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ABSTRACT

Mass spectrometry (MS) is a technique that measures the fragmentation of molecules,
dependent on the molecule’s chemical composition and structure, by first introducing a
charge on the molecules. The instrument records the mass to charge ratio, but the energy
from the ionization process causes the molecule to fragment. The resultant mass spectrum
is highly indicative of not only the molecule analyzed, but also its chemical composition.

MS is used in research and industry for both routine and research purposes.

One such way to ionize molecules for MS is by bombarding the molecule with electrons
which is the basis of electron impact mass spectrometry (EIMS). Although EIMS is
widely used, prediction of electron impact mass spectra from first principles is a
challenging problem due to a need to accurately determine the probability of different
fragmentation pathways of a molecule. Ab initio molecular dynamics based methods are
able to explore in an automatic fashion the energetically available fragmentation paths

thus give reaction mechanisms in an unbiased way.

The mass spectra of five molecules have been explored in work-flows leading to the
prediction of mass spectra. These molecules include three natural products alpha-
hispanolol, PFB oxime derivative and boronolide (for which experimental mass spectra
were not available) and two compounds from the NIST database (for which experimental

mass spectra were available).



For each of these systems many random conformations were generated using the RDKit
library. To all conformations random velocities were applied to each atom. Ab initio
molecular dynamics was performed on each conformer, using these initial random
velocities using CP2K software, at DFTB+ level at a variety of highly raised temperatures
(to accelerate the formation of fragments)

Fragmentation was monitored by iterating through all bonds, and identifying bond
breakages during dynamics. Graph theoretical packages were used then to track distinct
fragments generated. For each of these fragments, charges were determined from
Mulliken analysis for all atoms on the fragment from the QM calculations and sum of
atomic spin densities per fragment was also plotted. The fragment with the greatest charge
(corresponding to the formation of a cation fragment) was taken for plotting on the mass
spectrum. Finally, from the mass of the fragment and its elemental composition, the
isotopic distribution for the fragment was determined, and this distribution was included
by addition in to the mass spectrum.

For all trajectories, the sum of all isotopic distributions determined the final mass
spectrum.
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1. INTRODUCTION

1.1 Mass Spectrometry

Mass spectrometry (MS) is a technique that measures the characteristics of a sample or a
molecule, that is its chemical composition and structure, by converting the material to
charged molecules in order to measure their mass to charge ratio. It is used as an analytical
tool in industry and academia for both routine and research purposes. There are a wide
range of applications of this analytical technique which include pharmaceutical (e.g. drug
discovery, combinatorial chemistry, pharmacokinetics and drug metabolism), clinical
(e.g. neonatal screening, haemoglobin analysis and drug testing), environmental (for
example to check water quality and food contamination), biotechnology (in protein and
peptides analysis) and geological (for example, oil composition) applications (Hassan,

2012).

Mass spectrometry is a highly sensitive technique that is able to analyze even minute
quantities of the molecule. It does not only elucidate the structure of the compounds, it
also gives molecular formula and the isotopic abundance of particular molecular formula,
(Baghel € al, 2017). Mass spectrometry, at its simplest, enables the identification of the
molecular weight of a compound. In most cases, mass spectrometry is based on the

generation of positive ions in the vapour phase; these pass through an analyzer.
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The mass spectrometer consists of the inlet system, ion generation chamber, analyzer
tube, Ton collector and data collection system (Figure 1.1). The analyzer differentiates ion
trajectories based on their mass to charge ratio, from which they may be identified by

mass by the ion detector.

f
Gas Phase lons lon Sorting lon Detection Mass Spectrum
‘ : lon ' | Data
Inlet " Source - Analyzer P Detector P system
hL Ak
Sample | Vacuum Pumps Data Qutput

Introduction

______________________

Figure 1.1: Schematic for Mass Spectrometry

In analytical chemistry compounds are often purified prior to mass spectrometry; this
often involves  chromatography (either liquid phase chromatography or gas
chromatography), thus the compounds can first be separated by gas chromatography
and electron ionization mass spectrometry can be used to fragment and identify
the fragments, this can all be done wusing gas chromatography/mass

spectrometry(Stein et al., 1994).

1.2 Electron Impact Ionization in Mass Spectrometry

Prior to differentiation of ions in perhaps a magnetic sector analyzer, for electron impact
ionization the sample that is investigated is converted into vapour phase and bombarded
with electrons that have enough energy to knock out one electron from the molecule
(<10eV). This generates a positively charged ion called molecular ion or parent ion that

is denoted by M. This has some consequences in mass spectrometry.

When the molecule loses an electron (becomes positively charged) it normally becomes
unstable. Since the molecule is less stable when it is positively charged, when the
energy increases from 10eV to 70eV on the mass spectrometry the molecule will

break into smaller pieces creating fragments. This energy is sufficient to overcome

12



bond strength for many types of bonds and the molecules break into smaller portions
called fragments or daughter ions which are denoted by Mi*. The generated ions are
separated in the analyzer under the influence of electric and/or magnetic fields, following
which, recording, detection and mass spectrum plotting occurs. When a parent ion
fragments it is common that it breaks into two different parts; for example, it can fragment
giving a positive ion together with an uncharged free radical, or a radical cation together
with a neutral species. On the mass spectra only the positively charged particles will
appear, the uncharged free radicals or uncharged species do not follow trajectories
determined by the analyzer and thus get lost in the machine, subsequently being removed

by the vacuum pump.

M + & ——— M’ + 2%

M;" —»=M,"

Where,
M" = molecular ion

M," and M, "= Fragment ions

Figure 1.2: Schematic of ionization of a molecule by electron bombardment.

Electron impact (EI) is the major ionization method used in mass spectrometry and gas
chromatography-mass spectrometry (GC-MS). EI provides a uniform semi-quantitative
and high sensitivity response to all molecules and atoms. The observed fragmentation
patterns may be matched with existing rich libraries of 70eV EI mass spectra, resulting in
extensive molecular identification and structural information capability for this method

(Dagan & Amirav, 1995).

13



1.3 Molecular spectra.

While computational prediction of spectra may appear to be relatively straightforward for
properties such as infrared (IR) spectra (based on vibrational analysis) and UV-visible
spectra (dependent on calculation of the excited states of a molecule), more recently in
the literature strategies have been undertaken to explore accurate spectral prediction,
including prediction of spectra that are not directly available from electronic structure
theory, but where molecular conformation and other factors influence the spectra. Mass
spectral prediction falls into this category, but it is worth exploring the literature in both
complex and simple cases with respect to example Nuclear Magnetic Resonance (NMR)

and vibrational spectral prediction.

1.3.1 Prediction of NMR spectra.

The shielding of the nuclei from the external magnetic field is calculated (in all directions - hence
tensors are calculated). NMR shielding tensors may be computed using continuous set Gauge
transformations (CSGT) method or be computed using Gauge-independent atomic orbital (GIAO)
method. The CSGT method requires large se basis in order to obtain accurate results. Computing
NMR spectra can be done using either Hartree-fock or DFT method (http://gaussian.com/nmi/).

Rychnovsky conducted a study in 2006 on predicting NMR spectra by computational
methods

(Rychnovsky, 2006). This study had as purpose the structural revision of the natural
product Hexacyclinol. As background Hexacyclinol had been extracted in 2002 from
panus rudis strain HKI0254 and a polycyclic structure had been proposed on the basis of
extensive 1D and 2D NMR data analysis (Schlegel et al., 2002). Rychnovsky evaluated
the use of a Density Functional Theoretical (DFT) method, performing calculations on
several known highly oxygenated terpenes in order to determine whether these methods
could also be used or if they would be applicable to confirming the structure from NMR
of Hexacyclinol. Like Hexacyclinol, these three terpenes were highly oxygenated with a
relatively high degree of unsaturation. The reference three diterpene natural products were
Elisapterosin B, Elisabetein A and Maoecrystal V., The structural assignment for each of

these three molecules was confirmed using X-ray analysis (appropriate since each of these

14



molecules was conformationally rigid). There were 3 steps used in the analysis, the global
minimum was identified with a Monte-Carlo conformational search using the MMFF
force field, the minimum was calculated with HF/3-21G method which gave more
accurate structure with moderate computational cost. Finally the NMR chemical shifts
were calculated with Gauge Included Atomic Orbitals (GIAO) using the mpw1pw91/6-
31G(d,p) DFT method. For the Hartree-Fock calculations Spartan04 was used but the
GIAO calculations were performed using Gaussian03. The chemical shift prediction
provided good results; in particular the accuracy of these '*C chemical shift predictions
with highly oxygenated terpenes supported the use of this analysis to evaluate the

proposed natural product structure for hexacyclinol.

