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ABSTRACT 
 
A disease is often associated with a cascade reaction pathway involving proteins, co-
factors and substrates. Hence to treat the disease, elements of this pathway are often 
targeted using a therapeutic agent, a drug. Designing new drug molecules for use as 
therapeutic agents involves the application of methods collectively known as 
computer-aided molecular design, CAMD. When the three dimensional (3D) 
geometry of a macromolecular target (usually a protein) is known, structure-based 
CAMD is undertaken and structural information of the target guides the design of 
new molecules and their interactions with the binding sites in targeted proteins. Many 
factors influence the interactions between the designed molecules and the binding 
sites of the target proteins, such as the physico-chemical properties of the molecule 
and the binding site, the flexibility of the protein and the ligand, and the surrounding 
solvent. 

In order for structure-based CAMD to be successful, two important aspects must 
be considered that take the abovementioned factors into account. These are; i) 3D 
fitting of molecules to the binding site of the target protein (like fitting pieces of a 
jigsaw puzzle), and ii) predicting the affinity of molecules to the protein binding site.  

The main objectives of the work underlying this thesis were: to create models for 
predicting the affinity between a molecule and a protein binding site; to refine the 
geometry of the molecule-protein complex derived by or in 3D fitting (also known as 
docking); to characterize the proteins and their secondary structure; and to evaluate 
the effects of different generalized-Born (GB) and Poisson-Boltzmann (PB) implicit 
solvent models on the refinement of the molecule-protein complex geometry created 
in the docking and the prediction of the molecule-to-protein binding site affinity. A 
further objective was to apply chemometric methodologies for modeling and data 
analysis to all of the above. To summarize, this thesis presents methodologies and 
results applicable to structure-based CAMD. 

Results show that predictive chemometric models for molecule-to-protein 
binding site affinity could be created that yield comparable results to similar, 
commonly used methods. In addition, chemometric models could be created to 
model the effects of software settings on the molecule-protein complex geometry 
using software for molecule-to-binding site docking. Furthermore, the use of 
chemometric models provided a more profound understanding of protein secondary 
structure descriptors. 

Refining the geometry of molecule-protein complexes created through molecule-
to-binding site docking gave similar results for all investigated implicit solvent 
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models, but the geometry was significantly improved in only a few examined cases 
(six of 30). However, using the geometry-refined molecule-protein complexes was 
highly valuable for the prediction of molecule-to-binding site affinity. Indeed, using 
the PB solvent model it yielded improvements of 0.7 in correlation coefficients (R2) 
for binding affinity parameters of a set of Factor Xa protein drug molecules, relative 
to those obtained using the fitting software. 

 
Key words: binding affinity, prediction, docking, geometry optimization, protein secondary structure characterization, 
implicit solvent, generalized-Born, Poisson-Boltzmann, molecular mechanics (MM), drug discovery, CAMD, principal 

component analysis (PCA), partial least squares projections to latent structures (PLS), MM-GB-SA, MM-PB-SA 
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SVENSK SAMMANFATTNING (ABSTRACT IN SWEDISH) 
 
En sjukdom kan många gånger härledas till en kaskadereaktion mellan proteiner, co-
faktorer och substrat. Denna kaskadreaktion blir många gånger målet för att 
behandla sjukdomen med läkemedel. För att designa nya läkemedelsmoleyler används 
vanligen datorbaserade verktyg. Denna design av läkemedelsmolekyler drar stor nytta 
av att målproteinet är känt och då framförallt dess tredimensionella (3D) struktur. Är 
3D-strukturen känd kan man utföra så kallad struktur- och datorbaserad 
molekyldesign, 3D-geometrin (f.f.a. för inbindningsplatsen) blir en vägledning för 
designen av en ny molekyl. Många faktorer avgör interaktionen mellan en molekyl 
och bindningsplatsen, till exempel fysikalisk-kemiska egenskaper hos molekylen och 
bindningsplatsen, flexibiliteten i molekylen och målproteinet, och det omgivande 
lösningsmedlet. 

För att strukturbaserad molekyldesign ska fungera väl måste två viktiga steg 
utföras: i) 3D anpassning av molekyler till bindningsplatsen i ett målprotein (s.k. 
dockning) och ii) prediktion av molekylers affinitet för bindningsplatsen. 

Huvudsyftena med arbetet i denna avhandling var som följer: i) skapa modeler 
för att prediktera affiniteten mellan en molekyl och bindningsplatsen i ett målprotein; 
ii) förfina molekyl-protein-geometrin som skapas vid 3D-anpassning mellan en 
molekyl och bindningsplatsen i ett målprotein (s.k. dockning); iii) karaktärisera 
proteiner och framför allt deras sekundärstruktur; iv) bedöma effekten av olika 
matematiska beskrivningar av lösningsmedlet för förfining av 3D molekyl-protein-
geometrin skapad vid dockning och prediktion av molekylers affinitet för proteiners 
bindningsfickor. Ett övergripande syfte var att använda kemometriska metoder för 
modellering och dataanalys på de ovan nämnda punkterna. För att sammanfatta så 
presenterar denna avhandling metoder och resultat som är användbara för 
strukturbaserad molekyldesign. 

De rapporterade resultaten visar att det är möjligt att skapa kemometriska 
modeler för prediktion av molekylers affinitet för bindningsplatsen i ett protein och 
att dessa presterade lika bra som andra vanliga metoder. Dessutom kunde 
kemometriska modeller skapas för att beskriva effekten av hur inställningarna för 
olika parametrar i dockningsprogram påverkade den 3D molekyl-protein-geometrin 
som dockingsprogram skapade. Vidare kunde kemometriska modeller andvändas för 
att öka förståelsen för deskriptorer som beskrev sekundärstrukturen i proteiner. 

Förfining av molekyl-protein-geometrin skapad genom dockning gav liknande 
och ickesignifikanta resultat oberoende av vilken matematisk modell för 
lösningsmedlet som användes, förutom för ett fåtal (sex av 30) fall. Däremot visade 
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det sig att användandet av en förfinad geometri var värdefullt för prediktion av 
molekylers affinitet för bindningsplatsen i ett protein. Förbättringen av prediktion av 
affintitet var markant då en Poisson-Boltzmann beskrivning av lösningsmedlet 
användes; jämfört med prediktionerna gjorda med ett dockningsprogram 
förbättrades korrelationen mellan beräknad affintiet och uppmätt affinitet med 0,7 
(R2). 

 
Nyckelord: bindningsaffinitet, prediktion, dockning, geometrioptimering, sekundärstruktur, matematisk vattenmodel, 
generalized-Born, Poisson-Boltzmann, molekylmekanik (MM), läkemedelsdesign, principal komponent analys (PCA), 

partial least squares projections to latent structures (PLS), MM-GB-SA, MM-PB-SA  
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ABBREVIATIONS
 

AC: Auto Covariance 
AC-ang: AC of ψ and Φ angles 
AC-dst: AC of Euclidean distance 
AC-zz: AC of zz-scale 
ACC: Auto Cross Covariance 
ACC-ang: ACC of ψ and Φ angles 
ACC-zz: ACC of zz-scale 
ADME: Absorption, Distribution, 
Metabolism and Excretion 
AMBER: Assisted Model Building with 
Energy Refinement 
CAMD: Computer Aided Molecular Design 
CCDC: Cambridge Crystallographic Data 
Center 
CD : Candidate Drug  
CG: Conjugate Gradient 
CV: Cross Validation 
DA: Discriminant Analysis 
DMPK: Drug Metabolism and Pharmaco-
Kinetics 
DoE: Design of Experiments  
DPI : Diffraction component Precision Index 
GA: Genetic Algorithm 
GAFF: General Amber Force Field 
GB: Generalized Born 
Hi: Hierarchical 
Hic-Up: Hetero compound information 
center, Uppsala 
HND: Hugs Not Drugs 
HTS: High Throughput Screening 
HIV: Human Immunodeficiency Virus 
LIE: Linear Interaction Energy 
LOO-CV: Leave-One-Out Cross Validation  
MC: Monte Carlo 
MD: Molecular Dynamics 
MM: Molecular Mechanics 
 

 
MMFF: Merck Molecular Force Field 
MOE: Molecular Operating Environment 
MVA: Multivariate Analysis 
NMR: Nuclear Magnetic Resonance 
NR: Newton-Raphson 
PB: Poisson-Boltzmann 
PC: Principal Component 
PCA: Principal Component Analysis 
PDB: Protein Data Bank 
PLS: Partial Least Squares Projections to 
Latent Structures 
QM: Quantum Mechanics 
QSAR: Quantitative Structure Activity 
Relationship 
QSPR: Quantitative Structure Property 
Relationship 
RCSB: Research Collaboratory for Structural 
Bioinformatics  
RESP: Restricted Electrostatic Potential fit 
RMSD: Root-Mean-Square-Deviation 
RMSEE: Root-Mean-Square-Error of 
Estimation 
RMSEP: Root-Mean-Square-Error of 
Prediction 
SA: Surface Area 
SASA: Solvent Accessible Surface Area 
SAR : Structure Activity Relationship 
SCOP: Structural Classification Of Proteins 
SD: Steepest Descent 
SIMCA: Soft Independent Modeling by Class 
Analogy 
SMILES: Simplified Molecular Input Line 
Entry Specification 
SVD: Singular Value Decomposition 
SVM: Support Vector Machines 
T: Temperature 
Å: Ångström 
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DEFINITIONS  
 

c: Weight vector for Y 
C: Matrix of weight vectors for Y  
∆Gbind: Gibbs free energy change upon 
binding 
∆Gconformation: Gibbs free energy change 
associated with the conformational change in 
protein and ligand 
∆Ginteraction: Gibbs free energy change 
associated with the interaction between atoms 
in the ligand and the protein 
∆Grotation: Gibbs free energy change associated 
with the locking of rotational bonds in the 
ligand and protein 
∆Gsolvent: Gibbs free energy change associated 
with the transfer of ligand from solution to 
bound state due to solvent effects 
∆Gtranslation/rotation: Gibbs free energy change 
associated with the loss of translational and 
rotational energy upon the formation of the 
ligand-protein complex 
∆Gvibration: Gibbs free energy change 
associated with the changes in vibrational 
modes 
∆H: Change in enthalpic energy 
∆S: Change in entropic energy 
E: Residual matrix of predictor variables 
F: Residual matrix of response variables 
K1: Rate constant 
Ka: Association constant 

Kd: Dissociation constant 
Ki: Disassociation constant for ligand that 
inhibited a radio labeled ligand binding 
[L]: Concentration of ligand 
LPsol: Ligand-protein complex in solvent 
(water) 
Lsol: Ligand in solvent (water) 
p: Loading vector for X 
P: Matrix of loading vectors for X 
[P]: Concentration of protein 
pKa: The logarithm of Ka 
pKi/d: The logarithm of Ki/d 
[PL]: Concentration of protein-ligand complex 
Q2: Cross validated fraction of total variation 
of the X’s that can be predicted by a 
component 
R: Avogadro’s constant 
R2: Percentage of the total variation explained 
by the model 
t: Score vector for X 
T: Matrix of score vectors for X 
u: Score vector for Y 
w: PLS weight vector for X 
X: Matrix of predictor variables 
Xc: Candidate set 
Xd: Design matrix 
Xn: Exchange matrix 
Y: Matrix of response variables 

 
  



x 
 

TABLE OF CONTENTS 

 

1. INTRODUCTION        1 

1.1. Scope and aims of the thesis       2 
     

2. BACKGROUND                                                                                               4 
2.1. The discovery and design of drugs      4 

2.2. An overview of structure-based rational design of drugs using CAMD  4 

2.3. Representation of the macromolecular target     10 

2.4. Practical aspects of molecular modeling      11 

2.5. Potential energy dependent methods for establishing molecular geometries 15 

2.6. Estimating the strength of ligand binding     17 

2.7. Chemometrics        23 
 

3. METHODS                                                                                        25 
3.1. The groundwork        25 

3.2. Multivariate analysis       27 

3.3. Validation of models       32 

3.4. Molecular docking       34 

3.5. Energy minimization       36 

3.6. Solvation models        38 

3.7. Auto correlation and auto cross correlation     39 

3.8. Descriptors        40 
 

4. STUDY BACKGROUND                                                                               44 
 

5. RESULTS AND DISCUSSION                                                                     48 
5.1. The groundwork                   48 
5.2. Protein characterization and classification                 50 
5.3. Modeling protein ligand interactions: Ligand-to-protein affinity prediction 58  

5.4. Modeling protein ligand interactions: Pose geometry modeling   68 
 

6. SUMMARY AND CONLCUSIONS                                                  74 
 

7. FUTURE OUTLOOK                                                                                      77



 

 

 

 

 

 

 

Kunskap är en lätt börda. 

 

Knowledge is an effortless burden. 

  



1 
 

1. INTRODUCTION 
 
Western style medicine commonly includes the use of drugs to prevent, treat or cure 
diseases, which are often associated with cascade reaction pathways involving 
proteins, co-factors and substrates in vivo. Hence, key macromolecular components 
of these pathways are frequently targeted in drug discovery programs in the belief 
that drugs that elicit appropriate responses via interactions with the targeted 
macromolecules will to lead to the prevention, treatment or cure of the diseases. 

The first remedies were mixtures of several active ingredients usually derived 
from plants. A major improvement came about when the active ingredients could be 
extracted and isolated from the mixtures and the final step towards modern drug 
discovery was the advent of organic synthesis, which enabled new drug molecules to 
be rationally designed and synthesized.  

A paradigm shift related to drug discovery occurred in the 19th century when 
Emil Fischer introduced the “lock and key” model of interactions between proteins 
and molecules for which they have affinity (more specifically, enzymes and their 
substrates a). Underlying this paradigm is the fact that many biological processes 
involve interactions between macromolecular targets and other molecules (which 
may vary in size from small drug-like molecules to peptides or even proteins) that 
trigger a biological response. According to this model, the key step in the initiation of 
a biological response is the physical interaction of the molecular trigger with a 
specific site in the macromolecular target. This interaction was thought by Fischer to 
be like a key being inserted into a lock, thereby initiating a response. 

The aspiration to unravel the binding event in greater detail has led to the 
development of methods and theories to describe the molecular triggers, their 
macromolecular targets and the properties that govern the process of binding 
between them. In addition, the competitive market for pharmaceutical companies, 
the development of cheap, powerful computers and the availability of geometrical 
models for the macromolecular targets has led to the growth of a research area 
known as structure-based rational drug design by use of computer-aided molecular 
design (CAMD). CAMD has allowed the construction of more detailed models than 
the “lock-and-key” paradigm describing the interactions between drugs and their 
macromolecular targets and their implementation in drug discovery programs to 

                                                      
a Fischer´s words in his 1902 Nobel lecture were: “The examination of the synthetic glucosides has shown that the action of 
the enzymes depends to a large extent on the geometrical structure of the molecule to be attacked, that the two must match 
like lock and key. Consequently, with their aid, the organism is capable of performing highly specific chemical 
transformations which can never be accomplished with the customary agents. To equal Nature here, the same means have 
to be applied, and I therefore foresee the day when physiological chemistry will not only make extensive use of the natural 
enzymes as agents, but when it will also prepare synthetic ferments for its purposes.” 
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screen very large virtual chemical databases for new drug molecules, to simulate the 
dynamics between macromolecular targets and drug molecules, and to model/predict 
the strength of interactions between them. At the same time that CAMD has 
emerged as a useful tool for drug discovery, experimental techniques have been 
developed that enable very large chemical compound databases to be screened for 
interesting leads that can be developed as new candidate drugs. The advent of 
CAMD and these high-throughput experimental techniques raised hopes that the 
time spent choosing appropriate drug candidates could be substantially reduced. 
However, it has also led to the generation of vast amounts of data, which need to be 
sorted and analyzed using appropriate tools. The models used in CAMD also need to 
be carefully constructed and thoroughly validated. A useful tool for model 
construction and analysis of large datasets is chemometrics, which has made it 
possible to create predictive models and visualize and extract trends in large (and 
small) data sets. 
  
1.1 Scope and aims of the thesis 
 
This thesis and the studies it is based upon are concerned with the binding of 
ligandsb and proteins, and the characterization of proteins using computational and 
chemometric tools. The main overall objective was to develop structure-based 
CAMD methodologies for improving structure-based rational drug design 
incorporating a chemometric approach. More specific aims were to explore ways to 
improve the modeling of the macromolecular structure of the target, the 
establishment of the geometric arrangement of the bound ligand in the 
macromolecular target’s binding site and the prediction of the binding affinity of the 
ligand from the established geometric arrangement.  
 
Thus, to summarize, the three foci of the work presented in this thesis (Figure 1) are; 
 

� Characterization of the structure and quality of the protein and the ligand 
used in each study. 

� Establishment of the geometric arrangement (the pose) of a ligand bound to 
its target protein. 

                                                      
b The term ligand will also be used throughout this work to describe a drug-like molecule that is thought to interact with a 
macromolecular target. 
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� Estimation of the affinity of ligands and ranking them with respect to their 
affinity in given geometric arrangements in the binding pocket of the target 
protein. 

 
Furthermore, the studies described in each paper had the following specific aims;  
 

� Paper I: to develop chemometric models for predicting ligand-to-protein 
binding strength using data describing the protein, the binding site, the ligand 
and the interaction between them.  

� Paper II: to determine the effects of docking parameter settings on 
predictions of ligand-protein binding poses using chemometric methods. 

� Paper III: to evaluate the utility of quantitative protein descriptors for the 
characterization of protein secondary structure and classification of protein 
structural class using chemometric models. 

� Paper IV to investigate the effects of various solvent models on the geometry 
of ligand-protein binding poses. 

� Paper V: to investigate the effects of various solvent models on predictions 
of the binding affinity of ligand binding poses. 
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2. BACKGROUND 
 
2.1 The discovery and design of drugs 
 
There are two main paths for the discovery of new drug molecules: random 
discovery through high throughput screening (HTS) 1 and rational design 2. HTS can 
be considered an irrational, random approach since it involves screening vast 
numbers of molecules in an attempt to discover molecules that induce responses in 
biological assays. A thorough description of rational drug design 2 is the discovery of 
new drug molecules through a rational process by the aid of experiments and 
computational tools including design of experiments, molecular modeling, organic 
synthesis and statistical analysis tools (as further discussed in the following section). 

Often, the drug discovery is aimed at a specific target and generates a lead series 
composed of so called “hits” or “lead series”, i.e. molecules that induce an 
(encouraging) response in a biological assay. Lead series are sets of related molecules 
that share a common structural feature (scaffold) but show variations in activity 
related to modifications in other parts of their structure. Several factors influence a 
molecule’s suitability as a drug. Firstly, it must have properties that allow it to reach 
the site of interaction. It is often said that a drug must have so-called “drug-like” 
properties, which are common to many drugs. More specifically, if the molecule is a 
drug that is taken orally it must pass through the gastrointestinal lumen, reach the 
blood stream, be transported in the blood stream to a specific compartment in the 
body, transported across the cellular membrane to the cytosol where the 
macromolecular target (if it targets a macromolecule) the drug is sought to bind to 
resides. 

Once a lead series has been found the drug discovery phase termed lead 
optimization commences, which includes design and synthesis of modified forms of 
hits, followed by evaluation of their activity, selectivity, drug metabolism, toxicity and 
pharmacokinetic properties. It is highly important for a pharmaceutical company to 
establish these properties at this very early stage in order to avoid costly development 
of drug molecules that are likely to fail in clinical trials. 

