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1.1 Introduction 
 

1.1.1 Computational drug discovery and design 

In modern drug discovery, a detailed understanding of interactions between small chemical 

compounds and biomolecular macromolecules (e.g. medicinal agents and their targets) is of 

crucial importance.1 The search for drug-like compounds that selectively bind to a molecular 

target and interfere with its receptor function or enzymatic activity demands a multi- and 

interdisciplinary approach. Hereby, computer modeling serves as an important tool to 

understand the relevant ligand-receptor or ligand-enzyme interactions. Nowadays, it is difficult 

to imagine drug discovery without computation.2  

 

Since a few decades, drug discovery relies greatly on computational efforts, to provide insights at 

the atomic level that experiments typically fail to resolve and to make predictions that can aid 

and guide experiments. Thus, computational methods and experimental observations usually 

complement each other in an interdisciplinary setting. The rationalization of experimental 

findings at an atomistic level can guide the design of active compounds. Furthermore, 

assessments of the binding free energy (ΔG) offer useful insights in the ligand binding process.3 

There is overall consensus in the scientific community that one of the biggest challenges in 

computational drug design nowadays lies in the accurate and efficient calculation of binding free 

energies.2,4 

 

The binding free energy characterizes the equilibrium between the ligand in solution and bound 

to its molecular target, e.g. a protein. Furthermore, the binding free energy depends on different 

types of interactions, occurring upon ligand binding. In order to score ligands according to their 

binding affinity, three actors should be taken into account: the ligand, the protein, and the 

solvent in which both are solvated. Figure 1.1 schematically indicates how each of these three 

actors may contribute to the binding free energy, which is the sum of all contributions. From the 

perspective of the ligand, complexation with the protein should lead to favorable interactions 

such as hydrogen bonds, charge-charge or pi-pi interactions, etc. These interactions will add 

favorably to the enthalpy of binding. On the other hand, upon binding, the ligand loses 

conformational, translational and rotational freedom, resulting in an unfavorable entropic 

contribution to the binding process.  

According to the conformational selection model, a protein can adopt an ensemble of different 

conformations.5 Low-energy conformations are most likely and will be observed more often, 

while higher-energy conformations will occur only rarely. However, ligands often bind to 

unfavorable protein conformations. For tightly binding ligands, the favorable protein-ligand 

enthalpy is typically sufficient to stabilize the protein when it is in a high-energy conformational 

state. From the perspective of the protein, there is an unfavorable enthalpic contribution. 
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Because the ligand now locks the protein in a given conformational state, its flexibility is also 

reduced, which leads to an additional unfavorable entropic contribution.  

Desolvation of the protein and ligand may lead to an unfavorable enthalpic contribution as 

solute-solvent interactions are broken, but a large favorable entropic contribution can be 

expected, due to the release of ordered water molecules. 

 

Experimental techniques to directly assess the thermodynamics of ligand-receptor or ligand-

enzyme association, such as isothermal titration calorimetry, improved in recent years and can 

provide thermodynamic details of the binding process.6 Parallel to the continuous increase in 

computational power, several classes of computational methods have been developed, that can 

be used to get a more detailed insight into the mode and affinity of (drug) compounds to their 

(off-)target protein. These methods are all affiliated with a qualitative and/or quantitative 

assessment of binding free energies, and differently trade off speed versus physical accuracy. With 

the current wealth of available three-dimensional structures of proteins and their complexes with 

ligands, structure-based drug design studies to identify key ligand interactions and free energy 

calculations to quantify the thermodynamics of binding are topics of utmost interest. 

 

 
Figure 1.1. Schematic representation of the contributions of the three main actors in ligand binding to the total 

binding free energy. By interacting with the protein, the ligand usually yields a favorable enthalpic contribution, but 

loses rotational and conformational freedom, leading to an unfavorable entropic contribution. Upon binding, the 

protein may be locked in a high energy conformation leading to unfavorable enthalpic and entropic contributions. 

Desolvation leads to an unfavorable enthalpic contribution, but to a favorable entropic contribution.  
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The ultimate goal of both qualitative and quantitative approaches is to determine or predict the 

mode of binding, the selectivity and the binding free energy that is associated with protein-ligand 

interactions, using computational methods that efficiently assess the factors determining the 

binding process, such as the specific interactions contributing to protein-ligand recognition. 

 

Whether carried out in a qualitative or quantitative manner, binding free energy methods (and 

the associated current challenges to their application) form the underlying common motive 

throughout this thesis. The current chapter will give an overview of the various methods that 

have been used, followed by a detailed discussion of methods to calculate binding free energies. 

Finally, the various protein targets studied in this thesis will be introduced, and a short outline of 

the thesis will be given. 

 

 

1.1.2 Computational methods – an introduction 

In this thesis a general distinction is made that divides the various computational methods into 

two categories. 

1) A structure-based, qualitative assessment of protein-ligand interactions governing the 

binding process. 

2) A quantitative assessment of the binding affinity of ligands for protein targets.  

Note that this is a simplification and that overlap may occur between the two categories. 

 

Figure 1.2 shows the contributions of representative computational methods (Docking, 

Quantitative Structure-Activity Relationship (QSAR) and Free Energy Calculation) to 

publications in the field of computational chemistry (panel A). Free energy methods are further 

subdivided in panel B into: Free Energy Perturbation (FEP),7 Linear Interaction Energy theory 

(LIE),8 Molecular-Mechanics Poisson Boltzmann/generalized Born solvent accessible surface 

area methods (MM-PBSA),9 One-step Perturbation (OSP),10 and Thermodynamic Integration 

(TI).11 As Figure 1.2 shows, clearly the computationally inexpensive docking methods prevail, 

however, their number is relatively decreasing with respect to the more robust free energy 

calculations, when comparing the time frames 1950-2008 to 2008-current (panel C). 