.\“O
HO, N
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Figure 1.3: Structure of hexacyclinol

1.3.2 Prediction of Vibrational Spectra

Vibrational analysis allows for prediction of vibrational spectra, but also it allows for
estimation of free energies of molecules and also characterizes the potential energy surface
(real frequencies for minima, imaginary for transition states).

Vibrational analysis calculations are an example of spectral prediction where the initial
spectra reproducibly do not match experimental spectra, but there is a requirement for
frequencies to be scaled for this match to occur. Some studies have been performed by
Palafox et al. on scaling factors for the prediction of vibrational spectra of several
systems. For this study semi-empirical methods were also used (since they are potentially
attractive for the fast computation of vibrational frequencies due to their low

computational cost). Among the semi-empirical methods, they used MNDO, AM1, and
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PM3 methods that are included in both the Gaussian94 and AMPAC packages. They used
Gaussian94 for optimization and also to calculate the frequencies. In terms of DFT
methods, SLYP and SVWN with no exchange, together with Becke’s exchange functional
(B88) and Becke’s three parameter exchange functional (B3LYP) with correlation and
exchange were all utilised. In all cases, they obtained optimum geometry and the
harmonic frequencies were determined from the second derivative of the energy with
respect to the nuclear displacement. It is interesting to note that it was the PM3 method
that provided overall the most accurate frequency results in the C-H stretch region.
However, for prediction of the vibrational spectrum as a whole, the B3LYP method at the
6-31G level or higher provided the best results. Further it is also of note that the DFT
methods provided more reliable predictions for the calculated frequencies than with HF
or MP2 methods. For some benzene derivatives there is a dependence of the scaling
procedure on the size of the organic molecule and the accuracy required for the predicted
frequencies. If the aromatic derivatives have less than 20-30 atoms, DFT methods with
the 6-31G basis set is adequate to calculate the frequencies. If the derivatives are larger
than 30 atoms then semi-empirical and DFT methods with small basis set were judged to
be appropriate in terms of computational cost to calculate the frequencies (Palafox 2000,

Palafox et al. 2005)

1.3.3 Informatics and Mass Spectroscopy

As an example, in lipids research mass spectrometry is a key tool used globally in the
analysis of lipids, and this analysis is often through the combination of liquid
chromatography and mass spectrometry (LC/MS) (Hermansson et al., 2005; Houjou et
al., 2005). In the identification of lipids it is easy to use fragments observed within mass
spectra as a characterization method, due to the structural characteristics of lipids. There
have been computational strategies developed to utilise MS based approaches together
with database searches in order to identify specific classes of lipids. However, there is
still development in this area required for lipid analytics. This remains one of the biggest
challenges in the elucidation of biological phenomena behind the large amounts of

lipidomics data that is currently available (Katajamaa €t al., 2006; Stolt et al., 2006).
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Yetukuri et al., 2007 conducted a study on bioinformatics strategies for lipidomics
analysis: in the characterization of obesity related hepatic steatosis. This involved several
stages of work. Starting with a generic simplified molecular input line entry system
(SMILES) template for the glycerophospholipid class, they used the corresponding
systematic names against fatty acid seed SMILES to generate names. They converted
these SMILES systems into canonical SMILES, and from this derived formula and
calculated molecular weight from the SMILES. From the atoms in the SMILES and lastly
they calculated the isotopic distribution of each compound and fitted it to the resolution
of the mass spectrometer. The Lipid profiling platform was based on the non-targeted
analysis of total lipid extracts using ultra performance liquid chromatography (UPLC)
coupled to quadrupole time of flight mass spectroscopy. The lipidDB database of lipids
was constructed using SMILES, and the internal library has platform-specific information
of the internal standards and lipid species identified using UPLC/MS/MS. For its use in
mass spectrometry in the identification of lipids, the isotopic distribution for all molecular
species held in the database is useful. While actual isotope patterns are kept in the
database, the patterns are corrected for the resolution of the mass spectrometer when

matching with spectral data.

1.3.4 Prediction of mass spectra in proteomics and metabolomics

In the field of proteomics, tandem mass spectrometry (MS/MS) is a necessary technique
for highthroughput peptide identification and characterization (Aebersold & Mann,
2003). A challenge in this field is the need for accurate theoretical spectrum prediction,
not only in terms of m/z peaks but also intensities of possible occurring ions. This is a
requirement for both database search and de novo identification approaches. It is still
challenging to accurately predict the theoretical spectrum because of poor understanding
of the complex physical-chemical peptide fragmentation processes that occur during

MS/MS experiment (Wang et al., 2015).
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To mediate these problems, Wang et al. conducted a study creating the openMS-
simulator: an opensource software for theoretical tandem mass spectrum prediction in
which the aim was to predict the intensity ratio of every adjacent y-ions (determined by
near-neighbouring amino acids as well as remote amino acids). The open source package
has four functions which are theoretical spectrum prediction, peptide spectrum match
(PSM) re-ranking, false discovery rate (FDR) analysis and spectrum visualization. It takes
the sequence of the peptide as input and then gives the results of the predicted theoretical
spectra as the output. The open-source simulation uses a statistical model for the intensity
production of possible ions and also has an extension to support higher-energy collisional
dissociation (HCD) spectrum prediction; this tool can take many fragmentation pathways
into consideration. It can also be used to accurately predict theoretical spectrum of a
peptide sequence which helps to improve the identification of peptides (Wang et al.,
2015).

Figure 1.4 shows the comparison between the experimental and predicted spectra of a
peptide.

Int. Score: 0,929
Experimental Spectrum
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Figure 1.4 Experimental and predicted spectra of the peptide EEELEDPLENMGAQMVK
using openMS-simulator (Wang et al., 2015).
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Metabolomics is a field of omics science which describes metabolics using high
throughput technologies. Metabolites are low molecular weight (<1500Da) chemicals that
are in the cells, tissues and biofluids (1,2). Electrospray tandem mass spectrometry (ESI-
MS/MS) is mostly used in metabolomics experiments through the use of this technique is

both time-consuming and tedious.

In 2014 Allen et al. conducted a study resulting in the generation of CFM-ID (Competitive
Fragmentation Modeling for Metabolite Identification), a web server for annotations,
spectrum prediction and metabolite identification from tandem mass spectra. The aim of
the study was to help experimentalists by automating some of the more time-consuming
tasks in the interpretation of mass spectrometry data, since this tool aids the analysis of
MS/MS spectra of unknown compounds. It allows the user to identify a list of candidate
molecules (by querying public chemical repository for molecules of correct mass). Upon
identification of component compounds, it is designed with the aim of providing other
analytical information, including information from other techniques such as NMR or

information about the analyte compound source, e.g. from human blood.

In order to perform spectral prediction in CFM-ID, the input chemical structure can be
provided in SMILES or InChi format and must be a neutral molecule. Prediction of the
MS/MS spectrum is possible for a range of collision energies, including at 10V, 20V and
40V collision energy. In the published study they reported a ten-fold cross validation for
positive mode spectrum prediction and compound identification tasks involving 1491
non-peptide metabolites from METLIN (Metabolite and Chemical Entity Database). In
the spectrum prediction their method predicted the peak locations with measured and
documented recall and precision values where the prediction was for non-peptide
metabolites. The match for spectral peak intensity has also been quantified, providing
confidence levels associated with expected predicted spectra from this server. For
example, the match in intensity between predicted and experimental spectra provided
Pearson correlation coefficients of 0.7 (for low energy spectra), 0.6 (for medium energy)
and 0.45 for high energy spectra. As such the CFM-ID web server provides

experimentalists with a new set of tools, with known performance characteristics, for the
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interpretation of mass spectrometry data. A final point to note is that this particular server
provides graphical views right the way through from spectrum prediction, peak

assignment and compound identification (Allen et al., 2014)

1.3.5 Prediction of mass spectra for general compounds

In a separate study, Allen et al. also constructed a software tool CFM-EI (Competitive
Fragment Modeling for Electron Ionization) (Allen et al., 2016). The purpose of this study
was to assist in GC/EIMS compound identification, to extend the CFM-ESI (mentioned
earlier) to EI spectra and to support existing databases where data is sparse by providing
further reference compounds.

The change between CFM-ESI and CFM-EI (to make CFM applicable to EI-MS)
involved modifications to accommodate odd electron ions, although some improvements
were included regarding isotope distributions. The CFM-EI tool incorporated within its
working an artificial neural networks, these artificial neural networks were the
composition of so-called transition functions. These transition functions defined the
formation of successive child fragments and were based on training sets where a break
tendency was defined based on chemical features surrounding a bond. A trained CFM-EI
model was used to predict spectra, and the quality of predicted spectra was evaluated not
only on the peak positions, but also on their intensities. Again this provides a framework
within which the tool is used, where the performance of the tool has been quantified. The
CFM-EI tools is a stand-alone program, not a web server as is the case for CFM-ESI

(Allen et al., 2016).