 
2.2 An overview of structure-based rational design of drugs using CAMD 
 
Since the 3-D structure of the targets of at least 50 % of the drugs has not yet been 
determined 3 rational design may be undertaken either with or without the target 
structure as a guide. If the macromolecular target structure has been experimentally 
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determined (by X-ray crystallography, for instance) new leads can be sought using 
information on the binding site of a ligand. This is known as structure-based rational 
drug design and the three-dimensional (3D) structure of the macromolecular target 
used should be determined at high quality to provide a useful guide for drug design. 
A well-known success story where structure based rational drug design has played a 
significant role is in the development of the protease inhibitor drugs Saquinavir, 
Indinavir, Ritonavir and Nelfinavir 4 for treating human immunodeficiency virus 
(HIV) infections. 

Valuable starting points for structure-based design are provided by the 
increasingly large numbers (54076, as of November 5th, 2008) of determined X-ray 
and NMR structures of macromolecules deposited in the Research Collaboratory for 
Structural Bioinformatics (RCSB) protein data bank (PDB) 5. In addition, structures 
of proteins co-crystallized with ligands are publicly available from the RCSB-PDB. 

For successful structure-based rational drug design, in addition to having a model 
of the macromolecular target protein (or at least its binding site), the geometric 
arrangement of a ligand in the binding site of the target structure must be established 
and the binding strength of the ligand in a specific geometric arrangement must be 
estimated (at least in relative sense). 

If the geometry of the macromolecular target structure is known the ligand can 
be virtually placed in the binding pocket to assess its ability to bind, a process known 
as “docking” (Figure 2) and further discussed in section 2.2.1. During docking 
analyses the binding strength is usually estimated, by one of various approaches 
(further discussed below). New lead molecules are then subjected to experimental 
tests to validate the selected compounds’ selectivity and affinity to a macromolecular 
target and the knowledge gained is fed back into the drug design process. If the 
geometry of the structure is not known, valuable tools are regression models 
describing quantitative structure activity relationships (QSAR) between the molecular 
structures and activities of active compounds (further discussed below). Alternatively, 
a pharmacophore model 6 derived from known binders or a similarity search7 can be 
used.   

Similarity searches (closely related to “scaffold hopping” 8) involve assessing the 
similarity of a specified query structure to structures in a database, while  
pharmacophore models are three-dimensional maps describing properties of 
conformations that appear to be important for interactions with a macromolecular 
target. Another attractive approach that can be adopted if the geometry of the 
structure is known is de novo9 ligand design, in which the lead molecule is constructed 
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from smaller fragment that are placed in the protein binding site and then linked 
together into a (hopefully) new lead molecule.  

As discussed in the introduction, many aspects of rational drug design and HTS 
overlap. Since 10 000 or more molecules are often screened in an HTS campaign one 
cannot apply the methodology to all available assays, and a database of molecules 
may include many non-drug like molecules, so the selection of informative subsets of 
molecules may be warranted. Computational techniques can play important roles in 
this (and all other) phase of the rational design of drugs. For instance, properties of 
the molecules can be calculated that describe how drug-like 10 or target specific the 
molecules are, or if they have toxic functional groups, and relevant properties can be 
applied to filter the HTS database of molecules. In addition, a QSAR model can then 
be used to further improve the hit series and thus drive the lead optimization process 
forward. The virtual equivalent to HTS is virtual screening; the docking of large sets 
of substances to a protein binding pocket. 

QSARs are mathematical models that originate from the idea that there is a 
relationship between the structure of a chemical compound and its properties. The 
first SAR studies were published in the 19th century, 11 but it was not until the 
breakthrough research conducted by Hansch and Fujita 12, 13 that QSAR analysis 
became a common tool to quantitatively describe chemical compounds. Hansch et al. 
correlated the biological activity of a series of compounds with different substituents 
to their hydrophobicity and electronic properties using octanol-water partition 
coefficients and Hammet parameters 13. With the aid of such models – e.g. linear or 
partial least squares projections to latent structures (PLS) regression models 14 – and 
the acquired knowledge of the relationships between the structural features and the 
properties (e.g. binding constants) of the compounds it is possible to design new 
compounds that suit a specific purpose. One possibility, for instance, is to estimate 
the binding constants of sets of compounds that have not been synthesized, but are 
similar to the compounds included in the model. Thus, such models assist medicinal 
chemists to evaluate the biological activities of sets of compounds and select 
compounds for an experimental campaign and synthesis. Hence, a well-guided 
selection from a QSAR may reduce the time and money spent on the discovery of a 
new lead compound. Such models can also be used to identify properties of a 
compound that are vital for its biological activity and thereafter modify other 
properties (e.g. solubility or rigidity) that may improve variables such as the 
compounds’ bioavailability or binding to macromolecular targets. 
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Figure 1. Four elements of CAMD covered by the work included in this thesis. 
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Successful use of molecular modeling tools requires valid representation of the 

structures involved and the determination of appropriate molecular descriptors 15, i.e. 
numerical parameters describing them. Structures can be represented and described 
in one, two or three dimensions and manipulated in databases as virtual compounds 
that may not yet have been synthesized and can describe, for instance, 
physiochemical properties. A factor to consider when calculating these properties is 
time; determining very accurate descriptors (e.g. molecular orbital configurations) 
may require long computations, while determining simpler descriptors (e.g. semi-
empirical determinations of molecular orbitals) may be as useful for a certain task but 
requires much less time to calculate. The manipulation of three-dimensional 
structures gives the possibility to create conformations of a chemical structure, i.e. 
different 3D forms of the same molecule. Since the properties of a molecule 
(electronic, steric and surface area properties) are dependent on its conformation the 
isolation of the “correct” or representative conformation of a molecule is very 
important for certain CAMD tasks. Since every molecule has a thermodynamic 
tendency to adopt a minimal energy state it is important to isolate this conformation. 
However, the biologically relevant conformation may not coincide with the minimal 
energy conformation, so manipulation in three dimensions is important. The 
structure activity relation (SAR) 11, 13 between a set of molecules’ properties and the 
biological responses elicited may also be highly dependent on the conformation from 
which the descriptors were calculated. 

In addition to the conformation of sets of test molecules, the confirmation of 
target macromolecules is also highly relevant in CAMD, and failure to account for 
conformational changes within a binding site may reduce the success of modeling-
based attempts to identify lead molecules. To account for the flexibility in a 
macromolecule three important molecular modeling tools are commonly deployed: 
molecular mechanics (MM) 2 energy minimization; molecular dynamics (MD) 16 
simulations; and (the longest established) Monte Carlo (MC) 17 simulations. In MM 
each atom is represented as a single particle and assigned a radius, polarizability and 
net charge, the bonded interactions are treated as springs and the calculated energy of 
the system depends on the parameters that are used to set these atomic properties. 
Note that MM energy minimization only finds the nearest local minima for a given 
conformation whereas using MD (briefly) statistical mechanics are used to simulate 
the dynamics of a system by deriving the forces acting on each atom in the system 
and determining the direction of its movements.  
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To summarize, molecular modeling for the structure-based rational discovery of 
new drugs involves the use of several computational tools, including molecular 
docking (further described in the following section), virtual screening, 
pharmacophore modeling, structure-based de novo ligand design, MM energy 
minimization, MD simulation of protein dynamics and multivariate analysis (MVA) 
models (e.g. QSARs) for predicting molecules’ biological activity towards a specific 
target. Data describing the target, the ligand and the interaction between them can 
thus be gained from various molecular modeling techniques and through an iterative 
process knowledge of the macromolecular target and the chemical space occupied by 
molecules that may interact with the target is increased. Together, these CAMD tools 
aid the rational drug design process and drive the discovery of new lead molecules. 

 
 
 
 
 
 

2.2.1 Molecular docking for the discovery 
of lead compounds 
 
An important approach in structure-based 
rational drug design is the virtual fitting 
(Figure 2) of a ligand to a macromolecular 
target by fitting the ligand in the binding site 
and estimating its binding constant, a 
process known as molecular docking 2. 
Several software packages have been 
developed, such as FRED 18, GOLD 19, 
GLIDE 20, 21 and DOCK 22, 23, that address 
the task in a similar fashion; fitting a flexible 
or rigid molecule in a rigid protein binding 
site (although GOLD has been improved 
recently with an option to allow some 
sidechains to be flexible). The main reason 
to keep the protein rigid is to reduce the 
time required for the computations. 
However, as further discussed below, the 

Figure 2. The association and dissociation of a 
ligand and a macromolecule into a ligand-protein 
complex. Ka is the association constant and Kd the 
dissociation constant. The figure is also a schematic 
view of docking; i) fitting a ligand to a protein 
binding pocket and ii) estimating the ∆Gbind of the 
fitted ligand. 
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protein’s flexibility may strongly influence the geometric arrangement of the docked 
molecule in the protein binding site, and hence the subsequent scoring of the 
geometric arrangement. 

Docking is a two-step procedure. In the first step a good fit between the ligand 
and the binding site is sought and a multitude of fits (poses) can be generated (this 
step is known as pose prediction) and secondly all the possible poses are ranked with 
respect to each other and to other ligands (pose affinity prediction). The first step 
generally includes a crude filter for the fit of the ligand to the binding site, and a fit is 
considered good if the ligand does not clash with the atoms of the binding site. 
Different software packages perform this feat very differently, for instance FRED 
uses pre-created conformations of the ligands in the docking whereas GOLD can 
search the conformational space of the ligand within the space of the binding site. In 
the second step a scoring function (see section 2.6.2) is used to rank the compounds. 
Such a scoring function is a mathematical function constituting several terms that 
describe the interaction between a ligand and the atoms of a macromolecular target 
and other terms important for the binding of the ligand to the receptor (e.g. 
flexibility of the ligand). 

 
2.3 Representation of the macromolecular target 
 
A protein is a number of amino acids connected in a peptide chain, which folds in 
characteristic conformations that depend on both the linear arrangement of the 
amino acids and the milieu. There are 20 naturally occurring amino acids and the 
amino acids of the peptide chain are connected through peptide bonds between 

consecutive C-α atoms of the amino acids, collectively known as the C-α backbone 
of the peptide chain, and the bond angles between peptides are called the Φ and ψ 
angles 24. Proteins have a primary structure (the sequence of amino acids), a 

secondary structure (consisting of α-helices, β-sheets and turns), a tertiary structure 
(the folding of the secondary structure into a globular shape) and the quaternary 
structure (the interaction of several tertiary units). The internal coordinates of the 
experimentally determined geometry of peptides are often visualized using a 
Ramachandran plot 24, which shows the Φ and ψ angles of the peptides in the system. 
Since the Φ and ψ angles are constrained by specific limits one can use the 
Ramachandran plot to evaluate the quality of the determined protein geometry. This 
is because peptides adopt a set of likely “low energy” coordinates and certain angles 
are energetically very unfavorable. For a molecular modeling application the 
macromolecular targets such as proteins are usually represented as internal 
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coordinates in x,y,z space for each identified atom. The coordinates are often 
determined by X-ray crystallography, but may be determined using nuclear magnetic 
resonance (NMR) or comparative modeling 2. Once a model has been established the 
structure is usually submitted to the RCSB-PDB according to strict rules.  

Describing and classifying protein structures are essential aspects of rational drug 
design since such classification facilitates the elucidation of protein functions and 
protein family relationships. Proteins have been described qualitatively, in terms of 
their amino acid sequences25, 26, functions 27, folding types 28, 29 and/or proportions of 
secondary structure motifs 28. For instance, proteins have been qualitatively 
characterized according to their composition by Nishikawa et al. 29-31, who defined 
proteins as points in an orthogonal coordinate system, with axes representing their 
fractions of amino acids. The sequences of proteins can also be represented using 
frequencies of amino acids 32. The properties of the amino acids can be calculated for 
single peptides using physicochemical properties or represented as a multivariate 
compression of several physicochemical descriptors into so-called zz-scales 33, 34, 
which then describe the sequence of a protein rather than its geometry. 

Attempts have been made to characterize proteins systematically in several ways 
25-31, 35, 36. In the structural classification of proteins (SCOP) 35 database, proteins are 
classified according to their secondary structure (degrees of α-helices and β-sheets), 
the spatial relationships of secondary structure motifs in them, and their functions. 
Proteins are annotated in a hierarchy through the levels Class, Fold, Super family, 
Family, and Species down to the chains of individual PDB entries. Each chain in a 
protein’s structure is assigned to one of the categories at each of these levels. The 
level Class is divided according to secondary structures into 11 sub-classes, of which 
most proteins fall into the following four: (A) proteins whose secondary structure 
consists mainly of α-helices (all-α), (B) proteins whose secondary structure consists 
mainly of β-sheets (all-β), (C) proteins with interspersed β-sheets/α-helices/β-sheet 
regions (α/β), and (D) proteins with segregated α-helices and β-sheets (α+β). 
 
2.4 Practical aspects of molecular modeling  
 
Since structure-based drug design and molecular modeling are dependent on the 
geometries of the proteins, ligands and protein-ligand complexes considered, the 
resolved X-ray structures obtained from RCSB-PDB and CCDC 37 are the primary 
sources of relevant data. For any given molecular modeling task the results are 
dependent on the quality of the structural data.  
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The quality of X-ray structures can be assessed using the temperature factors (B-
factors) for each atom, which describe the disorder in the system. A high value 
implies that there was low electron density for the atom and that the position of the 
atom in the obtained structure is uncertain. Another important parameter for 
assessing the quality of obtained structures is their resolution, as expressed in 
Ångström (Å). A low value indicates high resolution and, hence, that models based 
on them are likely to be highly reliable. When the resolution is < 1.5 Å more than 95 
% of the model has been derived from experimental data  38, while at > 2.5 Å the 
details in the model are much more subjective 39. The resolution commonly 
considered to be the threshold below which a determined geometry is unlikely to 
contain gross errors is 2 Å. This means that using a poor-resolution crystal to report 
results of higher resolution is unwarranted. For instance, there may be up to 0.5 Å 
errors in the positions of individual atoms in a 3 Å structure, and there will be major 
uncertainties in changes in atomic positions smaller than this.  

The R-value and free R-value are parameters that describe the agreement 
between a crystallographic model and the experimental X-ray diffraction data. The 
free R-value is a value that has been determined by cross-validation, i.e. using data 
that were not included in the crystallographic model and thus allows the free R-value 
to be estimated. An R-value exceeding 0.25 or a free R-value exceeding 0.4 is 
considered to be poor, and the difference between the values should be less than 
0.05 38-40.  

The diffraction component precision index (DPI) expresses the average precision 
for the atomic coordinates in a protein structure 41. The advantage of DPI is that it 
provides a much more direct estimate of the trustworthiness of crystallographic 
models when comparing experimental and computed atom positions (such as pose 
predictions 42, which are key aspects of docking exercises). The formula used to 
compute the DPI takes into account the number of atoms in the system of interest, 
the free R-value and number of crystallographic observations used to compute the 
crystal model.  

Before using the X-ray structure from a PDB file in molecular modeling several 
key issues need to be resolved, primarily concerning the atoms and bonds in the 
system. Errors in modeled atom types and bond types will provide misleading (and 
time-consuming) indications in a drug discovery campaign. First of all, one must 
check for missing atoms in the structure. Any that are missing can then be added to 
the structure. Hydrogen atoms are usually not visible in the X-ray structure, hence 
protonation states may often be incorrect, and they must be added to the modeled 
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system. The positions of the hydrogens can often be estimated by considering the 
hydrogen bonding network, which affects the stability of the protein. 

Since drugs often bind to specific sites these sites must be determined to avoid 
fundamental errors, for instance docking to the incorrect site. In addition, their 
features (notably protonation states of residues) and interactions must be carefully 
scrutinized. Protonation states of residues in the binding site may differ from their 
normal pKa values due to effects of other residues in the protein, or the solvent, and 
they may change following binding of the ligand. Further uncertainties concern the 
positions of nitrogen and oxygen in asparagines and glutamine sidechains, since their 
electron densities are very similar. The positions of hydrogens of histidines are also 
dependent on the hydrogen bonding network. Furthermore, positions of flexible 
residues (especially lysine and glutamate) can be uncertain, especially on the surface 
of a protein. Inspection of the notes of the PDB file and a validation report of the 
structure is always recommended, for instance using the WHAT IF 43 software or 
website. 

The positions of atoms in the ligand may also be uncertain, and even the atom 
types may be wrong sometimes as a result of poor knowledge of organic chemistry. 
Tautomeric states of ligands cannot be determined directly and a common problem 
affecting the characterization of acid and basic isosters is that their ionization states 
cannot be observed. Tools that can be used to address these problems include the 
Hic-Up database (hetero compound information center, Uppsala, Sweden) 44 and 
tools for ligand preparation incorporated in most molecular modeling software. The 
ligand structure used in for instance a large scale docking campaign can originate 
from a data base of SMILES 45 strings or connection tables. As a starting point for a 
docking campaign 3D structures of the docked ligands often are generated in an 
automated fashion from these SMILES databases which can be erratic and the 
generated structures should be inspected. 
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Figure 3. Simplified energy landscapes for molecular structures.  

 
The flexibility of the protein target is another important aspect to consider, 

although it is often neglected, especially in docking studies. Since eight out of the 20 
naturally occurring amino acids have sidechains that can undergo major 
rearrangements, using a rigid protein will be inadequate for most structure-based 
drug discovery applications 46. In the past decade there has been a paradigm shift 
away from the simplistic “lock and key” model (Figure 3) towards a more 
appropriate description of the target as an ensemble of conformational states. If a 
structure-based rational drug design campaign is based on structures with poor 
atomic resolution structure it could be impossible to resolve the most favorable 
(lowest energy) states, and the target structure is likely to be represented by a 
weighted average structure of higher energy states. In contrast, with a high resolution 
structure the lowest energy state of an ensemble of conformations (Figure 3) could 
be resolved. With respect to the binding affinity ligands will fall into three categories: 
moderate affinity binding ligands that have preferences for the protein in its lowest 
energy state; high affinity ligands that have specificity for a less populated 
conformational state; and (much more unlikely) “lock-and-key” binders targeting the 
most populated conformation of the protein.  Thus, the flexibility and resolution of 
the X-ray structures used in the modeling will determine the macromolecular 
geometry that the ligands are thought to target, and hence inevitably influence the 
outcome of ligand binding studies.  

Furthermore, the binding of a ligand is likely to involve an “induced fit” 
conformational change in the protein. This conformational change is energetically 
costly and a crude way for estimating the energetic cost/gain of binding would be to 
allow some overlap between the ligand and protein. More accurate ways of 
estimating the energy changes include (inter alia) incorporating MD simulations 47, 48 in 
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the docking study or using MD-generated conformational ensembles of protein as 
input to docking towards a rigid protein49. 

A final aspect to be noted here is that the coordinates of water molecules can be 
very difficult to accurately determine in an X-ray structure and their positions often 
have to be subjectively decided. Uncritical addition of water molecules can also be 
used to disclose potential errors in the experimental data and the model 50. When a 
ligand binds it may displace, bond or cease to interact with water molecules, so their 
energetic effects upon binding should be considered. In practice, the water molecules 
are often completely removed from the X-ray structure prior to any molecular 
modeling. 

To summarize, experimentally determined coordinates for a protein and ligand 
are commonly used in molecular modeling studies. However, careless manipulation 
or selection of datasets may lead to sufficiently large margins of error to invalidate 
the results, especially for predicting ligand conformations in protein binding pockets 
(such as molecular docking). Therefore, careful selection and handling of datasets 
with respect to the points considered here is essential. 

 
2.5 Potential energy dependent methods for establishing molecular geometries 
 
Since knowledge of the conformation of the considered structures is highly valuable 
in the lead optimization process 2, deriving their conformations is a key element of 
the rational drug design process (see previous section). The geometric arrangement 
(conformation) of a molecular system is related to its potential Gibbs free energy 51, 
hence changing the conformation may also change the potential energy. Further, 
since complex systems can adopt multitudes of conformations they can also have a 
wide array of potential energies, which can be plotted in a “potential energy surface” 
(Figure 3).  