QSAR and (automated) docking studies are the most commonly used virtual screening methods 

in computational drug design.12 Whereas the former relates physicochemical properties of 

compounds to their biological activity for datasets of potential receptor or enzyme agonists or 

antagonists, the latter predicts their binding modes and scores their affinities.  
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Figure 1.2. Relative numbers of publications that make use of different computational methods, based on the 

numbers of citations in Google scholar (July 2012). Total numbers of publications per method (1950-July 2012) are: 

Docking (384,000; restricting the search ‘Docking’ to ‘Molecular Docking’ yields 313,000 hits); QSAR (78,700); Free 

energy calculations (15,000), depicted in Panel A. FEP (6860); LIE (1050); MM-PBSA (2270); OSP (213); TI (6430), 

depicted in Panel B. Panel C represents relative publication numbers for Docking, QSAR and Free energy 

calculations for two time frames, namely 1950-2008, and 2008-present.  
 

Molecular Dynamics (MD) simulations provide detailed insight into molecular movements, 

accounting for a greater number of relevant molecular conformations by virtue of more extensive 

sampling, and, if carried out with an explicit representation of the solvent, allow for a better 

description of solvation effects. MD simulations commonly form the basis for methods for free 

energy calculation, such as FEP, LIE, OSP or TI, which quantify ligand-protein binding 

affinities. 

Section 1.1.3 describes the various approaches in more detail together with their implementation 

in terms of currently available computational tools. 

 

Figure 1.3 distinguishes five different levels of computational studies that are addressed in this 

thesis. Note that the scheme presented in Figure 1.3 shows close resemblance to the well-known 

screening funnel that is adopted in drug discovery processes, where, in the search of active lead 

compounds, large databases of compounds are screened in an increasingly accurate and 

increasingly time-consuming manner. Structure-based methods have been widely used in the 

design and discovery of new ligands.13 These methods vary from approximate but higher-

throughput virtual screening methods to more robust and rigorous free energy calculations.12a  
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Depending on the application (e.g., computational prediction of drug binding or rationalization of 

substrate selectivity), a suitable method is chosen. As mentioned before, there may be overlap 

between the levels depicted in Figure 1.3. A major aim of this thesis is to push several of the 

methods forward to overcome the indicated limitations. In Chapter 2, protein flexibility is 

accounted for in an (automated) docking procedure using a plasticity model based on MD 

simulations. In Chapters 4 and 7, inefficient free energy calculations are carried out more 

efficiently by using alternative approaches. In Chapter 6, the aspect of solvation effects is 

thoroughly reviewed. 

 

 

1.1.3 Five levels of computer-aided drug design 

Figure 1.3 presents a ranking of structure-based computational approaches according to the 

increased quantitative nature of the acquired information. In the following sections, the different 

approaches that are used in the current thesis are discussed in turn, starting from the most 

qualitative one.  
 
Level 1  Visualization of 3D structures 

Structure-based drug design can already be carried out at the most simplistic level, using nothing 

more than a protein target structure. Due to significant improvements in the fields of protein 

crystallization, X-ray diffraction and nuclear magnetic resonance spectroscopy, an exponentially 

increasing amount of protein structural data is becoming publicly available. While starting with 

only seven structures in 1971, there were 83.106 protein structures available from the protein 

databank (PDB)14 in June 2012. By looking at the geometrical features of a protein binding 

pocket and examining chemical complementarity with a possible ligand, one can directly gain 

structural insights into the target of biomolecular interest. For instance, using computer software 

with basic visualization tools and a graphical interface (such as the PyMOL15 and Molecular 

Operating Environment16 (MOE) graphic systems), one may obtain useful three-dimensional 

insight into the protein active site and can thus suggest critical interactions between the ligand 

and the protein. Getting acquainted with the active site topology is a crucial but sometimes 

underestimated step, not only towards the design of new lead candidates, but also towards the 

design of new enzymes with the aim of biocatalytically and selectively producing specific 

metabolites.  

In summary, by visualizing the three-dimensional structure of the target protein-ligand complex, 

one can better understand the structure-activity relationship of active compounds from the 

relevant interactions between ligand and protein, and suggest new analogs to be synthesized. 

 

Level 2  Modeling of protein structures and mutations  

The testing of hypotheses drawn from 3D-visualization requires modeling of (the flexibility of) 

key amino acid residues and their interactions with the ligand, which can elucidate and guide 
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further rationalization studies of the effect of critical mutations on substrate selectivity. When no 

structure of the target of interest is available, computational modeling tools like homology 

modeling or threading can be used to model a protein structure based on homologous proteins or 

known protein folds.17 Furthermore, one can attempt to manually dock a novel ligand in a 

protein binding cavity by e.g. superposition onto an already present substrate (e.g. the co-

crystallized substrate in the X-ray structure), followed by energy minimization to reduce steric 

strain.  

Similarly, when rationalizing the effect of mutations on the (catalytic) behavior of the protein, a 

further step is to model these mutations into the active site, and study the effects they may have 

on the binding of the substrate or ligand to the active site. However, as these kind of modeling 

‘experiments’ usually do not include the appropriate physical interactions or active-site flexibility 

associated with substrate recognition, further studies (experimental or computational) are 

necessary to confirm the results. 

More sophisticated methods include an explicit representation of electronic degrees of freedom, 

i.e. rely on quantum-chemical calculations to determine the energy of the system. However these 

methods are computationally expensive and limited to small ( <100 atoms) molecules in the gas 

phase or in an implicitly-modeled solution environment (see e.g. reference 18). 

