.3 1.3

dihedrals (deg) 22.5 22.4 22.5

impropers (deg) 0.85 0.85 0.84

bonded B ’s (Å2) 1.457 1.15 0.50

residues in most favorable 87.4 86.6 85.8

region of a Ramachandran plot

a Numbers in parentheses refer to the highest-resolution bin (1.9–1.8 Å);

b Rmerge =
∑

h

∑

i

|Ihi− < Ih > |/
∑

h

∑

i

Ih;

c Rfactor =
∑

h

||Fobs| − |Fcalc||/
∑

|Fobs| where Fobs and Fcalc are

observed and calculated structure factors, respectively; d Rfree was

calculated based on 5% of the diffraction data not used in the refinement
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Structure Solution and Refinement
Structures were determined using the wild type LinB structure (PDB entry
1CV2) with all nonprotein atoms removed. At all stages during refinement,
Rfree validation based on randomly selected reflections (5% of the total set)
was used. The structures were refined as follows. Molecular replacement models
were subjected to rigid body, positional, and B -factor refinement in CNS [168],
followed by 20 cycles of automatic refinement by CCP4/ARP [169] that included
the automatic building of water molecules. Water molecules that were built into
the active site and halide binding site were omitted from the models, and fur-
ther positional and B -factor refinement was conducted to reduce phase bias.
Sigma-A weighted electron density maps were generated from these models and
inspected using O [170].

Some large spherical peaks in the solvent were interpreted as Ca2+ ions
(a component of the crystallization mixture), as they appeared to be coordi-
nated by water molecules. These were built into the density and included in
later rounds of refinement. Ligand models were built into electron density after
extensive inspection of 2Fo − Fc and Fo − Fc maps. The locations of chlorine
atoms of the compounds were identified by their increase peak heights in the
Fo − Fc maps. Bond and angle parameters for the ligands were derived using
XPLO2D [171] from models produced with WebLab Viewer Pro 3.5 (Molecular
Simulations Inc.). For all ligands, there was more electron density than the
binding of the ligand in one orientation could account for, and hence, multiple
models for the ligand were inserted. Special care was taken in the modelling of
these ligands because of overlap.

Structure Analysis
Intermolecular contacts between ligand and protein were assessed using CON-
TACT [172]. Model quality was assessed using CNS [168] and MOLEMAN [173].
The quality of the structures was analysed using PROCHECK [172] and MOLE-
MAN [173]. LSQMAN [174] was used to superimpose models for comparison.

Activity Measurements
Enzymatic activity of LinB was assessed by determination of the substrate
and product concentrations using gas chromatography–mass spectrometry (GC–
MS). The reaction was conducted in 1.5 mL screw-cup vessels. The reaction was
initiated by adding 200 µL of enzyme solution (0.4 mM) into 0.8 mL of substrate
solution [0.57 mM of 1,2-DCE and 0.51 mM of 1,2-DCP, respectively, dissolved
in a glycine buffer (pH 8.6)]. The mixture was incubated at 37 oC and analyzed
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every 20 min for 4 h for product formation. At each time point, 1 µL of the
reaction mixture was analyzed by GC–MS (Trace MS 2000, Thermo Finnigan)
equipped with an SSL Injector and DB5-MS 25 m × 0.25 mm × 0.25 µm capil-
lary column (J&W Scientific). The reaction mixture without enzyme served as
an abiotic control.

Inhibition Kinetics
Inhibition kinetics of LinB were studied by determination of the substrate and
product concentrations using gas chromatography (Trace GC 2000, Thermo
Finnigan) equipped with a flame ionization detector and the DB-FFAP 30 m
× 0.25 mm × 0.25 µm capillary column (J&W Scientific). Dehalogenation re-
actions were performed in 25 mL Reacti-Flasks closed by Mininert valves in
a shaking water-bath at 37 ◦C. The reaction mixture (pH 8.6) consisted of the
enzyme preparation and varied concentrations (0.05–6.5 mM) of substrate 1-
chlorobutane and varied concentrations (0–26 mM) of inhibitor 1,2-DCE or 1,2-
DCP. The reaction was stopped by the addition of ethanol. The data, measured
in triplicate, were fitted to different inhibition models. The steady-state inhibi-
tion constants were calculated using the computer program EZ-Fit version 1.1.2

