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Abstract

Metal cations are essential to life. About one-third of all proteins require metal cofactors to

accurately fold or to function. Computer simulations using empirical parameters and classical

molecular mechanics models (force �elds) are the standard tool to investigate proteins' structural

dynamics and functions in silico . Despite many successes, the accuracy of force �elds is limited

when cations are involved. The focus of this thesis is the development of tools and strategies

to create system-speci�c force �eld parameters to accurately describe cation-protein interactions.

The accuracy of a force �eld mainly relies on (i) the parameters derived from increasingly large

quantum chemistry or experimental data and (ii) the physics behind the energy formula.

The �rst part of this thesis presents a large and comprehensive quantum chemistry data set on a

consistent computational footing that can be used for force �eld parameterization and benchmark-

ing. The data set covers dipeptides of the 20 proteinogenic amino acids with di�erent possible side

chain protonation states, 3 divalent cations (Ca2+ , Mg2+ , and Ba2+ ), and a wide relative energy

range. Crucial properties related to force �eld development, such as partial charges, interaction

energies, etc., are also provided. To make the data available, the data set was uploaded to the

NOMAD repository and its data structure was formalized in an ontology.

Besides a proper data basis for parameterization, the physics covered by the terms of the

additive force �eld formulation model impacts its applicability. The second part of this thesis

benchmarks three popular non-polarizable force �elds and the polarizable Drude model against a

quantum chemistry data set. After some adjustments, the Drude model was found to reproduce

the reference interaction energy substantially better than the non-polarizable force �elds, which

showed the importance of explicitly addressing polarization e�ects. Tweaking of the Drude model

involved Boltzmann-weighted �tting to optimize Thole factors and Lennard-Jones parameters. The

obtained parameters were validated by (i) their ability to reproduce reference interaction energies

and (ii) molecular dynamics simulations of the N-lobe of calmodulin. This work facilitates the

improvement of polarizable force �elds for cation-protein interactions by quantum chemistry-driven

parameterization combined with molecular dynamics simulations in the condensed phase.

While the Drude model exhibits its potential simulating cation-protein interactions, it lacks de-

scription of charge transfer e�ects, which are signi�cant between cation and protein. The CTPOL

model extends the classical force �eld formulation by charge transfer (CT) and polarization (POL).

Since the CTPOL model is not readily available in any of the popular molecular-dynamics pack-

ages, it was implemented in OpenMM. Furthermore, an open-source parameterization tool, called

FFAFFURR, was implemented that enables the (system speci�c) parameterization of OPLS-AA

and CTPOL models. Following the method established in the previous part, the performance of

FFAFFURR was evaluated by its ability to reproduce quantum chemistry energies and molecular

dynamics simulations of the zinc �nger protein.

In conclusion, this thesis steps towards the development of next-generation force �elds to accu-

rately describe cation-protein interactions by providing (i) reference data, (ii) a force �eld model

that includes charge transfer and polarization, and (iii) a freely-available parameterization tool.





Kurzzusammenfassung

Metallkationen sind f•ur das Leben unerl•asslich. Etwa ein Drittel aller Proteine ben•otigen Metall-

Cofaktoren, um sich korrekt zu falten oder zu funktionieren. Computersimulationen unter Ver-

wendung empirischer Parameter und klassischer Molek•ulmechanik-Modelle (Kraftfelder) sind ein

Standardwerkzeug zur Untersuchung der strukturellen Dynamik und Funktionen von Proteinenin

silico. Trotz vieler Erfolge ist die Genauigkeit der Kraftfelder begrenzt, wenn Kationen beteiligt

sind. Der Schwerpunkt dieser Arbeit liegt auf der Entwicklung von Werkzeugen und Strategien

zur Erstellung systemspezi�scher Kraftfeldparameter zur genaueren Beschreibung von Kationen-

Protein-Wechselwirkungen. Die Genauigkeit eines Kraftfelds h•angt haupts•achlich von (i) den Pa-

rametern ab, die aus immer gr•o�eren quantenchemischen oder experimentellen Daten abgeleitet

werden, und (ii) der Physik hinter der Kraftfeld-Formel.

Im ersten Teil dieser Arbeit wird ein gro�er und umfassender quantenchemischer Datensatz

auf einer konsistenten rechnerischen Grundlage vorgestellt, der f•ur die Parametrisierung und das

Benchmarking von Kraftfeldern verwendet werden kann. Der Datensatz umfasst Dipeptide der 20

proteinogenen Aminos•auren mit verschiedenen m•oglichen Seitenketten-Protonierungszust•anden,

3 zweiwertige Kationen (Ca2+ , Mg2+ und Ba2+ ) und einen breiten relativen Energiebereich.

Wichtige Eigenschaften f•ur die Entwicklung von Kraftfeldern, wie Wechselwirkungsenergien, Par-

tialladungen usw., werden ebenfalls bereitgestellt. Um die Daten verf•ugbar zu machen, wurde

der Datensatz in das NOMAD-Repository hochgeladen und seine Datenstruktur wurde in einer

Ontologie formalisiert.

Neben einer geeigneten Datenbasis f•ur die Parametrisierung beein
usst die Physik, die von

den Termen des additiven Kraftfeld-Modells abgedeckt wird, dessen Anwendbarkeit. Der zweite

Teil dieser Arbeit vergleicht drei popul•are nichtpolarisierbare Kraftfelder und das polarisierbare

Drude-Modell mit einem Datensatz aus der Quantenchemie. Nach einigen Anpassungen stellte

sich heraus, dass das Drude-Modell die Referenzwechselwirkungsenergie wesentlich besser repro-

duziert als die nichtpolarisierbaren Kraftfelder, was zeigt, wie wichtig es ist, Polarisationsef-

fekte explizit zu ber•ucksichtigen. Die Anpassung des Drude-Modells umfasste eine Boltzmann-

gewichtete Optimierung der Thole-Faktoren und Lennard-Jones-Parameter. Die erhaltenen Param-

eter wurden validiert durch (i) ihre F•ahigkeit, Referenzwechselwirkungsenergien zu reproduzieren

und (ii) Molekulardynamik-Simulationen des Calmodulin-N-Lobe. Diese Arbeit demonstriert die

Verbesserung polarisierbarer Kraftfelder f•ur Kationen-Protein-Wechselwirkungen durch quanten-

chemisch gesteuerte Parametrisierung in Kombination mit Molekulardynamiksimulationen in der

kondensierten Phase.

W•ahrend das Drude-Modell sein Potenzial bei der Simulation von Kation - Protein - Wechsel-

wirkungen zeigt, fehlt ihm die Beschreibung von Ladungstransfere�ekten, die zwischen Kation und

Protein von Bedeutung sind. Das CTPOL-Modell erweitert die klassische Kraftfeldformulierung

um den Ladungstransfer (CT) und die Polarisation (POL). Da das CTPOL-Modell in keinem der

g•angigen Molekulardynamik-Pakete verf•ugbar ist, wurde es in OpenMM implementiert. Au�erdem

wurde ein Open-Source-Parametrisierungswerkzeug namens FFAFFURR implementiert, welches



die (systemspezi�sche) Parametrisierung von OPLS-AA- und CTPOL-Modellen erm•oglicht. In

Anlehnung an die im vorangegangenen Teil etablierte Methode wurde die Leistung von FFAF-

FURR anhand seiner F•ahigkeit, quantenchemische Energien und Molekulardynamiksimulationen

des Zink�ngerproteins zu reproduzieren, bewertet.

Zusammenfassend l•asst sich sagen, dass diese Arbeit einen Schritt in Richtung der Entwick-

lung von Kraftfeldern der n•achsten Generation zur genauen Beschreibung von Kationen-Protein-

Wechselwirkungen darstellt, indem sie (i) Referenzdaten, (ii) ein Kraftfeldmodell, das Ladungstrans-

fer und Polarisation einschlie�t, und (iii) ein frei verf•ugbares Parametrisierungswerkzeug bereit-

stellt.
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Chapter 1

Introduction

Metal cations are essential to life. About one-third of the proteins in Protein Data Bank (PDB)

contain metal cations,1 which typically play a crucial role in shaping the three-dimensional struc-

ture of proteins and peptides, and therefore a�ect important properties, e.g. binding sites, catalytic

properties, and biological functions. A systematic bioinformatics survey reveals that among 1,371

di�erent enzymes, 47% require metal cations to maintain their three-dimensional structure, and

41% are known to rely on metal cations in their catalytic centers.2 As an abundant cation in the

human body, zinc cations are required for the functional centers of more than 200 enzymes, for

example carbonic anhydrase, alkaline phosphatase, and glycerol phosphate dehydrogenase.3{5 Ex-

emplary, the A� sequences, group of Metallothioneins (MTs), and Zinc �nger protein are discussed

here. The progressive neurodegenerative disease Alzheimer's disease (AD) is associated with the

formation of senile plaques, which dominantly consist of aggregated A� 40/A � 42 in the brain. 6,7

Numerous studies8{11 have reported that Zn2+ , Cu2+ , and Fe3+ may act as the seeding factor

of A� plaques and the existence of Zn2+ enhances A� aggregation. Histidine (His), Glutamate

(Glu), and Aspartic Acid (Asp) are the potential binding sites of Zn 2+ in the A � sequence. Fig-

ure 1 (a) shows the structure of the A� (1-16)-Zn2+ complex. There are three His residues and

one Glu residue as binding centers that coordinate Zn2+ . MTs were discovered in 1957 and were

identi�ed as a family of low-molecular-weight, cysteine-rich, and metal-rich proteins present in all

living organisms.12,13 MTs play a role in protecting cells and tissues from heavy metal toxicity,

maintaining the homeostasis of intracellular free Zn2+ , and controlling neuronal growth. There is

growing evidence that MTs play important roles in various human tumors, drug resistance, and

neurodegenerative diseases such as AD.14 In mammals, MTs are divided into four groups accord-

ing to their encoding genes: MT-1, MT-2, MT-3, and MT-4. Due to the high cysteine (Cys)

content (30%), MTs bind a variety of trace metals including zinc, cadmium, mercury, platinum,

and silver. MT-1 and MT-2 mainly bind Zn 2+ , and Cd2+ to a lesser extent. MT-3 binds Zn2+

and Cu2+ equally well.15 The structure of the � domain of human MT-2 is shown in Figure 1 (b).

Eleven deprotonated cysteines (Cys) are binding to 4 Zn2+ in the center of the � domain of human

MT-2. Zinc �nger proteins are one of the most abundant protein groups. They can interact with

1



CHAPTER 1. INTRODUCTION

Figure 1: Structures of (a) of A� (1-16)-Zn2+ complex (PDB ID: 1ZE9), (b) � domain of human

MT-1 (PDB ID: 1MHU), and (c) zinc �nger protein (PDB ID: 1ZNF).

DNA, RNA, and other proteins and thus participate in many cellular processes, including DNA

recognition, signal transduction, DNA repair, and so on.16 The structure of zinc �nger proteins is

maintained by the zinc center coordinating cysteine and histidine. The structure of one of the zinc

�nger proteins is shown in Figure 1 (c).

The detailed analysis of structure, dynamics, and function of the metal coordination architec-

ture within metalloproteins is an important addition to the understanding of metalloprotein func-

tions. Besides excellent experimental studies, computer simulations are playing important roles in

chemical research and life science. Computational chemistry provides insights from the electronic

level to even beyond the molecular level that are di�cult or impossible to observe experimentally,

thus it complements experiments and provides further insight into underlying mechanisms. It is

desirable to reach such a detailed and fundamental theoretical understanding also of cation-peptide

interaction systems. Numerous computational studies investigated metalloproteins. For example,

Tamameset al.17 investigated the structural characteristics of Zn coordination spheres by a thor-

ough analysis on a data set of 994 proteins from the Protein Data Bank, complemented with DFT

calculations at the B3LYP/SDD level. Baldauf et al.18 studied the underlying nature of metal

cations altering peptide structures. Zhou et al.19 found that the Ca2+ binding site in the blood

protein von Willebrand Factor (VWF) regulates force-triggered unfolding for cleavage by classical

force-probe molecular dynamics (MD) simulations.

Classical MD simulations at the atomic scale are widely used to study the conformational dy-

namics of biomolecular systems. They reveal mechanisms that are di�cult to observe experimen-

tally on small spatial and temporal scales.20 MD simulations have gained many successes ranging

from protein folding and aggregation21,22 to transmembrane protein dynamics.23 However, MD

simulations fail to reproduce or predict experimental results in some cases. These inadequacies

stem from the statistical errors due to the �nite length of simulations and the systematic errors

caused by inaccurate models employed.20 Over the past 20 years, the development of hardware

(the computational power of central processing units (CPUs) doubles every 18 months according

2



CHAPTER 1. INTRODUCTION

to Moore's law24), optimized software25{28 and the enhanced sampling methods29 have signi�-

cantly reduced the statistical errors so that the systematic errors are detectable and alleviated.