 

Level 3  Docking 

Using the modeling tools discussed above, a qualitative picture of the mode of ligand/substrate 

binding and of the amino acids involved can be obtained. One step towards a more quantitative 

assessment of binding affinities is the prediction of protein-ligand complex structures and their 

associated affinities, using molecular docking studies, in which binding modes are predicted 

together with a rough estimation of affinity (binding score),19 these are the two key features of 

docking methods.20 Docking methods rely on known protein and ligand structures and aim to 

rapidly generate optimal protein-ligand bound conformations to determine possible binding 

modes of the ligand in the protein active site, and to evaluate a score that is related to their 

relative ligand binding affinity. Since the amount of computation time spent per compound 

typically lies in the orders of seconds or less, these approaches are particularly appealing in 

virtual screening schemes employed in drug discovery to search for new lead compounds.21 In 

these (pharmaceutical) lead discovery processes, docking is used to screen large libraries of (small) 

organic molecules against certain receptor targets in a time-efficient manner. Overall, virtual 

screening methods can significantly reduce the number of compounds to be tested in 

experimental assays.22 

In general, docking methods have been applied with considerable success in correctly identifying 

bound conformations of ligand-protein complexes.20 The results of docking studies provide 

information on the spatial orientation of a ligand in the protein active site and thus help to 

rationalize experimentally observed trends. For example, the site of metabolism (SOM) may be 

predicted from the orientation of a substrate in the enzyme active site,23 see Chapters 2 and 3. In 
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this manner, the effect of a mutation in the active site can be studied in a more robust way (as 

opposed to the previously described molecular modeling techniques) and can lead to the design 

of new mutants of an enzyme with renewed and/or enhanced (biocatalytic) features. Ideally, the 

different poses obtained from docking are adequately ranked by the implemented scoring 

function, which relates and quantifies them in accordance to (experimentally determined) 

binding free energies, and hence offers a way to discriminate between binding and nonbinding 

ligands. However, despite of the large amount of available literature on docking (Figure 1.2), 

studies have rarely been reported in which the scoring function quantitatively ranked ligands 

according to their affinity or in which correlation with experimentally determined binding free 

energies was observed, in the case of ligands not accounted for by the training set that was used 

for parameterization.4b,24  

This limitation may not be surprising, considering the fact that empirical scoring functions 

implemented in docking tools only partially incorporate factors such as protein flexibility, 

(de)solvation effects, long range electrostatic interactions, protonation, and entropic 

contributions. The accuracy of the empirical scoring functions is a key to success in docking 

studies.24a,25 Although methods are being developed to account for the lack of solvation and the 

flexibility in traditional docking studies, these methods perform overall poorly outside their 

training sets.26 

For this reason, in Chapter 2, a combined MD/docking protocol is applied to a flexible receptor 

to account for its protein plasticity, incorporating flexibility in otherwise rigid docking 

experiments. 

  

In conclusion, docking methods are trading off physical accuracy for speed. In this thesis, 

docking approaches are not necessarily used for a quantitative assessment of protein-ligand 

complexes, but rather serve to: 

- Rationalize trends in enzyme metabolism observed in experiment (Chapter 2). 

- Rationally design novel drug-metabolizing enzymes (Chapter 3). 

- Provide initial structures of ligand-protein complexes for use in MD simulations 

(Chapters 2 and 4). 

 

Level 4  Molecular dynamics simulations 

Even when the structure of a protein-ligand complex has been determined, the inclusion of 

protein dynamics can be of vital importance to correctly describe and predict substrate 

recognition and binding processes. This usually requires a more rigorous approach to model 

prime interactions than the previously described docking protocols which remain essentially rigid 

(although various attempts to include protein flexibility are described).27 Docking and scoring are 

not sufficiently able to quantify ligand-protein affinities, due to the incomplete implementation of 

solvation and protein flexibility. To include these factors, MD simulations are widely used in 

biomedical sciences to obtain information on the time evolution and dynamics of proteins and 
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protein-ligand complexes.28 MD samples conformational ensembles of structures accessible at the 

given thermodynamic state point. Besides the inclusion of protein flexibility and a more accurate 

description of the interaction energies via a carefully calibrated underlying Hamiltonian (force 

field), molecular dynamics simulations also commonly incorporate solvation explicitly. Popular 

software packages currently available to conduct MD simulations include AMBER,29 

CHARMM,30 GROMACS31, GROMOS32 and NAMD.33 All MD simulations performed in this 

thesis have been carried out using the GROMOS0534 and GROMOS1135 biomolecular 

simulation packages.  

 

MD can be used in combination with docking to give a better account of protein flexibility. A 

recurring limitation of docking studies is that proteins and ligands can adopt multiple 

conformations. Situations in which ligand binding leads to a change in protein conformation are 

commonly referred to as induced fit.1 As mentioned in the previous section (describing Level 3), 

docking algorithms typically treat the receptor as being rigid, considering only one receptor-

ligand complex structure and mobility of selected amino acids.36 However, some proteins are 

known to adjust the conformation of the active site in order to accommodate a wide variety of 

ligands. This issue is addressed in Chapter 2, in which a protein plasticity model is generated 

based on a previously developed combined MD/docking protocol.37 In this protocol, ligands are 

docked into multiple receptor conformations, generated using MD simulations. 

As demonstrated in Chapters 2-4, the incorporation of protein dynamics can also benefit and 

guide the understanding, rationalization and design of site-directed mutation studies, by studying 

ligand binding to and behavioral differences between native and mutant protein on a molecular 

level.38 

 

To address protein-ligand binding using molecular dynamics simulations in a quantitative way, 

Åqvist et al.8 developed the Linear Interaction Energy (LIE) method.8 In LIE, the binding free 

energy is predicted in a semi-empirical way, i.e. assuming a linear dependence of the binding free 

energy on the polar and nonpolar changes in ligand-surrounding energies from MD averages. 