Molecular Docking
Substrate and product molecules were docked in the active sites using the pro-
gram AUTODOCK 3.0 [175]. Crystal water molecules retained in the enzyme
active site in some of the dockings were treated as a part of the rigid enzyme.
Substrates and products were treated as flexible molecules. The WHATIF 5.0
program [127] was used for adding the polar hydrogen atoms on protein struc-
tures. His289 was singly protonated on Nδ in accordance with its catalytic
function. Charges were added on all enzyme atoms using the script q.kollua.
Solvation parameters were added to the atoms in the protein structure by the
script addsol. The grid maps were calculated using AUTOGRID 3.0 with 81 ×

81 × 81 points and grid spacing 0.25 Å. The Lamarckian genetic algorithm [138]
was used with a population of 50 individuals, a maximum number of 1.5 × 106

energy evaluations, a maximum number of generations of 27 000; an elitism
value of 1, a mutation rate of 0.02, and cross over rate of 0.50. The local search
was based on the pseudo-Solis and Wets algorithm [140] with a maximum of
300 iterations per local search. Final orientations from every docking were clus-
tered with the clustering tolerance for the root-mean-square positional deviation
(0.5 Å). Fifty docking runs were performed for each enzyme–substrate complex.

2By F. W. Perrella.
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RESULTS

1,2-DCE Complex Crystal Structure
Despite this compound being an inhibitor (4), strong density interpretable as a
Cl− ion was observed in the halide binding site. The distances between the Cl−

ion and Trp109 Nε1, Asn38 Nδ2 and Pro208 N were 3.2 Å, 3.5 Å, and 3.5 Å,
respectively. A large volume of electron density was seen in the active site of
LinB, and was interpreted as 1,2-DCE bound in two orientations (Figure 10.2a).
Both ligand models are oriented with one well-ordered chlorine atom binding
in a pocket in the active site comprising residues Leu248, Ala247, Pro144, and
Leu177. Each ligand was given an occupancy of 0.5. The other chlorine atoms
are placed divergently between the two ligand models pointing toward the halide
binding pocket. They appear less well ordered as their electron density is spread
out more. A water molecule located close to these ligands was observed to be
2.6 Å away from Asp147 Oδ2 atom, which was shifted 1.8 Å (measured from
atom Oδ2) parallel to the ligand compared with the apo-enzyme structure. No
other shifts in the active-site residues were observed. The inhibitor molecules
contact residues Leu177, Asp108, and His272. The small number of contacts of
the ligand with the protein would explain the relative disorder of this molecule.
This ligand displaces three water molecules (observed in the free enzyme struc-
ture) from the active site.

1,2-DCP Complex Crystal Structure
The electron density in the active site was interpreted as 1,2-DCP bound in at
least two conformations (Figure 10.3a). There was no evidence that the com-
pound had been hydrolyzed and no evidence for the covalent modification of
catalytic residue Asp108. The halide binding site contained an area of spherical
density that was interpreted as a chloride ion. Since a racemic mixture was
used, the two possible enantiomers were built into the active site in overlapping
conformations. The refined model yielded excellent quality electron density with
no peaks in Fo − Fc maps. Attempts to remove one or more of the models and
subject the model to further refinement gave peaks (> 3σ) in resulting Fo − Fc

maps. Each ligand model was given an occupancy of 0.5. None of the ligand
models are bound productively. They are located adjacent to the face of the
catalytic His272 residue (Figure 10.3a). The closest ligand Cl atom is 5.2 Å
away from the chloride binding site and 5.0 Å away from the Asp108 Oδ1 atom.
A catalytic water molecule was observed 2.89 Å from Asp108 Oδ1. The models
contact residues Val173, Leu177, Phe169, Asp108, and His272. Two differences
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Figure 11.2: Stereodiagrams of experimentally determined and docked models
of 1,2-DCE binding in the active-site of LinB. Important catalytic residues are
indicated in ball-and-stick representation. (a) Crystallographically determined
binding of 1,2-DCE with surrounding water and Cl− ion. A 2Fo − Fc electron
density map contoured at 1σ shown for all ligands represented in green. The
two ligands are represented with carbon atoms colored blue and magenta and
Cl atoms in cyan. Panels b–d represent the different modeling experiments with
various combinations of Cl− and water molecules included in the calculations.
The models are represented with carbon atoms colored as follows: (b) white for
model 1, (c) green for model 2, and (d) yellow for model 3 and blue for model
4. The details of the modelling experiments are in Table 10.3.