Empirically parameterized force �elds are typically employed in MD simulations because of their

speed advantage, which allows for larger system size, and longer simulation time scale compared to

quantum chemistry-based simulations. In spite of the many successes that have been made with

force �elds in the simulation of bio-systems, the accuracy of force �elds is far from ideal, especially

when it comes to the interactions of ionic species.30{33

The applicability of force �elds depends on several factors, one of them is the accuracy and

scope of the parameterization data employed.20 No matter if the force �eld parameters were �tted

to computational or experimental reference data, the systems under investigation are typically

di�erent from the training data. For example, the Lennard-Jones (LJ) parameters in OPLS were

derived from the vaporization calorimetry of pure organic liquids such as pyridine, benzene, or

tetrahydrofuran, while these parameters were later applied to the analysis of sugars, oligopeptides,

or proteins.34,35 The types of reference molecules that are employed in some of the classical force

�elds are listed in Table 1. The assumption of transferability means that similar substructures

of di�erent systems can be represented by the same set of parameters. Furthermore, many pa-

rameters of existing force �elds are derived based on comparably small reference data sets, which

creates further uncertainty about the reliability of force �elds. Parameters derived from a large

and high-quality data set, where molecules are as chemically similar as possible to the target sys-

tem and that cover a large relative energy range, may lead to more reliable force �eld results.

Experimental data are often limited, especially for metal complexes, and typically describe low

energy conformers, while transition states are lacking. Consequently, electronic structure calcula-

tions are often being used for force �eld parameterization due to their advantages of good accuracy

with a�ordable computational cost. 36 In the case of proteins, their individual building blocks have

been investigated in many studies. For example, Rezacet al.37 created a QM data set containing

several smaller peptides and medium-sized macrocycles that can be of potential use for force �eld

parameterization and assessed the performance of popular QM methods. Kishoret al.38 investi-

gated conformations, energetics, and ionization potential of 20 amino acids with density functional

theory. These and similar studies have deepened our understanding of the fundamental structural

basic of peptides and proteins. However, the level of theory and the sampling methods applied

are highly diverse in these studies. For metal-cation containing systems, a su�cient amount of

experimental or computational data is lacking. Furthermore, the data is often not available in a

usable way.

The classical FF energy is composed as a sum of the so-called bonded and non-bonded in-

teractions. The details of FF methods are explained in section 2.1.6. Non-bonded interactions

are crucial for simulating the behavior of metalloprotein systems. The interactions between metal

ions and surrounding atoms are modeled as the sum of van der Waals (vdW) interactions and

electrostatic interactions. The strategies of deriving LJ parameters and partial charges in classical

force �elds are listed in Table 2. The vdW interactions are typically described by the popular

3



CHAPTER 1. INTRODUCTION

Table 1: List of reference molecules of �xed-charge force �elds.

Family Reference molecules type Version Year

GROMOS amino acids 26C1 39 1982

amino acids, nucleic acids, lipids 53A5/53A6 40 2004

small molecules ATB1.0 41 2011

CHARMM amino acids CHARMM22 42 1992

small molecules CGenFF 43 2010

AMBER amino acids, nucleic acids �99 44 1999

small molecules GAFF 45 2004

OPLS small molecules, amino acids OPLS-AA 34 1996

carbohydrates OPLS-AA 46 1997

12-6 LJ functional form in classical force �elds. LJ parameters are usually obtained by �tting to

experimental properties. In recent years, approaches for deriving LJ parameters from quantum

chemistry calculations, for example employing the atoms-in-molecule (AIM) method,47 have been

proposed. Electrostatic interactions are described by the Coulomb potentials. Partial charges are

usually derived by two strategies: (i) �tting to experimental data, e.g. hydration free enthalpies 40

(GROMOS 53A5/53A6), or (ii) derivation from quantum chemistry calculations (AMBER GAFF 45

and CHARMM22 42). These two strategies can also be used in combination (OPLS after 2005).48

Since the �rst strategy is time-consuming and requires extensive testing using Monte Carlo (MC)

or MD simulations to reproduce the target experimental properties, partial charge extraction from

quantum chemistry calculations tends to be preferred in the development of modern force �elds.49

Using nonbonded interactions to simulate ionic interactions is able to reproduce the monovalent

situation closely. However, for divalent ion systems with higher electronegativity, the quality of

the classical force �eld decreases. One approach to overcome the limitations of classical force �elds

in describing metalloprotein systems is to re�ne the classical force �eld parameters. Empirical

Continuum Correction (ECC) 50{52 force �elds take electronic polarization into account implicitly

in a mean-�eld way by scaling the charge of cations and residues. The force-matching method53,54

improves on the classical force �elds by adjusting parameters to reproduceab initio forces. Some

approaches55,56 re�ne the LJ parameters, or add a 1=r4 term to the standard 12-6 LJ potential,

resulting in a 12{6{4 LJ-type model to account for charge-induced dipole interactions. Notably,

LJ parameters and partial charges are intrinsically correlated and thus must be treated jointly.57

All of these re�nements have been successful to some extent. However, they are still limited in

describing the high diversity of electrostatic environments in metalloproteins.

The limitations of classical force �elds on simulating metalloproteins also stem from the un-

derlying assumption: the atomic charges are �xed. However, e�ects like polarization and charge

transfer, which proved to be very important for ionic systems, are ignored.64{66 Polarizable force

�elds explicitly include polarization e�ects and allow the simulation of charge delocalization e�ects

in response to environmental changes. There are basically three classes of polarizable models: the


uctuating charge (FQ) model, the induced dipole model, and the Drude oscillator model. The

FQ model67,68 allows redistribution of atomic charges to equalize electronegativity in response to

environmental changes, while maintaining overall charge conservation. In this way, charge transfer
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Table 2: List of parameterization strategies used for electrostatic interactions and LJ interactions in

the �xed-charge force �elds.

Force �eld version Partial charge parameterization LJ parameterization

GROMOS 53A5/53A6 40 �tting liquid and hydration properties �tting liquid and hydration properties

GROMOS ATB1.0 41 B3LYP/6-31G* in implicit water with ESP taken from 53A6

CHARMM22 42 HF/6-31G* in vacuum with ESP, scaling by 1.16 �tting liquid properties

CHARMM CGenFF 43 trained BCI �tting liquid properties

AMBER �99 44 HF/6-31G* in vacuum with RESP taken from OPLS-AA

AMBER GAFF 45 HF/6-31G* in vacuum with RESP or AM1-BCC taken from �99

OPLS-AA 34 �tting liquid and hydration properties, �tting liquid and hydration properties

gas-phase geometries, complexation energies gas-phase geometries, complexation energies

OPLS2.0 48 CM1A-BCC taken from OPLS-AA

ESP: charges �tted to electrostatic potential. 58

RESP: charges derived by a restrained electrostatic potential �tting procedure. 59

BCI: charges assigned using a bond-charge increment (BCI) scheme. 43

AM1-BCC: AM1 atomic charges 60 with bond charge corrections (BCCs) added. 61,62

CM1A-BCC: a combination of the semiempirical CM1A 63 charge and BCC. 48

is simulated dynamically. The FQ models include: CHARMM-FQ, 69 OPLS-AA-FQ, 70 ABEEMsp

(atom-bond electronegativity equalization model with s- and p-bonds),71 etc. The FQ model is

one of the simplest polarizable models. It is orders of magnitude faster than quantum chemistry

calculations, while still creating reliable atomic charges for a set of compounds.72 However, FQ

models usually overestimate dipole moments and failed to simulate out-of-plane polarization ef-

fects, which are very important for the simulation of many functional groups such as aromatic

rings.69,73 Although researchers have attempted to include out-of-plane e�ects by adding virtual

charge sites, it has been proven to be ine�cient due to the challenges of scaling simulations of large

systems.71

The induced dipole model calculates the electrostatic energy for each site based on its induced

dipole and the electrostatic �eld at that site. 65 Well-known induced dipole models include the

AMOEBA (atomic multipole optimized energetics for biomolecular simulation) force �eld 74 and

the SIBFA (sum of interactions between fragments ab initio) model.75 The induced dipole can be

represented by di�erent strategies, for example, whether to consider higher multipole moments or

whether to consider higher order inductions (e.g. the induced quadrupole). In principle, including

higher order terms gives better accuracy, while the di�culty of parameterization and computational

cost increase. The Drude oscillator model simulates induced polarization e�ects by attaching a

particle carrying a charge to polarizable (heavy) atom via a harmonic spring. Beyond only including

charge transfer or polarization e�ects, there are models that include both of them. For example,

the charge transfer and polarization (CTPOL) model64,76 incorporates charge transfer and local

polarization e�ects into the framework of classical force �eld. The charge transfer between ligand

atoms and metal ions is signi�cant if strong charge donors such as thiolate groups coordinating

to metal ions are present in metalloproteins.77 However, the inclusion of charge transfer into a

classical force �eld reduces the amount of charge on the metal connecting atoms and ions, thereby

weakening their charge/dipole-charge interactions. This can be compensated by introducing local
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CHAPTER 1. INTRODUCTION

polarization energies of metal ions and ligand atoms.

Numerous studies have shown that polarizable force �elds yield better accuracy than classical

force �elds, especially for systems containing divalent ions. For example, Jinget al.78 used the

AMOEBA model to predict the Ca 2+ and Mg2+ selectivity in protein, whereas the classical force

�eld model AMBER failed even after parameterization. Yu et al.79 derived Drude parameters

for a large set of monovalent and divalent cations and demonstrated the good performance of

the Drude model for simulating ionic solvation in aqueous solutions. Ponderet al.80 showed

that although further re�nement is necessary to reproduce solvation free energies of drug-like

molecules, the AMOEBA force �eld is especially successful in predicting protein-ligand poses in

comparison to classical force �elds. Polarizable models have been shown to predict the water dimer

energy with similar accuracy as quantum chemistry calculations.81 However, models including

polarization do not always perform better than classical models, depending on the quality of the

parameters. Furthermore, polarizable models have received limited validation, which implies that

there is still room for improvement in the polarizable models. Reparameterization may be required

when applied to di�erent systems, and polarizable models have more parameters and thus more

elaborate parameterization schemes.

Overall, we see two directions to improve the accuracy of simulations of metalloprotein systems:

ˆ Include more physics in the force �eld formula, for example charge transfer and polarization

e�ects.

ˆ Provide a su�ciently-accurate and available electronic-structure data set that covers a wide

range of conformational space to parameterize the force �eld.

Based on these points, this thesis starts with creating a uniform and comprehensive quantum

chemistry data set of amino-methylated and acetylated (capped) dipeptides of the 20 proteino-

genic amino acids with various possible protonation states and their interactions with selected

divalent cations.82 The data set covers a wide range of relative energies and properties relevant

to force �eld development. To make the data set accessible even to experts from other �elds, an

ontological representation of the data set is provided. The details of this work are shown in section

4.1. In the second work as shown in section 4.2,83 Ca2+ -dipeptide systems from the data set were

employed to benchmark the polarizable Drude FF and three widely used classical FFs, namely,

OPLS-AA, AMBER, and CHARMM (C36). In this work, we demonstrated improved accuracy by

adjusting parameters of Drude FF and by the explicit account of charge-transfer and polarization

e�ects (CTPOL) of the simulation of cation-dipeptide systems. Finally, since the parameteri-

zation is always time-consuming and labor-intensive, section 4.3 shows a developed open-source

parameterization tool that enables the parameterization of OPLS-AA and CTPOL models.

This doctoral thesis is organized as follows: Chapter 2 contains the theoretical background and

the methodology applied in this thesis. Chapter 3 summarizes the main results of publications. The

publications and contributions of each author are outlined in Chapter 4. Finally, the conclusion

and outlook of this thesis are presented in Chapter 5.
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Chapter 2

Theoretical Background

2.1 Methods to Calculate Potential Energy Surface

One of the major problems in computational chemistry is to select an appropriate level of theory

for a given problem.84 In our case, it is the choice of an appropriate method to sample and describe

the characteristics of the ion-dipeptide systems. This section will try to evaluate potential energy

surface (PES) with di�erent theoretical models and levels of theory.

2.1.1 The Many-Body Hamiltonian

Most coupled electron-nucleus systems in the chemistry �eld can be described by a many-body

non-relativistic Hamiltonian. The Hamilton operator Ĥ consists of �ve terms:85

Ĥ = T̂n + V̂n� n + T̂e + V̂n� e + V̂e� e; (2.1)

whereT̂n represents the nuclear kinetic energy operator,̂Te represents the electronic kinetic energy

operators, V̂n� n , V̂n� e, and V̂e� e represent the spin-independent Coulombic interaction between

nucleus-nucleus, electron-nucleus, and electron-electron, respectively. With the use of natural

units, 86 i.e.

~ = 1 ;

me = 1 ;

jej = 1 ;

4�� 0 = 1 ;

(2.2)

7



CHAPTER 2. THEORETICAL BACKGROUND

these operators can be written as

T̂n =
MX

k=1

(� i~r ~R k
)2

2M k
= �

MX

k=1

r 2
~R k

2M k

T̂e =
NX

j =1

(� i~r ~r j )2

2me
= �

NX

j =1

r 2
~r j

2

V̂n� n =
1
2

MX

k1 6= k2

1
4�� 0

Zk1 Zk2 e2

j ~Rk1 � ~Rk2 j
=

1
2

MX

k1 6= k2

Zk1 Zk2

j ~Rk1 � ~Rk2 j

V̂n� e = �
MX

k=1

NX

j =1

1
4�� 0

Zk e2

j ~Rk � ~rj j
= �

MX

k=1

NX

j =1

Zk

j ~Rk � ~rj j

V̂e� e =
1
2

NX

j 1 6= j 2

1
4�� 0

e2

j~rj 1 � ~rj 2 j
=

1
2

NX

j 1 6= j 2

1
j~rj 1 � ~rj 2 j

;

(2.3)

where ~Rk , M k , Zk , and k are the position vector, mass, charge, and index for theM nuclear,

and ~rj , me, � e and j are the position vector, mass, charge and index for theN electrons. Solving

this Hamiltonian in a non-relativistic and time-independent quantum-mechanical framework means

solving the time-independent Schr•odinger equation:

Ĥ 	 = E 	 ; (2.4)

where E denotes the total energy and 	 represents the many-body wave function of the system.