LIE is a so-called ‘end-point’ method, which relies on conformations of only the free and bound 

ligand configuration and computes the binding free energy from differences in the corresponding 

average ligand-surrounding energies.4b,39 

Binding free energy calculation on the basis of LIE theory can be more accurate than when using 

scoring functions implemented in docking tools, but it is less computationally expensive than Free 

Energy Perturbation (FEP) or Thermodynamic Integration (TI), Section 1.2. Therefore, LIE has 

high potential for application in structure-based drug design.24a,40 However, there still are 

challenges to overcome, which will not be further discussed in this thesis. Elsewhere the LIE 

method and modifications to the original approach, as well as current and future challenges in its 

application to drug design have been extensively evaluated.3,4b,24a,39,41 
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Level 5  Free energy calculations 

Ultimately, in computational drug design one is interested in an accurate, efficient and robust 

quantitative assessment of ligand-protein binding affinity.3 As mentioned previously, even though 

structure-based design methods such as molecular docking routinely estimate binding affinities by 

means of an empirical scoring function, there is overall consensus that they are too inaccurate to 

reliably rank the obtained poses of multiple ligands.3,25b  

The affinity of a ligand for a given target protein is a thermodynamic quantity and depending on 

interaction energies and entropies. Therefore, the strength of MD-based free energy calculations 

lies in the thorough inclusion of entropic contributions to the binding affinity, arising from 

solvent effects, as well as protein and ligand flexibility. Note that these effects are generally not 

accounted for by docking methods (Level 3). Free energy calculations, however, rely on statistical 

mechanical principles (i.e. a physically more sound analog of a scoring function) and are correct 

in the limit of infinite sampling (see Section 1.2). 

In the methods described in Section 1.2, relative binding free energies are used to compute 

differences in binding affinity between (similar) ligands towards a common receptor, and to 

provide an accurate ranking of ligands.4c,39,42 

 

During the 1980s, first advances were made to perform computer simulations of biomolecular 

systems to calculate free energy changes.43 Early applications were mainly devoted to 

development and calibration of methods using small data-sets.44 Nowadays, the focus has shifted 

to further development of free energy calculations to render them more applicable for industrial 

purposes and to guide drug discovery, design and lead optimization.4b,45 In the last decade, 

several examples of (successful) cases of lead optimization guided by free energy calculations have 

been reported, including the FEP-guided selection of HIV-1 reverse transcriptase inhibitors in 

lead optimization.46 These success stories illustrate the current trend of the use of free energy 

calculations as powerful research tools in computer-aided drug design and related fields such as 

protein engineering. 

 

MD simulations in combination with free energy calculation methods have been successfully 

applied to quantify binding affinities.28c However, also in this case numerous challenges are still 

to be overcome, of which several will be addressed in this thesis. In Chapters 4, 5 and 7, efforts 

are made to achieve increased accuracy and higher efficiency levels when applying MD to 

calculate binding free energies. 
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1.2 Free energy calculations 
 

1.2.1 State of the art 

After establishing that free energy calculations give the most detailed and quantitative insight in 

protein-ligand interactions among all five categories of computational tools addressed in Section 

1.1, the current status of the usage of free energy calculation methods for affinity prediction will 

be evaluated.45c,47 The theoretical background of free energy calculations is outlined in Section 

1.2.2. Together with the continuous increase in computer power and advances in related areas of 

statistical mechanics and enhanced sampling techniques, binding free energy calculations have 

become useful tools in drug design and in the rationalization of biophysical experiments. This is 

also reflected in the relative increase in the number of scientific research papers and reviews that 

have been published over the last years on this topic, see Figure 1.2.  

 

In structure-based drug design, free energy calculations are often applied in the context of a 

thermodynamic cycle approach42a,43a,44c combining so-called alchemical transformations between 

structurally related compounds. This has proven to be a successful tool to guide drug 

development.4c,46a,48 Since it is virtually infeasible to run a molecular dynamics simulations long 

enough to thoroughly capture the ligand-protein association/dissociation equilibrium, 

calculation of absolute free energy differences, associated with ligand binding (ΔGbind) mostly 

remains outside the range of computational chemistry.39 Alternatively, the absolute binding free 

energy may also be calculated from alchemical approaches, disappearing a ligand from the 

protein active site and from an aqueous solution.49 Note that the term absolute binding free 

energy, commonly used in the field, still refers to free energy differences along the binding process. 

However, in drug development the main interest is typically to determine affinities of a series of 

potential drug candidates relative to each other. Therefore, the main focus usually lies on the 

calculation of relative binding free energies (ΔΔGbind) between (series of) compounds.  

 

The use of thermodynamic cycles involving alchemical transformations43a between two ligands 

(L1 and L2) in order to calculate ΔΔGbind for the two ligands and a given protein target (P) in 

aqueous solution is illustrated in Figure 1.4. Since the free energy is a thermodynamic state 

function, it is a path-independent quantity, which means that the order of the binding event does 

not matter: the computed free energy only depends on the representation of the initial (ligand in 

solution) and final (ligand bound to protein) state of the binding process.  
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Therefore, the free energy change along the cycle in Figure 1.4 amounts to zero, so that ΔΔGbind 

can be expressed as: 

 

ΔΔGbind = ΔG2 - ΔG1= ΔG4 - ΔG3       (Eq. 1.1) 

 

Eq. (1.1) relates the free energy difference of the two horizontal branches (ΔG1 and ΔG2), which 

indicate the individual affinities of the ligands for the protein, to the free energy difference of the 

vertical branches (ΔG3 and ΔG4), which correspond to non-physical alchemical transformation of 

L1 in L2, in the bound and free state, respectively. Use of thermodynamic cycles is a standard 

approach to calculate relative binding free energies. However, note that the thermodynamic 

cycle approach (and calculation of alchemical free energy differences) can also be applied to 

calculate free energy changes of different types of (bio)chemical events other than ligand binding, 

such as protein folding, solvation or conformational changes.44c In the light of this thesis, 

thermodynamic cycles and alchemical transformations have solely been used in order to 

calculate and predict relative ligand-protein binding free energies. 