Jalali-Heravi & Fatein conducted a study in 2000 on stimulation of mass spectra of
noncyclic alkanes and alkenes using artificial neural networks. They conducted this study
in order to evaluate the feasibility and resultant performance of using artificial neural
network (ANN) for the simulation of mass spectra of organic compounds. To this end
they constructed and trained the ANN for the simulation of mass spectra of a variety of
organic compounds. They identified 262 organic compounds for this data set, including

117 noncyclic alkanes and 145 non-cyclic alkenes. All of these compounds are present in
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The National Institute of Standards and Technology (NIST) mass spectral database
(NIST, Gaitherburg, MD). All the spectra within the data set have been collected under
similar conditions with an ion source energy of 70eV. They used topological descriptors
for MS spectra simulations, 75 topological descriptors were calculated for each
compound. The number of inputs in the ANN was equal to the number of descriptors and
the number of outputs from the ANN corresponded to the number of m/z positions, for
prediction of intensity at each position. Again in this study correlation coefficients for the
ANN and multiple linear regression (MLR) simulated mass spectra were 0.87 and 0.79,

supporting the relative performance of the ANN system.

1.3.6 De novo prediction of mass spectra

With the advent of modern approximate quantum chemistry techniques (also known as
QM) for calculation of molecular properties, it has become possible to predict and
compute a wide variety of spectra for reasonably sized chemical compounds (Grunenberg
et al., 2010). As previously mentioned, mass spectrometry (MS), more specifically EI-
MS, is a vital analytical method in organic chemistry (Gross, 2011). Recently, the
Quantum Chemical Electron Ionization Mass Spectrometry (QCIEMS) prediction
method (Bauer & Grimme., 2014; Bauer and Grimme, 2016) has appeared in the literature

as a successful new method in the theoretical prediction of mass spectra.

The QCEIMS is a fully automated procedure that uses AIMD (with appropriate stochastic
and statistical elements) in order to accurately predict EI mass spectra (EI-MS). The
QCEIMS works with several third-party electronic structure programs such as MOPAC,
ORCA and TURBOMOLE; these allow the atomic forces required by the QCEIMS
internal MD procedure to be calculated with various semi empirical methods (Asgeirsson

etal., 2017)

A study by Bauer & Grimme in 2014 explored the use of this method for a set of organic

drug molecules, and compared the QCEIMS spectra of these compounds to experimental
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spectra. The resultant correlation of the first principles spectra provided evidence towards
this method being workable for medicinally and pharmaceutically relevant organic
compounds. In short, the QCEIMS as applied is based on BornOppenheimer ab initio
molecular dynamics (BO-AIMD), and uses this to compute the fragmentation pathways
of a molecule that is energy-rich at an elevated temperature closely modeling the
fragmentation of raised energy ions that are observed after ionization that is caused by
bombarding molecules with electrons in the gas phase. Molecules were optimized using
dispersion-corrected density functional theory (DFT) at the TPSS-D3/def2-tzvp level as
implemented in the Turbomole software. The nature of the stationary point on the
potential energy scans was confirmed to be a local minimum by calculating the harmonic
vibrational frequencies. The QEIMS program was used on these structures with an impact
energy of 70eV. The IEE distribution was computed according to a Poisson energy

distribution with the greatest possible IEE being 70eV (Bauer & Grimme, 2014).
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1.4 Computational Techniques
1.4.1 Molecular Mechanics

Conformation is important in the preparation of molecular systems in this work, and
conformations may be very rapidly generated and compared using a fast computational
method called Molecular Mechanics.

Molecular mechanics (MM) is a classical description of molecular and supra-molecular
systems, and may be used across many orders of magnitude of size of systems, from low
molecular weight molecules (e.g. hydrocarbons) to large complexes (e.g. proteins, nucleic
acids and also membrane fragments) or material assemblies with a large number of atoms

(Poltev, 2015).

MM force fields are used in many cases to approximate the quantum mechanical potential
energy surface, and in so doing decrease the computational cost on large system by orders
of magnitude (Vanommeslaeghe et al., 2015). One advantage that the MM potential
energy function has over standard QM functions is that MM provides a more accurate
representation of dispersion interaction (which QM calculations can only address at the
expensive MP2 and higher levels of theory (Hobza & Sponer, 1999), although this is
starting to change with the emergence of dispersion-corrected functionals such as wB97-

XD (Chai & Head-Gordon, 2008)

MM is sometimes used in experimental studies (e.g. in the protein databank, the PDB)
(Berman €t al., 2003) and Nucleic acid databank (Berman et al, 1992); for both of these
experimental data is refined using MM methods). As mentioned, MM-like semi-
empirical terms are now used in some quantum mechanics models, from simple addition
of a dispersion term applied to all pairs of atoms in DFT-D and DFT-D2 methods to more
complex arrangements where all triples of atoms are concerned DFTD3 (Grimme 2004;
Jurecka et al., 2007). MM excludes electrons explicitly, and therefore cannot be used to

calculate properties of molecules that are directly related to electrons in orbitals.

23



Quantitative estimations for molecular properties through simple atom level classical
mechanics representations began in the early 1940s, and these estimations were concerned
with the conformations of organic molecules. The mathematical expressions of potential
energy were suggested in the work of Hill in 1946 (Polten, 2015) and these expressions
already included information present in modern molecular mechanics force fields such as
stretch and bend terms for bonded interactions and Lennard-Jones terms for non-bonded
atom interactions. In the 1960s there was an increase in the MM methods; this increase in
use of MM was driven by the introduction of computers into all branches of natural

science (Polten, 2015).

MM methods (also referred to as empirical force field methods) depend on the idea that
the conformation of the molecules, and the energies of those conformations, can be
described reliably with a simple model which draws on concepts from classical mechanics
(Boeyens, 1885; Boeyens, 2001). MM focuses on the motion of the nuclei while the
molecule is treated like a set of interacting atoms; the molecular potential energy surface
is calculated from a series of terms that depend on each atom’s position in relation to other

atoms in the molecule.

A force field for MM calculations contains a set of potential energy functions that
describes all the bonded and non-bonded interactions between atoms of a molecule, and
also gives parameters that define the atom interactions depending on the atoms interacting
(thus a C-C bond has different parameters in terms of an equilibrium distance and a bond
spring constant that is different to, say a C-O bond or a C=C bond). The total energy of a
typical force-field is the sum of bond length deformation, angle and torsion angle
deformation, non-bonded interactions, electrostatic interactions and out-of-plane

deformation which are represented in the following equation 1 (Bowen et al., 1991):

Ur = Z?;l Up + Z?=1 Ug + Z?:l Uns + er=1 Uq +Z‘i/v=1 Usorp Equation 1
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There are several force fields available for performing molecular mechanics calculations,
each with a different set of parameters and with slight changes to the total energy term.
The CHARMM software program (chemistry at HARVARD using molecular
mechanics), was initially developed in the 1980s. At that time CHARMM force field that
was used contained parameters but not for explicit hydrogen atoms. The CHARMMI19
force field, developed around 1985, started to include explicit hydrogens, but only in
situations where hydrogen bonding was important; i.e. hydrogens bonded to nitrogen and
oxygen (Reiher, 1985; Neria et al., 1996). The parameters are constantly undergoing
revision, so the updated CHARMM?22 force field was released with the 1992 version of
the CHARMM software (Ponder & Case, 2003). The most recent versions of the
CHARMM force field include parameters for all hydrogen atoms. Parameterization of
this force field is dependent on the use of approximate quantum mechanics calculations
to determine the form of the potential energy surface, and explicit water in these
calculations is necessary for the development of accurate parameters. In terms of the most
recent versions of the CHARMM force field, equation 2 shows the exact form of the

energy function used within the latest CHARMM?36 force field.
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Equat
ion 2
In equation 2 for the CHARMMZ36 energy calculation, the first three summations describe
the form of the energy for bond stretching, angle bending and changes in torsion, and
these calculations are summed over all bonds, angles and torsions in a molecule. The
respective K's are the force constants, while the remainder of each term describes the
deviation from an ideal equilibrium value. The final two summations are for the non-

bonded terms, namely the van der Waals and electrostatic interactions, and these are
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dependent on the interatomic distance rij between pairs of atoms i and j (Moses €t al.,

2017).

A second example of a force field is the GROMOS force field, and this has gone through
several revisions starting with the 26C1 GROMOS force field (1981) extending through
to version 54A8 (2012). In the latest version of the GROMOS force field, parameters are
categorized according to the kind of (sub)molecule the specific parameter applies to. It is
interesting to note that the first GROMOS force field (26C1) included only 26 atom types,
and this force field could only accommodate the simulation of proteins (GROMOS

volume 3, 2017).