174

Figure 11.3: Stereodiagrams of experimentally determined and docked models
of 1,2-DCP binding in the active site of LinB. Important catalytic residues are
indicated in ball-and-stick representation. (a) Crystallographically determined
binding of 1,2-DCP with surrounding water and Cl− ion. A 2Fo − Fc electron
density map contoured at 1σ shown for all ligands represented in green. The
two ligands are represented with carbon atoms colored blue and magenta and Cl
atoms in cyan. Panels b–d represent the different modelling experiments with
various combinations of Cl− and water molecules included in the calculations.
The models are represented with carbon atoms colored as follows: (b) white for
model 1, (c) green for model 2, and (d) yellow for model 3 and blue for model
4. The details of the modeling experiments are in Table 10.3.
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Figure 11.4: (a) Stereodiagram of crystallographically determined binding lo-
cation of 1-CB turnover product 1-butanol. A 2Fo − Fc electron density map
contoured at 1σ shown for all ligands represented in green. The two confor-
mers are shown with carbon atoms colored blue and yellow. Important cata-
lytic residues are indicated in ball-and-stick representation. (b) Comparison of
crystallographically determined 1,2-DCE and 1,2-DCP structures versus 1-CB
docked in the active site as it would be found prior to SN2 attack. Chlorine
atoms are represented in cyan, with carbon atoms colored according to molecule:
yellow for 1,2-DCP, magenta for 1,2-DCE, and white for 1-CB.
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were noted in the side chain configurations of the 1,2-DCP complex compared
with the free enzyme structure. The side-chain of Asp147 is observed to lie in
two conformations, one of which matches the free enzyme structure; the other
has shifted parallel to the ligand such that it forms part of the tunnel to the
active site (the shift in the atom Asp147 Oδ2 was observed to be 1.9 Å). Phe143
has shifted (the shift in Cζ was 1.3 Å) such that it is closer to the ligand. The
ligands displace three water molecules found in the active site in the free enzyme
structure.

1-Butanol Complex Crystal Structure
The compound has previously been observed to act as a substrate of LinB with
an activity of 68.2 nmol s−1 (mg of enzyme)−1. Despite the compound being
soaked at 4 ◦C, the density in the active site indicated that the compound had
been hydrolyzed. A single chloride ion was placed between Trp109, Asn38, and
Pro208 (distances between Cl− and the Trp109 Nε1, Asn38 Nδ2, and Pro208
N atoms are 3.3 Å, 3.6 Å, and 3.4 Å, respectively). A 1-butanol molecule was
modelled in the active site in two positions with each model given an occupancy
of 0.5 (Figure 10.4a). The distances between 1-butanol oxygen and Asp108 Oδ1

oxygen are 3.5 Å and 3.8 Å for each conformation. A water molecule 2.7 Å from
Asp108 Oδ1 appears to have replaced the substrate water molecule forming the
OH group of 1-butanol in the reaction. The only observed shift in the active site
was the deflection of the Asp147 side chain toward the 1-butanol molecule (the
distance between the positions of Oδ2 of the wild type and the complex structure
is 2.1 Å). The distance between Asp147 Oδ1 and atom C4 of the reaction pro-
duct is 3.2 Å. The 1-butanol models contact residues Asp108, Pro144, Asp147,
Ala247, and His272. The 1-butanol molecule displaces two water molecules in
the free enzyme active site. A 1-butanol molecule was also observed bound on
the surface of the enzyme away from the active site, contacting residues Thr264,
Phe289, and Arg292.

Structure Comparisons
The structures were compared with the free enzyme (PDB entry 1CV2) and the
enzyme complexed with propane-1,3-diol (PDB entry 1D02). The 1,2-DCP, 1-
butanol and 1,2-DCE complexes superimpose on the free enzyme with RMSDs
of 0.50, 0.17, and 0.58 Å over all Cα atoms, respectively. The greatest diver-
gences between the structures are at the N- and C-termini, which are relatively
disordered in the structures. The active site residues superimpose closely in all
cases. The greatest shifts are in the side chain position of Asp147 and Phe143
(described above). The ligands described here roughly superimpose, all being
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Table 10.2: Kinetic Constants of the Haloalkane Dehalogenase

LinB with the Substrate 1-Chlorobutane in the Presence

of Inhibitors 1,2-Dichloroethane and 1,2-Dichloropropane.