While the Schr•odinger equation has 3M +3N degrees of freedom and the solution is not separable in

its variables. Thus, the exact solutions are only available for a few limited cases and approximations

have to be made to deal with it.

2.1.2 Born-Oppenheimer Approximation

The standard �rst step in solving the Schr•odinger equation is to partially decouple the electron

from the nuclear motion. This is achieved via the Born-Oppenheimer approximation.87

The Born-Oppenheimer approximation relies on the fact that electrons are thousand times

lighter than a nucleus. Thus, electrons move much faster than nuclei, which means that the elec-

trons adapt to the movement of the nuclei instantaneously and, therefore, it is assumed the move-

ment of the nuclei cannot induce any electronic excitation. For this reason, the Born-Oppenheimer

approximation is also called adiabatic approximation. The many-body wave function 	 can then

be separated into the nuclear wave function 	n and the electron wave function 	 e:

	( ~R1; : : : ; ~RM ; ~r1; : : : ; ~rN ) = 	 n ( ~R1; : : : ; ~RM )	 e( ~R1; : : : ; ~RM ; ~r1; : : : ; ~rN ): (2.5)

This allows the electronic part to be solved with the electron wave function depending only para-

metrically on the nuclear coordinates.

The Schr•odinger equation can be written as
2

6
6
4

�
T̂n + V̂n� n

�
+

�
T̂e + V̂e� e + V̂n� e

�

| {z }
Ĥ e

3

7
7
5 	( ~R1; : : : ; ~RM ; ~r1; : : : ; ~rN ) = E 	( ~R1; : : : ; ~RM ; ~r1; : : : ; ~rN );

(2.6)
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in which the Hamilton operator is divided into two parts: the �rst part only depends on the

nuclear coordinates ~R1; : : : ; ~RM , while the latter part, which is de�ned as electronic Hamiltonian

Ĥe, also depends on the electronic coordinates~r1; : : : ; ~rN . Insert Equation 2.5 into Equation 2.6,

and completely neglect the nuclear kinetic energy because of the adiabatic approximation, which

means assumingT̂n 	( ~R1; : : : ; ~RM ; ~r1; : : : ; ~rN ) can be neglected, the total energy of the system is

given as:

E = V̂n� n + Ee( ~R1; : : : ; ~RM )

=
1
2

MX

k1 6= k2

Zk1 Zk2

j ~Rk1 � ~Rk2 j
+ Ee( ~R1; : : : ; ~RM ):

(2.7)

The electronic energyEe( ~R1; : : : ; ~RM ) can be obtained by solving the electronic Schr•odinger

equation:

Ĥe	 e( ~R1; : : : ; ~RM ; ~r1; : : : ; ~rN ) = Ee( ~R1; : : : ; ~RM )	 e( ~R1; : : : ; ~RM ; ~r1; : : : ; ~rN ): (2.8)

Solving Equation 2.8 is a very di�cult computational task. The challenge lies in the huge

number and the quantum nature of the electrons. For this reason, even if the nuclear motion is

ignored, an e�cient handling of the electron problem is necessary. In the following sections, various

approaches to obtain approximate solutions to Equation 2.8 will be described.

2.1.3 Hartree-Fock methods

For a given Hamiltonian Ĥ , the ground state energyE0 is the minimum expectation value that

can be achieved for any normalized wave function,i.e.

E0 = min
	

h	 jĤ j	 i ; (2.9)

where

h	 jĤ j	 i =
Z

	 � Ĥ 	 d~rN : (2.10)

The Dirac notation, or bra-ket notation, is used to simplify the notation. One of the oldest methods

to �nd the ground state wave function is based on this and is called the variational principle.85

In this approach, a set of trial normalized wave functions that depend on several parameters is

considered, and the expectation value of the energy is minimized in order to �nd the ground state

wave function and the corresponding energy.

An important simpli�cation towards solving Equation 2.8 is the introduction of the independent-

particle model, which assumes that the motion of one electron is independent of the motion of all

other electrons. This means that the interactions between electrons are approximated, either by

ignoring all but the most important one or by taking the average interaction. While only the latter

has acceptable accuracy and is known as Hartree-Fock (HF) theory.88 In the Hartree-Fock model,

the wave function is described as the product of the single-particle wave functions:

	 HF
e (~r1; : : : ; ~rN ) =  1(~r1) 2(~r2) : : :  n (~rn ); (2.11)
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where the explicit parametric dependence on~R1; : : : ; ~RM has been omitted for simplicity.  j

represents a single particle wave function or electron orbital. However, the Hartree Ansatz in

Equation 2.11 does not ful�ll the Pauli principle, 89 which states that two electrons can not have all

quantum numbers equal, by not taking the indistinguishability of electrons into account. In other

words, the total electronic wave function must be antisymmetric. This antisymmetry requirement

of the electronic wave function can be achieved by a Slater determinant:

	 HF
e (~r1; : : : ; ~rN ) =

1
p

N !

�
�
�
�
�
�
�
�
�
�
�
�

 1( ~r1)  2( ~r1) : : :  N ( ~r1)

 1( ~r2)  2( ~r2) : : :  N ( ~r2)

: : : : : : : : : : : :

 1( ~rN )  2( ~rN ) : : :  N ( ~rN )

�
�
�
�
�
�
�
�
�
�
�
�

: (2.12)

The spin dependencies have been ignored throughout. The method of �nding the electronic ground

state by the variational principle using a Slater determinant as the ansatz of the wave function is

known as the Hartree-Fock method. The ground state energyE HF
e can be written as:

E HF
e = h	 H

0 jĤej	 H
0 i =

NX

i =1

H i +
1
2

NX

i;j =1

(J ij � K ij ); (2.13)

where

H i =
Z

 �
i (~r)

"

�
1
2

r 2 �
MX

k=1

Zk

j ~Rk � ~rj

#

 i (~r)d~r

J ij =
ZZ

 �
i (~r) �

j (~r0)
1

j~r � ~r0j
 i (~r) j (~r0)d~r~r0

K ij =
ZZ

 �
i (~r) �

j (~r0)
1

j~r � ~r0j
 j (~r) i (~r0)d~r~r0:

(2.14)

J ij represents the Coulomb integral andK ij represents the exchange integral. It should be noted

that J ij � K ij � 0 and J ii = K ii . The Coulomb \self-interaction" J ii is canceled by the corre-

sponding exchange termK ii . Thus, the HF method is said to be self-interaction free. With the

de�nition of Hartree energy EHartree and exchange energyEx , Equation 2.13 can be written as:

E HF
e =

NX

i =1

H i + EHartree + Ex ; (2.15)

where

EHartree =
1
2

NX

i;j =1

J ij

Ex = �
1
2

NX

i;j =1

K ij :

(2.16)

The next step is to �nd a set of orbitals that minimize the energy, with the constraint that

all electron orbitals  i are orthonormal. The Fock operator F̂ is an e�ective one-electron energy

operator. It is associated with the variation of the total energy and is given by:

F̂ = �
1
2

r 2 �
MX

k=1

Zk

j ~Rk � ~rj
+ ĵ � k̂; (2.17)
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where the Coulomb operatorĵ and the exchange operator̂k are given as:

ĵ (~r)f (~r) =
NX

i =1

Z
 �

i (~r0) i (~r)
1

j~r � ~r0j
f (~r)d~r0

k̂(~r)f (~r) =
NX

i =1

Z
 �

i (~r0)f (~r)
1

j~r � ~r0j
 i (~r)d~r0;

(2.18)

in which f (~r) is an arbitrary function. With the Fock operator, the Hartree-Fock di�erential

equations can be written as:

F̂  i (~r) =
NX

j =1

� ij  j (~r); (2.19)

where � ij are the Lagrange multipliers and is given by

� ij = � ij � j : (2.20)

Thus, the Hartree-Fock equations become

F̂  i (~r) =
NX

j =1

� i  i (~r): (2.21)

� i represents orbital energies of the single non-interacting electron orbitals.

Solving the Hartree-Fock equations is an eigenvalue problem. However, the Fock operator

depends on all orbitals (via the Coulomb and exchange operators). Thus, an iterative method

must be employed to solve the problem. With guessed initial orbitals i , the Fock operator can

be generated, which leads to new orbitals by solving the Hartree-Fock equations in Equation 2.21.

The new orbitals lead to an updated Fock operator. This process repeats until convergence.

It is clear that the total energy cannot be exact because the electron{electron repulsion is only

considered in an average way and consequently neglects the correlation between electrons. The

HF model is a kind of branching point in which either more approximations are involved, leading

to semi-empirical methods, or more determinants are added, thereby leading stepwise to the exact

solution of the electronic Schr•odinger equation. The latter one is the so-called \post-Hartree-Fock"

techniques, which will be brie
y discussed in the next section.

2.1.4 Post-Hartree-Fock Methods

As mentioned before, the HF model fails to capture the electron correlation. Thus, it can not well

describe systems that have strongly correlated electrons in the context of this work, in particular,

e.g. hydrogen-bonded and systems involving biomolecules. The correlation energy,E corr
e , is de�ned

as

E corr
e = Ee � E HF

e ; (2.22)

where Ee represents the exact electronic energy in Born-Oppenheimer approximation andE HF
e

represents the Hartree-Fock energy given in Equation 2.13. Various methods have attempted to

capture the correlation energy based on the HF model.

The HF wave function is a determinant of the low energy orbitals or \occupied orbitals". The

starting point for improving HF results is obviously to include more Slater determinants. The new
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series of determinants may be constructed by replacing one or more orbitals that are occupied in

the HF determinant with \unoccupied orbitals". Depending on how many \occupied orbitals" are

replaced by \unoccupied orbitals", the determinants are often referred to as Singles (S), Doubles

(D), Triples (T), Quadruples (Q), etc. The multi-determinant trial wave function can be written

as a linear combination of the HF wave function, 	 HF , and other determinants, 	 i ,

	 = a0	 HF +
X

i =1

ai 	 i : (2.23)

Three main methods are used to describe electron correlation: Con�guration Interaction (CI),

Many-Body Perturbation Theory (MBPT), and Coupled Cluster (CC).

CI 90 is based on the variational principle. The trial wave function is a linear combination of

determinants with expansion coe�cients. The expansion coe�cients are optimized to make the

energy a minimum. If all the possible electronic con�gurations are considered in the wave function,

this method is called full-con�guration interaction (full-CI). Finding all expansion coe�cients using

the variational principle is computationally extremely demanding, and truncating the expansion

by including excitations of only several electrons leads to size-consistency problems, i.e., the energy

of two non-interacting molecules is not twice the energy of one of them calculated at the same level

of approximation.

MBPT de�nes a Hamilton operator that consists of two parts, an unperturbed ( H0) and a

perturbation ( H 0). The perturbation operator H 0 is assumed to be smaller thanH0 and can be

added as a correction by employing an independent-particle approximation. To apply perturbation

theory, the unperturbed Hamiltonian must be selected. The most common choice is to sum up the

Fock operators, resulting in M�ller{Plesset (MP) perturbation theory. 91 The second-order M�ller-

Plesset (MP2) is a simple alternative to the full-CI method. It is the lowest non-vanishing correction

term to HF. For systems with a few hundred basis functions, the cost of MP2 can be similar or

lower than the cost of HF. MP2 typically can grasp 80{90 % of the correlation energy. However, it

does not follow the variational principle, which means that it is possible to �nd energy lower than

the exact energy given by the Born-Oppenheimer approximation. Furthermore, it overestimates

the correlation energy in systems containing anions, strongly electronegative atoms, or transition

metals, and it cannot be employed to describe metallic systems.

CC is not based on the variational principle but guarantees size consistency.92 It starts with

the de�nition of excitation operator T̂

T̂ = T̂1 + T̂2 + T̂3 + : : : : (2.24)

The i -th excitation operator Ti acting on the HF wave function Slater determinant generates all

excited Slater determinants

T̂1	 HF
e =

occ:X

i

unocc:X

�

t �
i 	 �

i ; (2.25)

where 	 �
i represents the Slater determinant in which the \occupied orbital" i is replaced by

\unoccupied orbital" � , and t �
i is the corresponding coe�cient. The wave function ansatz of
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CC is expressed as:

	 CC = eT̂ 	 HF
e = (1 + T̂ +

T̂2

2!
+

T̂3

3!
+ : : : )	 HF

e : (2.26)

The most commonly used expansion is CCSD(T)93 where T̂ is truncated at the Singles (S) and

Doubles (D) excitation levels, i.e., T̂ = T̂1 + T̂2 is solved, and triple excitation, T̂3, is added us-

ing M�ller-Plesset perturbation theory. It provides excellent accuracy for non-covalent systems.94

Thus, it is often referred to as the \gold standard of quantum chemistry". However, it is for-

mally scaled asO(N 7), where N represents the size of the system, which results in extremely

expensive computations. In order to reduce the computational costs while maintaining the accu-

racy, many e�orts have been made, such as the proposed domain-based local pair natural orbital

(DLPNO-)CCSD(T) 95 approximation, which shows a near-linear scaling behavior with system size

N . CCSD(T) is often used as benchmark to validate approximations of lower-level, such as density

functional theory (DFT) methods. DFT will be presented in the next section as the main electronic

structure method in this thesis.