1.5 Quantum Mechanics

Quantum mechanics calculations (QM), also referred to as quantum chemistry refers to
approximate methods to solve for the energy of a molecule based on solution of the
Schrodinger Wave Equation (SWE). Through the solution to the SWE, it is possible to
calculate properties of an isolated physical system at any instant in time (Oliveira, 2007).
QM methods may be used to determine the physical properties systems like atoms,
molecules, and condensed phases and is a more appropriate method for determining
properties of systems on the scale of atoms and molecules than classical mechanics
(Yehuda & Yshai 2013). One of the strengths of QM is that after calculation, there is
detailed information available with regard to the electronic structure of chemical
compounds; it is this electronic structure that enables understanding of the compound in
terms of its reactivity and kinetics thermodynamics and molecular properties (Gupta,
2016). QM is far more general than MM, and has been applied in an approximate manner

to fields such as particles, condensed matter, nuclear and atomic physics.
The approximate QM method that is mostly used in applications related to biological

systems or large molecular complexes is density functional theory (DFT) (Dreizler &

Gross 1990). DFT is a tool used to complement experimental investigations and also to
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predict (with reasonable accuracy, and not hugely expensive computational cost) many
molecular properties such as geometries, reaction pathways, and spectroscopic and

mechanistic properties (Wawrzyniat et al., 2008; Alia et al., 2009).

The interactions between electrons determines the structure and properties of matter from
molecules to solids. In order to describe the interacting electrons, the three-dimensional
electronic DFT (Kohn, 1965; Parr & Yang, 1989) in many cases removes the need for
the calculation of a complex manydimensional wave function. Kohn noted that DFT has
been very useful for systems with many electrons where wave function methods are too
computationally expensive (Kohn, 199).

However, there is still a computational cost associated with DFT. Sturniolo et al.,
conducted a study to compare DFT to a more approximate method known as density
functional tight binding (DFTB) (DFTB+ was used) approach and these two approaches
were observed to give similar/same results (Sturniolo et al., 2018). DFTB is an electronic
structure method that makes use of the Kohn-Sham approximation to solve the quantum
many body problems for electron just like DFT. However, DFTB approximates it in such
a way that only electrons are represented. The calculation does not give information about
the full spatial wave-function, and this is the source of its relative computational
efficiency as compared to DFT. The DFTB method is not strictly an ab initio technique
since it uses empirical parameterizations that are computed from pure DFT calculations.
These parameterizations specifically describe interactions between pairs of chemical
species (Porezag et al., 1995). DFTB+ calculations are much computationally cheaper
compared to DFT calculation and they hold the potential for treating large organic systems
like proteins or polymers (Sturniolo et al., 2018) DFTB+ is also the name of a fast and
efficient quantum mechanical simulation software package that implements the DFTB
method. It offers this approximate DFT based quantum simulation with functionalities
similar to ab initio quantum mechanical packages, but with the advantage of speed of
calculation. The DFTB+ software is capable of optimization of structures of molecules
and solids, the calculation of one electron spectra, and even the calculation of electron
transport under nonequilibrium conditions (Aradi et al., 2007,

https://www.dftbplus.org/about-dftb/).
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1.6 Molecular Dynamics

Molecular dynamics (MD) is a simulation technique where atoms have kinetic energy
appropriate to a molecule at a particular temperature. The velocities and accelerations of
all atoms follow Newton’s laws of motion. The calculation of forces may be at the QM
or the MM level. In any case MD simulations are dependent on an initial set of conditions,
a good model to represent the forces acting between the particles (either from electronic-
structure calculations or using the empirical force fields i.e. QM or MM), and in many
cases are also dependent on sets of boundary conditions. When these conditions are met,

the main task remaining during MD is the solution to the classical equations of motion.

1.6.1 Molecular Mechanic based Molecular Dynamics

When the forces in molecular dynamics are calculated at the molecular mechanics level,

simulations of extremely large systems becomes possible.

To illustrate the size of the systems accommodated, one has to simply look at molecular
dynamics studies of proteins. The study and prediction of protein-ligand and protein-
protein interactions has become very important molecular biology and the protein three
dimensional (3D) structures are also important for structure based drug design. Since
proteins also nucleic acids are highly flexible, molecular dynamics can provide insight
into their functionality (Adam et al., 2015). Since molecular dynamics (MD) is a physics-
based modeling method that provides detailed information about the conformational and
fluctuation changes of atoms and molecules in a system (Fadeel et al., 2012), MD
simulations can be used to describe the strength, properties and patterns of protein
behaviour, drugreceptor interactions, the nature of solvation of molecules and also
conformational changes of proteins or molecules during the simulation (Vlachakis et al.,
2014). In terms of conformation, during MD the energy surface is traversed through the

solution to Newton’s laws of motion for the system (Leach, 2007).
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MD methods were initially developed in the late 1950s by Alder and Wainwright, where
the study treated interactions as those of hard spheres. In 1964 Rahman made the first
simulation using a realistic potential for liquid argon (Rahma, 1964) and the first MD
simulation of a molecule in a solution of water was first performed in 1974 (Stillinger &
Rahman, 1974). The first simulation of a protein was first done in 1977 using bovine
pancreatic trypsin inhibitor (BPTI) (McCammon €t al., 1977; Warshel Levitt, 1976) and
the use of MD simulations has advanced from simulating hundreds of atoms to systems
that have biological relevance which includes proteins in solution (Roccatano et al.,

2007).

MD simulations based on MM can be easily performed on systems with up to 100 000
atoms, and this capability increases to systems with 500 000 atoms when appropriate
computer facilities are used, such as high performance computing (HPC). When running
MD simulations, the initial model of the system is obtained from either experimental
structure or comparative modeling data, and the simulated system may be represented at
different levels of detail. Many systems may be represented at the atomistic level (which
is as close to reality as possible), but for extremely large systems or long simulations,
coarse-grained representations can be used, where groups of atoms are treated as single

entities during simulation (Orozco et al., 2011; Lazaridis & Karplus 1999).

Initial conditions for MD include the initial velocities of every atom in the system;
although some information on atom velocities may be deduced from crystallographic
files, it is more general that velocities of atoms are randomly selected. In MD the velocity
for the particles in a system are normally randomly attributed to the Maxwellian
distribution centered at a desired temperature and adjusted such that the system has zero
angular momentum (Gonzalez, 2011). At each point during simulation, forces acting on
each of the atoms in the system must be obtained (in this case from forcefields), where

the potential energy is deduced from the current atomic positions (Hermans et al., 1964).

For many systems it is necessary during simulation to define periodic boundary conditions

(PBCs). With PBCs the simulation box is surrounded by multiple replicas of itself, only
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atoms inside the main cell are considered but molecules and atoms are free to move
beyond the limits of the cell; any atom leaving the cell results in an image particles

entering the cell on the opposite side of the cell to replace it as illustrated in Figure 1.4.

Figure 1.4: Schematic representation of PBCs in 2D

After setting initial conditions, all forms of molecular dynamics (including ab initio
molecular dynamics mentioned below) follow the same set of procedures. After setup, the
velocities of the ensemble are increased until the simulation reaches the desired
temperature (heating phase). Next molecular dynamics is allowed to proceed at the
desired temperature but properties are not recorded during this phase (the equilibration
phase). It is best practice to equilibrate a system since the initial configuration will include
artefacts of construction, such as close contacts upon solvation. Following this molecular
dynamics continues (after the system has reached a steady state in terms of properties)
into the production phase of dynamics. It is this production phase that is used for analysis
and visualization. A useful tool for molecular dynamics visualization is the program
visual molecular dynamics (VMD). Some of the properties of macromolecules that are

typically measured during production dynamics are the root mean square deviation
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(RMSD), root mean square fluctuation (RMSF) and the radius of gyration. (Gonzilez,
2011).

RMSD is the most used quantitative measure to check the similarity between the atomic
coordinates of two superimposed conformations of a single protein, for example. It is
possible to calculate the RMSD for a subset of atoms; for instance with proteins it is
typical to consider the Ca atoms throughout, Ca atoms residues in a specific subset, all
heavy atoms of a specific subset of residues, or all heavy atoms in a small-molecule ligand
present during simulation (Kufareva & Abagyan 2012).

RMSD is an important check in the analysis of the time-dependent motions of the
structure. It provides information regarding the stability of a structure during the time-
scale of the simulations. In most cases if RMSD increases during production dynamics, it
is an indication that the equilibration step has not proceeded for sufficient time, and the

system is therefore not equilibrated.