For successful molecular modeling the low-energy conformations of a system are 
often sought, which can be referred to as minimum energy points on the energy 
surface (and the lowest energy point can be referred to as the global minimum energy 
point). A local or global energy minimum has been relieved of unfavorable 
interactions and clashes between atoms. To identify these points (or point) one 
applies an algorithm that calculates the energy of a system while at the same time 
changing its geometry. During the application of the algorithm a force field is used to 
calculate the potential energy for a specific geometry (this is the essential concept of 
molecular mechanics). The algorithm can be compared to rolling a ball over hills and 
valleys until it finds its lowest resting point in the landscape. The most common 
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algorithms for locating energy minima are the steepest descent (SD), conjugate 
gradient (CG) and Newton-Raphson (NR) algorithms. Such conformational searches 
can be very time consuming for a large system, and it may not be possible to locate a 
global energy minimum, which may correspond to a very deep, narrow point on the 
energy surface. In such cases there will be relatively few conformations for this 
energy well and it will be less accessible than a broader, but shallower, well (Figure 3). 
Thus, the biologically active conformation may not necessarily relate to the global 
energy minimum. 

Detailed quantum mechanics (QM) analyses 2, which can be used to resolve the 
conformation and associated energy of a system at a high-resolution atomic orbital 
level, is far too computationally demanding for most molecular modeling tasks in the 
lead discovery process. Instead, MM 2 is generally used to resolve the energy of a 
system solely using the position of the nucleus and ignoring the electrons’ positions. 
Each atom is represented as a single particle and assigned a radius, polarizability (in 
polarizable force fields) and net charge, the bonded interactions are treated as springs 
and the energy of the system depends on the parameters that are used to set these 
atomic properties. Thus, the MM approach is much more practical for application to 
large molecular systems such as proteins than QM. Using MM the potential energy is 
calculated using a so-called force field 2, a rule-based description of the energy terms 
that captures the atomic interactions that contribute to the total energy. These are the 
bonded and non-bonded interactions. The bonded interactions are stretching of 
bonds, bending of angles and rotations of bonds, while the non-bonded interactions 
are electrostatic interactions and the van der Waals (steric) interactions between 
atoms. The force field as such is normally parameterized for a certain type of 
molecular system, for instance proteins or small drug-like molecules. This means that 
the force field is empirical and does not have a correct setting for all instances but 
instead is set to give optimal results for a certain type of structure. 

An important aspect of a force field is the notation of the atom types and their 
charges. The atoms of a system are parameterized according to their connectivity 
with other atoms (hence, for instance, one distinguishes between a carbon atom in an 
alkyl chain and an aromatic ring system). Examples of commonly used force fields 
are AMBER 52 for proteins and nucleic acids and MMFF94 for small molecules.  

The importance of charges in molecular modeling cannot be over-emphasized. 
Charges of atoms are a consequence of the distribution of electrons, they are more 
difficult to assign than atom types and the most rigorous methods for calculating 
them are based on QM. However, using MM one can calculate the charges for simple 
systems using dipole moments from an experimentally determined structure. For 
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larger systems charges can be represented as point charges. More detailed methods to 
calculate charges (which take into account how molecules interact) instead derive the 
charges from the molecular electrostatic potential. For example, in the procedure 
used to calculate charges by the AMBER force field 52 points on a series of molecular 
surfaces were initially used, with gradually increasing van der Waals radii for the 
atoms. The electrostatic potential was then fitted to these shells. The algorithm was 
later improved (using restricted electrostatic potential fits, RESP 53) to obtain better 
estimates of the charges for buried atoms. 

The representation of the solvent is also significant in MM calculations. This can 
be done in either implicit or explicit fashions. Explicit representation is normally only 
feasible for water molecules that are directly involved in the binding site since this 
type of representation is very time consuming. To implicitly model the solvent two 
common mathematical types of models, which are further described in the Methods 
section, have been developed: generalized Born (GB) 54 55 and Poisson Boltzmann 56 
(PB) models. 

Solely minimizing the energy of a given state does not search the complete 
energy space unless a conformational search is performed, a feat currently impossible 
for large macromolecular systems. Alternatively, much more stringent methods for 
establishing the geometric arrangement include MD, MC 17 and simulated annealing. 
In MD (briefly) statistical mechanics are used to simulate the dynamics of a system 
by deriving the forces acting on each atom in the system and determining its 
direction of movement. After a certain time interval the positions and forces are 
recalculated, and a new direction is derived. By this iterative process the movements 
(dynamics) of a system can be simulated. MC simulations, in which some kind of 
random sampling was applied in search algorithms, were historically the first 
methods for simulating molecular systems. MD is more suitable for systems with 
large degrees of flexibility and MC for smaller, more rigid molecules or systems with 
limited conformational freedom. 
 
2.6 Estimating the strength of ligand binding 

2.6.1 The mechanism of binding between a drug and its macromolecular target 
protein 

 
Thermodynamics of binding is determined by several factors related to the physical, 
molecular and atomic properties of the ligand and protein. Firstly, to fit a ligand in 
the binding pocket of a protein the van der Waals properties of the ligand and 
protein binding site must match (there must be a steric fit). The interaction per se 
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between a ligand and protein is determined by several forces, which are usually non-
covalent for drug molecules. The most important non-covalent interactions involved 
in ligand-protein binding are electrostatic interactions (ion-ion, dipole-dipole, ion-

dipole and �-effects), hydrogen bonds, which are interactions between hydrogen 
bond donor and acceptor atoms and hydrophobic interactions. Hydrophobic 
interactions between a drug and a protein are especially important in hydrophobic 
binding sites formed by non-polar amino acids with which hydrophobic groups of 
the ligand can interact, and they result from the so-called hydrophobic effect (the 
tendency of non-polar structures to group together in a polar solvent). The gathering 
of the hydrophobic groups in a protein surrounded by water molecules is largely 
driven by the increase in entropy due to the ordering of the amino acids and release 
of water molecules from an ordered state. Thus, in any model describing the 
interaction between a drug and protein the solvent is very important (see also 
previous section and below). 

The magnitude of the effect of a drug is proportional to the concentration of the 
ligand-protein complex that is formed upon interaction between the two parts 
(Figure 2). The most simple equation describing this effect (Equation 1) states:  
 

[P] + [L] � ��
��
> [PL] 

��
> Effect   Eq. 1 

 
where [P] and [L] are the concentrations of the protein and the ligand in the free 
form, respectively, [PL] is the concentration of the ligand-protein complex, and Ka, 
Kd and K1 are rate constants. The effect of the drug is thus proportional to the 
concentration of the ligand-protein complex. Ka is the association constant and Kd 
(sometime also referred to as Ki)

 c the dissociation constant. The Gibbs free energy 51 
change (∆Gbind) associated with the formation of the ligand-protein complex can be 
expressed as: 
 
 ∆Gbind = -RTln(Ka)     Eq. 2 
 
where ∆Gbind is the free energy change of the system, R is Avogadro’s constant and T 
is the temperature (in Kelvin). ∆Gbind can be determined directly from experiments in 
which, for instance, the energy transfer in a medium has been microcalorimetrically 

                                                      
c The subscript “i” is used to indicate that a competitor ligand inhibits the binding of a radiolabeled ligand. Ki can be interpreted 
in the same way that Kd is interpreted, i.e. as the concentration of the competing ligand that will bind to half the binding sites at 
equilibrium, in the absence of the radioligand or other competitors. If the Ki is low, the affinity of the receptor for the inhibitor 
is high. On the other hand Ki values derived from IC50 values will inevitably be influenced by the biological assay experiment 
used to determine the effect of the ligand and thus constitutes a less reliable value for binding affinity. 
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measured 57, 58. The measured binding constant is often used to quantify the ligand’s 
binding affinity.  

Other factors that contribute to the magnitude of the energy change upon 
binding include the flexibility of the ligand and the protein (also discussed in the 
previous section). When the ligand binds the degrees of freedom associated with the 
number of rotatable bonds in the ligand are decreased. The more bonds there are in 
the ligand the more energy is required to “lock” the ligand in its new restricted 
conformation. The same is true for the protein, if there is an induced fit upon 
binding this movement is energetically unfavorable and requires the transfer of 
energy into the system. An important aspect of flexibility is the concept of enthalpy-
entropy compensation. When a ligand binds weakly to a protein the protein’s 
freedom of movement is retained. As the interaction between the ligand and the 
protein becomes stronger the enthalpy becomes more favorable and the binding will 
be tighter. However, the tighter binding restricts the motion of the protein and 
ligand, making the entropy less favorable, and thus as enthalpy becomes more 
favorable entropy becomes less favorable. 

The importance of the solvent can be illustrated by the following example 59. The 
solvent can be involved in the binding event in several ways, for instance there are 
water molecules in the protein binding site that must be transferred from the binding 
site to the solvent upon binding of the ligand. This requires the input of a certain 
amount of energy to break interactions in the binding site. At the same time the 
ligand in the solvent must be released from its interactions with the solvent in order 
to interact with the protein’s binding site. This importance of the solvent is especially 
marked for the compound biotin and its very strong binding to streptavidin 

(experimentally determined ∆G, -18.3 kcal/mol) (see Cover). Separate free energy 
calculations for the van der Waals interactions and electrostatic interactions indicate 
that the major contributors to the free energy of binding are non-polar van der Waals 
interactions, despite the large number of hydrogen bonds between the ligand and 
streptavidin, and consequently strong favorable electrostatic interactions with 
streptavidin. However, this favorable interaction is also present in water so upon 
transferring biotin to the very deep protein binding site (which further reduced its 
exposure to the solvent) the favorable electrostatic interactions are cancelled out. 

2.6.2 Scoring functions for estimating the binding affinity of a molecule 
 
A typical docking program generates a multitude of poses of the ligand in the protein 
binding site. Several of these poses can be immediately discarded because of large 
clashes with the atoms of the binding site, the remaining poses are then ranked by a 
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scoring function (see e.g. reviews by Klebe and Gohlke 60 and Jain 61) to assess their 
quality. For a single ligand the poses can be compared to an available X-ray structure 
of the bound ligand, but for a multitude of ligands the ligands must also be ranked 
with respect to each other. Since the virtual database may be very large (10 000 
entries or more is not uncommon), and the number of poses high (20 to 1000), the 
scoring function must be fast but at the same time not oversimplified. The score 
values provided by the scoring function are usually estimates of the ∆Gbind for the 
ligand to the protein and an exhaustive function (Equation 3) would include the 
following terms;  
 
∆Gbind = ∆Gsolvent + ∆Gconformation + ∆Ginteractions  
+ ∆Gtranslation/rotation + ∆Grotation + ∆Gvibration    Eq. 3 
 
where ∆Gsolvent, ∆Gconformation, ∆Ginteractions, ∆Gtranslation/rotation, ∆Grotation and  ∆Gvibration are 
the energy changes associated with: the transfer of the ligand from solution to the 
bound state due to solvent effects, the conformational changes in the protein and 
ligand upon binding, the interaction between atoms in the ligand and the protein 
upon binding, the loss of translational and rotational energy upon the formation of 
the ligand-protein complex, the locking of rotational bonds in the ligand and protein 
upon binding, and changes in vibrational modes, respectively 62. Scoring functions 
can include different terms and ways of estimating them. An exhaustive scoring 
would calculate all terms, but this not feasible for a scoring function used in a 
docking program. 

The three types of scoring functions that are available are 61: i) functions based on 
the theoretical physics underlying MM force fields (see the following section); ii) 
knowledge-based methods (which use knowledge about the preferred geometric 
position of atoms to deduce the potential that gives rise to the observed preferred 
position); and iii) empirical methods, in which 3D geometrically known ligand-
protein complexes and the experimentally determined binding affinities are used to 
set the parameters of a scoring function. For instance the hybrid empirical/force-
field-based scoring function VALIDATE 63, based on a PLS regression model, uses 
3D information regarding ligand-protein complexes with parameters derived from 
MM to predict the binding affinity. However, the VALIDATE scoring function may 
be insufficient for optimizing leads since predictions in the 1-10 nM activity range are 
uncertain because such low values can be within the random error of the scoring 
function. An advantage of the VALIDATE scoring function is that it can be trained 
using a series of ligand-protein complexes.  
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As aforementioned, since scoring functions have been developed to process large 
numbers of molecules as quickly as possible, their accuracy for predicting the relative 
free energies of binding is poor 64. Factors such as lack of protein flexibility (in the 
docking), treatment of solvation 65 and the simplicity of the mathematical functions 
may all contribute to the inability of these functions to discriminate between 
congeneric series of molecules, and it has been argued that scoring functions are 
most useful for distinguishing between binding and non-binding molecules 66. In 
addition, scoring functions may be biased by the ligands included in their 
development, which may be a source of false positives in virtual screening programs 
67. 
  
2.6.3 Rigorous methods for estimating the strength of ligand binding 
 
Figure 4 illustrates a thermodynamic cycle and the situation that any method for 
estimating the difference in free energy of binding tries to model. From a 
thermodynamic perspective, one wishes to estimate the difference in free energy 
between the unbound state of the protein and the bound state of the ligand in the 
protein binding site. The free energy change of binding can be estimated using 
Equation 2 and the following two equations; 
  
∆Gbind = ∆Gcomplex – (∆Gligand + ∆Gprotein)   Eq. 4 
∆Gbind = ∆H – T∆S     Eq. 5 
 
Equation 4 defines ∆Gbind as the difference in free energy between bound and 
unbound states of the system. In Equation 5 ∆Gbind is related to the changes in 
enthalpy and entropy, while Equation 2 defines the relationship between ∆Gbind and 
an experimentally measured binding constant (Kd, Ki or IC50). The net ∆Gbind will be 
a combination of the various factors involved in binding (see section 2.6.1): the 
formation and destruction of interactions between and within the protein, the ligand 
and the solvent. Free energy changes cannot be accurately determined using, for 
instance, only MD or MC simulations since all regions of the states that the system 
can occupy cannot be sampled. 

However, using a thermodynamic 68 cycle the energies of the three states (L, P 
and LP in Figure 4) can be derived by simulating the perturbation of the ligand in 
water (Lsol) and the ligand in the protein binding site (LPsol) to nothing (the 
hypothetical process of making the ligand vanish). The perturbation is even 
smoother for the comparison of similar ligands, using the transition of one molecule 
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into another (via step-wise changes of the MM terms describing the atoms and 
bonds), making free energy perturbations very attractive for calculating binding 
affinities that agree very closely with experimental values. 

Thus, three rigorous perturbation methods are available for calculating the 
differences in free energy between different states of a system: thermodynamic 
perturbations 69, thermodynamic integration 2 and slow growth 2. However, each of 
these methods requires extensive use of computational resources. Alternative 
approaches that are more appropriate for the lead discovery phase in drug discovery 
programs that can address the shortcomings of the scoring functions have been 
developed. These are: the linear interaction (LIE) approach 70 , λ-dynamics (both MC 
and MD methods) 71 72 and the MM-GB/PB-SA 73-77 approach. The MM-GB/PB-SA 
approach uses a combination of MM energy terms and a continuum solvation model 
(GB or PB) and a surface area (SA) term to calculate free energy differences between 
the ligand-protein complex, the unbound ligand and the protein (i.e. ∆Gbind, similar to 
the thermodynamic cycle illustrated in Figure 4). The GB and PB solvent models are 
particularly useful for investigating electrostatic properties of macromolecules and 
the success of the MM-GB/PB-SA approach coupled with docking for the re-
ranking of compounds using calculated ∆Gbind values has been assessed 

73-80 
 

 
 

Figure 4. Thermodynamic cycle for the calculation of abolute free energies. L is ligand and P is 
protein. The absolute free energy can be calculated from two simulations; L perturbed to nothing in 
water and L perturbed to nothing in the LP-complex. (Adopted from Pealman et al.64) 
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2.7 Chemometrics 
 
Chemometrics, as implied by the term, is the application of mathematical or 
statistical methods to chemical data, and was originally developed for the statistically 
rational generation and analysis of data from experiments in which chemical 
phenomena are explored, although the methodology can be applied to other fields 
ranging from economics 81 , environmental chemistry 82, 83 to public health 84. The 
field of chemometrics includes the planning of experiments, the design of 
experiments (DoE) and the analysis of data generated from rationally designed (or 
other) experiments using multivariate models. Often, analysis of empirical data is 
greatly facilitated if an appropriate experimental design has been used to generate the 
data. DoE can also be used to select representative and unique data points from a 
data set, for instance to seek ligands that bind to a specific macromolecular target or 
protein structures with desired features from the publicly available pool of structures. 
The data generated from the designed experiments can then be used to calculate 
empirical models using MVA techniques for the analysis of high dimensional data. 

Two common MVA techniques are the projection methods Principal 
Component Analysis (PCA) and PLS, which are tools for extracting and visualizing 
trends, groupings and unique objects in datasets of varying sizes. PLS is an important 
MVA method that can be used for establishing QSARs or QSPRs. 

Using PCA a multi-dimensional data space is reduced to fewer, orthogonal 
dimensions, that is, a new coordinate system, by calculating the eigenvalue 
decomposition of a data covariance matrix of a data matrix. The reduced coordinate 
system is created so that that as much variation in the data as possible is projected 
into the first vector (principal component, PC) and the second largest into the 
second PC and so forth. This reduction by projection can be compared to the 
shadow that an object in the multidimensional space casts on a plane when viewed 
from its most informative viewpoint. Each PC is dependent on the scores and the 
loadings of each object in the multidimensional space. Scores can be seen as the 
value of the new variable for an object and the loading how closely the object is 
projected to the direction of the PC. 

Similarly to PCA, PLS also reduces a multidimensional space into fewer variables. 
However, in PLS a regression is used to find a model that describes (a) predicted 
variable(s) in terms of other observed variables by relating two data matrices (X and 
Y) to each other. In PLS, the multidimensional direction in the space described by 
the observed variables (X) that explains the largest multidimensional variance 
direction in Y is sought. 
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Chemometric methods related to PCA and PLS have also been developed for the 
classification of objects. For instance in PLS-discriminant analysis (PLS-DA) a Y 
matrix is created and classes set for each object, and the Y matrix is used to relate the 
variables describing the objects (X). Once a model has been established it can be 
used to assign objects to appropriate classes. PLS offers an attractive option due to 
its ease of interpretability. An alternative chemometric classification method to PLS-
DA is SIMCA (Soft Independent Modeling by Class Analogy) classification. In 
SIMCA a set of samples for each class is used to create PCA models describing the 
class. New samples are then projected into the model and the residual distances are 
calculated. A predicted object is assigned to a class if its residual distance from the 
model is below the statistical limit. Objects can belong to several classes (hence the 
term “soft” modeling). Other classification methods that can be used to handle the 
type of classifications that PLS-DA was used for in the work underlying this thesis 
include singular value decomposition (SVD), support vector machines (SVM), neural 
networks and decision trees. 
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3 METHODS 
 
3.1 The groundwork: Pre-treatment of ligand, protein and ligand protein-complex 

coordinate files 
 
Prior to any molecular modeling task based on experimental data the quality of the 
data must be assessed and errors corrected. Decisions must also be made about key 
aspects, such as how to calculate atom charges, and how to treat water molecules, 
and missing atoms and atom types in the structures. In the studies described in 
Papers I and II (procedure also given in Paper I) all hydrogen atoms in the proteins 
were first removed from the PDB file, as recorded in the PDBbind database 85, 86, and 
then re-added using the software REDUCE 87,  after which the ASN, GLN, and HIS 
sidechains were flipped and the OH and SH groups were rotated (Scheme 1 shows a 
schematic overview of the work flow also shown in Paper I). Thus, protonation 
states were set according to the program, based on the likelihood that the residues 
would be charged at physiological pH together with the surrounding 
microenvironments’ opportunity to form hydrogen bonds. It should be noted that 
this procedure was by no means exhaustive or complete, and the assignment of 
protonation states will be wrong in some cases. Nevertheless, it was decided to 
perform this procedure for the 612 complexes used in the modeling studies 
described in Papers I and II, recognizing that the errors in protonation state of the 
binding site could be sources of inaccuracy in the modeling results. The next 
refinement step in Papers I and II was to remove the CONNECT records for metals 
from the PDB text files to avoid including potentially incorrect or irrelevant covalent 
bonds between, for example, Zn2+ ions and the proteins in the modeling. The 
surrounding microenvironment for each heteroatom was also subsequently corrected 
by text editing, for example, making sure that the sp2 hybridized nitrogen atoms of 
histidines were facing the Zn2+ ion. Calculation of the descriptors involved energy 
minimization of the proteins up to 10 Å away from the ligands, so it was vital to 
evaluate parts of the protein within this range. In Paper I complexes were searched 
for metals and counter ions within 10 Å of the ligand and subsequently excluded 
from the dataset if the following species were identified: SO4

2+, PO4
3-, Cd2+, and Hg+. 