2.1.5 Density Functional Theory

The solution of the electronic Schr•odinger equation (Equation 2.8) is the wave function 	 e, which

has 4N variables for a system containingN electrons, 3N spatial and N spin coordinates. The

complexity of a wave function increases exponentially with the number of electrons, making it

very di�cult to describe. Density Functional Theory (DFT) is an electronic-structure method

that replaces the complex N-electron wave function 	e with the electron density � (~r), which only

depends on 3 spatial coordinates.

Hohenberg and Kohn developed the theoretical footing of DFT and proved that it is possible

to calculate all the properties of systems with electron densities through their two well-known

theorems:96

1. The external potential is uniquely speci�ed for a given ground state electron density� (~r).

2. The electron density that gives the energy minimum is the exact ground state density� 0.

The proofs of these two theorems can be found in Reference97. Hohenberg and Kohn theorems do

not provide any practical use for obtaining the ground state energy or density since the functional

for the electronic energy is not provided.

The Kohn-Sham (KS) scheme provides a practical way to connect electron density with ground-

state energy. The use of a set of auxiliary orbitals to calculate the electron kinetic energy was

proposed by Kohn and Sham in 1965, which laid the foundation for the success of modern DFT

methods.98 The electronic density can then be calculated as a sum of single-particle KS orbitals:

� (~r) =
NX

i

 �
i (~r) i (~r): (2.27)
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The total energy Ee[� (~r)] can be rewritten as a functional of the electron density� (~r)

Ee[� (~r)] = T[� (~r)] + EH [� (~r)] + Eext [� (~r)] + Exc [� (~r)]

= �
1
2

NX

i

h �
i (~r)jr 2j i (~r)i +

1
2

ZZ
� (~r)� (~r0)
j~r � ~r0j

d~rd~r0+
Z

Vext (~r)� (~r)d~r + Exc [� (~r)];
(2.28)

whereT[� (~r)] represents the kinetic energy,EH [� (~r)] represents the Coulomb interaction energy or

Hartree term, Eext [� (~r)] is the interaction energy caused by the external potentialVext (~r), and all

the many-body complexities are addressed by the exchange-correlation functionalExc [� (~r)], which

is still unknown. Equation 2.28 is possible to be minimized with respect to the electron density

under the constraint
R

d~r� (~r) = n with the variational principle. Similar to the Hartree-Fock

theory, KS equations can be reduced to a system of single-particle equations,
�

�
1
2

r 2 + vH (~r) + vext (~r) + vxc (~r)
�

 i (~r) = � i  i (~r); (2.29)

vH (~r) =
@EH [� ]
@�(~r)

vxc (~r) =
@Exc [� ]
@�(~r)

;
(2.30)

where  i (~r) is the KS spatial orbital, and � i is the orbital energy. The total energy then can be

expressed as a function of the eigenvalues:

Ee[� (~r)] =
NX

i

� i �
1
2

Z
� (~r)vH (~r)d~r �

Z
� (~r)vxc (~r)d~r + Exc [� (~r)]; (2.31)

where the double-counting terms are subtracted from the sum of the eigenvalues. KS equations

have to be solved self-consistently. Starting with a trial electron density, Equation 2.29 is solved

and thereby a new set of KS orbitals that yield an updated electron density. This procedure is

repeated until the total energy is minimized self-consistently.

DFT is a true ab initio technique if the exact expression of the exchange-correlation (xc)

functional would be known. The main de�ciency of DFT is that the exact solution can not

be obtained. Many approximations have been made, which result in di�erent density-functional

approximations (DFA). These approximations de�ne the accuracy of DFA and are explained in the

following.

Local Density Approximation (LDA)

The Local Density Approximation (LDA) treats the electron density as a uniform electron gas.

The exchange-correlation energy functionalE LDA
xc in LDA is given as:

E LDA
xc [� ] =

Z
� xc [� (~r)]� (~r)d~r; (2.32)

where the the exchange-correlation energy of each particle� xc [� (~r)] is the energy of the uniform

electron gas. � xc [� (~r)] can be divided into two parts, exchange and correlation contributions,

� xc [� (~r)] = � x [� (~r)] + � c[� (~r)]; (2.33)
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which leads to

E LDA
xc [� ] = E LDA

x [� ] + E LDA
c [� ]: (2.34)

The exchange energy part has an analytical form, which can be written as:

E LDA
x [� ] =

3
4

�
3
�

� 1=3 Z
� 4=3(~r)d~r: (2.35)

The analytical form of the correlation energy is not known, but there are approximations, e.g. the

PZ-LDA 99 and PW-LDA 100 approximations, both obtained from quantum Monte Carlo calcula-

tions101 and VWN-LDA approximation. 102 The LDA method is a good approximation for systems

where the electron density changes slowly, such as bulk metals. However, LDA fails for systems

where the electron density can not be treated as uniform. For example, molecular systems where

dispersion interactions are important.

The Generalized Gradient Approximation (GGA)

To improve the LDA, a non-uniform electron gas must be considered. One step in this direction

is the Generalized Gradient Approximation (GGA), which includes the gradients of the electron

density as a variable in the xc functional. The xc functional is given as:

E GGA
xc [� ] =

Z
� (~r)� xc [� (~r)]f xc [� (~r); r � (~r)]d~r; (2.36)

where � xc is the functional of the homogeneous electron gas, andf xc is the factor enhancement,

which varies in di�erent GGA parameterization. One of the most widely used GGA xc functional

is the Perdew-Burke-Ernzerhof (PBE) functional.103 PBE is a non-empirical functional, which

means that all parameters are basic constants and there are no empirical parameters. In most

cases, GGA functionals show improvements over LDA in several properties, e.g. binding energies,

atomic energies, and energy barriers. Although GGA methods yield good results when analyzing

the structure of molecules, they are known to underestimate the binding energy of systems that

have weak interactions like hydrogen bonds.

Van der Waals Correction Schemes in Density-Functional Theory

Despite the many successes of DFT, DFAs in standard use are not well constructed to describe long-

range electron correlation e�ects. In particular, it can not properly describe long-range dispersion

e�ects or vdW interactions. 104 While a good treatment of weak vdW interactions is crucial for an

accurate energetic description of biomolecules.105{107 The physical nature of the attractive vdW

interactions arises from the long-range part of the correlation of electronic density 
uctuations.

One straightforward way to account for vdW interactions is to add empirical or semi-empirical

corrections to the DFA energy. Thus, the total energy is given as:

E tot = EDFA + EvdW ; (2.37)

where EDFA represents the total energy yielded in DFA, andEvdW is the dispersion correction.

Since the dominant term of vdW dispersion interaction is the instantaneous dipole-induced dipole
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interaction, the vdW energy is proportional to the well-known 1=R6 potential:

EvdW = �
1
2

X

A 6= B

C6;AB

R6
AB

f damp (RAB ); (2.38)

whereA and B represent two di�erent atoms, RAB is the interatomic distance between two atoms,

C6;AB is the heteronuclear dispersion coe�cient, and f damp is the damping function. f damp is em-

ployed to couple the short-range, which is mainly described by DFA, and long-range contributions

of the electron correlation. Thus it ful�lls:

f damp (RAB ) !
R AB ! 0

0

and f damp (RAB ) !
R AB !1

1:
(2.39)

Based on the de�nitions of C6;AB and f damp , several approaches exist.

In the Casimir-Polder formula, 108 the expression of the coe�cient C6;AB is:

C6;AB =
3
�

Z 1

0
� A (i! )� B (i! )d!; (2.40)

where � A (i! ) is the average dynamic polarizability, which can be measured experimentally, and!

is the excitation frequency. Keeping only the leading term of the Pad�e series,109 the polarizability

can be approximated as:

� A (! ) =
� 0

A

1 � (!=! A )2 ; (2.41)

where � 0
A denotes the static polarizability and ! A is e�ective excitation frequency. Inserting

Equation 2.41 into Equation 2.40 and solving the integral analytically, the C6;AB can be written

as:

C6;AB =
3
2

� 0
A � 0

B
! A ! B

! A + ! B
: (2.42)

The e�ective excitation frequency ! A of atom A for homonuclear C6;AA can be written as:

! A =
4
3

C6;AA

(� 0
A )2 : (2.43)

Inserting Equation 2.43 into Equation 2.42 yields:

C6;AB =
2C6;AA C6;BB�

� 0
B

� 0
A

C6;AA + � 0
A

� 0
B

C6;BB

� : (2.44)

In this way, the C6;AB can be calculated with the free-atom parameters� 0
A and C6;AA .110

Most schemes111{115 employ �xed empirical C6 coe�cients for each atom. However, the actual

dispersion coe�cients depend on the molecular environment around the atoms.116 The use of

�xed C6 coe�cients leads to errors in dispersion interaction estimates. The popular Grimme

scheme117 introduces DFA-speci�c global scaling parameter to reduce the functional dependence

of the scheme.

A popular scheme proposed by Becke and Johnson in 2005116,118 uses non-empirical dispersion

C6 coe�cients. The C6 coe�cients in this scheme are obtained from the exchange-hole dipole

moment. Thus the KS-orbitals and the density of a system need to be provided. The damping

function is still empirical.
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The parameter-free pairwise Tkatchenko-Sche�er (TS) van der Waals scheme (vdWT S ) 119

incorporates ideas from both strategies above and is used in this thesis. Using the de�nition of

e�ective atomic volume, the formulation can be adjusted to be environment-dependent for an

atom in a molecule. With the atomic Hirshfeld partitioning scheme,120,121 the ratio of the e�ective

atomic volume (VA ) referenced to the free atom (V free
A ) in vacuo VA

V free
A

is given by:

VA

V free
A

=

R
r 3! A (~r)� (~r)d~r
R

r 3� free
A (~r)d~r

; (2.45)

where r is the distance from the nucleus of atom A and a point,� (~r) is the total electron density,

� f ree
A (~r) is the electron density of the free atom A, and! A (~r) is the Hirshfeld atomic partitioning

weight, which is given by:

! A (~r) =
� free

A (~r)
P all atoms

B � free
B (~r)

: (2.46)

With the de�nition of VA

V f ree
A

, the e�ective quantities are de�ned as:

C6;AA =
�

VA

V free
A

� 2

C free
6;AA (2.47)

R0
A =

�
VA

V free
A

� 1=3

R0;free
A ; (2.48)

where R denotes the vdW radius. In this way, the C6 coe�cients related to the electron density

still remain partly empirical due to the use of Hirshfeld partitioning.

In the TS scheme, the damping function is a Fermi-type function:

f AB
damp

�
RAB ; R0

AB (� (~r))
�

=
1

1 + exp
h
� d

�
R AB

sR R 0
AB ( � (~r )) � 1

�i ; (2.49)

where RAB denotes the distance between atomsA and B , R0
AB is the sum of the e�ective vdW

radii associated with atoms A and B (Equation 2.48), d is a free parameter a�ecting the steepness

of the damping and has been set tod = 20, and sR is a free empirical scaling coe�cient that

adjusts the extent of the vdW correction for a given xc functional and is obtained by �tting to the

S22 data set.122 The TS scheme has been tested on a database that contains 1225 intermolecular

C6 pairs and showed a mean absolute error of 5.5% compared to experimental results regardless

of the employed xc functional.119

Basis set

The single-particle orbitals  i can be expanded by a set of basis functions:

 i =
X

n

cni � n (r ) (2.50)

All the DFT calculations in this thesis were performed with the all-electron code FHI-aims,123

which uses localized numeric atom-centered orbital (NAO) basis set. The minimal NAO basis is

composed of the core and functions of spherically symmetric free atoms and is exact for free atoms.

The shapes of the orbitals close to the nuclei are well described also for bonded atoms using the
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minimal NAO basis. The basis functions in FHI-aims are ordered astiers according to the amount

of improvement that the basis functions yield to the total energy of dimers. The basis functions in

tier1 bring the largest improvement, while the basis functions intier4 bring the smallest but still

noticeable improvements. This thesis employs two di�erent sets of numerical defaults for atomic

species:light and tight settings. In the light settings, tier1 is used and the integration grids are

not so dense. Thetier2 basis sets are utilized in thetight settings, and the integration grids are

more dense. Thetight settings yield converged results and can be used for production calculations.

2.1.6 Force Fields

Unlike the methods described above, force �eld methods, also known as molecular mechanics (MM)

methods, do not treat the electrons of the system explicitly. They use atoms or groups of atoms as

the \building blocks". The energy of a system is written as a parametric function of the nuclear

coordinates. The dynamics of atoms are described with classical mechanics, i.e. Newton's second

law. Force �eld methods are especially useful whenab initio methods are unfeasible because of

the high computational cost and limited time scale, for example, conformational sampling and MD

simulations of proteins. Several classical and polarizable force �eld models are introduced in this

section.

Classical Force Fields

The classical (bio)molecular force �eld energy,EFF , can be written as a sum of energy terms, each

of them corresponding to the energy required to distort a molecule in a speci�c way:

EFF = Ebonds + Eangles + E tors + E improper + EvdW + Eele (2.51)

whereEbonds is the energy required for stretching a bond between two atoms,Eangles corresponding

to the energy for bending an angle,E tors represents the energy for rotation around a bond,EvdW

and Eele describe the nonbonded interactions between atoms.

We see that a force �eld is a combination of individual bonded and non-bonded terms that need

a set of parameters and atomic coordinates as input. The parameters in force �elds are derived by

�tting to experimental data and/or higher-level quantum chemistry data. With the assumption of

transferability, i.e. structurally similar atoms in di�erent molecules may share parameter values,

parameters are usually �tted for small molecules and subsequently applied in larger ones.