Km (mM) Ki (mM) kcat (s−1)

1,2-DCE 0.25 ± 0.057 2.31 ± 0.550 1.05 ± 0.053

1,2-DCP 0.26 ± 0.002 0.97 ± 0.085 0.91 ± 0.027

located adjacent to the His272 side chain; however, the propane-1,3-diol mole-
cule described previously [56] is closer to the Asp108 carboxylate group. One of
the OH groups of propane-1,3-diol is 3.1 Å away from Asp108 Oδ1, as opposed
to 3.5 Å in the case of 1-butanol described above.

Dehalogenation of 1,2-DCE and 1,2-DCP by LinB
No detectable activity was observed in previous kinetic analyzes of enzymatic
dehalogenation of 1,2-DCE and 1,2-DCP by LinB [101]. The presence of chlo-
ride ions in the active site of LinB complexed with 1,2-DCE and 1,2-DCP (see
above) suggested that these molecules may be converted by LinB, and thus, im-
provements to the experimental design were made to lower the detection limit of
the activity assay. This measurement showed very weak, but detectable activity
of LinB with 1,2-DCE [0.012 nmol s−1 (mg of enzyme)−1] and 1,2-DCP [0.027
nmol s−1 (mg of enzyme)−1]. These activities are much weaker compared to
the activity of LinB with 1-CB [68.169 nmol s−1 (mg of enzyme)−1].

Inhibition of LinB by 1,2-DCE
The inhibition of 1-CB hydrolysis by 1,2-DCE was studied by steady-state ki-
netic analysis (Table 10.2 and Figure 10.5a). The identical slopes of the Hanes–
Woolf plot suggest that the limiting initial velocity in the presence of 1,2-DCE
was equal to the limiting initial velocity in its absence; however, the apparent
Km increased in the presence of 1,2-DCE. This suggests that, at any concentra-
tion of 1,2-DCE, a portion of the enzyme exists in the enzyme–inhibitor form
which had no affinity for 1-CB. In addition, the initial velocity was driven to
zero by increasing 1,2-DCE concentrations at a fixed substrate concentration
(Figure 10.5c). The experimental data were analyzed by fitting the equations
for competitive (SEfit = 0.0014), uncompetitive (SEfit = 0.0025), noncompe-
titive (SEfit = 0.0023) and mixed noncompetitive (SEfit = 0.0039) inhibition.
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The 1,2-DCE inhibition data fitted best to the competitive model with a Ki of
2.31 ± 0.55 mM. LinB has 10 times lower affinity for 1,2-DCE than for 1-CB
(Km = 0.25 ± 0.057 mM; Table 10.2). The simple competitive inhibition of
1-CB hydrolysis by 1,2-DCE was deduced from these findings.

Inhibition of LinB by 1,2-DCP
An inhibition of 1-CB hydrolysis by 1,2-DCP was probed by steady-state kinetic
analysis (Table 10.2). The Hanes–Woolf plot shows the effect of 1,2-DCP on
the apparent Km while limiting initial velocity was equal in both the presence
and absence of the inhibitor (Figure 10.5b). In addition, the initial velocity
was driven to zero by increasing 1,2-DCP concentrations at a fixed substrate
concentration (Figure 10.5c). The apparent Km increased in the presence of 1,2-
DCP, suggesting that at any concentration of 1,2-DCP, a portion of the enzyme
existed in enzyme–inhibitor form with no affinity for 1-CB. The data were ana-
lyzed by fitting the equations for competitive (SEfit = 0.0007), uncompetitive
(SEfit = 0.0015), noncompetitive (SEfit = 0.0016), and mixed noncompetitive
(SEfit = 0.0012) inhibition. The 1,2-DCP inhibition data fitted best to the
competitive model with a Ki of 0.97 ± 0.085 mM (Table 10.2). The simple
competitive inhibition of 1-CB hydrolysis by 1,2-DCP was deduced from these
findings.