In Papers I and II the original references were studied in cases where the ions Ca2+, 
Cl-, Cu2+, Fe2+, Fe3+, K+, Mg2+, Mn2+, Na+, and Zn2+ were identified, and complexes 
were included only if it could be determined that the ions were present during the 
binding experiment (in Papers IV and V all complexes with any of these ions present 
in the binding site were excluded). The ideal length of the S-S bond of a cysteine 
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bridge is considered to be 2.1 Å 88. The PDB files of the PDBbind database were 
searched for SSBONDS records with a distance greater than 2.1 Å. Ten such 
structures were found, and on the basis of information in the original references, one 
complex was removed (1M21) 89. For the remaining nine structures, the S-S bond 
was manually inserted. 

In Paper III sets of chains were selected from the PDB-select 90 database. In the 
official release of the PDB-select database, rules have been applied to exclude model 
proteins, chains less than 30 residues long, chains in which > 5% of the amino acid 
residues are non-standard (including chain breaks), chains with > 3.0 Ångström 
resolution and chains with R-factors > 0.3. There are several versions of PDB-select, 
based on certain levels of homology between protein chains. The datasets used in 
Paper III were based on the PDB-select selection at the 90% homology cut-off 
threshold, which is currently about ten-fold smaller than the entire RCSB protein 
databank 5. Protein chains with missing atoms or residues were excluded from the 
datasets using PROVAT 91 software, to avoid sources of error when calculating the 
descriptors based on atomic positions. Structures determined by NMR, or with ALA 
and GLY contents > 40%, were also excluded. 

In Paper IV a ligand-protein dataset of well characterized X-ray quality was 
selected to represent a set of target, ligands and ligand properties that was as diverse 
as possible. In Paper IV 25 protein-ligand X-ray crystal ligand-protein complexes 
from the PDBbind 85 version 2006 database and five additional complexes from 
various publications 92-95 totaling 30 complexes (Paper IV; Table 1) from 21 different 
macromolecular targets (Paper IV; Supporting Information). The resolution of the 
complexes ranged from 1.6 to 3.0 Å (mean 2.0 Å), R-factors from 0.13 to 0.24 
(average, 0.19), and the temperature factors for atoms at up to 10 Å from the ligand 
atoms ranged from 2 to 130 (average, 22). The B-factors for the atoms of the whole 
proteins ranged between 5 and 55 (average, 24), the average maximum B-factor was 
67 (range 20 to 140). The average B-factor for the atoms in the ligands was 22 (range, 
5 to 54) and the average maximum B-factor was 29 (range, 10 to 68). The drug-
likeness of the ligands was also evaluated. Their molecular weight ranged between 
135 and 597 au (average, 368 au), their number of rotatable bonds ranged from 0 to 
21 (average 7), their logP values from -4.8 to 6.8 (average, 3.0) and their binding 
affinity (pKi/d) from 1.2 to 13.4 (average 6.9). The proteins’ hydrogen atoms, water 
molecules and ligands were removed from the original RCSB pdb-files and hydrogen 
atoms were re-added to the protein using REDUCE 87 software and their positions 
and appropriate protonation states were set, while optimizing positions for ASN, 
GLN and HIS residues and OH, SH and NH3 hydrogen atoms with respect to 
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contact with the ligand. Proteins were checked for missing atoms and reconstructed 
using JACKAL and ambiguous atom types were adjusted and SS-bonds checked 
using a distance criteria of 2.9 Å 96. Complexes with metals or cofactors in the 
binding site were excluded.  

In Paper V, two datasets of X-ray ligand-protein complexes were used. The first 
was a diverse dataset consisting of 14 high X-ray quality complexes (Paper V; Table 
1) for five different macromolecular targets (Paper V; Supporting Information). The 
resolution (Å) ranged from 1.45 to 2.35 (average, 1.82), R-values from 0.16 to 0.23 
(average 0.1), average B-factors for the complete protein-ligand complexes from 16 
to 30, the maximum B-factor for atoms up to 10 Å from the ligand from 40 to 100 
and the average B-factor for any single atom up to 10 Å from the ligand ranged from 
2 to 26. The drug-likeness of ligands was also assessed. Their logP values ranged 
from 0.67 to 6.28 (average, 2.4), and their weight from 114 to 547 au (average, 271). 
The second dataset consisted of nine congeneric Factor Xa ligands with 
corresponding Ki values, for which the resolution was < 2.2 Å and experimentally 
reported Ki values were available (Paper V; Table 2). 

 
1. Remove hydrogen 

� 
2. Edit PDB files to remove CONNECT records for HETATOM records 

�  
3. Add hydrogen and flip side chains of the protein using Reduce 

�  
4. Edit histidines to correct atom type 

�  
5. Remove complexes with ions within a 10Å radius of the ligand’s atoms  

� 
6. Check the consistency of the cysteine bridges  

�  
7. Correct the charges and the atom types for the ligands and the amino acids in the protein 

Scheme 1. The stepwise procedure for cleaning up the protein-ligand complexes used in Papers I and 
II (Scheme from Paper I). 

 
3.2 Multivariate analysis 
 
There are two types of MVA models: unsupervised and supervised. Supervised 
models are models that use the data in a matrix X to predict a property in a separate 
matrix Y (such as PLS models). During model construction the properties in Y are 
used as a guide for the model of X. Unsupervised models (such as PCA models), in 
contrast, use only the data in X and provide an overview of the systematic variation 
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in a dataset. Supervised models are usually applied for predicting or classifying 
objects, while unsupervised models are applied to explore the data. 
 
3.2.1 Principal Components Analysis 
 
Principal Component Analysis (PCA) is an unsupervised projection method in which 
systematic variation in a dataset is extracted into a few variables, so-called Principal 
Components (PCs) 97, which are linear combinations of the original variables and are 
uncorrelated to each other as described by Equation 6 
 
X = t1p1´ + t2p2´ + t3p3´ + ... + tApA´ + E = TP´ + E   Eq. 6 
 
where X is the original data matrix, A is the total number of extracted PCs, and E is 
the residual matrix. The new latent variables, t scores, show how the objects and 
experiments relate to each other, while the p loadings reveal the importance of the 
original variables for the patterns seen in the scores. 
 
3.2.2 Partial-Least-Squares Projection to Latent Structures 
 
PLS is a supervised multivariate regression method that relates a data matrix (X) to a 
response matrix (Y) 14. PLS has proved to be a powerful tool for finding relationships 
between descriptor matrices and biological responses, for example, in QSARs 98, 
where many collinear variables are often used. As in PCA, latent variables are 
constructed to reduce the dimensions of X. To obtain the PLS components, the 
covariance between the response matrix Y and a linear combination of the original 
variables is maximized according to Equations 7 and 8; 
 

X = t1p1´ + t2p2´ + t3p3´ + ... tApA´ + E = TP´ + E   Eq. 7  

 
for each t so that  
 
Y = t1c1´ + t2c2´ + t3c3´ + ... + tAcA´ + F = TC´ + F   Eq. 8 
 
where t is the score vector, p is the loading vector for the data matrix X, c is the 
loading vector for Y, A is the number of PLS components, E is the residual matrix 
for X, and F is the residual matrix for Y. For a more detailed description of PLS, see 
Wold et al 14.  
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3.2.3 Hierarchical PLS 
 
In hierarchical PLS (Hi-PLS), the data matrix X is divided into sub-blocks, to each of 
which PCA is applied prior to PLS regression. The main advantage of this approach 
is that it facilitates interpretation when large amounts of data of different kinds are 
involved 99. In a standard PLS model, the influence of a block of data with many 
variables would overwhelm that of a block with few variables, making it difficult to 
capture important information from a small subset of descriptors. In addition, the 
PCA offers the possibility to reduce the noise level in X before the regression 
modeling and, hence, reduce the risk of chance correlations 99. The Hi-PLS model is 
then based on the t scores from the underlying PCA models obtained from the 
separate blocks. 

In Paper I, Hi-PLS was applied to model the affinity of a comprehensive set of 
ligands. Four blocks of data were considered that were separately compressed using 
PCA prior to the Hi-PLS model. The datasets described the ligand properties, the 
ligand-protein interactions, the receptor surface properties and the geometry of the 
protein. Scheme 2 shows a schematic overview of the Hi-PLS modeling process 
applied in Paper I and Paper III. 

 
3.2.4 Interpretation of Hi-PLS Models 
 

Interpretation of the influence of the original variables in Hi-PLS proceeds through 
two levels; first, through the PLS models and, second, through the PCA loading 
vectors p. Analysis of the influence of the variables in the Hi-PLS models in Papers I 
and III was based on the first PLS component weight vector, w1. According to 
Trygg and Wold, w1 provides the best estimate of the importance of a variable for 
describing the response when only one response is considered 100. In Paper III PLS 
models were interpreted using plots of combined X and Y weights, w1 and c, 
respectively, where w1 contains the weights for first PLS dimension that combine the 
original X variables to form the score t, and c holds the weights that combine the Y 
variables with the score u, so as to maximize their correlation with X. Hence, these 
plots show the correlation structure between X and Y. 

Variables with small w1 values do not significantly contribute to a model, so only 
coefficients with substantial weight vectors were analyzed when interpreting the 
models. A high, positive w1 value for a variable indicates that this PCA score vector 
is positively correlated with the model response (Y), while a high negative value 
shows that it is negatively correlated with the response. The PCA score vectors’ 
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corresponding loading vectors p need to be investigated to further understand the 
influence of the original descriptors. 

 
 

 
 
Scheme 2. Schematic overview of the hierarchical modeling procedure, Hi-PLS. Each block 
represents a set of data describing the same observations. 
 
3.2.5 PLS-discriminant analysis 
 
PLS-discriminant analysis (PLS-DA) is a supervised classification method based on 
PLS 101, in which the response variable(s) Y is/are set so that each observation 
corresponds to a class in terms of a manually set dummy variable (1 if it is part of the 
class and 0 if it is not part of the class). PLS-DA then finds the direction in X that 
best separates the classes. The predicted classes are set with respect to pre-defined 
cut-off values. In Paper III an object was considered to be correctly classified if 0.35 
> Y > -0.35 or 1.35 > Y > 0.65 related to the right dummy variable (0 or 1, 
respectively), misclassified if the predicted value related to the wrong dummy variable 
or if Y < -0.35 or Y > 1.35, and unclassified if 0.65 > Y > 0.35. 

In Paper III PLS-DA and Hi-PLS-DA were applied to model the SCOP classes 
of a comprehensive set of protein chains. Protein structural and sequence descriptors 
were used as data input (see section 3.11). 
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3.2.4 Statistical experimental design 
 

Statistical experimental design is mainly used for two purposes: to select a rational 
subset of experimental settings in order to explore the effects of varying the settings 
on a response, and to select optimal sub-sets of objects from a larger set for an 
investigation. Diverse factors may be varied in the design, depending on the 
objectives, e.g. the parameters in a software package to optimize a desired output 
(e.g. Paper II), experimental variables to improve an organic synthesis, ingredients of 
lemonade to improve the taste, or a set of proteins may be selected from the 
PDBbind database to maximize its representativeness 86 (e.g. Paper I). 
 
3.2.5 Space-filling design 

 
A designed selection that is intended to maximize the variable space from which the 
selection is being made is termed a space-filling design. Selections made using space-
filling algorithms are usually not based on a model (unlike so-called D-optimal 
designs). Hence, the design selection is model-independent and based, instead, on 
specific criteria. The selection will thus cover a variable space with respect to the 
criteria rather than according to the underlying relationships of the variable space 
covered by the objects’ variables. The min-max space-filling algorithm by Marengo 
and Todeschini 102, based on Euclidean distance criteria, was applied in Paper I and 
II. This algorithm first calculates a distance matrix for all objects in the dataset Xc. 
Secondly, Xc is divided into an initial selection, Xd, and a set of candidates, Xn. 
Thirdly, the algorithm exchanges objects between the selections to maximize the 
Euclidean distance between each object and its nearest neighbor, by calculating the 
minimum Euclidean distance between each object in Xd and objects in Xn and then 
exchanging the ith object xi that has the minimum distance with the remaining 
candidates in xj in Xn. For each exchange the minimum distances in Xd are 
calculated, and if there is an exchange that leads to an increase in the minimum 
distance in Xd that object will be replaced. This iterative process maximizes the 
Euclidean distances between the selected objects. In Paper I, a space-filling design 
was applied to select the training set and the internal and external test sets. 
 
3.2.6 D-optimal design 
 
In Paper II a D-optimal design103 was applied to select model settings to control the 
parameters in docking software related to the docking performance. D-optimal 
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design was chosen since full factorial or fractional factorial 104 designs exhaustively 
enumerate all combinations of all values for all selected levels and all options of the 
parameters, and thus would be too time-consuming. These types of designs are 
always options, regardless of the type of model that is to be fitted (for example, first 
order, first order plus some interactions, full quadratic, cubic, etc.) or the objective 
specified for the experiment (for example, screening, response surface analysis, etc.). 
D-optimal designs are straightforward optimizations based on a chosen optimality 
criterion and the model to be fitted. The optimality criterion used in generating D-
optimal designs is maximizing the determinant of the matrix X'X. This optimality 
criterion results in minimizing the generalized variance of the parameter estimates for 
a pre-specified model. Consequently, the optimality of a given D-optimal design is 
model-dependent. Given the total number of treatment runs for an experiment and a 
specified model, the algorithm chooses the optimal set of runs from a candidate set 
of possible runs. The candidate set is a collection of treatment combinations from 
which the D-optimal algorithm chooses the treatment combinations to include in the 
design. 
 
3.3 Validation of models 

 
3.3.1 Goodness of fit 
 
The R2 parameter demonstrates how well a model fits the data in a training set. R2 is 
the percentage of the total variation explained by the model and is calculated as 
follows: 
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where yi is the observed response, �� ���������
 is the model’s estimated response,  and 

�� is the mean value of the observed response variables. The closer to 1 the R2 value, 
the better the model fits the data. Care should be taken when a model includes a 
large number of variables since there is a risk of chance correlation and the quality of 
the model can be further assessed, as described below. 
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3.3.2 Cross validation 
 

To estimate the prediction error and potential over-fitting of models cross-validation 
(CV) is commonly applied, a technique in which the dataset is split into n parts, each 
of which is excluded from a cross-validation run, a model is repeatedly fitted using 
the remaining parts until all parts of the dataset have been excluded, and a prediction 
error is calculated based on the excluded data. The excluded data may consist of a 
varying number of objects, often one object at a time is left out, in which case the 
technique is known as leave-one-out cross validation (LOO-CV). LOO-CV was used 
in Papers I, II and III, due its reproducibility (models were also evaluated using 
external test sets). For a regression model, Q2 indicates the explained variance 
prediction (the predictive power of the model) and is calculated using 
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where yi is the response, �� "#���$���
 is the predicted response and �� is the mean value 

of the observed response values. 
In the work this thesis is based upon CV was used to determine the complexity 

of PCA, PLS, Hi-PLS and PLS-DA models, and to estimate the error in the 

predictions (PRESS). PRESS is the squared difference,  PRESS 	  �� ) �� "#���$���
��, 

between observed values and those predicted by a model when objects are left out 
during the CV runs. In Paper I PRESS is reported as root-mean-square-error of 
estimation (RMSEE) and root-mean-square-error of predictions (RMSEP) values. 
 
3.3.3 Training set, internal and external test sets 
 
A chemometric model derived using techniques such as PLS is built using a set of 
objects and associated data known as the training set, the model parameters can then 
be validated using an internal test set (e.g. to estimate the number of significant 
model components). However, since the CV can give misleading indications of the 
quality of a model, an external test set that can be compared to the internal test set 
predictions is often used to further asses the model’s quality. It is of utmost 
importance to ensure that the observations in the external test set are not part of the 
so-called training set used to build the model or the internal test set applied, in order 
to avoid compromising the validation. Internal and external test sets were used in 
assessments of the Hi-PLS, PLS-DA and Hi-PLS-DA models in Papers I and III. In 
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Paper I and II the test sets consisted of protein-ligand complexes extracted from the 
RCSB protein data bank 5 and in Paper III the data sets consisted of protein chains 
extracted from the PDBselect database 90. Tables 1 and 2 show the properties of the 
internal and external datasets used in Papers I and III, respectively. 

 
Table 1. Number of observations in the PDB-bind data set for each of the four main SCOP classes and 
training, internal test and external test sets (table from Paper I). 
SCOP 
class 

pKd/i 

range 
Training set 
(PDB-bind v. 2002) 

Internal test set 
(PDB-bind v. 2002) 

External test set 
(PDB-bind v. 2003) 

ABCD 0.60-13.96 411 201 174 
all-α 1.28-12.00 19 10 16 
all-β 0.60-12.00 185 88 70 
α/β 1.66-11.11 133 66 61 
α+β 1.36-13.96 74 37 27 

 
Table 2. Number of observations in the PDB-select data set for each of the four 
main SCOP classes and training, internal test and external test sets (table from Paper III). 

 
 
 
 
 
 
3.3.4 Model Permutations 
 
Model permutations, which can enhance the confidence in a model, were performed 
in Papers I and III to validate the models. In these permutations the order of Y was 
randomly permuted 20 times, and models were constructed for each of the 
randomized Y’s. The plot of the correlation coefficient between the original and 
permuted Y’s versus the cumulative R2 and Q2 gives a regression line with an 
intercept (R2 and Q2 when the correlation coefficient is zero) that provides an 
estimate of the significance of the model 105. 
 
3.4 Molecular docking 

 
Molecular docking was applied in Papers II, IV and V, using two docking software 
packages: FRED 106 (fast rigid exhaustive docking) and GOLD 107 (genetic 
optimization for ligand docking). FRED relies on pre-generated low-energy 
conformations of the ligands that are rigidly fitted into a defined binding site and 
ranked by a scoring function. GOLD, in contrast, generates ligand conformations 

SCOP 
class 

Training set 
(PDB-select v.2004) 

Internal test set 
(PDB-select v.2006) 

External test set 
(PDB-select v.2006) 

all-α 976 316 221 

all-β 1346 258 276 

α/β 983 353 440 

α+β 912 236 273 
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within the defined binding site using a genetic algorithm (GA) and a fitness function. 
The time required for one docking is generally shorter in FRED than in GOLD, but 
time consumption obviously depends on parameter settings, ligand size, choice of 
scoring function, and (for FRED) the number of simulated ligand conformations.  