Conventional (classical) force �elds that are commonly applied to describe biomolecular systems

include CHARMM36 124 (Chemistry at Harvard Macromolecular Mechanics 36), AMBER-99125

(Assisted Model Building with Energy Re�nement 99), OPLS-AA 126 (Optimized Potentials for

Liquid Simulations - All-Atom), and so on. They all share a similar functional form. Here, we take
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OPLS-AA as an example, the bonded terms are the following:

Ebonds =
1� 2atomsX

bonds

1
2

K r
ij

�
r ij � r 0

ij

� 2
(2.52)

Eangles =
1� 3atomsX

angles

1
2

K �
ij

�
� ij � � 0

ij

� 2
(2.53)

E tors =
1� 4atomsX

dihedrals;n

V ij
n

�
1 + cos

�
n� ij � � 0

ij

��
(2.54)

E improper =
1� 4atomsX

improper

V ij
2imp

�
1 + cos

�
2� ij � � 0

ij

��
(2.55)

As shown in Equation 2.52,Ebonds is in the form of a harmonic oscillator, with the potential

being quadratic in the displacement of the bond lengthr ij from the reference lengthr 0
ij . K r

ij is

the force constant for the i � j bond. Similarly, i and j in Equation 2.53 are atoms separated by

two bonds. K �
ij , � ij , and � 0

ij are force constant, bond angle, and reference bond angle.K r
ij , K �

ij ,

r 0
ij and � 0

ij were derived from crystal structures, as well as from vibrational frequencies.39,127,128

Recently, quantum chemistry computations have been increasingly used to derive these parame-

ters.41,45 Torsional energy is described by a sinusoidal term as shown in Equation 2.54. Atomi

and j in the torsional term are separated by three bonds.V ij
n is the force constant of a torsion,

n is the multiplicity, � ij is the current torsional angle, and � 0
ij is the phase o�set (typically 0 or

� ). In CHARMM, n can be up to 6, while in AMBER and OPLS-AA, it is only considered up to

3 or 4.57 It should be noted that a rotational barrier comes from both torsional energy, as well as

from non-bonded (van der Waals and electrostatic) terms, therefore torsional parameters are highly

correlated with the non-bonded parameters.84 Torsional parameters are derived from experimental

data or �tted to quantum chemistry data depending on di�erent force �elds. 34,127,129{133 The im-

proper torsional terms are employed to avoid unphysical out-of-plane distortions of planar groups.

Unlike the torsion angle-like term in Equation 2.55 used by OPLS-AA and AMBER, CHARMM

employs a basic harmonic functional form for improper torsional energy as shown in Equation:

2.56:

E improper =
1� 4atomsX

improper

K ij
imp

�
� ij � � 0

ij

� 2
; (2.56)

where K ij
imp is the force constant of an improper dihedral angle,� ij is the current angle, and � 0

ij

is the reference angle.

Nonbonded terms are typically limited to describing vdW interactions and electrostatic inter-

actions. As shown in Equation 2.57 and 2.58, vdW interactions are described by a Lennard-Jones

6{12 term and electrostatic interactions are described by a Coulombic term.

EvdW =
X

i<j

4" ij

" �
� ij

r ij

� 12

�
�

� ij

r ij

� 6
#

f ij (2.57)

Eele =
X

i<j

qi qj

r ij
f ij (2.58)

Nonbonded parameters include the LJ well-depth" ij , minimum energy distance � ij , and partial

atomic chargesqi . Nonbonded interactions between third neighbors (1,4-interactions) are reduced
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in most force �elds with various scale factors f ij . LJ parameters are assigned according to dif-

ferent atom types that represent atoms in a speci�c chemical environment. The LJ parameters

between di�erent atom types are calculated according to the combination rules.134,135 For exam-

ple, AMBER and CHARMM employ the Lorentz-Berthelot combination rule, 136 which uses the

arithmetic mean for � ij and the geometric mean for" ij . While OPLS-AA employs the geometric

mean for both � ij and " ij . LJ parameters can be obtained by �tting to experimental densities

and heats of vaporization,34 or deriving from quantum chemistry calculations with exchange-hole

dipole moment (XDM) model 137 or atoms-in-molecule (AIM) method. 47 qi can also be derived by

�tting to experimental data, e.g. hydration free enthalpies in water, 40 or extracted from quantum

chemistry data.35

Polarizable Force Field

Despite the many successes of classical FFs in MD simulations of biological systems, it is more

and more clear that the inclusion of electronic polarization will play a central role in the next

generation FFs.81 In this section, we introduce several popular polarizable FF models.

Induced dipole model

The induced dipole model describes polarization energy by summing up the interactions between

partial atomic charges and induced dipole moments.69,138{140 Ponder et al. added the interactions

between induced dipoles and higher permanent moments (up to quadrupoles) to the model.74,141

In the induced dipole model, an additional energy termEpol is added to the total energy. Epol can

be computed according to:

Epol = �
1
2

X

i

� i E 0
i ; (2.59)

where the summation is over all atomic sites,� i is the dipole induced on atomi , and E 0
i is the

electrostatic �eld at the polarizable site i generated by the current charge in the system. The factor

of 1/2 is a result of the induction cost for the formation of an induced dipole.142 The induced dipole

moment is proportional to the total electrostatic �eld, E i :

� i = � i E i = � i

0

@E 0
i �

NX

i 6= j

Tij � j

1

A ; (2.60)

where the proportionality constant, � i , is the polarizability of the atom i , Tij is the dipole-dipole

interaction tensor (dipole �eld tensor):

Tij =
1

r 3
ij

 

1 �
3 ~r ij ~r ij

r 2
ij

!

: (2.61)

Most point dipole models only consider the interactions between static charges and induced dipoles

to describe polarization e�ects. The AMOEBA model 74 considers interactions between charges,

higher-order static atomic multipoles, and induced point dipoles. Therefore, Equation 2.60 is

modi�ed by treating the static electric �eld by permanent multipoles instead of by permanent

atomic charges:

� i = � i

0

@
X

j 6= i

T �
ij M j +

X

k6= i

T ��
ik � k

1

A ; (2.62)
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where M (M i = ( qi ,� i;x ,� i;y ,� i;z ,Qi;xx ,Qi;xy ,Qi;xz . . . Qi;zz )T ) is the permanent atomic multipole

component, andTij =[ T� , T�� , T�� , T�
 , ... ,] � , � , 
 = x, y, z is the interaction matrix.

Fluctuating Charge Model

The 
uctuating Charge (FC) model introduces polarization e�ects by enabling the tuning of partial

charges according to the electric �eld of their environment. It does not introduce any additional

energy terms or particles to a classical FF. This can be performed based on electronegativity

equalization: charges 
ow between atoms until electronegativity of the atoms become equalized.

Classical Drude oscillator model

The classical Drude oscillator model describes polarization e�ects by attaching a massless charged

particle to each polarizable atom via a harmonic spring. For a given atom with chargeq at the

atomic center in the system, a Drude oscillator (or Drude particle) is introduced with a chargeqD

assigned. The charge on the atom is adjusted toq � qD to represent the net charge of the atom-

Drude oscillator pair. The Drude oscillator is attached to the atom harmonically with a force

constant kD . The position of the Drude oscillator is adjusted self-consistently to their local energy

minima. The displacement, d, of the Drude oscillator from the central atom can be calculated as:

d =
qD E
kD

; (2.63)

where E is the local electric �eld.

The induced dipole, � , is calculated as:

� =
q2

D E
kD

; (2.64)

which leads to a simple expression of polarizability,� ,

� =
q2

D

kD
: (2.65)

Therefore, the only parameter in the classical Drude oscillator model is the combination of

q2
D and kD , which is responsible for the polarizability. It should be noted that the Drude model

only uses the Coulombic term that already exists in a classical FF. No additional interaction

terms are needed. Dipole-dipole interactions are balanced by additional charge-charge calculations.

Therefore, there is no need to calculate the dipole �eld tensorTij in Equation 2.61, which greatly

saves computational costs. Paper II in this thesis tested the Drude model using a quantum

chemistry data set of cation-dipeptide systems.

CTPOL model

The CTPOL model combines charge transfer (CT) and polarization e�ects (POL) into classical

FF. Instead of a �xed-charge model, CTPOL takes into account the charge transfer from the ligand

atom L (O, S, N) to the metal cation. The amount of transferred charge, � qL � Me , is assumed to

depend linearly on the interatomic distance,rMe � L :

� q(L � Me ) = aL rMe � L + bL : (2.66)

at distances greater than the sum of the vdW radii of atomsi and j , r vdW
ij , charge transfer can be
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neglected. Thus, the chargeqL on the ligand atom L can be calculated as:

qL = q0
L + � q(L � Me ) ; (2.67)

where q0
L refers to the charge on atomL from a given classical FF.

The polarization energy can be computed as shown in Equations 2.59 and 2.60. The summation

is over the metal and the metal-bound atoms. A cuto� distance r cuto� , which equals to the sum of

the vdW radii of atoms i and j scaled by a parameter
 = 0.92, is introduced to avoid unphysically

high induced dipoles at close distances. If the distancer ij between atomsi and j is smaller than

r cuto� , we setr ij equal to r cuto� . The CTPOL model is tested in Paper II and implemented and

parameterized in Paper III of this thesis.

2.2 Molecular Dynamics Simulation

Molecular dynamics simulations are a computer simulation technique in which the thermodynamic

and kinetic properties of a set of interacting atoms can be calculated based on statistical mechanics.

Nowadays, it has become one of the most important methods to study the microscopic interactions

of biomolecules at the atomic level.143,144 In MD simulations, the nuclei are approximated as

classical particles and the dynamics are simulated by solving Newton's second equation:

F = ma: (2.68)

The di�erential form of Equation 2.68 can be written as:

�
dV
dr

= m
d2r
dt2 ; (2.69)

where r contains the coordinates of all particles in the system, andV represents the potential

energy at position r . The equation is solved simultaneously in small time steps. The atomic

positions and velocities along with time form the so-called trajectory. Atomic positions and ve-

locities are information at the microscopic level. They describe the motion of particles and enable

the calculation of macroscopic observables such as pressure, energy, and so on. The basis of such

simulations is the integration of Equation 2.69. The predictive power of MD simulations is based

on the ergodic hypothesis, which assumes that the average of a small number of particles over a

long time is equivalent to the average of a large number of particles over a short time, i.e. time

averaging is equivalent to ensemble averaging.84

2.2.1 Integrators

There are several algorithms for the numerical integration of Equation 2.69. Each algorithm has

its advantages and disadvantages.
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The Verlet algorithm

Commonly used algorithms are the Verlet algorithm and its variations.145 The positions of parti-

cles, r i , after a small time step � t can be calculated by Taylor expansion:

r i +1 = r i +
@r
@t

(� t) +
1
2

@2r
@t2

(� t)2 + :::

= r i + v i (� t) +
1
2

a i (� t)2 + :::;
(2.70)

where v i is the velocity at time t i , and a i is the acceleration at time t i . Similarly, the positions of

particles a small time step � t earlier can be written as:

r i � 1 = r i � v i (� t) +
1
2

a i (� t)2 + :::: (2.71)

The trick with � t and � � t allows to truncate the Taylor expansion. Combining Equation 2.70

with Equation 2.71 results in:

r i +1 = (2 r i � r i � 1) + a i (� t)2

a i =
F i

mi
= �

1
mi

dV
dr i

:
(2.72)

This is the classicalVerlet algorithm 146 for solving Newton's equation. At the starting point, r i � 1

is not available, but can be approximated from the Equation 2.70:

r � 1 = r 0 � v0� t: (2.73)

The leap-frog algorithm

The velocity does not appear explicitly in the Verlet algorithm, which can be a problem for gener-

ating ensembles with constant temperature. This can be remedied by theleap-frog algorithm. 147

Perform similar expansion of equations 2.70 and 2.71 with half a time step and then subtract:

r i +1 = r i + v i + 1
2
� t: (2.74)

The velocity is given as:

v i + 1
2

= v i � 1
2

+ a i � t: (2.75)

Equation 2.74 and equation 2.75 are the leap-frog algorithm.

The velocity Verlet algorithm

In leap-frog algorithm, the velocity is explicitly present, which promotes the coupling to external

heat bath. However, the position is always later than the velocity by half a time step. To eliminate

this abnormality, the velocity Verlet algorithm 148 was introduced.

The equations of the velocity Verlet algorithm take the form:

r i +1 = r i + v i � t +
1
2

a i � t2

v i +1 = v i +
1
2

(a i + a i +1 )� t:
(2.76)
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2.2.2 SHAKE and RATTLE

The above algorithms solve Newton's second equation by numerical integration. The time step

is an important parameter for MD simulations. The smaller the time step � t, the closer the

trajectory is to the \true" trajectory. Typically, it is an order of magnitude smaller than the

speediest mode in a system to get su�cient accuracy. The rotations and vibrations of a molecule

usually occur with frequencies in 1011 to 1014 s� , which means that the time step should be

on the femtosecond (fs) level or less. However, many important reactions happen over a long

time scale. For example, protein folding may happen in milliseconds or seconds. Simulating

such a process is computationally expensive and requires to be performed by incredibly large

number of time steps. Stretching vibrations, especially those containing hydrogen, are the fastest

process for molecules. However, these motions have relatively little e�ect on molecular properties.

Constraining bond lengths involving hydrogen atoms allows for larger time steps and therefore

reduces the computational cost of the simulation. Typically, constraining bond lengths allows to

increase the time step by a factor of 2 or 3.