Docking Calculations
Initially, the ligands were docked in the free protein molecule without any co-
factors (water molecules and ions). These calculations did not reproduce crys-
tallographically determined positions of the ligands in the active site. Ligand
molecules were docked in positions suitable for a SN2 dehalogenation reaction
with a halogen atom in a position equivalent to the Cl− ion and adjacent carbon
atom oriented toward the nucleophile Asp108 (Figures 10.2 and 10.3, model 1).
Detailed exploration of the enzyme–substrate and enzyme–product complexes
revealed the possible importance of the active-site waters and halide ion for
binding of small ligands in the active site. We decided to study the effects of
the presence and absence of halogen anion in the enzyme active site and the
presence and absence of active site water molecules on ligand orientations. The
result of the docking calculation employing the specific combination of influen-
tial factors was quantitatively expressed as the RMSD of the docked orientation
and the crystallographically determined orientation (Table 10.3).
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Figure 11.5: 1,2-DCE and 1,2-DCP inhibition kinetics. (a) Hanes–Woolf plot
([S] versus [S]/v) demonstrating the effect of 1,2-DCE on the hydrolysis of
1-CB by LinB. The velocities (v) were determined in the presence of 0 (¨),
5 (¥), 14 (N) and 26 mM 1,2-DCE (•). (b) Hanes–Woolf ([S] versus [S]/v) plot
demonstrating the effect of 1,2-DCP on 1-CB hydrolysis. Rates were obtained
in the presence of 0 (¨), 4 (¥), 12 (N) and 22 mM 1,2-DCP (•). (c) Plot of
velocity of 1-CB hydrolysis (v) versus inhibitor concentration ([I]) at substrate
concentration 0.15 mM for 1,2-DCE inhibition (¥) and 0.14 mM for 1,2-DCP
inhibition (¨).
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DISCUSSION

X-ray analyses of LinB complexed with 1,2-DCE and 1,2-DCP show that these
compounds bind non-productively in the active site of the enzyme, while for
1-CB, the reaction products are observed. These observations are in agreement
with previous kinetic analyzes [101]. The data from highly sensitive GC–MS
analysis, however, indicate very weak activity of LinB with 1,2-DCE and 1,2-
DCP, the values of which are 5 500 and 2 500 times slower than 1-CB dechlori-
nation activity, respectively. The presence of Cl− in the halide binding site in
the crystallographically determined 1,2-DCP and 1,2-DCE complexes may de-
rive from the weak activity of LinB toward these substrates or may be a residue
from protein purification buffers (which contained Cl− ions).

With the exception of residue Asp147, there is little movement of active site
residues when comparing the complexes of LinB with the structure of the free
enzyme. Slight movements were detected in Asp147; however, Asp147 is not
close to the catalytic triad, and it would appear unlikely that this residue as-
sists in the formation of a productive enzyme–substrate complex.

Inhibition kinetics confirm that both 1,2-DCE and 1,2-DCP compete for the
active site with 1-CB. The kinetic data for both 1,2-DCE and 1,2-DCP inhibi-
tion of 1-CB turnover can be explained by a scheme in which either inhibitor
or substrate binds to the active site. The substrate and inhibitors do not bind
strictly into the same binding position (Figure 10.4b); however, the binding po-
sitions for inhibitors and substrate overlap.

The docking calculations help explain the non-productive binding of DCE
and DCP in the active site of LinB. Docking should reveal the most energetically
favorable binding sites within the active site. In the absence of a water molecule
and halide in the docking calculations, the molecules bind productively in terms
of both its position and conformation (Figures 10.2b and 10.3b). No alternative
binding modes were found in these docking calculations. Yet as water and the
halide ion are added to the calculation, the ligands adopt orientations increa-
singly similar to the crystallographically determined positions (Table 10.3 and
Figures 10.2c and 10.3c). This result indicates that it is the relative inability
of 1,2-DCE and 1,2-DCP to displace active site waters and halide ions com-
pared to the ability of 1-CB that determines their low rate of turnover. Two
water molecules in particular appear to be important. These can be seen in
Figure 10.2a and 10.3a, and are located adjacent to the halide ions observed
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in these structures. These water molecules appear to form a barrier between
1,2-DCE, 1,2-DCP, and the halide binding site. The water molecules are 3.3
and 3.0 Å from the halide ion and 2.9 and 3.0 Å from the carboxylate oxygen
atoms of Asp108, respectively. These stabilizing interactions must be overcome
if the ligand is to displace water molecules and bind productively. Interestingly,
only one of these water molecules is seen in the complex with 1-butanol (Figure
10.4a). This water molecule is also observed in the apoenzyme structure [56].