In Paper II the protein structures were prepared for docking by semiautomatic 
procedures, as described in Paper I. Water coordinates were removed from the 
Protein Data Bank (PDB) files but were added again for complexes 1EX8, 1M1B, 
1GJ9, and 2XIS to enable the metal coordination geometry recognition function in 
GOLD to be applied. The ionization states of functional groups in the ligands were 
calculated at physiological pH using the MARVIN 108 software. Questionable 
ionization states and tautomers were examined by manual inspection of the 
crystallographic structures, taking into account the protein environment around such 
functional groups. If uncertainty still remained about ionization states and 
tautomerism of the ligands, several versions of the ligands were docked.  

In Papers IV and V all ligand conformations used for docking were first 
represented as SMILES 45 using BABEL 109 and then their 3D structures were 
generated using CORINA 110 and docked flexibly through the docking tool GOLD. 
Prior to docking, the protein and ligand atom and bond types were set according to 
GOLD specifications using SYBYL 111 and the ligands’ protonation states were 
visually inspected and established using the Hic-Up database 44. In GOLD the ligand 
is placed in the protein binding site by means of fitting points. In Paper IV up to 200 
conformations were generated using 10 different parameter settings 112, 113 and 20 
genetic algorithm runs, while in Paper V 10 GA runs were used unless stated 
otherwise. 
 
3.4.1 Docking evaluation 
 
As many as possible docking-generated poses were inspected visually throughout this 
work. However, automated methods must be applied and one such method is the 
calculation of root-mean-square-deviation (RMSD) between sets of atoms. The tool 
deployed throughout the work presented within this thesis relied on the OpenEyes 
python-based programming library OEChem 106. 

In Paper II, a multivariate approach to evaluate docking parameters was 
developed. Docking parameters were selected and varied according to a D-optimal 
design. Figure 5 gives a detailed overview of the procedure. 
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Figure 5. Schematic flowchart of the multivariate approach in Paper II to evaluate docking 
parameters. (a) Docking parameters, their intervals, and a statistical experimental design were selected, 
and the design resulted in a number of well-balanced parameter sets (A-B). A set of protein-ligand 
complexes, with physicco-chemically diverse ligands, was selected (C-E), and the selected ligands were 
docked using FRED and GOLD with all of the designed parameter sets (F). (b) Post-processing 
involved RMSD calculations between the docked poses and their corresponding crystallographic 
ligands resulting in matrix I and the extraction of RMSD medians for top poses (II) and best poses 
(III) across all ligands. Information on docking performance for individual ligands using individual 
best parameter settings was extracted for both the top pose (IV) and the best pose (V). (c) The 
parameter sets (X) derived from A-B were used in PLS modeling and correlated to the top pose and 
best pose medians (yII) and (yIII). Figure from Paper II. 
 

In Paper V, docking poses were also evaluated in terms of the Euclidean 
distances between pairs of poses, as calculated by Equation 11;  
 
*+,-./012 /.3412,0 	 5��6789 � �678��� :  ��*9 � *��/78��   Eq. 11 
 
where, x and y are two poses, E is the calculated ∆G energy of binding and SD is the 
standard deviation in ∆G for the specific set of poses for the method used to 
calculate the ∆G. The descriptors were used to evaluate the quality of the poses 
selected by various re-scoring methods. 
 
3.5 Energy minimization 
 
Paper I the binding site for the protein ligand complexes were energy minimized 
using MM in the 10 Å core surrounding their respective ligands. MM calculations (in 
vacuum) were performed in MOE 114 using a sequential stepwise procedure of 100 
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SD iterations, 100 CG iterations, and 100 TN iterations while keeping chiral 
constraints. For MM calculations, the MMFF94s force field in MOE was used. 

In Papers IV and V protein atom types and charges (as fixed partial charges 
centered on atoms derived from quantum calculations using a continuum dielectric 
to mimic solvent polarization) were set according to the AMBER ff03 force field 115. 
Before energy minimization the ligands’ protonation states were visually inspected 
and established using the Hic-Up database 44. The ligand atom types were set using 
the general Amber force field (GAFF) 116 through the antechamber model in 
AMBER 117. Missing force field parameters were checked and appropriate force field 
modifications made by generating a force field modification file. RESP 53 charges for 
ligand atoms were set and calculated using the antechamber module in AMBER 117 
for the original crystal structure conformation. Energy minimization input coordinate 
and topology files were generated using the tleap module in AMBER and atom radii 
were set to default for GB-HCT 118, 119 solvent model calculations, and PBradii bondi for 
the additional solvent models (see the following section). The SD and TN algorithms 
were used for finding local energy minima and specific settings defined in each 
Paper. The energy minimization protocols applied in Papers IV and V are shown in 
Scheme 3. 

 
Scheme 3. Geometry optimization of docking generated ligand poses as described in Paper IV and V. 
In bold is the recommended protocol derived in Paper IV and applied in Paper V. 



38 
 

 
3.6 Solvation models 

 
In Papers IV and V various solvation models were used in the calculation of the 
∆Gbind for a set of protein-ligand complexes. Generally, the solvation free energy, 
∆Gsolv, can be considered to have three additive components – ∆Gel, ∆Gvdw and ∆Gcav 
– where ∆Gel is the electrostatic component of the total free energy associated with 
removing all charges from the molecule in vacuum and re-adding them in an implicit 
solvent, ∆Gvdw is the free energy associated with the attractive van der Waals forces 
between the solvent and solute and ∆Gcav is the free energy required to form a cavity 
within the solvent by the solute 2.                                                                                                                                                                         

To estimate the electrostatic component of the total free energy of solvation for a 
molecule four different GB solvation models 118-122 and one PB solvation model 123, 124 
are implemented in AMBER software 117. The most extensively tested model is the 
pairwise de-screening GBHCT model 118, 119, parameterized as described by Tsui and 
Case 125. The method generally considered most reliable for estimating the 
electrostatic contribution to ∆Gsolv and modeling a solvent implicitly is to use the 
linear PB equation 126, 127 (Equation 12). The PB electrostatic model represents a 
molecule as a dielectric body whose shape is defined by atomic coordinates and 
atomic cavity radii. Using PB the molecule is treated as a low dielectric cavity with 
atomic partial charges mapped onto grid points. The dielectric constants of the cavity 
formed by a molecule and the solvent were here set to 1 and 80, respectively, in the 
calculations using PB. Using PB the electrostatic potential induced by the solvent is 
estimated by computing the reversible work done when charging the solute atoms. 
The electrostatic potential Φj at an atomic charge site is computed by solving 
Equation 12: 

 
Eq 12. 
 

where ε(r) is the dielectric constant, Φ(r) is the electrostatic potential, ρ(r) is the 
charge density of the solute, zi is the charge of ion i, ci is the concentration of ion i at 
an infinite distance from the solute, kB is the Boltzmann constant and T is 
temperature. In the PB calculations performed in Papers IV and V the non-
electrostatic solvation term was modeled with a term proportional to the solvent 
accessible surface area (SASA) 117. 

The GB models in AMBER describe each atom in a molecule as a sphere with a 
charge qi at its center. The molecule is surrounded by a medium of high dielectric 

ε(r) Φ(r) = -4πρ(r) - 4π ∑
i

 zici 
(–z

i
Φ (r))/k

B
T)    



39 
 

constant (ε) and each atom’s interior is filled with a medium with a dielectric constant 
of 1. The AMBER GB models estimate ∆Gel (~∆GGB) according to Equation 13 

55, 

128:  
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  Eq. 13  
where q is the charge of the atom, rij is the distance between atoms i and j, R is the 
effective Born radii of the atom, GBf is a smooth function of the model and the 

electrostatic screening effects of salt ions are incorporated via κÅ-1 =  0.316

[ ][ ]Lmolsalt /  
128.  However, since it has been found that the GBHCT model 

underestimates the effective Born radii for deeply buried atoms 120 (an effect of the 
filling of small-vacuum crevices with water by the integration procedure) a re-scaling 
function for the effective Born radii has been implemented in the two available 
GBOBC models 121 using adjustable dimensionless parameters hereafter referred to as 
solvent models GBOBC-1 and GBOBC-2. The fourth GB solvation model is GBn, which 
applies a pair-wise correction term for GBHCT to eliminate interstitial regions of high 
dielectric potential that are smaller than a solvent molecule 122. An additional 
correction term for the solvation free energy of the atom surface area 129 was added 
to the above GB models. This correction term is especially important for non-polar 

molecules, for which the term becomes proportional to ∆Gsolv. 
 
3.7 Auto correlation and auto cross correlation 
 
To compare matrixes of varying lengths in MVA the information must be 
transformed to data matrixes of uniform length. Therefore, auto correlation (AC) 
and auto cross-correlation (ACC) transformations 130 were applied to transform 
structural and sequence data for single protein chains of varying lengths to unified 
length data matrixes in Papers I and III (as further discussed in the following 
section.). In these procedures the interactions amongst defined features between 
pairs of data at specific positional distances in a sequence (referred to as lags) are 
established and averaged over a sequence. Hence, the same number of variables is 
generated for each data sequence, regardless of its original length. AC- and ACC-
transformations refer to interactions amongst values of the same feature and 
different features, respectively. A high value for a given lag indicates that there is a 
systematic trend for that specific propensity combination at that specific lag distance. 
AC and ACC were calculated using Equations 14 and 15, respectively: 
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  Eq. 14 
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where j and k represent different binary observations in the combined pairs, a is the 
binary value, lag is the number of positions between two different binary 
observations in a matrix row, n is the total number of binary observations spanned, 
and i is the ith observation. 
 

3.8 Descriptors 
 
3.8.1 Macromolecular descriptors 

 
In Paper I the SASA of the binding site in each energy-minimized protein structure 
was calculated for five different types of atom at an empirically determined distance 
from the atomic coordinates. The five atom types (negative, positive, hydrophobic, 
H-bond acceptor and H-bond donor) were classified using PATTY 131, an automatic 
atom classifier implemented in MOE 114. The distance from the atomic coordinate 
that defined the SASA was empirically determined by examining several complexes 
where protein-ligand interactions involved the five different atom types. This 
resulted in SASA distances of 1.5 Å for the hydrophobic, 2.0 Å for the negative, 2.5 
Å for the positive, 2.1 Å for the H-bond acceptor, and 2.6 Å for the H-bond donor 
atom types. The SASA calculations were automated using SVL programming in the 
MOE platform 114. In addition to the five atom-type SASAs, the SASAs of polar 
atom types were calculated as the sum of negative and positive SASAs together with 
the total SASAs of the binding site based on the five atom types. The six different 
types of SASA were divided by the total SASA to reduce size dependencies, yielding 
13 descriptors, in total, characterizing the binding site SASA (six atom type SASAs, 
one total SASA, and six SASA ratios). 

In Papers I and III Euclidean C-α distance descriptors for the three-dimensional 
structure of proteins were generated by applying AC transformation to measured 

Euclidean distances between every pair of C-α atoms separated by a specific number 
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of amino acids in a chain, as given by Equation 16, where x, y, and z are the 

coordinates of the C-α atoms, lag is the number of amino acids spanning the 
distance, and n is the total number of amino acids in the chain:   
 

lagn
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222 )()()(
)(dst-AC   Eq. 16 

 
This calculation was repeated for lags 1-49, resulting in 49 descriptors (one for each 
lag) for each chain. These descriptors will hereafter be referred to as AC-dst. The lag 

numbers for AC-dst descriptors relate to the Euclidean C-α distances as follows: the 
value for a lag, for example lag 10, is the average value of the Euclidean C-α 
distances between C-α atoms separated by nine amino acids. 

In Papers I and III, φ and ψ angles were calculated between every consecutive 
pair of residues in each protein chain considered. The φ and ψ angles refer to 

rotations in the plane formed by two peptide units around the same C-α atom, and 
most combinations produce steric collisions. Each of the secondary structures (β-

sheet, left-handed α-helix, and right-handed α-helix) can be characterized by allowed 
combinations of φ and ψ angles, as pioneered by Ramachandran and Sasisekhran 24. 

In Papers I and III, every residue was characterized as being part of one or none of 
these secondary structures on the basis of these combinations of angles (Table 3), 
and was given a binary description. For example, if a residue was part of a β -sheet, it 

was given the description β -sheet = 1, right-handed α-helix = 0, and left-handed α-
helix = 0. AC- and ACC-transformations were applied to the binary secondary 
structure propensities as determined by Equation 14 for AC and Equation 15 for 
ACC, where j and k represent the three different structural element classes (β-sheet, 

left-handed α-helix, and right-handed α-helix) for each of the amino acids in the 
combined pairs, a is the binary classification value of the amino acids, lag is the 
number of amino acids in the chain between the pair of amino acids, n is the total 
number of amino acids in the chain, and i is the ith amino acid.  
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Structural element Phi angle range  Psi angle range  

β-sheet -180º < Φ< -30 º 60 º < Φ < 180º 
-150 º < Φ < -180 º 

right handed α-helix -140 º < Φ < -30 º -90 º < Φ < 45 º 

left handed α-helix 20 º < Φ < 125 º 45 º < Φ < 90 º 

 
For a set of zz-scale descriptors in Paper III, the first three zz-scales 34 for each 

amino acid residue were used, derived by PCA-compression of 26 physiochemical 
descriptors that collectively capture lipophilic (first zz-scale; zz1), steric (second zz-
scale; zz2) and electronic (third zz-scale; zz3) properties of the amino acids. AC and 
ACC transformations were applied to the zz-scale data according to Equations 14 
and 15: AC between the same principal property (zz-scale j, Equation 14) and ACC 
between two principal properties (zz-scales j and k, Equation 15) with varying lag 
lengths, where n is the number of amino acids in the chain, lag is the number of 
amino acids spanning the chain and i is the ith amino acid. 
 

3.8.2 Protein-ligand interaction descriptors 
 

In Paper I, protein-ligand interactions were described through implementation of the 
VALIDATE scoring function 63 using the SVL programming language in the MOE 
114 platform. VALIDATE is a hybrid empirical/force-field-based scoring function 
that estimates the free energy of binding from calculated physicochemical descriptors 
of the ligands and protein-ligand complexes 63. The following six key features of the 
protein-ligand complexes were calculated, as described by Head et al. 63: steric and 
electrostatic complementarity, the ligand strain energy, log P (partition coefficient), 
steric fit, complementary surface area interactions, and the number of rotatable 
bonds in the ligand. The strain energies of the ligands were calculated by isolation 
and energy minimization of the ligands in a vacuum using MMFF94s in MOE 114 via 
a sequential stepwise procedure of 100 SD iterations, 100 CG iterations, and 200 TN 
iterations while keeping chiral constraints. 
  

Table 3. The following limits were used for assigning secondary element structure to 

all residues of proteins analyzed in Paper I and III (table from Paper III). 
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3.8.3 Molecular descriptors for small drug-like molecules 
 
To account for the ligands’ properties, 1D, 2D and 3D descriptors were calculated in 
Papers I, II, IV and V using MOE software 114, for example, molecular weights, 
solvent-accessible surface areas, van der Waals surface areas, and Kier indexes. These 
descriptors represent a characterization of ligands that is commonly used in QSAR 
modeling, and it was decided to include a large number of descriptors without a 
thorough selection of variables to ensure that no relevant information was omitted. 

In Paper II ligands for each protein-ligand complex from a refined version (see 
3.1.1 for the procedure applied in Paper I) of the PDBbind database were extracted 
and characterized (after deleting duplicates) by 1D and 2D descriptors, calculated 
using the Molecular Operating Environment (MOE) software 114, representing 
physicochemical properties such as molecular weight, connectivity, and 
hydrophobicity. To ensure a sufficient spread of hydrophilicity/hydrophobicity, the 
entries in the dataset were split into three groups, based on calculated lipophilicity 
(SlogP): hydrophilic, intermediate, and hydrophobic ligands with SlogP values in the 
ranges -15 to -3, -3 to +3, and +3 to +9, respectively. 
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4 STUDY BACKGROUND 
 
Paper I 

 
The binding affinity is a measure of how strongly a ligand binds to its target protein’s 
binding site and is generally assumed to correlate to the effect that the compound 
will have on related biological responses. The strength of binding is governed by 
several variables, which are usually estimated by applying a scoring function and the 
use of reliable mathematical models for binding affinity predictions can significantly 
facilitate the lead discovery process. Here, an attempt to predict the affinity of 
protein-ligand interactions is presented using four types of descriptor data that could 
hold important information related to the specificity and affinity of binding. These 
variable blocks were 3D structural description of proteins, protein-ligand interaction 
terms, surface area descriptors, and physicochemical descriptors of ligands. 

In this study, Hi-PLS regression was used (and compared to standard PLS) to 
estimate pKd/I values of a refined set of protein-ligand complexes from the PDBbind 
database85, 86. The complexes were divided into their respective SCOP classes 35 to 
investigate whether this division could yield improved models for predicting binding 
affinity and extracting SCOP class properties relating to the descriptors used in the 
model. 
 
Paper II 
 
Increasingly powerful docking programs for analyzing and estimating the strength of 
protein-ligand interactions have been developed, and they are valuable tools in drug 
discovery. Software used to perform dockings relies on a number of parameters that 
affect various steps in the docking procedure. However, identifying the optimal 
settings for these parameters is often difficult. Therefore, the default values of the 
parameters are quite often used. If the docking performance is to be studied by 
changing the parameters, an important aspect to investigate is whether there are 
simple, linear relationships between alterations in the parameter settings and the 
reproduction of the crystallographic ligand conformations or whether the effects of 
such alterations are complex, yielding discontinuous islands of good poses. If the 
relationships are linear, it should be possible to obtain information on the extent to 
which a certain parameter influences the results and, hence, to interpret the effects of 
different docking parameters. In addition, a model could be used to evaluate how 
good a certain parameter setting is for specific protein-ligand complexes. 
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In this study, statistical experimental design and subsequent regression based on 
RMSD values using PLS were used to investigate the effects of different parameters 
on the docking performance of two software packages: FRED 106 and GOLD 107. 
Protein-ligand complexes with a high level of ligand diversity were selected from the 
PDBbind 85, 86 database for the study, using PCA on 1D and 2D ligand descriptors, 
space-filling design and PDB coordinate files pre-processed using a protocol 
developed in Paper I. 
 
Paper III 

 
Describing and classifying protein structure are essential since such classification 
facilitates the elucidation of protein functions and family relationships. Proteins have 
been described qualitatively, with respect to their amino acid sequences 25, 26, 
functions 27, folding types 28, 29 and/or proportions of secondary structure motifs 28. 
However, these qualitative descriptors may provide too crude characterizations of 
protein chains for other applications, such as visualization of large datasets and 
detecting or describing sub-groups or outlying chains. Further, the need to classify 
proteins quickly, has led to the development of several automated methods for 
predicting the classes of proteins based on qualitative and quantitative descriptors 132-

137. 
In this study, the main aim was to elucidate and compare quantitative structural 

and sequence descriptors’ relevance – structural descriptors based on Euclidean C-α 
atom distances and protein backbone ψ and φ angles, and sequence descriptors based 
on physicochemical descriptors (the zz-scales) – for describing the structure of 
proteins, focusing on their secondary structure. The descriptors were previously 
developed for the work presented in Paper I. A further aim was to establish a 
straightforward method for assigning proteins in large databases to protein classes. 
Chemometric methods were applied to assess the descriptors’ ability to describe 
similarities and dissimilarities of protein chains and classes in datasets selected from 
PDBselect 90 consisting of chains representing the four main SCOP topological 
classes; A (all-α), B (all-β), C (α/β) and D (α+β). 
 