Constraints can be done with SHAKE149 or RATTLE 150 algorithms. The SHAKE algorithm

is mainly applied in combination with the Verlet algorithm. After adding constraints to the Verlet

algorithm, Equation 2.72 is expressed as:

r i +1 = (2 r i � r i � 1) +
(F i + gs[r i ; v i ])

mi
(� t)2; (2.77)

where gs represents force due to the constraint. Velocity can be obtained from coordinates. The

RATTLE algorithm was developed speci�cally for the Velocity Verlet algorithm. Similarly, under

constraints, Equation 2.76 can be written as:

r i +1 = r i + v i � t +
(F i + gRR (t))

2mi
� t2

v i +1 = v i +
1

2mi
(F i + F i +1 + gRR (t) + gVR (t))� t;

(2.78)

where gRR and gVR are two separate approximations related to the constraint force.

2.2.3 Molecular Dynamics Ensembles

Coordinates and velocities are microscopic properties of a system. They can be obtained by the

integration algorithms described above. The macroscopic properties of a system include volume

(V), pressure (P), and temperature (T). The concept of ensembleconnects the microscopic proper-

ties of a system with the macroscopic properties. An ensemble is a collection of many microstates

but have an identical macrostate.151

Simple MD simulations produce micro-canonical ensemble (NVE). NVE ensemble corresponds

to an isolated system where the number of particles (N), volume (V), and energy (E) are �xed,

while temperature (T) and pressure (P) are 
uctuating. The total energy of a system has two
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parts: kinetic energy and potential energy. It can be expressed as:

E tot = Ekin + Epot

=
NX

i =1

1
2

mi v2
i + Epot :

(2.79)

The temperature and pressure can be calculated from:

Ekin =
3
2

NkB T

=
3
2

PV
(2.80)

where kB is the Boltzmann constant.

Typically, a NVT or NPT ensemble represents the reality of experiments better than a NVE

ensemble. Since the temperature is proportional to the average kinetic energy, it can be controlled

by scaling the velocities at each time step. One example is the Berendsen thermostat.152 The

Berendsen thermostat method couples the system to a \heat bath" that transfers energy to the

system. The rate of energy transfer is controlled by a parameter� :

dT
dt

=
1
�

(Tdesired � Tactual ): (2.81)

The velocity scale factor, sv , is given by:

sv =

s

1 +
� t
�

�
Tdesired

Tactual
� 1

�
: (2.82)

Another widely used method is the Nos�e{Hoover thermostat.153 In the Nos�e{Hoover thermostat

method, the heat bath is taken as a part of the system and �ctive dynamic variables are assigned.

The �ctive dynamic variables change on the same footing with other variables.

The pressure can be maintained similarly by coupling to a \pressure bath". In Berendsen

barostat method,152 the coordinates are scaled to change the volume of the system instead of

scaling velocities:

dP
dt

=
1
�

(Pdesired � Pactual )

sc = 3

r

1 + �
� t
�

(Pactual � Pdesired );
(2.83)

wheresc is the scale factor of coordinates, and� represents the compressibility of the system. The

pressure can also be held constant by the Nos�e{Hoover method.

2.3 Optimization and Search

Many computational chemistry problems can be categorized as optimization problems in multi-

dimensional space. Optimization means �nding a minimum point in a search space. But in many

cases, there are numerous di�erent minima in a multi-dimensional space. The minimum with the

lowest value is theglobal minimum, while the others are all local minima. The interest may lie in

the global minimum or local minima in di�erent cases. Optimization is a gigantic �eld. In this

thesis, we employ several optimization methods for di�erent optimization problems:
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ˆ The Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm154 in Section 2.3.1 is used to per-

form geometry optimization on the Born-Oppenheimer potential energy surface. In this case,

the local minima are of interest.

ˆ Flexible biomolecules have a large structure space. Proper conformational sampling methods

are often required to �nd the global minimum of the system. Two global optimization and

search methods, genetic algorithm (GA) in Section 2.3.2, and replica exchange molecular

dynamics (REMD) in Section 2.3.4, are employed to facilitate the conformational sampling.

ˆ To determine the set of parameters in a force �eld, if the parameters enter the function in

a quadratic way, e.g. " ij , the optimization of the function can be done by solving a set of

linear equations. In this case, regularized linear regression in Section 2.3.5 is employed.

ˆ If the force �eld parameters don't enter the function in a quadratic way, e.g. charge transfer

parameters aL and bL , the global optimization method particle swarm optimization (PSO)

in Section 2.3.3 is used.

2.3.1 Geometry optimization

There are several standard local optimization tools to deal with the task of geometry optimization

as described in reference.155 The molecular simulation code FHI-aims123 employs a slightly di�erent

approach, which is reviewed in the following.

To �nd the local minima, the �rst and second derivatives with respect to atomic positions,

which are the force and Hessian matrix, are required. Assumexn is the set of atomic positions of

a system at the optimization step n. The corresponding force and Hessian matrix of the system

are:

f n = �
@E
@xn

Hn =
@2E
@x2n

:
(2.84)

To determine that a point on the PES is a local minimum requires that f n = 0 and Hn be positive

semide�nite. If the values of f n = 0 and Hn are known, the PES around the local minima can be

written as second order Taylor expansion in a displacementsn as:

M (xn + sn ) = En � f T
n sn +

1
2

sT
n Hn sn : (2.85)

The calculation of the exact Hessian is computationally expensive. However, it is not necessary to

be known. One can use an approximate matrix to replace the exact Hessian matrix and update

it during the optimization. The most widely used approach to update the estimated matrix is the

Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm:154

Hn +1 = Hn �
Hn � xn � xT

n Hn

� xT
n Hn � xn

�
� f n � f T

n

� f T
n � xn

; (2.86)

where � xn = xn +1 � xn and � f n = f n +1 � f n . The initial guess of the matrix is important in

this method and dramatically a�ects the e�ciency of the optimization process. A di�erent initial

26



CHAPTER 2. THEORETICAL BACKGROUND

matrix may even a�ect the �nal results in some cases.156 The naive choice for the initial matrix is

to take the scaled identity matrix:

H0 = �I; (2.87)

where � > 0.

2.3.2 Genetic Algorithm

Genetic Algorithm (GA) is employed in this thesis to perform conformational sampling on the

high-dimensional PES. GA is one of the most popular proposed evolutionary algorithms, and it

is frequently used for global structural sampling of molecules.157{159 GA operators are mainly

selection, crossover, and mutation. GA follows the concept of survival of the �ttest. Each solution

is like a chromosome, and each parameter corresponds to a gene. The �tness of solutions in a

population is evaluated by a �tness (objective) function. The GA algorithm starts with a pool

of random populations. Good solutions are selected while poor solutions are removed from the

pool. Selected solutions are employed to create new generations. Two solutions (parent solutions)

are combined to produce two new solutions (o�spring solutions) by crossover. Di�erent crossover

techniques can be employed.160{162 One or multiple \genes" are altered in the newly created

o�spring solutions to introduce another level of randomness.

GA-based structural sampling combined with local optimization is easy to implement, stable,

no need to assume the importance of speci�c degrees of freedom, and does not need to provide

structural preferences. It has been proven to be robust for locating points close to the global

minimum. The GA-based structural sampling in this thesis is performed by the 
exible, open-

source package Fafoom.163 Firstly, genetic algorithm at the PBE+vdw T S level with light basis is

employed to perform the structural sampling. Then a clustering scheme with clustering criterion

of 0.02 for RMSD of atomic positions and 0.02 kcal/mol for relative energy is applied to remove

duplicates. The obtained conformers are further relaxed using FHI-aims at the PBE+vdWT S level

with tight basis sets. Final conformers are obtained after clustering.

2.3.3 Particle Swarm Optimization

Particle swarm optimization (PSO) 164 is a population-based algorithm and belongs to the group

of swarm-based algorithms. It mimics the navigation mechanism of birds in nature. In PSO, each

solution is considered as a \particle" that can move on a search landscape. Each particle adjusts

its position based on its historical positions and those of other particles. During the movement,

position vector and velocity vector are needed. The position vector (X ) represents the value of

the interested problem, in our case, it's a set of force �eld parameters, and the velocity vector (V )

represents the direction and speed of the movement.

The position vector of each step is de�ned as:

X i (t + 1) = X i (t) + Vi (t + 1) ; (2.88)
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where X i (t) is the position of i th particle at tth iteration, and Vi (t + 1) is the velocity of i th

particle at the iteration t.

The velocity vector is de�ned as:

Vi (t + 1) = wVi (t) + c1r 1 (P i (t) � X i (t)) + c2r 2 (G(t) � X i (t)) ; (2.89)

where Vi (t) is the velocity of i th particle at tth iteration, w is the inertia weight, c1 and c2 are the

individual coe�cient and social coe�cient, respectively, r 1 and r 2 are random numbers between

[0; 1], P i (t) and G(t) are the best solutions found by thei th particle and all particles until iteration

t, respectively, andX i (t) is the position of i th particle at iteration t.

In Equation 2.89, the �rst term considers how much of the previous velocity should be main-

tained. The second term is the so-called cognitive component, which represents the individual

intelligence. P i (t) is the best position of the particle so far. The third term represents the social

intelligence. Therefore, the movement of each particle is a�ected by individual and social intelli-

gence and by that dragged towards the best regions of search space. The PSO starts with a random

set of particles. Each particle has a random position vector and velocity vector. Parameters ofw,

c1 and c2 are initialised. Then, particles move in di�erent directions in the search space. Positions

of particles are updated until the end condition is satis�ed.165

2.3.4 Replica-exchange Molecular Dynamics

The original replica-exchange method166 was applied with Monte Carlo simulations.167{169 It was

then combined with molecular dynamics and formed the method of replica-exchange molecular

dynamics (REMD). 170 The basic idea of REMD is to run MD simulations of multiple replicas of

the system under study simultaneously. Each simulation is in the canonical ensemble at di�erent

temperatures. Thus, the replica-exchange method is also called parallel tempering. Figure 2 shows

the schematic representation of REMD method. REMD is not an optimization technique per se,

but in this thesis, we use it to explore the structural space of bio-molecules. The combination of

REMD, clustering, and local optimization forms a global search technique.

Standard MD simulations are of limited use when performing conformational sampling on

potential energy surfaces with many minima. Due to the in
exible nature of MD, sampling can

easily be trapped in metastable minima on the surface, resulting in incomplete sampling. At high

temperatures, barriers are easier to overcome and the trajectory is less likely to be trapped in

local minima. While the local energy surface around local minima can be accurately sampled at

low temperatures. The REMD method combines these two advantages by swapping replicas at

di�erent temperatures after a speci�c MD simulation time. In this way, a random walk through

a prede�ned discrete temperature space is introduced, which enables the simulation to overcome

the energy barrier and sample a wider space. In REMD simulations, swaps occur between replicas

with neighboring temperatures. When two replicas are swapped, not only atomic positions but also

their momenta are swapped. To adapt the momenta of the replicas to new temperature, the easiest
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Figure 2: The schematic representation of replica-exchange molecular dynamics method. Five

replicas swap between �ve di�erent temperatures. MD simulations are performed in-between the

swaps.

way is to scale the momenta according to the approach proposed by Sugita and Okamoto:171

p0
i =

r
Tnew

Told
pi ; (2.90)

where pi are the old momenta of particle i , Told and Tnew are the temperatures before and after

the swap, respectively. In this way, the average kinetic energy is preserved as32 NkB T. The prob-

ability of accepting a swap between ensemblesi and j is determined by the Metropolis acceptance

criterion: 172

P� i  � j = min
h
1; e� ( � j � � i )( E (R i ) � E (R j ))

i
; (2.91)

where � i = 1=kB Ti , and E(R i ) is the potential energy of the ensemblei with con�guration R.

2.3.5 Regularized Linear Regression: Ridge Regression and LASSO

Multiple linear regression is to investigate the relationship between two or even more independent

variables (x i ) and one dependent variable (y i ). For a multiple linear regression model, assume

a data set contains n samples, (x 1, y1), (x 2, y2), . . . , (x n , yn ), where x i is the input vector

containing p predictor variables, i.e.

x i =

0

B
B
B
B
B
B
B
B
B
@

1

x i 1

x i 2

...

x ip

1

C
C
C
C
C
C
C
C
C
A

; (2.92)

and yi is the i -th output value. The multiple linear model speci�es a linear relationship between

x i and the expected value ^yi , that is,

ŷi = � 0 + � 1x i 1 + � 2x i 2 + � � � + � px ip ; i = 1 ; : : : ; n; (2.93)
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where � d, d = 0 ; 1; : : : ; p represent linear regression coe�cients. If we de�ne the coe�cient vector

� as:

� =

0

B
B
B
B
B
B
@

� 0

� 1

...

� p

1

C
C
C
C
C
C
A

; (2.94)

vector Y as:

Y =

0

B
B
B
B
B
B
@

y1

y2

...

yn

1

C
C
C
C
C
C
A

; (2.95)

and matrix X as:

X =

0

B
B
B
B
B
B
@

x T
1

x T
2
...

x T
n

1

C
C
C
C
C
C
A

=

0

B
B
B
B
B
B
@

1 x11 x12 : : : x1p

1 x21 x22 : : : x2p

...
...

...
. . .

...