RMSF is the measure of displacement of an atom or a group of atoms relative to the
reference structure averaged over a number of atoms. When the simulation is equilibrated,
the fluctuations of each subset of the structure relative to average structure of the

simulation the RMSF are computed (Martinez, 2015)

Radius of gyration it is a parameter used to describe the equilibrium conformation of an
entire system and for large systems such as proteins can be used to explore their

compactness or folding during simulation (Lobanov et al., 2008).
1.6.2 Ab I nitio Molecular Dynamics

Ab initio molecular dynamics (AIMD) is different from molecular dynamics using
molecular mechanics since all calculations of forces come from QM calculations,
although propagations of velocities will be based on Newton’s equations. As such AIMD
is based on real physical potentials whereas MD is based on semi-empirical effective

potentials that approximate the real QM potentials (Paquet & Viktor, 2018). AIMD

31



calculations assume (for the QM calculations) that the system is composed of N nuclei
and Ne electrons (as is usual for QM), that the Born-Oppenheimer approximation holds,
and that the nuclei dynamics can be treated classically (using classical dynamics) on the
ground state electronic surface (Radu et al., 2005). During AIMD, dynamical trajectories
are produced using forces that are obtained directly from these electronic structure
calculations, done at each point or frame of the simulation, meaning that AIMD accounts
for electronic polarization effects, but further, allows chemical bond breaking and
formation to take place (Marx & Hutter, 2000; Tuckerman 2002). In the current study we
have conducted AIMD calculations on five different compounds including alpha
hispanolol, boronolide and PFB-oxime, following bond breaking and forming, and
identifying fragments produced. As will be seen later in Tables 2.1, 2.2 and 2.3 AIMD of
different conformations of the same molecule resulted in different fragmentations, and

this was used to build up theoretical mass spectra.

1.7 Natural Product Databases

Natural products (NP) have a rich source of high chemical diversity that provides a basis
for the identification of novel scaffold structures in many situations, such as for rational
drug design (Koehn & Carter 2005). Many natural product-based drugs have been
developed over the years; approximately 47% of drugs used in cancer treatment are either
natural products or their derivatives (Newman & Cragg, 2012). About 19 natural product-
based drugs were approved between the year 2005 and 2010 (Mishra & Tiwari, 2011).

Sources of natural product database are historically based. For example, over several
thousand years, the traditional chinese medicine (TCM) has been used to treat and prevent
a number of diseases (Li et al., 2018). As such natural compound databases including
compounds extracted from traditional chinese herbs and medicines have been created to
assist with tasks such as in slico drug discovery (Hatherley et al., 2015). Several
databases specializing in traditional chinese medicine (TCM) are now available and these

include Hou’s CTM (Hou et al., 2001) database that maintains a full set of 3D structures
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of compounds isolated from TCM, together with properties that include drug-likeness and

clinical effects (Shen, 2012). Another database, database @ Taiwan (Chen, 2011), contains

24 000 structures of compounds isolated from 453 chinese herbs. There are also other
chinese databases such as HIT database, TCMID database and also TCMSP database (Li
etal., 2018).

Of relevance is the study of natural NP in Africa and the African NP databases that are
available. These include ConMedNP which has the compounds extracted from central
Africa (Ntie-Kang et al., 2014), SANCDB (Hatherley et al., 2015) and Afrocancer which
consists of compounds extracted from South Africa (Zeng et al., 2018). At its inceptions
in 2015, the SANCDB database contained 600 compounds extracted from 143 different
South African source organisms (Hatherley et al., 2015). In this work, the diversity of
chemical structure in the SANCDB provides a source of compounds from which to test
mass spectral prediction for a range of chemical space. Further, an advantage of successful
spectral mass prediction for compounds such as are in these databases, is the aid of this

to natural product discovery.

1.7.1 a-Hispanolol

One of the main compounds studied in this thesis in terms of theoretical mass spectra was
a-hispanolol (Figure 1.5). Since a large physical sample was available, the reasoning was
that experimental EI mass spectra could be obtained for this compound under a wide
variety of experimental conditions; this in turn would inform the conditions of calculation
of predicted mass spectra. Hispanolol contains aromatic (furan) moieties and cyclic
aliphatic systems which make prediction of mass spectra interesting, since bond cleavage
will not always produce separate fragments. In addition to this reasoning, the closely
related hispanolone is also present in the SANCDB. Hispanolone was first extracted from
Ballota hispanica and has been identified in other lamiacaea species which include the
endemic Southern African medicinal plant B. africana (Van Wyk, 2005). In terms of
usage, hispanolone has been found to have low cytotoxicity and anti-inflammatory
activity in the in vivo model of the 12-O-tetradecanylphorbol-13-acetate (TPA)-induced

ear edema assay (Nieto-Mendoza et al., 2005). Hispanolone derivatives have been
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reported to have anti-inflammatory effects via the activation of nuclear factor-kB (NF-
kB) inhibition in 2PS-activated RAW 264.7 macrophages and inhibiting myeloperoxidase
activity, an index of neutrophil infiltration (Giron €t al., 2008). Some of the derivatives
have antitumoral effects by activating apoptotic cell death machinery (Traves €t al.,
2013). a-hispanolol itself has been found to lower cell viability in some tumor cells,

having no effect on normal cells.

Figure 1.5: Molecular structure of a-hispanolol.

1.7.2 Boronolide

Boronolide is a natural product that was extracted from the bark and branches of
Tetradenia fruticosa and also the leaves of Tetradenia barberae that has been in South
Africa and Madagascar as a traditional medicine. Boronolide has a polyacetylated side
chain and an o,B-unsaturated-6-lactone moiety (Lin et al., 2010). Di-deacetylated
boronolide have been extracted from Tetradeniariparia which is found in Central Africa
and has been used by the Zulu people as an emetic that is an infusion of the leaf has been

reported to be effective against malaria (Naidu et al., 2005).
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Figure 1.6: Chemical structure of boronolide.

1.7.3 PFB oxime

In a study of secondary metabolites which are produced from South African marine algae,
a collection of Plocamium corallorhiza was investigated from the Southeast coast of
South Africa and this collection had produced a number of unstable halogenated
monoterpene aldehydes which were not detected in the west coast collection. A major
aldehyde metabolite had been isolated as an unstable, optically active oil that quickly
degraded when exposed to air and room temperature. When this compound reacted with
pentafluorobenzylhydroxylamine hydrochloride, it produced PFB-oxime derivative
(Figure 1.7) (Mann et al., 2007). This compound was interesting to this study for mass
spectral prediction in terms of the presence of unsaturation, and the high level of

halogenation.
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Figure 1.7: PFB oxime.
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1.8 The NIST mass spectral databases

The NIST mass spectral database contains experimental mass spectral data and also
provides software tools that help in compound identification. Within this database are
reference mass spectra for small molecule and peptide compounds from GC/MS (by
electron ionization) and LC-MS/MS (by tandem MS). In terms of the software tools,
specifically these are data analysis tools including the Automated Mass Spectral
Deconvolution and identification system (AMDIS) for GC/MS. There is also a fully
functional version of NIST MS program Version 2.3 with a small demonstration library

available (https://chemdata.nist.gov)

1.8.1 Compounds Used from NIST in this study

Two compounds were studied from NIST database, these compounds are ethyl 3-bromo-
4,6-dimethyl-2H-pyran-Scarboxylate (Figure 1.8) and 5-amino-1-(phenylmethyl)-

[1,2,3]triazole-4-Carboxamide (Figure 1.9). The diverse chemical functionality made
these attractive targets for mass spectral prediction, together with ready availability of

experimental mass spectral data.
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Figure 1.9: 5-amino-1-(phenylmethyl)-[1,2,3]triazole-4-carboxamide
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1.9 Molecular Docking

Given that natural products may be too large to be used for targeting particular disease
targets, mass spectral fragmentation provides a convenient access to smaller systems. As
an aside, in this project fragments will be docked against two disease targets; focus is not
on the search for new lead compounds, but rather as a proof of concept of how the impact

of theoretical mass spectra can be extended.

Molecular docking is a computational technique used to predict the atomic coordinates of
a protein-ligand complex (Brooijmans & Kuntz, 2003; Rognan, 2017). The molecular
docking approach is used extensively in the search for new lead compounds in drug

discovery (Chen et al., 2013).

The main aim of the molecular docking technique is to predict the best matching binding
mode of a ligand (docking pose) to a macromolecule (e.g. proteins). Generally there will
be many poses generated which will then be scored to identify the best pose, together with
an indication of the interaction energy. For docking calculations it is necessary for there

to be a 3-dimensional model of the molecular target (Salmaso, 2018).
There are therefore two stages in molecular docking, sampling and scoring. The sampling

process should thoroughly search the conformational space, while the scoring function

must be able to accurately predict the binding energy for the interaction.
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1.10. Aims of the Project

The aim of this project is to predict the mass spectra of SANCDB and NIST compounds

using a modified QCEIMS method. In order to achieve this the following aims must be

met:

1. A workflow, controlled by a python script, must be able to generate a series of

different ab initio molecular dynamics trajectories from a single input structure.