Paper IV 

 
Virtual screening of small molecules in large compound databases commonly relies 
on the computational chemistry tool known as docking, which orients molecules 
with respect to a macromolecular target’s binding site and ranks molecules with 
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respect to each other. A more computationally intensive geometry optimization can 
be used 138, 139, which can be beneficial for re-ranking ligand poses and subsequent 
selection of lead compounds used in further studies. Improving the geometry of the 
docking-generated poses through MM energy minimization is a common procedure 
(thoroughly described by Huang et. al 79) for rescoring poses and predicting ligand-
protein binding. If one treats water in the same way as a macromolecule, with point 
charges for each atom, this explicit representation of water during the geometry 
optimization becomes extremely computationally demanding, since a large 
conformational space must be covered. Therefore, more approximate solvent models 
have been developed. Examples are the PB 126, 127 and GB 55 models.  

In this study, the effects of various implicit solvent models and geometry 
optimization protocols on the geometry optimization (with respect to changes in 
RMSD and computer time) of docking-generated ligand poses were investigated. In 
this study a test set of 30 ligand-protein complexes of 21 macromolecular targets 
relevant for drug discovery were used in an assessment of geometry optimization by 
energy minimization.  Also, since it was determined in Paper I that errors in the 
scoring of ligand binding affinity were due to conformational changes and solvent 
effects, it was envisioned that they could be addressed, to some degree at least, by the 
protocol developed in Paper IV.  

 
Paper V 

 
The principal aim of a structure-based drug-discovery regime is to predict the 
geometric arrangement of a bound molecule in the macromolecular target binding 
site and the binding affinity of this molecule in the predicted geometric arrangement. 
This is usually accomplished by docking to a rigid protein binding site (generating 
different poses of the ligand), followed by scoring the poses using a mathematical 
scoring function. However, it is apparent that the flexibility in the ligand-protein 
complex is important for determining the correct pose and thus influences the 
subsequent scoring of the geometric arrangement, and that the scoring functions may 
be inadequate. 

In this study a method for filtering and rescoring docking-generated ligand poses 
by calculating the associated ∆Gbind values using the MM-GB/PB-SA approach was 
presented. The method was based on energy minimization of poses for ligand-
protein complexes generated by the docking software GOLD followed by re-scoring 
using an MM-GB/PB-SA protocol within the AMBER software suite. In this study, 
an MM-based refinement of the ligand-protein complex geometry was applied, as 
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developed in Paper IV. Since errors seen in the predictions in Paper I had been 
found to be due to the lack of entropy penalties for conformational changes and 
solvent effects, an MM-GB/PB-SA rescoring-based approach appeared to be an 
attractive option to apply. 

Several choices of solvation models were investigated and used to determine the 
best settings for re-scoring two datasets of ligand-protein complexes determined by 
X-ray crystallography. First, a diverse dataset of 14 ligands of high X-ray quality for 
five macromolecular targets were used to determine optimal settings to select the 
best pose (with respect to differences in RMSD from the X-ray pose) using MM-
GB/PB-SA-calculated ∆Gbind values, and secondly a congeneric series of nine Factor 
Xa ligands with experimentally determined Ki values was used to evaluate the 
applicability of the method for a real lead-optimization scenario. A suitable protocol 
for pose-filtering and re-scoring is presented. 
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5 RESULTS AND DISCUSSION 
 
5.1 The groundwork: A protocol for ligand and protein pre-treatment 
 
For the pre-treatment of ligand and protein data a protocol was developed and 
applied in Papers I and II (see the Methods chapter and Scheme 1). The protocol 
was implemented as a number of scripts or commands executed in a number of 
software packages to deal with common problems encountered when handling 
protein and ligand coordinate files. A set of ligand-protein complexes was refined 
using this protocol and used as input data in the models presented in Papers I and II. 
In Paper I the procedure resulted in a dataset of 614 ligand-protein complexes and in 
Paper II 68 complexes. The results presented in Papers I and II are further discussed 
in sections 5.3 and 5.1.1, respectively. 
 
5.1.1 Applicability of the protocol: Investigation of docking parameters’ effects on 

docking performance 
 
A general procedure based on multivariate techniques to explore the effects of 
docking parameters on docking performance was developed in Paper II (Figure 5) 
and was successfully applied to the docking software FRED and GOLD. A number 
of parameters controlling the docking procedure (Paper II; Table 2 and 3) in FRED 
and GOLD were varied according to statistical experimental designs, yielding 
parameter sets that covered the selected interval of parameter values. The designed 
parameter sets were applied in a docking study of a set of 68 protein-ligand 
complexes. In FRED and GOLD the ligands were docked back into the 
corresponding proteins, in FRED using 243 different parameter sets, and in GOLD 
using 126 designed parameter sets and Goldscore as the scoring function. The 
resulting docking poses’ RMSD values to the corresponding crystallographic ligands 
were calculated, and for both FRED and GOLD, two poses were extracted: the 
highest-ranked pose (top pose) and the pose most similar to the crystallographic 
ligand (best pose). 

Using FRED, 66 of the ligands could be docked to their corresponding target 
proteins. For the set protein-ligand complexes, 26% of the ligands docked using 
FRED yielded top poses with RMSD values < 2.0 Å to the crystallographic ligands 
when the default parameter settings were used and 44% for the best pose (Figure 6). 
The data show that the docking using FRED could be sufficiently improved for 15 
ligands by using individual parameter settings rather than the default set. By selecting 
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the best parameter settings for each protein-ligand complex from the designed set, an 
additional 23% of the docked ligands had top poses and best poses that met the < 
2.0 Å criterion. 

 
Figure 6. Docking results obtained using FRED in Paper II for individual protein-ligand complexes 
presented as RMSD values for the top pose (a) and the best pose (b) of the docked ligands. Ligands 
are ordered from left to right according to the number of rotatable bonds present in them. Results 
when the default settings were used are shown by a gray line, and the docking results based on the 
best parameter sets for each complex are shown as a black line. (Figure from Paper III). 
 

 
Figure 7. Docking results obtained using GOLD in Paper III for individual protein-ligand complexes 
presented as RSMD values for the top pose (a) and the best pose (b) of the docked ligands. Ligands 
are ordered from left to right according to the number of rotatable bonds present in them. Results 
when the default settings with 15 and 100 GA runs were used are marked by dotted and solid gray 
lines, respectively. The docking results based on the best parameter sets for each complex are shown 
as a black line. (Figure from Paper III). 
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Sixty-five of the ligands could be docked using GOLD, and docking of the 

ligands using GOLD with default settings and 15 GA runs resulted in 38% of the top 
poses and 53% of the best poses with RMSD < 2.0 Å criterion (Figure 7). 

Significant PLS regression models between the docking runs using the designed 
parameter sets and docking results (based on median RMSD values) were established 
for both programs and used to evaluate the docking parameters’ effects on the 
RMSD. Further, when the total dataset was split in two and independently modeled 
similar trends were observed for both sub-sets in terms of both model statistics and 
the influence of specific docking parameters. Examination of the score and loading 
plots showed that for both FRED and GOLD the default settings were among the 
best parameter sets for reproducing the crystal ligand binding modes measured as 
RMSD values for this diverse set of complexes. For FRED, the MVA of the effect of 
docking parameters revealed that the selection of scoring function for the exhaustive 
search had the greatest impact on docking performance, Chemgauss being the most 
reliable choice. The parameter for checking clashes between the ligand and protein 
was the second most important, and a low setting (clash= 0.5) was beneficial. The 
MVA of the parameters in GOLD revealed that the parameter Number of 
Operations had the greatest influence on the docking performance, and a high setting 
was beneficial with a potential optimum between 50 500 and 100 000. The second 
most important parameter was the Niche Size, for which high settings (niche size=3) 
seemed to be beneficial. 

The results reported in Paper II indicated that there was high potential for 
optimizing docking software settings by identifying the best parameter settings for 
each complex (Figures 6 and 7). 
 
 
5.2 Protein characterization and classification: Descriptors and their relationships 

to secondary protein structure and SCOP class 
 
In the work described in Paper I, protein descriptors were developed and used for 
predicting ligand-protein binding affinity (Paper I and further discussed in section 
5.3) and further investigated in Paper III for the characterization and classification of 
proteins. The descriptors are thoroughly described in the methods section and relate 
to Euclidean distances and angles in the protein structure together with 
physicochemical sequence  33, 34 descriptors that were transformed using AC and 
ACC.  
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In Paper III the protein structure descriptors’ relationships to the secondary 
structure of protein chains were analyzed and used to identify chain class-specific 
characteristics in the descriptors. In Figure 8, eighty-two protein chains from the four 
SCOP protein classes all-α, all-β, α/β and α+β are visualized in a three-dimensional 
PCA-projection (R2X =0.59, Q2 = 0.56 and 3 PCs) using all data (AC- 
transformation of Euclidean distances, and AC- and ACC-transformation of angles 
and physicochemical sequence 33, 34  descriptors). The all-α and all-β chains separated 
completely from each other in this projection, while the α+β and α/β chains 
distributed evenly between them. To analyze the descriptors’ relationships with the 
secondary structure of the protein chains and to identify chain class-specific 
characteristics in the descriptors, the all-α and all-β chains, and the α/β and α+β 
chains, were analyzed in separate PCA models (see following sections). 

 

 
Figure 8.  The first three PC's from PCA of chains from the SCOP classes; the all-α, all-β, α/β and 
α+β, based on three descriptor types; AC-transformed Euclidean distances and AC- and ACC- 
transformed angles and zz-scales. Green, blue, yellow and pink dots indicate all-α chains, all-β chains, 
α/β chains and α + β chains, respectively. (Figure from Paper III). 
 
5.2.1 PCA modeling of all-α and all-β chains 

 
In Paper III, PCA (R2X = 0.35, Q2 = 0.26 and PCs = 3) of 39 all-α (SCOP class A) 
and 43 all-β (SCOP class B) chains based on all data types (see above section 5.2) 
showed a clear separation of the two SCOP classes (Figure 9a,b), primarily due to 
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variations in the AC-transformed angular descriptors and AC-transformed C-α 
Euclidean distance descriptors (see below for details). In addition, intra-class 
separation appeared along the t2-axis, primarily associated to differences in the ACC-

transformed angular descriptor β-sheet/right-handed α-helix (Figure 9b). PCA of the 
all-α and all-β chains based on the C-α distances between residues revealed that 
residues up to 11 residues apart in the sequence were most important for the 
separation of the two classes, while larger C-α distances were important for intra-
class differentiation of chains (Figure 9c,d). The average α-helix length in the dataset 
was 12 and only three α-helices, and no β-sheet, extended beyond 15 residues. Thus, 
the separation of classes obtained using lags (which relate to the transformation using 
AC and ACC and indicate the number of protein residues in a chain between a given 
pair of residues) of 12 or less was likely a direct consequence of the secondary 
structure of the chains. The regularity of the α-helices and β-sheets was thus captured 
by the AC-transformations of the Euclidean C-α distances and related to the SCOP 
classification. Lags higher than 12 confine long-range AC interactions between 
secondary structure motifs in a chain, which are more irregular than the AC 
interactions between successively closer residues, due to the tertiary structure. 
Consequently, any regularity in the tertiary structures of the chains in the dataset was 
not specific to either of the two classes, but rather to individual chains. 

As anticipated, a clear separation of the SCOP classes all-α and all-β chains were 
observed in PCA projections based on AC- and ACC-transformed angular 
descriptors (Figure 9(e-h)). A weak separation of protein chain classes was observed 
in PCA-projections based on the physic-chemical properties of the amino acids in 
the chains sequences´, that is, the AC-zz descriptor data (Figure 9i,j). The greatest 
variation among the chains (t1 axis), was due to the size of the residues (zz2) and was 
particularly marked among the all-β chains (Figure 9i,j), probably because β-sheets 
tend to include bulky amino acid residues (F, Y, W, M, I, V, T or C) 140. For example, 
the chain assigned PDB code 2MCM (Figure 9i) contains a substantially higher 
degree of bulky amino acid residues (38%) than the chain 1AMM (Figure 9i), in 
which 19% of the amino acids are bulky. 
 
 



53 
 

 

 
 

Figure 9. See next page for 
figure caption. 
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Figure 9. The first two PCs obtained from PCA models of SCOP class all-α and all-β chains in Paper 
II based on protein chain descriptors. a, c, e, g and i show score plots with all-α chains indicated as 
green dots and all-β as blue dots. b, d, f, h and j show loading plots for the corresponding descriptor 
type(s). (a–b) All descriptor types. Red dots, AC-dst; black, AC-ang (right handed α-helix); light blue, 
AC-ang (β-sheet); pink, AC-ang (left handed α-helix); brown, ACC-ang (left handed α-helix/right 
handed α-helix); blue, ACC-ang (β-sheet/right-handed α-helix); yellow, ACC-ang (left handed α-
helix/β-sheet); grey, AC-zz and green, ACC-zz. (c–d) AC-dst descriptors. Numbers indicate lag 
lengths. (e–f) AC-ang. Light blue dots, β-sheet; black, right handed α-helix and pink, left handed α-
helix. (g–h) ACC-ang. Yellow dots, left handed α-helix/β-sheet; brown, left handed α-helix/right 
handed α-helix and blue, β-sheet/right-handed α-helix. (i–j) AC-zz descriptors. Purple dots, zz1 
(lipophilicity); green, zz2 (size) and blue, zz3(electronic properties). (Figure from Paper III). 

 
5.2.2 PCA modeling of α+β and α/β chains   

 
In Paper III a PCA projection (R2X = 0.29, Q2 = 0.23 and PCs = 4) of 47 α+β 
(SCOP class C) 49 α/β (SCOP class D) chains based on a combination of all 
descriptor types weakly separated the α/β and α+β SCOP classes (Figure 10a,b). 
Chains of the α/β and α+β SCOP classes in the dataset separated along the first and 
second PCs, and the descriptors that contributed most strongly to the separation 
were the AC-transformed angular descriptors and low and high lags (3-7 and > 20) 
of the AC-transformed Euclidean distance descriptors.  

In PCAs of the remaining data types, ACC-transformed angular data and AC-
transformed zz-scale data, there was no separation of the α+β and α/β classes, hence 
these descriptors did not relate to the SCOP classes and they may be most suitable 
for characterizing and differentiating individual chains. No significant systematic 
variation in the data was detected by the PCA based on ACC-zz descriptors, thus no 
model based on these descriptors is presented. 
 

5.2.3 Local modeling compared to global modeling using Hi-PLS and PLS of the 
SCOP classes A-D 

 
In Paper III, the supervised methods PLS-DA and Hi-PLS-DA were applied to the 
AC-transformed Euclidean distance, angular and zz-scale descriptors and ACC-
transformed angular and zz-scale descriptors to create models using a dataset 
consisting of in total 4217 protein chains for the classification of chains of unknown 
classes in both an internal and an external test set (that were not part of the model 
dataset) (Table 1 in Methods chapter). Initial models including all four classes in the 
same model yielded models where statistics and predictions were poor for chains in 
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the classes α/β and α+β, and moderate for all-α and all-β. Hence, the four SCOP 
classes were divided into two sub-groups, which were modeled separately using all 
descriptor types and the different descriptor blocks separately. 
 

 
 

Figure 10. The first two PCs from PCA models of the SCOP class α/β and α+β chains in Paper III 
based on protein chain descriptors. a, shows score plots of α/β chains indicated with yellow dots and 
α + β chains with pink dots. b shows loading plots for the corresponding descriptor type. (a–b) All 
descriptor types. Red dots, AC-dst; green, ACC-zz; grey, AC-zz; brown, ACC-ang (left handed α-
helix/right handed α-helix); blue, ACC-ang (β-sheet/right-handed α-helix); yellow, ACC-ang (left 
handed α-helix/β-sheet); black, AC-ang (right handed α-helix); light-blue, AC-ang (β-sheet); and pink, 
AC-ang (left handed α-helix). (Figure from Paper III). 
 

For Hi-PLS-DA models for SCOP classes all-α and all-β based on all data and 
this large dataset it was observed, in accordance with the PCA of the aforementioned 
(section 5.2) small dataset of 82 proteins that the most important descriptor-blocks 
were the AC-transformed Euclidean distance descriptors and the AC- and ACC-
transformed angular descriptors (Figure 11a). More, specifically, the underlying PCA 
showed that the most important descriptors were AC-transformed Euclidean 
distance lags 2-15 and the AC- and ACC-transformed angle classification of α-helices 
and β-sheets. 

Interpretation of the Hi-PLS-DA model for discrimination of α/β and α+β 
chains based on all data types revealed that the AC-transformed angular descriptors 
were important for separating the two classes (Figure 11b), where the class α+β 
chains were positively correlated with β-sheet-specific protein backbone angles and 
negatively correlated with right-handed α-helices (shown by the underlying PCA). 
Hence, for this large set of protein chains (as shown by the abovementioned PCA of 
the smaller dataset), the α+β chains had a higher propensity to form β-sheets and 
lower propensity to form right-handed α-helices than the α/β chains (26% and 31%, 
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respectively, for α+β chains, and 20% and 40%, respectively, for α/β chains). The 
AC-transformed Euclidean distance descriptor block was important for the 
separation, especially lags 2-10. In addition, the AC- and ACC-transformed zz-scales 
descriptor-blocks played more important roles in the separation of the α/β and α+β 
classes in the Hi-PLS-DA models than in the Hi-PLS-DA model used for classifying 
all-α and all-β chains. 

The best overall model for differentiating between all-α and all-β chains was the 
PLS-DA (R2Y = 0.91 and Q2 = 0.90) model based on all descriptor types, which 
provided more than 90% correct classifications. Predictions of the internal test set 
gave ≥ 86% correct classifications and less than 1% misclassifications using all 
descriptors or AC-dst and AC-ang separately (Table 4). Predictions of the external 
test set (Table 5) confirmed that PLS-DA models based on all data blocks or separate 
models based on either AC-dst or AC-ang descriptors gave the best results (≥ 93% 
correct classifications and ≤ 0.4% misclassifications). 

Surprisingly, the predictions for all-α chains in the internal and external test sets, 
obtained using any model, resulted in the same 15 chains being unclassified (Paper 
III; Supporting Information). Detailed analysis revealed that these chains included 
relatively large proportions of β-sheets (in most cases roughly equal to their 
proportions of α-helices), thus giving them dissimilar properties from chains that 
more fully merited the designation “all-α” (SCOP class A). 

The best model overall for predicting chains of class α/β and α+β was a PLS-DA 
model based on all data, yielding 78% and 55% correct classifications for their 
respective internal test sets (Table 4). The proportions of misclassified chains of 
classes α/β and α+β were 4.0% and 8.1%, respectively. 

Predictions of the external test set confirmed that PLS-DA gave the highest 
proportions of correct classifications (74% and 54% for classes α/β and α+β, 
respectively; Table 5). The fact that predicting the SCOP classes for α+β and α/β 
chains was generally less successful than for all-α and all-β chains was probably partly 
because of the relatively high degree of structural similarity between the α+β and α/β 
classes, and partly because the descriptors did not capture variations that were 
specific for them. 