1 xn 1 xn 2 : : : xnp

1

C
C
C
C
C
C
A

; (2.96)

we can obtain Equation 2.97 from Equation 2.93

Ŷ = X� : (2.97)

The regression coe�cients can be obtained by the method of least squares.173 With the property

of matrix, Equation 2.97 can be written as:

X T Ŷ = X T X� : (2.98)

Thus, assuming the rank of the matrix X equals to p + 1 so that ( X T X ) � 1 is well de�ned, the

least squares estimators�̂ can be obtained by

�̂ = ( X T X ) � 1X T Y : (2.99)

Equation 2.97 can be further written as

Ŷ = X (X T X ) � 1X T Y : (2.100)

Thus the residual sum of squares (RSS) can be obtained by

RSS =
nX

i =1

�
Yi � Ŷi

� 2

= Y T �
I � X (X T X ) � 1X T �

Y ;

(2.101)

where I represents the identity matrix.

The matrix X T X may be ill-conditioned, or even singular if there are high correlations among

predictor variables or a large number of predictors (p > n ), which means that the inverse matrix of

X T X is numerically unstable, thus further leading to numerically unstable least squares estimates

�̂ .174 Various regularization or shrinkage regression175 techniques can be used to address this
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problem. These techniques impose a constraint on the model parameters, which `shrinks' the

regression coe�cients towards zero, aiming to stabilize them. This can be achieved by adding a

penalty term, F (� 0; : : : ; � p), to the objective function that needs to be minimized

D =
nX

i =1

�
Yi � x T

i �
� 2

+ F (� 0; : : : ; � p): (2.102)

Ridge regression176,177 employs a quadratic form for the penalty function, i.e. square of the

magnitude of the coe�cients. Thus, the objective function can be written as

D =
nX

i =1

�
Yi � x T

i �
� 2

+ �
pX

l =1

� 2
l ; (2.103)

where � represents a regularization or tuning parameter.� acts as the Lagrange multiplier of the

constraint. Equation 2.103 is equivalent to

D =
nX

i =1

�
Yi � x T

i �
� 2

subject to
pX

l =1

� 2
l � �; (2.104)

and can be written in matrix notation as following

D = ( Y � X� )T (Y � X� ) + � � T � : (2.105)

Minimizing D gives the equation178

(X T X + � I )� = X T Y ; (2.106)

where I denotes the identity matrix. Thus, the ridge regression estimates�̂ are given by

�̂ = ( X T X + � I ) � 1X T Y : (2.107)

Compared to Equation 2.99, a diagonal \ridge" (� I ) is added to X T X matrix so that it always

has an inverse, which further stabilizes the ridge regression estimateŝ� .

We can see that when� ! 0, the objective function D becomes similar to the linear regression

objective function, while the larger its value, the stronger the coe�cients' size penalized from

Equation 2.107. Hoerl and Kennard179 showed that there are always some� (> 0) such that the

residual sum of squaresRSS is smaller than for the ordinary least squares estimators.

The penalty term in Ridge regression is the so-called \L 2" penalty, one can also use the \L 1"

penalty in the objective function D , which results in the LASSO (least absolute shrinkage and

selection operator)180 model:

D =
nX

i =1

�
Yi � x T

i �
� 2

+ �
pX

l =1

j� l j: (2.108)

Unlike Ridge regression, there is no clear expression for the estimator̂� , but a number of solutions

are required. The use of \L 1" penalty sets some of the estimators to 0, meaning that only a subset

of the original estimators is obtained, which is the so-called sparse solution. LASSO regularization

does not only act as shrinkage regression, but also a variable selector, it suppresses the low-impact

predictor variables to 0. Although Ridge regression usually has higher predictive capability when
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there is high multicollinearity among predictor variables, LASSO regression is often used for large

number of predictor variables or overdetermination.178

The tuning parameter � in Ridge regression and LASSO regression is often chosen byk-fold

cross-validation approach.181 One advantage of cross-validation is that it reduces over �tting with-

out saving a subset of the data set for internal validation.182

2.4 Data Management

The data generated in this thesis has great potential for force �eld parameterization and further

applications, e.g. machine learning or benchmarking. To make the data available to experts in

force �eld development, or even to experts in other scienti�c �elds, the data storage should ful�ll

the so-called FAIR principles:183 �ndable, accessible, interoperable, and re-usable.

ˆ \Findable" means that the data and corresponding meta-data should be easy to �nd. Meta-

data is the so-called data about data. It is a set of attributes necessary to annotate, charac-

terize, and ultimately reproduce data. For example, a DFT total energy calculated with a

speci�c functional and atomic positions. The total energy is seen as data, while the functional

and atomic positions are the input to the calculation, necessary to reproduce the data, and

therefore metadata for that calculation. The total energy can also be meta-data for further

analysis.

ˆ \Accessible" requires open and free authentication and authorization protocols.

ˆ \Interoperable" requires the data to be able to integrate with other data, di�erent applica-

tions or work
ows.

ˆ \Re-usable" is the biggest bene�t of FAIR data handling. The data should be easy to apply

to other applications or work
ows.

Several repositories have been developed to store and share data. Some of them use meta-

data schemes to annotate data and make the data accessible through application programming

interface (API). Furthermore, Semantic Web technologies are developed to enable a machine to

\understand" the data by enriching the web with machine-processable information.184 Ontologies

are most closely related to the development of the Semantic Web. Several repositories, the concepts

of Semantic Web and ontologies are outlined in the following.

2.4.1 Repositories

There are several repositories available for storing molecular computational data. To name some of

them, ioChem-BD platform 185 supports data curation, storage, indexing data, and search engine

services. It supports 11 computer codes. Complete input and output data are not stored in

ioChem-BD. Some results in ioChem-BD are translated into CML (Chemical Markup Language),

a chemistry-oriented XML language, and can be downloaded. The Benchmark Energy & Geometry

32



CHAPTER 2. THEORETICAL BACKGROUND

Database (BEGDB) 186 contains highly accurate QM calculations of molecular structures, energies,

and properties. The data is listed in a table. Complete input and output data are also not available.

The Novel Materials Discovery (NOMAD) Repository & Archive is explained in more detail as it

is used to store data in this thesis.

NOMAD Repository & Archive supports over 40 computer codes and stores over 11 million

entries.187 It contains complete input and output �les, so that the calculations can easily be

repeated or continued. Each entry/calculation has a unique identi�er. In addition, undivided

entries can be curated into data sets for which a DOI can be assigned to make the data citable. In

addition to raw data, a meta-data schema NOMAD Metainfo188 is used to annotate and structure

data. Data as well as meta-data from electronic-structure theory, e.g., structure, energy, program,

are well organized in NOMAD Metainfo in a standardized, code-independent format. Information

in NOMAD Metainfo can be explored through an API. The widely adopted JSON format is used

to store data, which improves the interoperability of the data.

The NOMAD Repository & Archive ful�lls the FAIR principles. The meta-data schema and

unique paths for each term make the data �nable (F). The API connected to the meta-data

schema ensures accessibility (A). Using widely processable format like JSON to store data improves

interoperability (I). Storing all raw data makes data better re-usable (R). The ontologies developed

in this thesis aim to further improve the accessibility and interoperability.

2.4.2 Semantic Web

Before introducing the concept of ontologies, we need to describe the concept of the Semantic Web.

As the de�nition from Berners-Lee et al., 189 Semantic Web\is an extension of the current web in

which information is given well-de�ned meaning, better enabling computers and people to work in

cooperation". It refers to the vision of an intelligent network. Tim Berners-Lee presented his plan

for Semantic Web Architecture at the XML 2000 conference190 (Figure 3). Items in Figure 3 are

Figure 3: Semantic Web layer cake, based on Berners-Lee190 and Reference.191

brie
y introduced in the following:

ˆ Uniform Resource Identi�er (URI) and its extension, the internationalized resource

identi�er (IRI), represent unique entities.
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ˆ Unicode refers to the text standard expressed in most of the world's writing systems. For

example, the latex source of this thesis is written in unicode UTF-8.

ˆ Extensible Markup Language (XML) is a standard syntax to serialize and store data.

It enables users to build human-readable as well as machine readable documents in a tree

structure. 192 XML tags contain meta-data and represent the data structure, while it does

not impose semantic restrictions on the meta-data in these documents.193

ˆ The Resource Description Framework (RDF) is used for encoding, exchange, and

reuse of metadata. The information about resources is represented in graph form. The RDF

description is based on the triple relation: subject-predicate-object. Subject and predicate are

usually resources identi�ed uniquely by URIs or IRIs, while object can be a literal. Unlike

XML, no assumptions about data structures are required in RDF.

ˆ RDF Schema (RDFS) is an extension of RDF. It provides classes and properties and

therefore provides the basic building blocks of concepts.

ˆ Web Ontology Language (OWL) extends the RDFS and is syntactically embedded in

RDF. OWL provides additional vocabulary to express relations between classes (e.g. dis-

jointness), cardinality (e.g. \exactly one"), characteristics of properties (e.g. symmetry),

and much more. Thus it provides greater machine interpretability than XML, RDF, and

RDFS.193

ˆ SPARQL is a query language. It can be used to query RDF, RDFS, and OWL.

To make sure that all results are trustworthy for users or applications, all semantics should be

proofed and only based on trusted inputs.

2.4.3 Ontologies

Ontology is a word borrowed from philosophy. In philosophy, ontology is the study of being - about

what kind of things exist. Nowadays, it is borrowed by computer science as a semantic knowledge

organization system (KOS). A widely cited description of ontologies is made by Gruber,194 which

is that \An ontology is an explicit speci�cation of a conceptualization." Later, Studer et al.195

updated the de�nition as \An ontology is a formal, explicit speci�cation of a shared conceptualiza-

tion, where `formal' means the ontology should be machine readable; `explicit' requires all concepts,

properties, relations, functions, constraints, and axioms to be explicitly de�ned; `shared' emphasizes

that the ontology represents consensual knowledge, e.g. that it is accepted by a group; and `con-

ceptualization' is an abstract model of some phenomenon in the world."However, the de�nition

is still rather abstract. To make it easier for beginners to understand: an ontology de�nes a com-

mon vocabulary for researchers who need to share information by including machine-interpretable

de�nitions of basic concepts in a domain and relations among them.196

The main components of an ontology include classes, properties, instances, and axioms. Classes

are the focus of most ontologies. They represent concepts of entities in a domain. A class can have
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sub-classes that describe more speci�c concepts and a set of individual instances. Properties allow

users to assert general facts about classes and speci�c facts about individuals. They also capture

relationships between classes. Like classes, properties can have sub-properties. Once the classes and

properties are de�ned, an ontology is produced. Instances are the \thing" that a class represents.

For example, \zinc" is an instance of class \atom". Strictly speaking, as a conceptualisation of a

domain, an ontology should not contain any instances. To further understand this, two concepts

need to be distinguished: ontology and knowledge graph. There are two types of statements in

computer science. Theterminological component consisting of TBox statements de�nes classes and

properties. The TBox statements build a conceptual framework to express actual facts. The facts

or data are represented with the vocabulary de�ned by TBox in so-calledassertion components.

The assertion component consists of ABox statements, and instances belong to the ABox. In

summary, the TBox is usually an ontology and the ABox contains the facts or data stored in the

schematic de�nitions by the TBox. TBox and ABox together form a knowledge graph composed of

the ontology and the data. However, sometimes it's di�cult to de�ne things as classes or instances.

For example, one can state \zinc" is an instance of class \atom". It could be argued that \zinc"

is a class that represents di�erent instances of zinc, e.g. Zn0 and Zn2+ . This is a well-known open

question of ontology management. Finally, axioms are the facts in an ontology.

An ontology is developed to share a common understanding of knowledge in a domain among

people or software agents. Sharing data with ontology also ful�lls the FAIR principles. Ontologies

ensure that data and meta-data are both human-readable and machine-readable, thereby enabling

automatic discovery of data (F). In principle, any question framed in ontology logic can be an-

swered in �nite steps by ontology query language. This ensures accessibility (A). Ontologies ensure

interoperability (I) by presenting data in a formal language and format. Ontologies can be easily

connected to other ontologies or applied to other applications, making the data re-usable (R).

Through these principles, data is extensible, accessible, and automatically processed.

There is no correct way to develop an ontology. Typically, developing an ontology is an iterative

process. Developers start with a rough ontology, then revise and re�ne the ontology iteratively

by using it in applications or discussing with experts. Ontologies can be developed in two ways:

bottom-up or top-down. The bottom-up approach starts with an existing database and extends

the speci�c concepts in the database to connect upper-level concepts. This is a practical way to

present and explore data quickly. After the data is populated, a knowledge graph is built. The

top-down approach starts with the most general concepts and properties, regardless of the existing

database. Both approaches have their advantages and users can choose which approach to use

based on their purpose. The two approaches can also be used in combination.

There are several typical steps in developing ontologies. Before developing an ontology, the

scope and usage of the ontology need to be determined. The scope of an ontology can be de�ned

by considering which questions the ontology should be able to answer. Then, one should check for

existing ontologies that can be reused. Reusing existing ontologies may be necessary if one wants

to link their ontologies with other ontologies. The next step is to write down important terms
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and de�ne classes and the hierarchy. Once the classes and hierarchy are de�ned, one can de�ne

properties and restrictions on properties. Classes are connected to each other through properties.

Finally, individual instances are created.
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Chapter 3

Summary of main results

This chapter summarizes the main results of the publications that make up this thesis. Details

of methodologies and secondary results are not included in this chapter and can be found in the

respective publications in Chapter 4. The main purpose of the work underlying this thesis is to

pave the way for accurate simulation of metalloproteins. To that end, we performed a systematic

study and presented the results through three papers.

ˆ Paper I 82 presents a quantum chemistry data set of amino-methylated and acetylated

(capped) dipeptides with possible protonation states and several divalent cations (Ca2+ ,

Mg2+ and Ba2+ ) that can be used for FF parameterization.