 

 

Figure 1.4. Standard thermodynamic cycle for relative binding free energy calculations. To compute the relative 

binding free energy of two ligands (L1 in L2) to a given protein (P), L1 is alchemically mutated to L2, both in aqueous 

solution and in the protein environment. According to Eq. (1.1), ΔΔGbind is derived by relating the difference 

between ΔG1 and ΔG2 to the difference between ΔG3 and ΔG4. 

 

Ultimately, the challenge lies in developing more robust and efficient free energy calculations to 

reduce computational cost and thus make this approach feasible for large-scale industrial 

applications.48c,50 As will be outlined in the following section, alchemical transformations require 

extensive MD simulation times, to include all enthalpic and entropic effects in Figure 1.1. 
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1.2.2 Theoretical background 

In this thesis, relative binding free energies are computed on the basis of statistical principles,45b,51  

to estimate differences in binding affinities between similar ligands towards a common receptor 

(Figure 1.4 and Eq. 1.1).4c,39,42  

The statistical mechanical definition of the Gibbs free energy, G, is based on the partition 

function, Z, which is the sum of the Boltzmann weights of all energy levels of the system.42a,44c 

 

€ 

G = −kBT lnZ(N, p,T)          (Eq. 1.2) 

 

In Eq. (1.2), kB is the Boltzmann constant, and (N,p,T) denotes a isothermal-isobaric ensemble at 

constant number of particles (N), pressure (p) and temperature (T). In this ensemble, the partition 

function is defined as: 

 

€ 

Z(N, p,T) =
1

Vh3NN!
e−(H (r,p )+ pV ) / kBT∫∫∫ dpdrdV      (Eq. 1.3) 

 

where V is the system volume, h is Planck’s constant, H(r,p) is the Hamiltonian representing the 

total energy of the system as a function of the coordinates r and momenta p of all particles in the 

system (also collectively denoted as the ‘phase space’ of the system). The integral is performed 

over all 3N positions r, momenta p and over the volume V. This is quite impractical, since 

calculating the absolute free energy according to Eq. (1.2) requires an integration over all 3N 

degrees of freedom. Even though the boundaries in computer power are being pushed, this type 

of analysis of the partition function still cannot be reached. 

However, if one focuses on the thermodynamic cycle depicted in Figure 1.4, the free energy 

difference between related states A (L1 in free or bound state) and B (L2 in free or bound state) 

corresponds to the alchemical transformations ΔG3 and ΔG4, which can be computed from MD 

simulations by the use of the free energy perturbation (FEP) technique by Zwanzig,7 

 

€ 

ΔGAB =GB −GA = −kBT ln e
−(ΔH + pΔV ) / kBT

A
      (Eq. 1.4) 

 

where ΔH = HB - HA is the difference of the Hamiltonians describing state A and B, and 

€ 

A
 

denotes ensemble averaging over all the configurations generated in an MD simulation using the 

Hamiltonian of state A. 

The Zwanzig equation is correct in the limit of infinite sampling, and is only practically 

applicable if the configurations sampled for state A are sufficiently relevant for state B. This 

restricts its applicability to only small differences between states A and B, or requires introduction 

of carefully chosen and possibly unphysical intermediate states, see for example Chapter 4 of this 

thesis. 
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A particular application of FEP is the one-step perturbation approach (OSP),10,52 applied in 

Chapters 4, 5 and 7. OSP makes use of two MD simulations of an (unphysical) reference state, R, 

from which free energy differences, ΔGRA, with respect to a set of real compounds can be 

deduced, according to: 

 

 

€ 

ΔGRA =GA −GR = −kBT ln e
−(HA −HR ) / kBT

R
      (Eq. 1.5) 

 

where HA and HR are the Hamiltonians of the system in state A (representing a real ligand) and 

R, respectively. The free energy difference between states A and another real ligand B can then 

be derived by using: 

 

€ 

ΔGAB = ΔGRB − ΔGRA          (Eq. 1.6) 

 

Successful application of the OSP method requires the design of a reference molecule able to 

sufficiently sample the phase space relevant for the real states, i.e. the Boltzmann weight of the 

configurations sampled with Hamiltonian HR should not vanish in terms of the Hamiltonian 

pertaining to the real compounds. 