 
 

  

Model type Data type No. Mis- 
classifications 

No. Unclassified No. Correct 
classifications 

% Correct 
classificati

on 

% Miss- classification 

  (α) (β) (α) (β) (α) (β) (α) (β) (α) (β) 
PLS-DA All dataa 0 0 9 23 307 234 97 91 0 0 

Hi-PLS-DA All dataa 1 1 13 22 302 235 96 91 0.3 0.5 
PLS-DA AC-dstb 0 0 11 36 305 222 97 86 0 0 
PLS-DA AC-angc 0 0 13 24 303 234 96 91 0 0 
PLS-DA ACC-angc 0 0 10 87 306 171 97 66 0 0 
PLS-DA AC-zzd 16 8 118 108 182 142 58 55 5.1 3.6 
PLS-DA ACC-zzd 40 29 139 125 147 104 47 40 13 13 

           
  (α/β) (α+β) (α/β) (α+β) (α/β) (α+β) (α/β) (α+β) (α/β) (α+β) 

PLS-DA All dataa 14 19 92 88 247 129 78 55 4.0 8.1 
Hi-PLS-DA All dataa 23 11 104 94 226 131 64 56 6.5 4.7 
PLS-DA AC-dstb 15 39 150 108 188 89 53 38 4.2 17 

PLS-DA AC-angc 23 29 123 86 207 121 59 51 6.5 12 
PLS-DA ACC-angc 17 19 118 92 218 125 62 53 4.8 8.1 

PLS-DA AC-zzd 32 44 202 135 119 57 34 24 9.1 19 
PLS-DA ACC-zzd 38 56 168 59 147 121 48 51 11 24 

Model type Data type No. Mis- 
classifications 

No. Unclassified No. Correct  
classifications 

% Correct 
classification 

% Miss-classification 

  (α) (β) (α) (β) (α) (β) (α) (β) (α) (β) 
PLS-DA All dataa 0 1 6 15 215 260 97 94 0.0 0.4 

Hi-PLS-DA All dataa 0 0 8 16 213 260 96 94 0.0 0.0 
PLS-DA AC-dstb 0 0 8 20 213 256 96 93 0.0 0.0 
PLS-DA AC-angc 1 0 9 15 211 261 96 95 0.3 0.0 
PLS-DA ACC-angc 0 1 12 48 209 227 95 82 0.0 0.4 
PLS-DA AC-zzd 20 8 81 94 120 174 54 63 9.0 2.9 
PLS-DA ACC-zzd 21 16 102 139 98 131 44 48 9.5 5.8 

          
  (α/β) (α+β) (α/β) (α+β) (α/β) (α+β) (α/β) (α+β) (α/β) (α+β) 

PLS-DA All dataa 20 47 96 79 324 147 74 54 4.5 17 
Hi-PLS-DA All dataa 18 37 138 87 284 149 65 55 4.1 14 
PLS-DA AC-dstb 22 35 179 119 239 119 54 44 5.0 13 
PLS-DA AC-angc 20 28 138 106 272 139 62 51 4.5 10 
PLS-DA ACC-angc 22 43 123 97 295 133 67 49 5.0 16 
PLS-DA AC-zzd 34 52 256 157 150 64 34 23 7.7 19 
PLS-DA ACC-zzd 28 64 215 133 197 76 49 28 6.3 23 

Table 4. Numbers of chains misclassified, unclassified and correctly classified by PLS-DA and Hi-PLS-DA models 
in the PDB-select dataset internal test set. (Table from Paper III). 

a All data = all AC and ACC transformed data types, b dst = Euclidean C-α atom distance, c ang = φ and ψ angular data, d zz = zz-scales. 

Table 5. Misclassified, unclassified and correct classified chains by PLS-DA and Hi-PLS-DA models in the PDB-select 
dataset external test set. (Table from Paper III). 

a All data = all AC and ACC transformed data types, b dst = Euclidean C-α atom distance, c ang = φ and ψ angular data, d zz = zz-scales. 



 

 
Figure 11. Loading plots for the first component of Hi-PLS-DA models in Paper II showing the 
relationship between the predicted SCOP classes and the protein chain descriptor types. (a) The 
model based on protein chains of the classes all-α and all-β. (b) The model based on protein chains of 
the classes α/β and α+β. (Figure from Paper III). 
 

In a different study, Nishikawa et al. 29, 30 reportedly correctly assigned protein 
classes to 80% of  356 chains (mainly α/β), Bahar et al. 141, correctly classified 81% 
and 67% of chains of the α+β and α/β SCOP classes, respectively, using SVD and an 
external test set, while Cai et al. 142 reptorted similar proportions using SVM. 
However, different datasets and methods were applied in these studies, compared to 
the study presented in Paper III. 
 

5.3 Modeling protein ligand interactions: Ligand-to-protein affinity prediction  
 
5.3.1 Hi-PLS modeling of ligand affinity (pKd/i) and protein, ligand and interaction 

descriptors in relation to SCOP class 
 
In Paper I, refinement (see the Methods chapter) of the 2002 release of the PDBbind 
database left information, including biological data, on 612 protein-ligand complexes 
from four SCOP classes (A, B, C and D, see the Methods section) with sufficient 
representatives for appropriate multivariate modeling. Two-thirds of the complexes 
were chosen as training sets, while the remainder used as internal test sets. New 
entries in the 2003 release of the PDBbind database were used as the external test 
set. The number of complexes in each set (and class) is given in Table 2. Modeling 
was performed using four different descriptor blocks representing: i) 3D 
characterization of the protein structures (AC-transformed Euclidian distances 
between C-α atoms and AC- and ACC-transformed φ/ψ angles, also applied in Paper 
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III); ii) physicochemical properties of the binding sites; iii) the interactions between 
the proteins and ligands; and iv) the ligands themselves. Separate PCA models (one 
for each of the four descriptor blocks) were calculated for classes A-D, as well as for 
the complete set (referred to as ABCD). The resulting PCA scores were used as input 
variables in five Hi-PLS models (the ABCD model and four models for the separate 
SCOP classes with pKd/i as the response and square and cross terms added for the 
variables).  

In Paper I, Hi-PLS modeling of all protein classes (Class ABCD) in the same Hi-
PLS model showed that all four descriptor blocks contributed to the model, since the 
Hi-PLS weights (w1) for each block differed considerably from zero (Figure 12a). It 
can also be seen that the majority of the extracted PCA scores contributed to the 
model. However, for the ligand descriptors the first PCA score seemed to dominate. 
This component is correlated with the size of the ligands, larger molecules, as 
expected, being predicted to give stronger binding. In this global model, it can also 
be seen that the number of nonlinear terms included was fairly small, although those 
that were included made notable contributions. The PCA scores obtained from 
descriptors for the protein structures using the AC-transformed Euclidian distances 
between C-α atoms and AC- and ACC-transformed φ/ψ angles resulted in four 
principal components. The first and third components, in particular, agreed well with 
the SCOP classifications, as can be seen in Figure 13, in which classes all-α and all-β 
form elongated groups with classes α/β and α+β between them (cf. Figure 8). 

In Paper I, to investigate local modeling based on the SCOP classification and 
the relationships between SCOP class, pKd/i and descriptors the dataset was split into 
four parts, one for each SCOP class A-D, which were modeled in separate Hi-PLS 
and PLS models. Hi-PLS modeling of SCOP class all-α (structures consisting 
predominantly of α-helices) showed, after inspection of the w1 weights, that the 
binding site surface and ligand descriptor blocks and cross terms appeared to have 
the strongest impact on the model, while the structural descriptors were of minor 
importance for this SCOP class (see Figure 12b). The most important underlying 
properties of the binding site were its hydrophobic surface area (which showed a 
positive correlation to pKd/i) and polar surface area descriptors (which showed 
negative correlations to pKd/i). The original descriptors that appeared to be important 
in the PCA related to ligand properties were molecular weight and other size-related 
variables, for example, the van der Waals surface area and volume. 
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Figure 12. The Hi-PLS weight 
vectors (w1) of the four PCA 
condensed descriptor types. 
Structure: 3D-Structure of proteins 
as represented by AC-transformed 
Euclidean C-α distances and AC- 
and ACC- transformed φ/ψ angles. 
Prot/Lig: Protein-ligand 
interaction descriptors as 
implemented as described in the 
Validate scoring function. Surface: 
Surface descriptors derived using 
MOE and five different atom 
types SASA. a) the w1 for a global 
model including all objects, b-d) 
local models for each respective 
SCOP class A-D. 

 
The secondary structures 

of proteins in SCOP class 
all-β consist predominantly 
of β-sheets. The 
interpretation of the Hi-PLS 
model weight plot for this 
SCOP class (Figure 12c) 
revealed that the strongest 
binders in this protein class 

have a large, hydrophobic protein binding sites with both hydrogen donors and 
hydrogen acceptors (as indicated by the positive correlations between pKd/i and the 
total surface area, the hydrophobic surface area, and the acceptor and donor surface 
areas). Also, the interpretation of the influence of protein-ligand interaction 
descriptors showed that hydrophobic interactions between the ligand and protein 
were important for strong binding. Thus, hydrophobic properties correlated more 
significantly to pKd/I (then for SCOP class all-α) than for SCOP class all-α. This is 
probably because β-sheets tend to include bulky amino acid residues (F, Y, W, M, I, 
V, T or C) 140. Besides a positive correlation between pKd/i and ligand size, the model 
also showed a negative correlation for ligands with a large fraction of polar-water-
accessible surface and high mass density. Another notable feature is that the number 
of nonlinear terms were large (Figure 12c). 
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The structure of the proteins in SCOP class α/β includes interspersed α-helices 
and β-sheets. The Hi-PLS model weight plot (Figure 12d) for this class shows that 
the structural variables of the protein had a strong influence on the model, which 
may reflect the greater importance of protein structure for predicting the pKd/i values 
in this class than for SCOP classes all-α, all-β and α+β, for which structural variables 
had lower w1 weights than the other variables. Furthermore, interpretation of the 
influence of the protein-ligand interaction descriptors revealed that the potential van 
der Waals energy of the system and the steric fit of the ligands correlated positively 
with pKd/i. Similar aspects of the underlying surface and ligand descriptors seemed to 
be essential for strong binding interactions for ligands in this class of proteins to 
those found for SCOP classes all-α and all-β, including hydrophobic binding sites 
and large ligands. 

 
Figure 13. Score plot of the first and third 
principal components after compression of 
the multivariate characterization of the 
protein structure as represented by AC-
transformed Euclidean C-α distances and 
AC- and ACC- transformed φ/ψ  angles. 
(Figure from Paper I). 

 
 
Proteins belonging to SCOP class 

α+β contain segregated α-helices and 
β-sheets. The interpretation of the 
Hi-PLS model weight plot (Figure 
12e) for this class focused on 
protein-ligand interactions and 
binding site surface area, showing 

that complementary hydrophobic interactions favored strong binding, together with 
the occurrence of hydrogen-bond -donating and -accepting areas in the binding site. 
Besides ligand size, two other PCA loading vectors correlated strongly to the pKd/i 
values, and interestingly, these did not reflect the weight of the ligands. On the 
contrary, they were dominated by fractional ligand surface areas; fractions of 
hydrophobic and negative surface area having a positive correlation with pKd/i, while 
fractions of polar and positive surface areas had a negative effect. Furthermore, 
increased numbers of aromatic atoms and bonds, and high lipophilicity of the ligand, 
should, according to the model, increase the binding strength. 
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To summarize, four descriptor matrices were used in the modeling in Paper I, 
representing 3D characterizations of the protein structures and physic-chemical 
characterizations of the protein binding sites, the interactions between the proteins 
and ligands, and the ligands themselves. Theses descriptors were related to the SCOP 
classification and used for the modeling of pKd/i values for affinity (and prediction of 
pKd/I, see below, section 5.3.2). Originally these descriptor matrices were of different 
sizes, which would have biased their influence on the models if they had been used 
unchanged. This potential problem was circumvented by compressing the separate 
data sets using PCA, yielding almost the same numbers of variables for all descriptor 
matrices.  The fact that all four descriptor matrices were shown to be important in 
the modeling procedure strengthens the hypothesis that features believed to be 
important for binding, for example, properties of protein and ligand, can be modeled 
separately and merged to constitute a larger descriptor matrix. In addition, Hi-PLS 
proved to be a valuable method for dealing with cross and square terms (which PLS 
could not have coped with satisfactorily). 
 
5.3.2 Local modeling compared to global modeling using Hi-PLS and PLS for the 

prediction of pKd/i for SCOP classes A-D 
 

In Paper I, Hi-PLS models (Table 6) were used for predicting pKd/i for SCOP classes 
A-D and a global model including all four classes (Figure 14(a-o) both for an internal 
and an external test set, reported as RMSEPint and RMSEPext (Table 6). The best 
predictions for the internal test set were obtained for classes all-α (RMSEPint=0.80) 
and α+β (RMSEPint=1.13), and the poorest for class all-β (RMSEPint=1.56) and the 
global model (RMSEPint=1.65). For the external test set the best predictions were 
again observed for classes all-α (RMSEPext = 1.66) and α+β (RMSEPext=1.45), and the 
poorest for class α/β (RMSEPext=2.52) and the global model (RMSEPext=1.75). 
According to the statistical data (Table 6) the model for the class α/β complexes was 
weaker than the models for any of the other subsets considered in Paper I. Further, 
Hi-PLS modeling of all classes in the same model had poor statistical data and gave 
poorer predictions than the local models (RMSEPint=1.65 and RMSEPext=1.92). 
These results, together with the statistical data (Table 6), indicate that the Hi-PLS 
methodology modeled the interactions of the class α+β proteins more successfully 
than those of any other classes considered here. Thus, standard PLS models (global 
and local models) for the same internal and external test sets as above (Table 2) 
yielded predictions with higher RMSPEint and RMSEPext errors than Hi-PLS models. 
In fact, for SCOP class all-α, no model could be calculated using PLS, probably 
because Hi-PLS is a more efficient method for large and complex data sets than 
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standard PLS. A key feature of the Hi-PLS modeling was the inclusion of nonlinear 
terms, which were not included in the standard PLS (for computational reasons). On 
the basis of the results presented, one can conclude that the Hi-PLS models were 
moderately successful for classes all-α and α+β while the models for class all-β class 
α/β, and class ABCD (all complexes) gave rather weak predictions. 

Many of the deviating observations in the resulting Hi-PLS models were also 
common deviators in analyses by several popular scoring functions that have 
previously proved difficult to apply using linear approaches, such as standard PLS, or 
nonlinear regression modeling 85. It was anticipated that the use of Hi-PLS modeling 
with nonlinear terms could improve the predictions for these known deviators. 

A comparison of the estimation errors of the pKd/i values of 19 outliers in 
scoring functions reported by Wang et al 143 and the corresponding errors in the Hi-
PLS models is shown in Table 7, highlighting the fact that very good and very poor 
binders are difficult to model. The Hi-PLS models gave better pKd/i estimations 
(improvements of more than one log unit) for six of these complexes, while the 
errors for the remaining 10 complexes were in the same range as those obtained by 
the commonly used scoring functions (calculations could not be completed for three 
complexes).  
 

   Table 6. Summary of statistical data for the Hi-PLS modelsa. (Table from Paper I). 

 
 
Results showed that the errors in the Hi-PLS modeled or predicted pKd/i values 

were in the same range, or lower, than those of previously reported values. Generally, 
the deviators in the models were complexes in which a major conformational change 
occurs upon binding or complexes that have unusual geometries due to ligand-metal 
chelation that has not yet been sufficiently parameterized in the applied force field. 
For example, the main deviators in class α+β were the complexes 1AI4 (pKi(exptl) = 
2.50, pKi(calcd) = 4.61), 1AJN (pKi(exptl) = 2.64, pKi(calcd) = 5.24), and 1AJP (pKi(exptl) = 
2.23, pKi(calcd) = 5.26) of the enzyme penicillin acylase, which catalyses the cleavage of 
an amide bond in benzylpenicillin (encircled objects in Figure 14m,n). Done et al. 
have shown that two subsets of substrates of this enzyme bind via two different 

Class number of PLS 
components 

Rtra2 Q2 Rint2 Rext2 RMSEE RMSEPint RMSEPext 

ABCD 1 0.25 0.22 0.40 0.17 1.95 1.65 1.92 
A 1 0.73 0.27 0.67 0.21 1.20 0.80 1.66 
B 1 0.41 0.30 0.50 0.31 1.60 1.56 1.86 
C 1 0.36 0.15 0.50 0.16 1.97 1.43 2.52 
D 1 0.64 0.50 0.77 0.29 1.19 1.13 1.45 

a tra ) training set; int ) internal test set; ext ) external test set. 
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modes 144. The binding of one of the subsets of ligands (comprising the deviating 
complexes 1AI4, 1AJN, and 1AJP) causes a major conformational change in the 
protein. The complexes which do not induce this movement (1AJQ and 1AI7) were 
not deviators in the models: 1AJQ (pKi(exptl) = 4.31, pKi(calcd) = 3.91), 1AI7 (pKi(exptl) = 
4.09, pKi(calcd) = 3.45). Other deviating binders were the class all-β ligands (encircled in 
Figure 14g) in complexes 4SGA (pKi(exptl) = 3.20, pKi(calcd) = 7.20) and 5SGA (pKi(exptl) 
= 2.85, pKi(calcd) = 7.17). The incorrect predictions in each of these cases may have 
been due to a very large conformational movement of an imidazole ring upon 
binding and the displacement of 16 water molecules which occupy the active site in 
the unbound state. These outliers then lead to the conclusion that better scoring for 
binding should include corrections for conformational changes and the solvent 
(issues envisioned to be tackled to some degree by the work in Papers IV and V). 

 
 
 

PDB 

code 

SCOP 

Class 

-log(Kd/i) 

observed 

- log(Kd/i) 

modeled a 
Error of 

estimated value 

Mean error in 

scoring function b 

1n4k A 10.05 8.10e - 1.95 4.33 
1b8o A 10.64 d d 4.29 
1swn B 12.00 7.00f - 5.00 5.49 
1swk B 12.00 7.00e - 5.00 5.20 
1zsb B 0.60 5.46e + 4.86 4.57 
1if7 B 10.52 c c 4.47 
1bnn B 10.00 c c 4.09 
5sga B 2.85 7.17e + 4.32 3.98 
7cpa C 13.96 14.94e + 0.98 6.24 
1ctu C 11.92 5.46e - 6.46 5.95 
1qpb C 1.36 5.60e + 4.24 5.46 
1els C 10.82 7.45e - 3.37 5.41 
1duv C 11.80 7.01e - 4.79 4.98 
1dqx C 11.05 6.14e - 4.91 4.80 
1lor C 11.06 5.93e - 5.13 4.70 
1rbo C 10.55 9.00e -1.55 4.36 
1xli C 1.48 2.57e + 1.09 4.34 
1m0n C 2.22 5.99e + 3.77 4.25 
1m0o C 2.31 5.71f +3.40 4.09 

Table 7. 19 outliers as reported by Wang in a comparative study of five common scoring functions, 
compared to the values modeled by the four separate (A-D) Hi-PLS models presented in Figure 14. 
(Table from Paper I). 

a Value obtained using the Hi-PLS models in Paper I. b The mean error of the values reported by Wang obtained using five popular 
scoring functions.12 c Training set estimation. d Excluded due to the presence of PO4 3- in the binding site. e Test set prediction. f 
Excluded because of the presence of an Hg+ ion in the binding site but not included in the assay. 
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Figure 14. Results of the Hi-PLS modeling based on the total set of complexes (ABCD) and local 
models for each SCOP class, showing (a, d, g, j and m) the calculated pKd/i  values of the training 
set versus the experimental data,  (b, e, h, k and n); the predicted pKd/i values of the internal test set 
versus experimental data and (c, f, I, l and o); the predicted pKd/i values of the external test set 
versus experimental data. 
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5.3.3 ∆G binding free energy calculations using implicit solvation models for a 
con-generic series of Factor Xa ligands 

 
In Paper V, various implicit solvation models, coupled with an MM-GB/PB-SA 
approach for the calculation of ∆Gbind were applied to a set of Factor Xa ligands 
(Paper V; Table 2) in a lead optimization simulated scenario to evaluate their effects 
on re-scoring docking-generated ligand poses (Scheme 4 presents an overview of the 
re-scoring protocol).  