ˆ Paper II 83 benchmarks a polarizable Drude FF, and three widely used classical FFs, OPLS-

AA, AMBER, and CHARMM (C36) against the quantum chemistry data set from Paper I ,

and demonstrates how QM-driven parameterization and the explicit consideration of charge

transfer and polarization e�ects can improve the simulation of cation-protein interactions.

ˆ Paper III presents an open source parameterization tool, which enables the parameterization

of classical FF OPLS-AA as well as CTPOL model, which is a FF model that includes charge

transfer and polarization e�ects.

Classical force �eld parameterization has been used to improve the accuracy of metalloprotein

simulations, and has been successful to some extent.50,56,72 However, it is still limited due to the

complex electrostatic environment in metalloproteins. An alternative approach is to introduce

more physics, e.g. charge transfer and polarization e�ects, to the FF framework. Studies have

shown that polarizable FFs better reproduce experimental as well as high-level quantum chemistry

results than classical FFs.65,197 Explicit inclusion of charge transfer and polarization e�ects plays

an important role in the development of next-generation force �elds. However, more complex

functions or more energy terms result in more parameters, which makes the parameterization

even more challenging. Thus, large and su�ciently accurate data sets are needed. The reference

data for force �eld parameterization can be experimental data or computational data. However,

experimental data of ion-containing systems are limited and lack less stable conformations. Due
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Figure 4: (a) Hierarchy of the ontologies linked to amino acid data set meta-info (AAMI). (b)

Partial high level classes of AAMI ontology. Ovals and Rectangles represent classes and literals,

respectively. Classes in di�erent ontologies are labeled with di�erent colors. Solid lines represent

properties, and dashed lines indicate the property of \has subclass".

to the good accuracy and a�ordable computational cost, DFT data has been used for force �eld

development198 and has been shown to improve force �eld accuracy.199 Although several studies

have provided a solid basis for conformational and energetic assessment of protein building blocks,

these data vary in approximations and sampling methods. Furthermore, data is often not available

in a straight forward usable way.

We believe that better FF start with better data. Hence we provide a DFT data set that covers

a wide range of amino-methylated and acetylated (capped) dipeptides to simulate the diverse

chemical spaces in proteins inPaper I .82 The data set contains:

ˆ 20 proteinogenic amino acids including possible protonation states of side chains;

ˆ three divalent cations (Ca2+ , Mg2+ , and Ba2+ );

ˆ 21,909 stationary points on the PES with a wide range of relative energies up to 4 eV;

ˆ properties related to force �elds development, such as partial charges related to electrostatic

interactions, interaction energies related to cation-protein interactions, and so on.

All data are calculated on consistent computational footing. The reliability of the xc-functional

and sampling method employed was evaluated in previous studies.105,163 These characteristics

make the data set suitable for various uses, such as force �eld development, machine learning,

and force �eld benchmarking. To make the data available to the community, we shared the data

set via the NOMAD Repository & Archive. However, only electronic structure theory data and

the corresponding meta-data are represented in the NOMAD archive. The conceptual knowledge

about force �eld related secondary data of our study such as atom type and connectivity is hidden
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Figure 5: (a) Number of conformers, RMSD as well as Boltzmann-weighted RMSD (wRMSD)

of the four FFs relative to the quantum chemistry interaction energies for each dipeptide-Ca2+

system. RMSD and wRMSD are in kcal/mol. (b) Characteristic snapshots of N-lobe of the human

calmodulin (CaM) protein in simulation with CHARMM36 (left) and Drude-wRMSD (right) mod-

els, respectively. Green spheres in the �gure represent the Ca2+ ions binding with sites in Loop I

and II. Gold spheres represent the Ca2+ ions recruited from solutions. (c) The distribution of the

contacts between Ca2+ and COO� with di�erent FF models.

somewhere in the �les, which hinders the automatic access and processing of the data. To alleviate

this, several ontologies were developed to represent the data set. An ontology de�nes a machine-

readable common vocabulary of concepts in a domain and relations between them. Figure 4 (a)

shows the hierarchy of the developed ontologies. Two existing ontologies, European Materials

Modelling Ontology (EMMO) and Amino Acid Ontology, were reused. In this way, Amino Acid

Meta-Info (AAMI) is connected to upper-level concepts and is easily linked to more ontologies.

Some of the high level classes and properties of AAMI are shown in Figure 4 (b) to give an

overview of how AAMI is organized and how concepts are linked to each other. In principle, all

questions in the ontology logical framework can be answered in several steps. Data queries can

be done using the query language SPARQL. This query and answer framework further makes the

data interoperable and re-usable.

To assess the reliability of force �eld models in describing cation-dipeptide interactions, the

DFT data set in Paper I was used to benchmark four force �eld models inPaper II . The

four force �eld models include one polarizable Drude model and three classical models, CHARMM

(C36),124 AMBER (AMBER10), 129 and OPLS-AA. 126 Figure 5 (a) displays the RMSDs as well as
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Boltzmann-weighted RMSDs (wRMSDs) between the four FFs and quantum chemistry interaction

energies for di�erent dipeptide-Ca2+ systems. Boltzmann-weighted RMSDs put more weight on

low-energy conformations during the evaluation. Clearly, the Drude model is more accurate than

the other three non-polarizable FFs for almost all dipeptide-Ca2+ systems. For two systems, Glu-

Ca2+ and Asp-Ca2+ , we observe unphysically large energies when two polarizable atoms come

too close to each other. This so-called polarization catastrophe occurs between Ca2+ and oxygen

atoms in our test set and can be remedied by implementing the Thole damping factor.

With the optimized pair-wise Thole parameter and LJ parameters, the Drude models no longer

exhibit the polarization catastrophe phenomenon and yield much smaller RMSDs of interaction

energies than the three non-polarizable FF models. It was also found that in addition to the Thole

parameter, the optimization of the LJ parameters is also essential to better reproduce the DFT

interaction energies. The optimized Drude parameters were then evaluated by MD simulations

with the N-lobe of the human calmodulin (CaM) protein. Studies have shown that non-polarizable

FFs overestimate the coordination number (CN) between Ca2+ and CaM protein. 52 The number

of Ca2+ cations binding to a single CaM protein can be up to 20 with non-polarizable FF instead

of the expected 4.52 Figure 5 (b) shows the snapshots from the MD simulations of CaM protein

with CHARMM36 and optimized Drude model (Drude-wRMSD). The probability distributions

of the Ca2+ { carboxylate CNs are shown in Figure 5 (c). The average CN of the CHARMM36

simulation is 8.5, while all Drude simulations yield a smaller average CN of 4. This work showed

how a combination of a large and comprehensive quantum chemistry database and condensed-phase

MD simulations can drive force �eld development to simulate important metalloproteins.

Although the Drude model has shown its potential to better simulate metalloproteins, it may

still have its limitations when charge transfer e�ects are signi�cant. Studies have shown that the

charge perturbation on the ligand atoms caused by Ca2+ is signi�cant, and this impact occurs

not only in the �rst coordination shell, but also in the second shell.200,201 The CTPOL model

incorporates charge transfer and polarization e�ects into the classical FF formula. Paper II

tested the CTPOL model with Glu-Ca 2+ and Asp-Ca2+ systems. The results showed that the

inclusion of polarization e�ects can better reproduce the DFT interaction energies than classical

FFs, while the introduction of charge transfer e�ects can further improve the accuracy of FF. It

was also found that tuning the LJ parameters is critical after extending the standard FF to the

CTPOL model.

Based on the fact that most polarizable FFs are subject to limited validation, they may need to

be re-parameterized when they are used on new systems. However, re-parameterization is always

time-consuming and tedious. Especially for the parameterization of polarizable FFs due to the more

complex formulation and more parameters. Several tools are available for the parameterization of

non-polarizable FFs,202{204 while tools for polarizable FFs are still lacking. FFParam205 provides

the parameterization for Drude model, however, parameterization tools for CTPOL model are

not yet available. Paper III implements CTPOL model on OpenMM and introduces the open

source parameterization tool FFAFFURR, which supports the parameterization of OPLS-AA and

40



CHAPTER 3. SUMMARY OF MAIN RESULTS

Figure 6: (a) Work
ow of CTPOL parameterization. Parameters in blue boxes are derived from

DFT calculations, parameters in coral boxes are obtained by Lasso or Ridge regression, and pa-

rameters in green boxes are obtained by PSO. (b) The absolute error distribution after each step

in the work
ow of AcCys � NMe-Zn2+ , and the absolute error of OPLS-AA with fully optimized

parameters (opt-opls) (c-f) The structures of interaction center of zinc �nger protein after 40 ns

MD simulation with di�erent parameter sets. (g) Charge transfer along time with parameter sets

CTPOL and opt-CTPOL.

CTPOL model. Since it has been found that both the Drude model and the CTPOL model require

LJ parameterization in Paper II ,83 FFAFFURR provides the parameterization of all energy terms

in the OPLS-AA and CTPOL models. Users can choose which energy term to adjust according to

their needs in practical applications.

The performance of FFAFFURR was evaluated by its ability to reproduce relative energy hi-

erarchies at the DFT level and by comparing the statistics of condensed-phase MD simulations.

Figure 6 (a) and (b) display the work
ow of CTPOL parameterization and the absolute error distri-

bution after each step in the work
ow of AcCys � NMe-Zn2+ . Cysteine coordinated to Zn2+ serves

as the center of many metalloproteins and has been reported to have signi�cant charge transfer.77

Figure 6 (b) shows that the absolute errors between FFs and DFT energies are signi�cantly im-

proved after the introduction of charge transfer for AcCys� NMe-Zn2+ . After the full optimization

of either parameter set, the CTPOL model better reproduces DFT energies than OPLS-AA.

Then, MD simulations of zinc �nger protein (1ZNF) were used to validate the parameter set

parameterized on the model peptides. Figure 6 (c) shows the structure of the interaction center

of zinc �nger protein after 40 ns MD simulation with OPLS-AA. The two histidines left the Zn 2+
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center after the simulation. One potential usage of FFAFFURR is to optimize the parameters for

the interaction center. The pair-wise LJ parameters of Zn2+ and atoms of histidine were optimized

to obtain a new parameter set (opt-OPLS-AA). After the simulation, there was still one histidine

leaving the interaction center as shown in Figure 6 (d). Then we tried to extend the opt-OPLS-AA

model to the CTPOL model by introducing charge transfer and polarization term (opt-CTPOL)

and succeeded in preserving the correct coordination number of the interaction center. To evaluate

the e�ect of optimized pair-wise LJ parameters in the opt-CTPOL model, we tested the pure

CTPOL model (CTPOL), which is the original OPLS-AA parameter set with charge transfer and

polarization term introduced. It was found that the CTPOL model also preserved the correct

coordination number of the interaction center. However, Figure 6 (g) shows the values of charge

transfer along time with parameter sets CTPOL and opt-CTPOL. The data in the left panel are

from a 40 ns MD simulation, and the data in the right panel are from 40 individual 1 ns simulations

with di�erent initial structures. The initial structures were derived from a short continuous MD

simulation. The left panel shows that the charge transfer is more stable with opt-CTPOL, and the

right panel further proves that the stability of the simulation using CTPOL is in
uenced by the

initial structure. Overall, the results show that CTPOL model with the parameters derived from

DFT data of model peptides can better simulate zinc �nger proteins than classical FF, and the

parameterization of LJ parameters is essential.

In conclusion, in the three papers that make up this thesis, I demonstrate:

ˆ The creation of a comprehensive DFT data set for FF parameterization.

ˆ The use of ontologies and FAIR data.

ˆ Testing of classical and polarizable FF.

ˆ Implementation of the CTPOL model and a parameterization tool.

ˆ Testing of CTPOL model through MD simulations.
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Chapter 4

Publications

This Chapter presents the published scienti�c manuscripts which form the core of the thesis. The

publications are organized thematically rather than chronologically. Before the manuscripts, an

introductory page which represents publication title, authors' names, reference, URL, DOI and

authors' contributions is provided.
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4.1 Paper I: Better force �elds start with better data: A

data set of cation dipeptide interactions

X. Hu , M. O. Lenz-Himmer, C. Baldauf.

Sci. Data 9, 1-14 (2022)

DOI : 10.1038/s41597-022-01297-3

Author contributions : I performed the calculations of all conformers, curated the data, con-

structed the ontology, and wrote the manuscript. M. O. Lenz-Himmer helped with the construction

of ontology and contributed to the manuscript. C. Baldauf designed the study, curated the data,

and wrote the manuscript.

































4.2 Paper II: Benchmarking polarizable and non-polarizable

force �elds for Ca 2+ {peptides against a comprehensive

QM dataset

K. S. Amin, X. Hu , D. R. Salahub, C. Baldauf, C. Lim and S. Noskov.

J. Chem. Phys. 153, 144102 (2020)

DOI : 10.1063/5.0020768

Author contributions : K.S. Amin and I contributed equally to this work. C. Baldauf and

I calculated and organized the QM data set. I assessed the accuracy of OPLS-AA and Amber

by their abilities to reproduce hierarchies of thousands of Ca2+ {dipeptide interaction energies in

the QM data set. K.S. Amin assessed the accuracy of CHARMM36 and Drude model. K.S.

Amin optimized the selected cation{peptide parameters in Drude model. I parameterized and

evaluated the CTPOL model. K.S. Amin, D.R. Salahub and S. Noskov did the MD simulations in

condensed-phase.
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