This script at a minimum must produce input files for CP2K in order for CP2K

calculations to produce the different trajectories. There must be some control

within the script regarding the number of trajectories to be run, and also aspects

of the trajectory such as temperature of simulation and initial atomic velocities.

2. From the trajectory outputs, an analysis script must be able to do several things

a.

b.

Identify where bond breakages occur

Where bond breakages do occur, the script must be able to separate the
formed fragments and specify which atoms from the original molecule are
in each of the fragments.

Given knowledge of the fragments from the molecular dynamics
trajectory, the script must parse the log file for details of charge and spin
density calculations, to determine the fragments that will appear on the
mass spectrum.

Also, given knowledge of the fragments and the proportions of elements
in the fragments, the script must predict the isotopic distributions from
fragments that should appear in the mass spectrum.

Finally the script should collate all of this information from all trajectories

to produce a final mass spectrum.

3. As an aside, it will be of use to see if fragments produced by fragmentation may

be used in drug discovery workflows.
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1.11 Objectives of the Project

To obtain the theoretical mass spectra data of several products in a workflow that builds
up to a QCEIMS implementation, using Born-Oppenheimer molecular dynamics in the
context of the CP2k software at the DFTB+ level of theory.

To compare the theoretical spectra obtained with experimental mass spectra, where this
data is available.

To test the implementation in terms of the quality of spectral generation, computation

time and robustness in terms of initial conditions.
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CHAPTER 2

2 Mass spectra prediction

2.1 Literature version of QCEIMS

The QCEIMS method was constructed based on the observation that although the
capabilities of modern quantum chemistry, particularly in the context of DFT, are
remarkable in terms of predicting properties and spectroscopy of molecules, there was
still a gap in the prediction of mass spectra (Grimme, 2013). The prediction of mass
spectra using QCEIMS BOMD approach method occurs through the following approach.
Firstly molecular dynamics is performed on a neutral molecule in the ground state, and
this provides starting points for the molecular dynamics of the ionized species. From this
trajectory, an ensemble of instantly ionized species across a range of randomly chosen
conformations is generated. Ultimately ionization leads to species with an “impact excess
energy”, which is typically up to 50 eV, and this ensemble will have a distribution of
energies. For reproducible spectra, 100s of trajectories are required for a total simulation
time of about 10ps, and this will involve 10°-10® separate steps of calculation. From the
trajectories charged fragments are identified and recorded, isotopic distributions are
calculated and the spectrum is thus generated. Figure 2.1 summarizes this process. (Bauer

& Grimme, 2014).
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Figure 2.1: An overview of how a mass spectra is predicted using the QCEIMS procedure

In Figure 2.2, a different diagrammatic perspective on the approach is provided, together
with experimental and theoretical spectra overlay, illustrating the success of this

approach.
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Figure 2.2: Description of the QCEIMS procedure with mass spectra result for a small
molecule (both the theoretical and experimental mass spectra are illustrated) (Bauer &
Grimme et al., 2014)
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2.2 Methodology

2.2.1 Software and python libraries used in this study

RDK:it provides a wide range of chemoinformatic library capabilitylt is an open source
toolkit for chemoinformatics, easily used in this project within python. RDKit itself is
constructed in C++. Some of the advertised capabilities include python, java and C#
wrappers, allowing RDKit to be used beyond C++, a wide range of descriptor generation
tools, 2D and 3D molecular operations, and chemoinformatics nodes for use within
KNIME software. RDKit was developed in the early 2000s for use in rational drug
discovery and for building models to predict ADME, TOX and biological activity.
Development is active on this open source project, that comes with a BSD license (
Landrum 2019). RDKit integrates with many other open-source projects (KNIME,
postgreSQL, Ipython, Pandas, and Lucene).

In order to be able to simulate systems at the molecular and atomic level, CP2K is an

appropriate simulation tool for this purpose (http://www.cp2k.org/, (2012)). CP2K can

perform a wide range of QM-type calculations including semi-empirical approaches
based on the NDDO Hamiltonian (AM1, MNDO, MNDO/d, PM3, PM6) and DFT
methods (Porezag et al., 1995; Murdachaew et al., 2011). This is in addition to the wide
range of force field calculations that are accessible to this software (Hutter et al., 2014).
In terms of classical force fields it is compatible with CHARMM, AMBER and
GROMOS force fields and is able to read the corresponding topology files (Foiles et al.,
1986). Further to this CP2K is able to perform mixed QM/MM simulations (where
different parts of the system are treated at different levels) and also adaptive partitioning
QM/MM based dynamics, where parts of the system that may be under movement are
allowed to change from a QM based description to an MM based description, depending
upon their localization within the system. The adaptive partitioning is particularly useful

in the case of solvent. There are a very broad range of types of problems that CP2K can
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solve, beyond simple energy, force and electronic structure calculations. In the context of
this project, CP2K is capable of performing MD simulations at many levels, including at

QM, MM and mixed QM/MM levels.

Networkx (https://networkx.github.io/) is a powerful tool for dealing with networks in

particular. In future work, where pathways between fragmentation are to be mapped and
explored, the networkx python libraries are anticipated to be of incalculable use. In this
study networkx was used in the context of graph theory, since by setting up a simple map
of a molecule and defining which bonds were to be broken, networkx is quickly able to
provide a list of the separate fragments, detailing the nodes belonging to each fragment

graph.

2.2.1 Approach used in this study, deviation from literature

Due to the complexity of setting up a distribution of ion energies, as a starting point this
study does not generate conformations through a molecular dynamics approach on the
unionized molecule, but starts with molecular dynamics on the ions. The omission of this
step at this stage will not affect the subsequent analysis scripting when this step is fully
included. What it does mean is that at present the trajectories are initiated from the
instantaneously ionized system, and that heating is still required to bring the ions to
temperature. All trajectories are brought to the same temperature (so no ensemble has yet
been included in this approach), but the collation of charged fragments from the
trajectories and generation of the mass spectra are followed exactly. Due to time
constraints, the evaluation metric for the fit between theoretical and experimental spectra

was also not included.
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2.3 Detailed scripting, methods and results

2.3.1 Initial construction of molecules and determination of trajectory conditions

All structures in this study were constructed and cleaned as 3-dimensional models, with
all hydrogen atoms modeled explicity, using Discovery Studio Visualizer.

Initial testing involved simple scripts that took in a mol2 structure and created a working
CP2K input script that could be passed on to CP2K for calculation. For this purpose a
rudimentary python library (“cp2k™) was written to simply print out default CP2K
parameters to a CP2K input file, while transferring across appropriately the atomic

coordinates.

As a test with hispanolol, BOMD was performed at 2000K for 10000 steps of dynamics
in duplicate, and the RMSD of each frame between trajectories was calculated. The result
of this was that both trajectories were identical in energy and geometry for each of the
10000 steps. The BOMD as implemented in CP2K is not truly stochastic, so multiple
trajectories with identical starting conformations will produce identical fragmentations.
The introduction of random initial velocities upon writing the CP2K input file did allow
for stochasticity, and when the desired initial set of conformations was used,

fragmentation no longer was reproducible between pairs of runs.

Most molecules exists with multiple conformational isomers that have the same chemical
bonds (and stereochemistry) although their 3D geometry is different since they hold
different torsion angles (Crippen & Havel, 1988). The conformation of a molecule has an
effect on its chemical reactivity, molecular binding and biological activity. The stability
of different conformations of a molecule is not the same because they experience different
steric, electrostatic and solute-solvent interactions (Gaalswyk & Rowley 2016). The
RDKit cheminformatics tool can generate conformers, including finding the lowest
energy conformers that are structurally similar to the experimentally determined

structures, very efficiently (Jerome €t al., 2016). In the current study we used RDKit to
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generate random conformations of our molecules prior to running ab initio MD (AIMD)

simulations using these conformations.