 

A popular and frequently used alternative to FEP is Thermodynamic Integration (TI).11 TI is a 

free energy pathway method in which the initial state A is transformed into the final state B using 

a coupling parameter λ which is introduced to describe the change of the Hamiltonian H(λ) 

pertaining to the initial state A (at λ = 0) to the final state B (at λ = 1). The free energy difference 

between the two end states (i.e. ΔG3 and ΔG4 in Figure 1.4) can then be obtained by (numerical) 

integration along the λ-dependent path from λ =0 to λ =1 (via alchemical states for 0<λ<1), 

over the ensemble average of the partial derivative of the Hamiltonian with respect to λ:  

 

€ 

ΔGAB =
dG
dλ

dλ =
0

1

∫ ∂H(λ)
∂λ λ

dλ
0

1

∫        (Eq. 1.7) 

 

 

1.2.3 Challenges 

Despite the sound theoretical basis of Eqs. (1.4-1.7), it occurs that free energies calculated using 

the OSP or TI approach are in poor agreement with experimental data. Disagreement with 

experiment can be due to inaccurate representation of the Hamiltonian or sampling issues. As a 

result, thermodynamic cycles may fail to close, or the difference between forward and backward 

calculations of ΔG3 and ΔG4 in Figure 1.4 does not vanish, but amounts to a large number 

(hysteresis). The challenges that have to be overcome before the accurate prediction of binding 

affinities through free energy calculation methods can efficiently and effectively be applied in 
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drug discovery and industrial biotechnology processes can be classified into four 

categories:42c,48d,53  

 

Challenge 1  Modeling and simulation setup 

Accurate and efficient applications of alchemical free energy calculations are most likely 

to succeed for a set of substrates (e.g. enzyme inhibitors) that are structurally similar. In 

Chapters 4, 5 and 7, special attention is paid to the setup of one-step perturbation 

calculations to the choice of the (unphysical) reference state, which is optimized such that 

sufficient phase-space overlap with the different compounds of interest is ensured. 

Furthermore, accurate force field parameters are to be assigned to all three actors 

depicted in Figure 1.1 (ligand, protein and solvent) present in the system, as well as to the 

interactions between these actors. Especially the parameterization of the ligand can be a 

time-consuming task, and might be one of the reasons why free energy calculations are 

not (yet) widely applied in industry.  

 

Challenge 2  Conformational Sampling  

Both the protein and the ligand are treated as flexible entities in MD simulations and are 

described by many conformational degrees of freedom. Therefore, exploring all 

potentially relevant conformations requires a substantial computational effort,54 

depending on the timescale of the MD simulations that are conducted. The results of free 

energy calculations are particularly sensitive to insufficient conformational or spuriously 

biased sampling, as entropic effects have to be accounted for via the integral in Eq. (1.3) 

over all sampled conformations.55 Unsampled conformations (however crucial) will not 

contribute to the total calculated free energy, which may lead to failure in 

thermodynamic cycle closure and to an incorrect prediction of the binding affinity. 

Failure in the closure of thermodynamic cycles may indicate inadequate sampling, and 

internal consistency of the calculated data forms a crucial prerequisite for the reliability of 

free energy calculations. Therefore, insufficient conformational sampling is an ongoing 

challenge that is addressed by e.g. the development of enhanced sampling techniques and 

faster computing algorithms as well as by continuous efforts to increase computer power.  

 

Challenge 3  Force field accuracy  

Molecular recognition involves a combination of inter- and intra-molecular interactions 

that need to be modeled in a physically sound way.28c Empirical force fields such as 

AMBER,56 CHARMM,57 GROMOS,58 and OPLS-AA59 can be used to calculate the 

potential energy, U, by adding up the contributions from bonded and non-bonded terms 

of the system. The sum of the potential energy and the kinetic energy, are referred to as 

the total energy, or Hamiltonian (H in Eqs. 1.3-1.7) of the system. Its representation 

directly influences the outcome of free energy calculations. Since inter-atomic forces are 
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strong and short ranged, the accuracy of the employed energy function is strongly 

dependent on the detailed representation of these terms. Advances are being made and 

more sophisticated force fields are being developed, e.g. presenting more complex atomic 

partial charge distributions and/or explicitly accounting for electronic polarization, in 

order to achieve higher accuracy.28a In Chapter 5, the parameterization of functional 

groups of the ligands is optimized in order to improve the correlation to experimentally 

measured data. 

In this thesis, the GROMOS force field is used, which is tailored for biomolecular 

simulation and is therefore suitable for application on the systems described in Section 

1.3. 

 

Challenge 4  Analysis  

When computing statistical quantities such as the change in binding free energy, proper 

estimation of the statistical error is of vital importance to assess the reliability of the 

employed method and accuracy of numerical post-processing. Only given a careful error 

assessment, a robust and reliable prediction of binding, or comparison to experimental 

data can be postulated. Recently, the efficiencies of various available methods to compute 

absolute and relative free energy differences has been analyzed and compared.60 

 

 

 

1.3 Protein targets and applications 
 

In this thesis, the computational methods described in Sections 1.1 and 1.2 are applied to various 

biomolecular targets. The current section introduces these targets and shortly describes the 

addressed research questions. 

 

 

1.3.1 Drug / substrate metabolism 

The fate of a drug entering the body is crucially determined by drug-metabolizing enzymes. 

Apart from of drug breakdown and facilitated excretion, metabolic transformations sometimes 

give rise to the incidence of toxic effects.61  

Cytochrome P450 enzymes (CYP450s) constitute a family of heme containing enzymes. They are 

involved in endogenous processes, as well as the biotransformation of xenobiotics, such as 

drugs.62 As such, they play an important role in the disposition of drugs and their 

pharmacological and toxicological effects. Most members of the CYP450 family carry out mono-

oxygenation (Phase 1 drug metabolism) reactions, in which molecular oxygen is reduced by 

NADPH-derived electrons to oxidize a substrate molecule, via insertion of an oxygen atom into a 

substrate’s C-H bond while simultaneously forming a water molecule.63  
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Complementary to experimental studies, many computational efforts have been performed in 

order to predict the mode and affinity of drug binding (i.e. activity and substrate selectivity) to 

CYP450s, in order to predict possible toxicity effects and to rationalize selective substrate binding 

phenomena.23,64 Typically, computational prediction of enzyme activity and selectivity involves 

substrate recognition, the site and rate of metabolism, the complete catalytic process, and the 

ease of product release. In this thesis, the main focus lies on the prediction of sites of metabolism 

(SOMs) only, by studying the orientation of the substrate towards the heme catalytic iron center, 

limiting the region accessible to catalytic activity to within a (hypothetical) cut-off distance of 0.6 

nm65 to predict whether hydroxylation by means of incorporation of an oxygen atom into a C-H 

bond will occur (see Chapters 2 and 3 for more details). 