Notably, small chlorinated substrates (1,1-dichloromethane, 1,2-DCE, and 1-
chloropropane) exhibited outlying behavior in the quantitative model of structu-
re–biodegradability relationships constructed for 27 substrates of the haloalkane
dehalogenase DhaA [176]. These substrates exhibited unexpectedly low activity,
which could not be directly related to any intrinsic property of these molecules,
such as their reactivity, structural, or physicochemical properties. It was pro-
posed that these molecules cannot adopt the proper orientation in the enzyme
active site [176]. The data presented here agree with this proposal.

The production of enzymes with high activity toward 1,2-DCE and 1,2-DCP
is desirable. Mutations in the cap domain of LinB could be introduced to make
the non-productive binding site observed for 1,2-DCE and 1,2-DCP less energe-
tically favorable. Specifically, the mutation of Phe143, Phe151, Val173, Leu177,
and Phe169 (all in the cap domain) to bulkier amino acids could have this effect
without disrupting the catalytic triad or occluding the active site. These five
amino-acids form part of the binding pockets for 1,2-DCE and 1,2-DCP and line
the active site cavity.

Comparisons with Other Dehalogenases
The catalytic activity of LinB contrasts with that of DhlA. While 1,2-DCE is
an extremely poor substrate for LinB, it is a much better substrate for DhlA.
Direct comparisons between LinB and DhlA [52] are difficult because the cap
domains of the two proteins are very different [51]. One consequence of this
difference is that the active site of DhlA dehalogenase (112 Å3) is much smaller
than that of LinB (276 Å3). The small size of the DhlA active site appears
only to allow productive binding of 1,2-DCE. LinB, with its relatively large ac-
tive site, does not restrict 1,2-DCE to bind productively, and appears to provide
pockets for the non-productive binding of 1,2-DCE and other small halocarbons.

The active site of LinB is similar to the Rhodococcus dehalogenase DhaA [59],
which has an active site cavity only slightly smaller (246 Å3) than that of LinB.
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Table 10.3: Root-Mean-Square Deviations (Å) between Crystal and Docked Ligand Orientationsa.

complexes substrates product

halogen active site

anion waters 1,2-DCE 1,2-DCP 1-butanol

molecule molecule molecule molecule molecule molecule

I J I J I J

model 1 – – 4.4 4.7 4.5 4.1 NAb NAb

model 2 + – 3.6 3.7 3.6 3.8 4.2 4.0

model 3 + + 2.7 2.4 1.4 1.8 2.5 2.3

model 4 – + 2.9 2.5 1.2 1.7 NAb NAb

a Molecule I and molecule J refer to the two ligand molecules in the crystal structures; b Not applicable
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Importantly, the residues of the catalytic triad are the same in the two, and
many of the hydrophobic residues lining the cavity are conserved [51]. Activity
of DhaA to 1,2-DCE has not been detected [65], and therefore, a mechanism of
water-mediated inhibition observed in LinB could act in DhaA. Further expe-
riments are required to confirm this proposal. Two substitutions that occur in
the active site of DhaA are Trp152 and Cys187 (corresponding to Phe143 and
Leu177, respectively, in LinB). The existence of these substitutions support the
proposal that mutations of residues in the cap domain of LinB can be created
that retain catalytic activity.

CONCLUSIONS

This study shows that the industrially important molecules 1,2-DCE and 1,2-
DCP can bind non-productively in the active site of LinB, and that the low
activity of LinB for these substrates appears to result from their inability to dis-
place water and halide molecules from the active site. The water- and product-
mediated effects observed in this study could be important for other dehaloge-
nases such as DhaA, which has an active site very similar to that of LinB. The
activity of LinB toward small halocarbons such as 1,2-DCE could be improved
through the introduction of mutations in the cap domain of the protein that
make non-productive binding less favorable.
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J. Damborský. Comparative Binding Energy Analysis of the Substrate
Specificity of Haloalkane Dehalogenase from Xanthobacter autotrophicus
GJ10. Biochemistry, 40:8905–8917, 2001.



188
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J. Newman, M. Takagi, and J. Damborský. Crystal Structure of the
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[79] J. Damborský. Quantitative Structure-Function Relationships of the
Single-Point Mutants of Haloalkane Dehalogenase: A Multivariate Ap-
proach. Quant. Struct.-Act. Relat., 16:126–135, 1997.
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Peijnenburg and J. Damborský, editors, Biodegradability Prediction, pages
75–92. Kluwer Academic Publishers, Netherlands, 1996.
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