We could now test more generally the production of BOMD trajectories. To this end ten
random geometries of a-hispanolol were generated using RDKit on the local departmental
servers. From these ten geometries ten CP2K input files were generated for all of these
using a python script for AIMD simulation using random velocities that were between 0-
0.0001 bohr/time in atomic units (au.time). The DFTB+ level of theory was chosen and
the temperature was set to 2000 K for 10000 steps of dynamics. 2000 K was an arbitrary
starting point, but one that assured generation of fragments and therefore allowed for
python code that was dependent on this fragmentation to be written. In terms of feasibility
of such a temperature, one can consider a molecule with, for example an excess energy
of 2 eV following ionization. This translates to energy of 3.2 x 1078J per molecule; if all
of this energy is kinetic energy it translates to a temperature of about 1.5 x 10* K. The
time step for all the MD runs that we used was 0.2fs for 10 000 steps. Each trajectory was
performed using a single node (with 8 cores on the local cluster, 24 cores at the CHPC).
Figure 2.3 shows the code used to set this up, where cp2k.write_cp2k is the library routine
created to write the set of directives for the CP2K input file together with atomic

coordinates and random velocities.
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i mport cp2k
fromrdkit.Cheminport
Al'l Chem i nport os
current _dir =
os.getcwd() filelist =
os.listdir(current _dir)

nunber _of _confs=10

sancconpound =

Al'l Chem Ml Fromvbl 2Fi | e(" al pha_hi sp. nol 2", Fal se, Fal se)

i ds=Al | Chem ErmbedMul ti pl eConf s(sancconpound, numConf s=nunber _of _con
fs)

coun
t=0
for
id
in
i ds:
file_name =
"al pha_hisp 00"+str(count).zfill (3)+". cp2k"
project_nanme="Traj 16 "+str(count).zfill (3)
filed = open(file_nane, 'w)

cp2k. wite_cp2k(sancconpound,id, fil e4, project_nane, 2000, 10
000) filed.close() count =count +1

Figure 2.3; Code used to setup CP2K input files for 10 trajectories on 10 conformations.

It was worth exploring fragmentation on a small number of systems with limited numbers
of trajectories, prior to automating the collection of fragments. As such all of these
trajectories were viewed using VMD; to illustrate the fragmentation the coordinates for
the last frame of the trajectory was saved as a single pdb structure which was viewed
within Discovery Studio. Given that Discovery Studio constructs bonds based on atomic
distances, this was a visual way to immediately see the separate fragment structures as a
result of the BOMD calculation. The fragmentations of a-hispanolol, boronolide and PFB
were very different given the structurally and chemically different starting materials. This
provided the basis from which we could construct a python script to analyze all the
trajectories from different molecules. With the help of RDkit tools we were able to use
the script to see the generated fragments using SMILES. We used RDKit to predict the

masses of the fragments that were generated. In order to get the coordinates for the mass
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spectra data, we used a counter and looped through the list of the fragment masses and
whenever there were same masses we incremented by one. For mass spectra graph we ran
one hundred trajectories (meaning we generated 100 conformations) for each molecule
so that the produced mass spectra are statistically convergent with respect to the observed

fragments.

2.3.2 Fragmentation

2.3.2.1 Alpha hispanolol fragmentation

The following table (Table 2.1) details the fragmentation observed from within Discovery
Studio Visualizer. In the table the trajectory number, together with the initial
conformation (from RDKit) is provided, and the fragments are provided. This is compared
to the list of fragments that was generated within our script (SMILES). A discussion on
how this list of SMILES fragments was generated appears later, since it was informed by

the visual analysis of fragmentation.

Trajectory |Conformation Fragments Observed (Discovery List of fragments from
Studio Visualizer) RDKit SMILES
0 ['[H].

'[H]ce(c(HDCHI(HDCHD(

H])C1(O[HDC(HINC(HI)(HDH]
DC(HD(OHDC(HD(HNC2(MHDC
(C(HD(HDHD(CAHD(HDHDC(
[HD((HDC(HD(HDC(HD(H])C2
IC([HI)((HD[H]', 0]
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['[H],
[Hlce(c(HDCHDHDCHD(
H)C1(OHDC(HDN(C(HD(HDH]
C(HD(OMHDC(HD(HDC2(HNC
(C(HD(HDHD(CIHD(HDHDC(
(HD[HDCHD(HDC(HD(HDC2
IC([HI)([HD[H]', '0']

['[HT',
[H]cc(c((HDe)CHDHDCHI(
H)C1(OHDC(H)(C(HN(HDH]
YC(HD(OHDC(HD(HDC2(HDC
(C(HDHDHD(CHDHDHDC(
[HD(HDC(HD(HDC(HD(HDC2
IC([HI)([HD[H]', o]

[,
([Hicc(c((HDe)C(HI)HDCHI)(
H1)C1(O[H])C([H])(C([HD(THD[H]
)C(HT)(O[HNC(THN(HNC2(H)C
(CHDHDHD(CHNHNHNC(
[HI)((HD)C(THI)(H])C(THT)([H])C2
IC(HI)(HDIHT, '0'
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['[Hlee(e([HDe(HDo)C(HD(HNC(
[HD(HDC1OHDCHN(CHD{
HDHDC(H)(OHDC(HN)(HDC2
(HDC(C(HDHDHD(CHI)(H])
[HDCHD(HDCIHDHDCHD(
HDC21C(HD(HDH]

['[H],
'[Hlee(c((HDe)C(HD(HDCHI(
H])C1(OHDC(HI)C(HI)([HDH]
DC(HD(OHDC(HND(HDC2(HNC
(C(HD[HDHD(CHD(HNDHDC(
[HD(HDC(HD(HNC(HD([H])C2
1C(HD(HDHT', 'o']

INo fragmentation was observed

['[Hlcc((HDe(c[HDC(HD(HDC(H
DHDCIOMHDC(HN(C(HD(HI)
[HDC(HD(OMHDC(HN(HDC2([H
DC(CHDHDHIXC(H)(HDH]
DCHD(HDCHI)(HDC(H(HD)
C21C([HD(HD[HT, 'o']

N

['[HI, '[H]',

'[HIOCI(HDC(HD(HDC2(HDC(
C(HDHDHDCHDHDHDC(
HD(HDC(HD(HDCIHD(HDC2(
C(HD(HDHDCOMHC(H])([H]
C(HDHDCI(HDC(HD)(HDHT',

'[H]c, ¢, '¢', ', '0']
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['[H]',
[H]ce(c(HD)CHDHDCHD(
H])C1(O[HDC(HI)C(HI)([HDH]
C(HD(OHDC(HD(HNC2(HDC
(C(HDHDHDCHD(HNDHDC(
[HD(HDC(HD(HNC(HD([H)C2
1C(HD(HDH]', 'o']

. 'HT,

[Hlce(c(HD)CHD(HDCHD(
HDCLOMHDC(HIC(HD(HDH]
VC(HDOMHDCHD(HDC2([HDC
(C(HDHDHDCHD(HDHDC(
[HD(HDC(HD(HDC(HD(HDC2
IC([H)([HD[H]', '0']

Table 2.1: The different conformations of a-hispanolol together with the fragments

observed after AIMD. Fragments obtained using RDKit smiles are also presented

It is interesting to note that in one trajectory (trajectory 6) at 2000 K no fragmentation is

observed, and that species expected to have stability are commonly produced, such as

ethene (trajectory 0) or the 3-methylenefuran (analagous to the benzilic) and allylic

carbocations, observed in trajectories 5 and 8 respectively. In trajectories 1 and 3, for

example, hydrogen atoms (which we are considering still bonded to their respective

fragments) within Discovery Studio are shown as not being bonded due to an extended

bond length associated with dynamics at 2000 K.

2.3.2.2 Results for Boronolide

The boronolide fragmentation is interesting in comparison, as this is a highly oxygenated

system by comparison to hispanolol. This particular system appears to produce a greater

number of fragments.
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Trajectory

Conformation

Fragments from DS

SIMLES fragments

[C=0,
'[HIC(O)C(IH)(OC(=O0)C([H])([H]
MHDCI(HDOC(=0)C(HN)=C([H])
C1((HDHT',
[HICO)C(HD(HDCHDHDC(
HD(HDC(HI)([HDHT',
'[HIC([HD(H))C=0,
'[HIC([HD[H]']

[C=0,
'[HIC(O)C(IH)(OC(=O0)C([HI)([H]
MHDC(H)(OC(=0)C(HI)(HDH]
VCHDHDCHD(HDCHI)([HI)
C(HD(HD[HT,
'[HIC([HD(H))C=0,
[HIC=C(HDC(HD(HDC(HDO']

[C=0,
HICO)C(HD(HDC(HD(HDC(
HD(HDC(HD(HDHT,
'[HICO)C(HD(HDC(HD)=C(H])
C=0',
[HIC(O)C(HDOC(=O)C(HD([H])
[H]', HIC(HD(HDC=0",
'[HIC([HD[H]']
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['C=0','C=0", 'H]', '[H]', 'HIC',
'[HIC(O)C(IHD(OC(=0)C(H])([H]
HDCHDHDCHDHDCHD(
[HDC(HD(HDH],
'[HIC(O)CI([HDOC(=0)C([H)=C(
[HDCI(HD[HT, THIC(HDH]]