 

In order to describe the actual metabolism and/or reactivity of the substrate species, one needs to 

explicitly model electronic structure effects, e.g. through the use of Quantum Mechanical (QM) 

methods.23 The accurate prediction of product formation in reactions catalyzed by CYP450s and 

of the corresponding reaction barriers ultimately requires a description of the reactive heme iron-

oxygen species that is responsible for the chemistry of the CYP450 catalytic reaction cycle, the 

kinetics of the reaction cycle, and the release of the product.18 The CYP450 catalytic reaction 

cycle is schematically depicted in Figure 1.5. 

In comparison to the empirical force-field models addressed in this thesis, QM methods are very 

time-consuming, and typically only small molecules ( <100 atoms) can be described. Computer 

time rapidly increases with an increase in system size, or upon inclusion of many different 

conformations. Therefore QM methods are not included in Figure 1.3 amongst the methods 

applied in this thesis for binding free energy computation, but they mostly are applied at Level 2 

for a limited number of structures, based on advanced energy calculations. 

 

 

 
Figure 1.5. Simplified CYP450 catalytic cycle, adapted from reference 64a. The substrate R-H is converted into 

R-OH in this cycle. 
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In Chapter 2, gas-phase QM calculations were performed to assess the intrinsic reactivity of C-H 

bonds of testosterone. More sophisticated methods (compared to gas-phase QM calculations and 

the methods presented in Figure 1.3) include reactivity-based approaches and are typically based 

on inclusion of the heme moiety into the calculations,66 or on combined QM/MM calculations67 

to include the full protein environment in the calculations.  

 

 

1.3.2 Cytochrome P450 BM3 

Due to their high catalytic activity and broad substrate specificity, CYP450s are interesting 

targets in biotechnological research. They can serve as biocatalysts for the production of, e.g., 

human metabolites.68 CYP450 enzymes are also used as biocatalysists for industrial purposes, e.g., 

in the synthesis of fine chemicals and commercial products.68a  

A recurring target in this thesis is a well-studied bacterial Cytochrome P450 from Bacillus 

Megaterium, CYP450 BM3, also known as CYP102A1. Wild-type CYP450 BM3 is a fatty acid 

hydroxylase, which shows one of the highest hydroxylation activities ever reported for a 

CYP450.69 Although the natural CYP450 BM3 substrates are long-chain fatty acids, its substrate 

specificity has been broadened by site-directed and random mutagenesis.70 Moreover, many of 

the previously designed and identified biocatalytically active CYP450 BM3 mutants are potent 

candidates for use in biotechnology, because they convert a variety of substrates into 

therapeutically or diagnostically useful products and display a broad range of substrate specificity 

as well as regio- and stereoselectivity.71 By employing genetic engineering techniques, these 

enzymes can additionally be modified by random or site-directed mutagenesis to further improve 

activity, stability, substrate specificity as well as regio- and stereoselectivity.72 In order to 

rationalize results of such mutagenesis studies or to even guide them, in silico modeling has 

proven to be a useful and synergetic tool, e.g., to predict and structurally rationalize the effect of 

mutations.38,64c,73  

Previous combined experimental and computational efforts in our molecular toxicology 

laboratory71f have led to the design and elucidation of new drug metabolizing mutants of 

BM338,74 (mutants M01 and M11) that can convert a variety of drug-like compounds such as 3,4-

methylenedioxy-methylamphetamine (MDMA) and dextromethorphan. Table 1.1 shows the 

mutations with respect to the wild-type enzyme for the BM3 mutants studied in this thesis. 

Mutants M01 A82W and M11 L437N were postulated based on computational modeling,75 and 

their experimental characterization in the metabolism of testosterone and α-ionones is 

rationalized using docking, molecular dynamics and free energy calculation in Chapters 2, 3 and 

4. 
 

Figure 1.6 shows the active site of wild-type BM3 as represented by PDB crystal structure 

1BU7.77 Amino acid residues mutated in the considered BM3 mutants (Table 1.1) are 

highlighted. 
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Mutant: M0174 M01 A82W75a M01 A82W S72I76 M1174  M11 L437N75b 

 R47L R47L R47L R47L R47L 

    E64G E64G 

   S72I   

    F81I F81I 

  A82W A82W   

 F87V F87V F87V F87V F87V 

    E143G E143G 

 L188Q L188Q L188Q L188Q L188Q 

 E267V E267V E267V E267V E267V 

 G415Sa G415Sa G415Sa G415Sa G415Sa 

     L437N 
Table 1.1. CYP450 BM3 mutants studied in this thesis. 
aThe mutations have been shown not to contribute to the enhanced activities of the mutants.74 These mutations 

were not included in the modeling studies. 