 
 

 
Compared to the GoldScore ranking (after docking) of the Factor Xa dataset re-
scoring significantly improved the correlation between pKi and calculated ∆Gbind 
values, since GoldScore did not find a significant correlation between pKi and 
GoldScore values (R2 = 0.08) (Figure 15). GoldScore was also less able to 
discriminate between the best binder and the poorest binder in the dataset compared 
to the most successful approach using a PB solvent model (R2 = 0.87 with an SA 
term) (Figure 16 and Table 8). Results further indicated that pose filtering by 
selecting the lowest ∆Gbind re-scored pose gave an improvement over selection of the 
re-scored top GoldScore pose. Selecting the lowest ∆Gbind pose improved the R

2 
correlation between the experimental pKi and calculated ∆Gbind values for the Factor 
Xa dataset by as much as 0.2 (for the GB-HCT-SA solvent model; R2 lowest  ∆Gbind = 
0.75 and R2

top pose = 0.55) and 0.09 for the PB model (Figure 16), but yielded no 
significant improvement for either the GB-OBC-2 or GB-OBC-2+SA solvent models. 

Scheme 4. Overview of 
the re-scoring protocol 
developed in Paper IV and 
V. In Paper IV the effect 
of solvent models on the 
geometry optimization 
and in Paper V on re-
scoring was investigated. 
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As can be seen in Table 8 the approach successfully yielded correct relative 
rankings using all solvent models except GB-OBC-2 and GB-OBC-2+SA (R2 = 0.04 and 0.02 
with and without the SA-term, respectively) and the EMM energy (R

2 = 0.00, both 
with and without the SA-term). Failures for the GB-OBC-2 and GB-OBC-2+SA solvent 
models were largely due to aberrant rankings for complexes 1FOR, 1FOS and 2J2U 
(Paper V; Figure 3). The use of energy calculations with or without an SA-term made 
no significant difference to the correlations. 
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Figure 15. Goldscore plotted to experimental pKi values for top poses in Factor Xa dataset. 
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Figure 16. Calculated ∆∆Gbind using various solvent models plotted to pKi for Factor Xa dataset. 
Low E = Lowest ∆Gbind re-scored pose, top pose = top GoldScore ∆Gbind re-scored pose. 
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5.4 Modeling protein ligand interactions: Pose geometry modeling 
 

5.4.1 Geometry optimization of docking poses using energy minimization and 
implicit solvation models 

 

In Paper IV improvements in the RMSD between X-ray poses and docking-
generated poses (the best pose from up to 200 poses) offered by energy minimization 
using implicit solvation models (GB-HCT, GB-OBC1, GB-OBC2 and GBn, all with and 
without an SA term), PB and energy minimization without a solvent model were 
investigated, following the general scheme shown in Scheme 3. A diverse dataset of 
30 ligand-protein complexes of high X-ray quality was selected for this study (Paper 
IV: Table 1 and Supporting Information). The average improvement in RMSD was 
non-significant for all solvent models. However, for six of the ligands (pdb codes 
1C5C, 1KSN, 1SBG, 1STP, 1XKA and 2CGR) RMSD values were significantly 
improved. The results obtained with the GB-HCT solvent model were improved by 
0.15 – 0.43 Å, and for some atoms the improvements were much greater (Figure 17 
and Table 9). For example, improvements in the geometry of single atoms in 
complex 1STP of up to 1.17 Å were obtained.  
Looking at the chemical structure of the six that were improved, it was clear that in 
most cases conformational changes of a ring system and its substituent of a phenyl 
ring gave improvement of the pose (Paper IV; Figure 2). The five docking poses that 
were significantly improved all had a very good starting pose with RMSD values of 
0.68-1.02 Å. This highlighted the fact that the initial poses used in an MM-based 
geometry optimization need to be good, and hence the usefulness of applying a pose-
filtering method before conducting an energy minimization. The use of SA terms did 
not have any influence. This could be seen both in the score and loading plots of a 
PCA (R2X= 0.97, Q2 = 0.90 and PC’s = 2) based on RMSD differences (Paper IV; 
Figure 4) and in the visual inspection of the binding poses. 
 

 PB EMM GBHCT GBHCTSA GBOBC1 GBOBC1SA GBOBC2 GBOBC2SA 

R2 (∆Gbind-  
lowest energy 

pose) 0.87 0.01 0.72 0.75 0.69 0.68 0.04 0.04 
R2 (∆Gbind-  

top GoldScore 
pose) 0.78 0.00 0.56 0.55 0.54 0.53 0.02 0.01 

Table 8. R2 values for correlation between ∆Gbind and experimental binding (pKi) using various  
solvent models for calculating ∆Gbind in a dataset of nine Factor Xa con-generic ligands. 
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5.4.2 A protocol for optimizing the geometry of docking-generated ligand poses 
 
In Paper IV it was found that all solvent models (GB-HCT, GB-OBC1, GB-OBC2, GBn,  
PB and energy minimization without a solvent model) performed similarly, with 
respect to improvements in RMSD between X-ray poses and geometry-optimized 
poses, and also compared to the use of no solvent model in the energy 
minimizations. Other factors were also used to evaluate the performance and 
establish a protocol for geometry improvement, as highlighted in bold in Scheme 3. 
For instance, the energy minimization of the atoms in the binding site and the 
minimization of the whole complex gave similar results for all methods, confirming 
that geometry optimization of solely the atoms in the binding site is sufficient (Paper 
IV; Supporting Information). In addition, the CPU times required for the various GB 
methods were in the same range, although CPU times for EMM and PB differed from 
the GB methods by factors of x0.1 and x10 respectively (Paper IV; Supporting 
Information). The numbers of cycle runs that should be used for the energy 
minimization of the binding site was also evaluated, and this variable was found to 
have a quite strong effect on the geometry optimization (Figure 18). The results 
showed that the main improvements were gained after the first 200 cycles and that 
more than 500 cycles resulted in worse poses for some complexes. When using PB it 
seems that the minimization may not have converged using the 500 cycles. The 
results in Paper IV indicated that 300 runs should be applied to the binding sites in 
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Figure 17. RMSD for docking poses before and after energy minimization. The 
six ligands with significant RMSD changes (discussed in the text) are encircled. 
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pose-filtering based on target-specific criteria for geometry optimization through 
energy minimization with the GB-HCT solvent model, or without a solvent model, in a 
virtual screening application. 
 
 

 
5.4.3 Pose-filtering based on calculated ∆Gbind values of geometry-optimized 

docking-generated poses 
 
In Paper V pose filtering by energy minimization (as explored in Paper IV) and MM-
GB/PB-SA re-scoring (selecting the lowest ∆Gbind pose) of docking-generated poses 
for a set of 14 ligands to five macromolecular targets (Paper V; Table 1) was 
evaluated. Results showed that the selected solvent model used in the re-scoring had 
a significant effect. (Scheme 4 shows a general overview of the re-scoring procedure). 
The solvent models that most often determined the lowest ∆Gbind pose to be the 
pose with the lowest RMSD with respect to the X-ray pose were PB and GB-HCT+SA 
solvent models, for which the lowest ∆Gbind pose was also closest in RMSD to the X-
ray pose for eight out of 14 ligands (Paper V; Table 3). The GB-OBC-2 and GB-OBC-2+SA 
models correctly selected only three out of 14 poses as the bioactive poses. 
Somewhat surprisingly, re-scoring using only the EMM (i.e. rescoring without a solvent 
or SA model), gave better results and selected seven out of 14 poses correctly. The 
Euclidean distances between incorrectly selected poses (i.e. poses with the lowest 
∆Gbind that were not among those closest in RMSD to the X-ray pose) showed that 
the largest errors were obtained using GB-OBC-2 and GB-OBC-2+SA (Paper V; Table 3), 
which failed to find a relatively similar pose in seven and eight cases, respectively. 

In Paper V it was also found that the correlations (R2) between RMSD and 
calculated ∆Gbind values exceeded 0.5 in eight cases using GB

-OBC-1 and GB-OBC-1+SA, six  
 

PDB 
code       

Maximum individual  
atom improvements (Å) 

Minimum individual  
atom improvements (Å) 

1c5c -0.34 -0.32 -0.25 -0.24 -0.23 0.05 0.04 0.03 -0.06 -0.06 
1ksn -0.91 -0.51 -0.48 -0.48 -0.42 0.23 0.16 0.14 0.12 0.09 
1sbg -0.69 -0.67 -0.57 -0.48 -0.47 0.26 0.25 0.17 0.14 0.12 
1stp -1.17 -0.87 -0.82 -0.71 -0.68 0.43 0.20 0.15 0.05 0.00 
1xka -0.83 -0.55 -0.54 -0.50 -0.48 0.67 0.55 0.23 0.21 0.08 
2cgr -0.91 -0.81 -0.65 -0.65 -0.61 0.35 -0.21 -0.24 -0.26 -0.29 
Avg. -0.81 -0.62 -0.55 -0.51 -0.48 0.33 0.17 0.08 0.03 -0.01 

Table 9. Improvements in the geometry of 10 individual atoms in six complexes after energy  
minimization. 
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cases using PB, GB-HCT-1 and GB-HCT+SA, five cases using EMM and only two cases 
using GB-OBC-2 and GB-OBC-2+SA (Table 10). The best correlation for a single complex 
was seen for the five poses of complex 1O39 (R2 = 0.90) using the GB-HCT type 
solvent model, and only the GB-OBC-2 type models failed to yield a correlation 
between RMSD and energy for this complex.  
 
Table 10. R2 values for correlation between RMSD and calculated free energy of binding using 
various solvent models and MM-GB/PB-SA method.  Grey = R2 < 0.25, light grey = R2 < 0.50 and 
no color = R2 > 0.49. 

 
In addition, in Paper V PCA was used to evaluate the performance of re-scoring 

using ∆Gbind and various solvent models. The first two PCs of a resulting PCA model 
(R2X = 0.87 and Q2 = 0.5) based on Euclidean distances (see Methods chapter) and 
R2 values of RMSD plotted against ∆Gbind revealed that the first component 
separated solvent methods that performed well (PB and the GB-HCT and GB-OBC-1 
methods) and poorly (GB-OBC-2 and GB-OBC-2+SA) (Figure 19). For instance, for the 
complex 1LPG the two variables indicated as R2 = 1LPG-R and Euclidean distance 
= 1LPG-E were separated only along the first component of the score plot and 
projected close to PB and GB-OBC-1, indicating that R2 is highest using PB and lowest 
using GB-OBC-2 and GB-OBC-2-SA. The second component separated individual 
complexes on the basis of differences with respect to R2 and Euclidean distances. 
Again, 1LPG-E was projected close to GB-OBC-2 and GB-OBC-2+SA, indicating high 
values for the Euclidean distances, and far from PB and GB-OBC-1 and GB-OBC-1+SA, 
indicating low Euclidean distances. Thus, for 1LPG it would be advisable to use PB 
for rescoring. Since EMM and PB were projected close to the center of the score plot, 
these methods appear to perform similarly for all complexes (note that they perform 

PDB 
code EMM PB GBOBC1 GBOB1CSA GBHCT GBHCTSA GBOBC2SA GBOBC2 

1c83 -0.48 -0.35 0.25 -0.48 -0.19 -0.19 -0.44 -0.17 
1c84 0.46 0.35 0.52 0.52 0.06 0.06 0.06 0.06 
1c87 0.73 0.67 0.77 0.65 0.57 0.56 0.54 0.54 
1c88 0.01 0.07 0.27 0.27 0.04 0.04 0.00 0.00 
1gja 0.61 0.38 0.51 0.53 0.00 0.00 0.00 0.00 
1lpg 0.80 0.94 0.81 0.84 0.62 0.62 0.09 -0.31 
1o2z 0.06 0.39 0.26 0.25 0.00 0.00 0.06 0.06 
1o32 0.25 0.47 0.55 0.25 0.57 0.57 0.08 0.08 
1o37 0.48 0.82 0.46 0.45 0.00 0.00 -0.07 -0.07 
1o39 0.60 0.87 0.79 0.78 0.90 0.90 0.03 0.03 
1tng 0.04 0.79 0.69 0.69 0.81 0.82 -0.04 -0.04 
1tni 0.00 0.22 0.09 0.09 0.16 0.14 0.00 0.00 
1tnj 0.74 0.90 0.54 0.53 0.65 0.57 0.61 0.61 
1tnl 0.16 0.00 0.05 0.05 0.41 0.41 -0.42 -0.40 
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differently with respect to each other but yield most similar results over all poses). 
The above results in Paper V indicated that PB should be the preferred choice of 
solvent model for rescoring when using a wide range of complexes and that there are 
opportunities to optimize the selection of solvent model depending on the type of 
ligand-protein complex under investigation. 
 

 
Figure 19. PCA showing PC1 and PC2 of the variation in the dataset as given by the various solvent 
models used in the re-scoring (left panel) with respect to Euclidean distance metric (E and blue) and 
R2 (R and red) (right panel). R2 is the Person correlation between RMSD and calculated ∆Gbind. 
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6. SUMMARY AND CONCLUSIONS 
 
The work underlying this thesis focused on three elements of drug discovery: i) 
characterization of macromolecules, and investigation of the ligand-macromolecule 
binding event with respect to ii) the geometry of the bound ligand and iii) the 
binding affinity of the ligand. 

In Paper I the performance of PLS and Hi-PLS models was investigated in terms 
of their ability to predict the affinity of ligands for proteins. Results indicated that all 
types of descriptors used in the models contributed to their predictive ability, hence, 
in Paper III the descriptors developed in Paper I describing the 3D structure of 
proteins were further investigated with respect to their relationships to secondary 
structural elements. The results of the study presented in Paper I also prompted the 
development of a protocol for the pre-treatment of ligand-protein complexes that 
was applied in Paper II to select a set protein-ligand complexes used in a study of 
docking parameters´ effects on docking outcomes. Common errors in Paper I were 
related to the inability of the models to capture conformational and solvent effects 
upon binding. This led to an investigation, described in Paper IV, to determine 
whether it was possible to improve the geometry of ligand-protein complexes using 
MM energy minimization of the complexes with an implicit solvent model. 
Furthermore, in Paper V re-ranking, using MM-GB/PB-SA rescoring, of docking-
generated poses was investigated using the MM protocol developed in Paper IV and 
applied in a drug-discovery scenario. 
 
The specific conclusions of the work described in each paper included in this thesis 
were as follows: 
 
Paper I: Hi-PLS and PLS prediction of binding affinity for a comprehensive dataset 
 

� All descriptor blocks contributed to the Hi-PLS models, differences in the 
importance of blocks could be detected and interpreted, and both square and 
cross terms improved the models. 

� Binding affinity could be more correctly predicted using Hi-PLS than 
standard PLS models and external validation of the models confirmed their 
predictive power. 

� Better results were generally found using local models based on SCOP classes 
than the global model. 
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� The Hi-PLS models were moderately successful for SCOP classes all-α and 
α+β, while the models for classes all-β, all-α/β, and ABCD (all complexes) 
gave rather weak predictions of pKi. 

� Predictions for known deviators were comparable to those yielded by 
common scoring functions and deviating objects could be explained. The 
main reasons for their deviations were conformational changes upon binding, 
metal chelation in the binding site and solvent effects.  

� A protocol for ligand and protein pretreatment was established, and also 
applied in Paper II 

 
Paper II: Multivariate approach for evaluating docking software parameters 
 

� A multivariate procedure for evaluation the effects of docking parameters on 
docking was developed. 

� Selecting the best docking parameters improved results for certain complexes 
compared to default settings for the docking software GOLD and FRED. 

� The most important parameters for FRED and GOLD were the selected 
scoring function and the number of operations, respectively. 

� A protocol for ligand and protein pre-treatment developed in Paper I was 
successfully applied in optimizing docking results. 

 
Paper III: Protein secondary structure characterization and Hi-PLS-DA and PLS-DA 
prediction of SCOP class 
 

� C-α atom Euclidean distance descriptors and, as anticipated, the ψ and φ 
angle descriptors related to the secondary structure of chains and to SCOP 
class-specific characteristics. 

� Physicochemical zz-scales sequence descriptors related to intra-class 
variations of chains. 

� The most important Euclidean distance descriptors related to the length of α-
helices and β-sheets. 

� The classification method was highly accurate for all-α chains and all-β chains 
using the PLS-DA and Hi-PLS-DA models based on all descriptor types. The 
intermediate classes α/β and α+β were more difficult to assign to SCOP 
classes. 

� A straightforward method for assigning protein structural class was 
presented.   
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Paper IV: Geometry optimization of ligand-protein poses generated by docking 
 

� Generally, improvements in average RMSD for a set of 30 ligands obtained 
using different solvent methods were minor, and very similar, however for six 
ligands significant improvements could be seen both on average and for 
individual atoms. 

� Results indicated that for a geometry optimization protocol to be most 
successful the starting poses should be as close to the bioactive pose as 
possible, prompting the use of a pose filter prior to geometry optimization. 

� PCA could be used as a guide to select appropriate solvent models (according 
to the type of ligand-protein complex under investigation) in geometry 
optimization.  

� CPU timings showed that energy minimizations were about 10 times faster if 
GB-type solvent models were applied than if PB models were applied. 

� A protocol for geometry optimization of a ligand-pose in a protein binding 
site, applicable to post virtual screening-generated poses, was developed. 

 
Paper V: Filtering and re-scoring of ligand-protein poses generated by docking 
 

� Pose filtering using PB and GB-OBC-1-type solvent models outperformed other 
methods and GB-OBC-2 performed more poorly than any other tested type of 
model for a set of 14 ligands to five macromolecular targets. 

� PCA could be used as a guide to select appropriate solvent models (according 
to the type of ligand-protein complex under investigation) in re-scoring. 

� For predicting the relative potencies of a con-generic series of Factor Xa 
ligands PB performed very well, yielding R2 > 0.8 between calculated ∆∆Gbind 

and pKi.values. 
� The re-scored poses with the lowest ∆Gbind values gave better correlations 

with experimental results than the re-scored top GoldScore poses. 
� A protocol for re-scoring ligand-poses, applicable to post virtual screening-

generated poses, was developed. 
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7. FUTURE OUTLOOK 
 
Further developments of relevant descriptors (such as accounting for induced fit and 
solvent effects) together with refinement of the regression method (using e.g. O-
PLS100 O2-PLS and PLS-trees (analogous to classification and regression trees based 
on PLS scores) offer promising approaches to investigate the improvement of ligand-
binding affinity predictions done in Paper I.  Likewise, investigating the value of O-
PLS to the protein descriptors presented in Paper III for removing data not related 
with the secondary structure as well as PLS-trees to classification of subsets of chains 
in SCOP database. With O2-PLS it would be possible to find out which information 
is unique and which data overlap for blocks of data. 

Results presented in Paper II indicated that the multivariate protocol could be 
further extended to other software (any kind that is controlled by a set of 
parameters).  

The results in Paper IV indicate that the GB-HCT solvent model was most suitable 
for geometry optimization and was thus applied in the geometry optimization prior 
to re-scoring in Paper V. Here is room for investigating how different solvent models 
in the re-scoring energy minimizations would have affected the pose “fine-tuning” 
towards the important interactions. This is important to investigate since it is likely 
that small differences in RMSD could mask differences in important interactions and 
be manifested in large differences in ∆Gbind and as results the re-scoring. Of course, it 
would be appealing to test other geometry optimization methods, such as MD 
simulations coupled with for instance low-mode (LMOD)145 search tools. 

Also in Paper V, investigation the effect of the references states used in the MM-
GB/PB-SA rescoring should be made, specifically, the determination of the ligands’ 
reference state in solvent. Furthermore, the use of the MM-GB/PB-SA re-scoring 
protocol presented in Paper V should be extended to other macromolecular targets 
and applied in a full virtual screening scenario, preferably using a dataset of decoys 
(e.g. DUD 146). 
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