 

 

 

 

 
Figure 1.6. Ribbon representation of the active site of wild-type CYP450 BM3 (PDB structure 1BU7).77 Mutated 

amino acid residues and the catalytically active heme moiety are labeled and depicted in stick format. Residue G415 

is not indicated since its location is far from the active site. 
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1.3.3 4-Hydroxyphenylpyruvate dioxygenase (HPPD) 

HPPD is a Fe(II)-dependent, non-heme oxygenase and catalyzes the conversion of 4-

hydroxyphenylpyruvate to homogentisate, i.e. one of the first steps in the tyrosine catabolic 

pathway. This reaction is a chemically complex transformation, with many structural 

modifications all occurring in a single catalytic cycle.78 HPPD is a relevant target protein for both 

therapeutic and agrochemical research. Because HPPD is involved in tyrosine catabolism, 

blocking the formation and accumulation of toxic catabolites by HPPD inhibition has proven a 

successful strategy to treat type I tyrosinemia in mammals.78c Interestingly, an effective HPPD 

inhibitor used to treat this inherited metabolic disorder in mammals was originally developed to 

serve as a herbicidal agent.79 

In plants, HPPD is a key enzyme in the pathway producing plasoquinone and tocopherol, which 

are both essential cofactors in the photosynthesis cascade from homogentisate. By the 

suppression of the formation of important cofactors, the photosynthesis route can be disrupted. 

Inhibition of HPPD thus leads to bleaching, ultimately followed by necrosis and death.80 For 

many years, HPPD has been a target of interest in the agrochemical industry, and many efforts 

have been made in the screening and synthesis of inhibitors, which have led to a large number of 

commercially available herbicides.28a,81 In Chapter 5, the computationally efficient one-step 

perturbation approach is applied to a series of HPPD inhibitors, and compared to rigorous but 

computationally less efficient TI calculations. By slightly adjusting force-field parameters of the 

functional groups of the ligands, an accurate OSP model could be generated, based on which 

predictions for new inhibitors could be made.  

 

 

1.3.4 Oligopeptide binding protein A (OppA)  

Water molecules can be of considerable importance for the binding and selectivity of a substrate 

to its receptor,82 see Chapter 6. Numerous examples of water mediated hydrogen bonds between 

protein and ligand are reported in the literature.83 The bacterial oligopeptide binding protein A 

of Salmonella typhimurium (OppA) is a well-studied example for which water molecules have a 

profound effect on ligand binding. OppA binds small peptides of 3-5 residues, regardless of their 

amino acid sequence.84 Whereas other proteins need water molecules to establish high selectivity 

in ligand binding, OppA relies on water molecules to accommodate a broad range of ligands 

with diverse physico-chemical properties.85 This lack of specificity is due to the majority of 

interactions between OppA and the peptide ligands being mediated by water, thus stabilizing e.g. 

positive and negative charges or dipole moments of the ligand side chains. For instance, the 

crystal structure of the charged tripeptide Lys-Glu-Lys (KEK) in complex with OppA (PDB code 

1JEU),86 shows that the ligand is buried in the active site, and that most of the interactions 

between KEK and OppA are mediated by nine water molecules. For different tripeptides, 

different water configurations have been observed in the active site, as well as different numbers 

of water molecules.84,86 The particular challenges associated with the simulation of highly flexible 
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peptidic ligands, combined with the presence of water molecule networks in the active site pocket 

are adressed in Chapter 7, in which thermodynamic cycles were constructed for three different 

peptides binding to OppA. 

 

 

 

1.4 Objectives and outline 
 

The individual chapters of this thesis all describe different aspects of biomolecular recognition 

and binding affinities, at different methodological levels and in the context of different molecular 

targets. In every chapter, a specific research question is addressed and progress is made towards 

the understanding of the molecular target and/or of the applied methodology. The overall aim 

of the thesis can be summarized as demonstrating the breadth of computational methods to 

describe molecular interactions of a variety of ligands with relevant and realistic protein targets. 

In most cases, the methods are being pushed forward in an attempt to overcome current 

methodological limitations described in Figure 1.3.  

The thesis roughly follows the methods outlined in Figure 1.3. In Chapter 2, the intrinsic 

reactivity of testosterone is evaluated using quantum mechanical calculations (Level 2) and 

experimentally observed trends in its metabolism by Cytochrome P450 BM3 mutants are 

compared to binding orientations obtained from docking experiments (Level 3), by making use of 

a plasticity model based on Molecular Dynamics simulations (Level 4). In Chapter 3, new 

CYP450 BM3 mutants are modeled and postulated (Levels 1 and 2) and experimentally observed 

differences in product formation are rationalized using docking approaches (Level 3). Even 

though these docking studies could offer qualitative explanations for the observed 

stereospecificity in product formation, it is found in this chapter that docking methods can not 

explain the experimentally observed trends in metabolism in a quantitative manner. Therefore, 

the binding affinity of α-ionone substrates and products to two CYP450 BM3 mutants is 

quantified in Chapter 4 (Levels 4 and 5), largely explaining the observed stereospecificity in α-

ionone hydroxylation. It is shown that the one-step perturbation approach can be more efficient 

and more accurate than the more elaborate thermodynamic integration, through the elegant 

design of a suitable reference state. 

The use of the one-step perturbation approach (Levels 4 and 5) is explored further for larger 

alchemical changes in Chapter 5, in which binding free energies are estimated for a series of 

HPPD inhibitors. Again, OSP is compared to TI, allowing for conclusions concerning sampling 

efficiency and force-field dependency of the calculated free energies. While Chapters 4 and 5 

mostly focus on the effect of sampling to overcome the limitations of Level 3 methods, Chapter 6 

turns the attention to another major limitation, namely the explicit inclusion of solvation effects. 

In Chapter 6, the role of water molecules in computational drug design is reviewed. One of the 

protein targets discussed in this chapter is OppA, which is the target of choice in Chapter 7. 
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Lessons learned to enhance sampling in Chapter 4 are applied in TI calculations on relative 

binding free energies of various tripeptides, and first attempts are described to capture the effect 

of the complex water network on the binding affinity. This thesis is concluded with a summary 

and outlook in Chapter 8. 
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