['C=0",
[[HIC(O)C(HN(OC(=0)C((H])([H]
DH)C1(H)HOC(=0)C([H))=C([H])
C1([HDHT,
HICO)C(HD(HDC(HD(HDC(
HD(HDC(HD(HDHT',
'[HIC([HD)([HDC=O',
'[HIC([HD[H]']

[‘c=0,'cO, '[H],
'HIC(O)C(HD(OC(=O)C(HI)([H]
DHDC(H)(OCE=O)C(HD(HD[H]
DCHD(HDCHDHDCHD(HI)
C(HD(HDIHT,
'HIC(IH])(H])C=0',
[HIC=C(IHDC(HD[H]']

[C=0',
'[HIC(O)C(HD(OC(=0)C(H])([H]
DIHDC(H]O',
'[HICO)C(HDHDC(HD([HDC(
HD(HDC(HI)(HDH],
'[HIC([HI)([HDC=O',
'[HIC(HC(H)=C(H])C=O',
'[HIC([HD[H]']
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['C=0','C=0/, 'CO', '[H],
'[HICO)C(HD(HDC(HD([HDC(
HD(HDC(HD(HDHT'
'[HIC(O)CI([HDOC(=0)C([HD)=C(
[HDC1((HD[HT,
'HIC(H]D(HDC=0',
'[HIC([HDHT', 'THIC(HD[H]]

[C=0',
'[HIC(O)C(HD(OC(=0)C(HD([H]
HDC(HI)OCE=O0)C(HD(HDH]
DCHDHDCHDHDCHD(HD
C(HD(HDHT,
'HIC(HDC(H)=C(H)C=0',
'[HIC([HDHT', 'HICO']
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['C,'C,'O, 'HI, 'H]', '[H],
'[HIC(O)C(HD(OC(=0)C([H])([H]
DHDCHD(HDCHD(HDC(HIX(
[HDC(HD(HD[H]',
[HIC(O)CL([HOC(=0)C([H])=C(
[HDCL([HD[H],
[(HIC(HD(HDC=0']

Table 2.2: Different conformations of boronolide generated from rdkit together with

fragments that were formed during AIMD and RDKit SMILES fragments.

It is interesting to note that carbon monoxide as a stable small neutral molecule is often
formed during fragmentation of Boronolide. There is only one trajectory where this is not

formed.
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2.3.2.3 Results for PFB-oxime

Of interest in addition was how different halogens would behave during AIMD,

particularly given the difference in strength of C-F and C-Br bonds. Table 2.3 details the

fragmentation of 10 BOMD trajectories of the PFB-oxime.

Trajectory |Initial Conformation Fragments SMILES Fragments

0 “j/% K RDKit did not produce
_ fragments

1 ['Br', 'H]', '[H]',

'[HIC(C=N)=C(CBn)C([HD)([HD[H]'

3
I

HIC((HD(O)clc(F)e(F)e(F)e(F)el

"

s

JC(HDC(HDCECIHDHDC(
HD(HDH]']
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['Br', '[H,

'[HIC(C(=C(HDHDC(HD(HD[H]
VC(HD(HDCBr)C(=C(HNC([H])
=NOC([H]([HDele(F)e(F)e(F)e(F)
c1F)C(HD(HD[H]]

['Br, 'Br, 'C’,

'Fclce(F)e(F)c(F)clF, 'O, '[H],
'(H]', '[H]', '[HT,

HIC(C(HDCE=C(HDHDCHD(
HDHDC(H)C(=CHDC=N)C([H
ID(HDIHT']

['Br', '[H]', '[HT,

'[HIC(C=NO)=C(CBr)C([HD((HD[
HI',
'[HIC(HDC(HDC=CHDHNDC(

HD(HD[H]',
'HIC([H])c L e(F)e(F)e(F)e(F)c 1 F]
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['Br', 'C', 'Fclec(F)c(F)c(F)c1F', 'O,
'(H]', 'H]', '[H],
HIC(C(=C(HDC(HD=N)C(HI)([
HDHDC(HD(H)CBr)C(=C([H])
[HDC(HD(HDH]'

['Br', '[H]',
[HIC(=NO)C(HD=C(C(HD(HDL
HDC(HDBHC(HD(HDCCE=C(
HDHDC(HN(HDMH]',
'HIC([H])clc(F)e(F)e(F)e(F)c1F]

RDAK:it did not produce
fragments

RDAK:it did not produce
fragments
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['Br', 'CO', 'Fclce(F)c(F)c(F)clF',
'[HI', '[H], 'THI',
'[HIC(HDCBr)C(=C(HDHDC(H
ID((HD[HT', 'THIC=N",
'[HICC(=C[HDC(HD(HDHI']

Table 2.3: The fragments of PFB oxime that were generated during AIMD.

In the fragmentation of the PFB oxime, no C-F bond is cleaved at any stage, but HBr is
formed regularly from the two Br atoms present in the original molecule. The species

HCBr (with indeterminate charge/splin multiplicity) also appears to form regularly.

2.3.3 Monitoring of bond breakages during AIMD

For the ten geometries of each of a-hispanolol, boronolide and PFB oxime, AIMD was
performed on all the generated conformations, and during the simulation of bond breaking
and formation that took place. A typical instance where bond forming takes place is
observed in the formation of HBr where not only are C-Br and O-H bonds broken but a
Br-H bond is formed. We plotted the graphs for all the bonds that were observed to break
in each trajectory, to try to get a sense of how to recognize bond breaking events during
the course of AIMD. Bond formation is an even more difficult scenario to follow and
will require monitoring of the full atom distance matrix of the molecule during AIMD,
with knowledge of the different bond lengths for all different pairs of atoms; further care
must then be taken to rule out a forced proximity of two atoms to be registered as a bond
forming event.

Bond formation monitoring will be explored in future work.
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Tables 2.4, 2.5 and 2.6 monitor the bonds that are broken, and in some cases bonds that
remain intact. For instance for hispanolol, in trajectory 7, the increase in vibrational
energy in bonds that do not break is apparent after bond breakage events. Given the range
of bond breakages across all systems none of these bonds then reformed. In the study the
assumption was then made that bond breakages are irreversible. In terms of software
requirements, it was observed that bond distances at 2000 K rapidly increase after bond
breakage, and since a distance of 3 A is well beyond the length of even an I-I bond, this
was chosen as a cut-off for all bond types. So, if by monitoring all bonds identified by
RDAKit in the original molecule, if any one of them increases in bond distance beyond 3

A it identifies a fragmentation pathway.

The following graphs in Table 2.4 shows the bond distances for bonds that were broken

during the MD production run for all the ten different geometries of hispanolol.
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Table 2.4: Temperature during MD of a-hispanolol at 2000K and the bonds broken. The
temperature reaches 2000K after the 4000™ frame. It is evident that fragmentation is
observed after the temperature reaches 2000K.
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In a similar manner the following graphs in Table 2.5 shows the bond distances for bonds

that were broken during the MD production run for all the ten different geometries of

Boronolide.
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Table 2.5: Monitoring of bond breakages during 10 trajectories of molecular dynamics of
boronolide, together with temperature during dynamics..

The graphs in Table 2.6 shows the bond distances for bonds that were broken during the

MD production run for some of the ten different geometries of the PFB oxime derivative,

in a similar manner.
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Table 2.6: The distribution of temperature during molecular dynamics of PFB oxime and
the distances for each of the bonds broken monitored in each trajectory

Although there are interesting features to these graphs with respect to, for instance,
vibrational amplitude in a bond before cleavage, the focus was on defining simply
whether a bond had broken or not.

As such we developed within the analysis python script routines to check the bonds that
were broken. To this end we generated a list of bonds from the original molecule prior to
reading in each trajectory using RDKit (Figure 2.4). From this we created a list of atom
pairs which are the two atoms which define the bond. For each of the bonds we created a
counter (matching bond_list and bond_broken) for the number of times the bond is broken
in the trajectory. The first and the end atom from the

RDKit bond ( having the start and end atom indexes) were combined to a pair and were
appended to the bond_list. For each bond in bond_broken we count the number of frames
for which the bond is greater than 3 A, although a single frame where this occurs is enough

for us to decide that the bond has broken.
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def
at om _pai r s(sancconpou
nd): #get |ist of
rdkit bonds
rdk_bonds=sancconpoun
d. Get Bonds()
#this is our list of atompairs
as bond_list bond_list=[]
bond_br oken=[]
#this is our counter (matching bond_list) for the nunber of times the bond is
broken in the trajectory for rdk_bond in rdk_bonds:

start_atom i dx=rdk_bond. Get Begi nAt oml dx()#extract first atomindex fromthis bond
start _at omrsancconpound. Get At omW t hl dx(start _atom i dx)
start_atom synbol =st art_at om Get Synbol ()

end_atom i dx = rdk_bond. Get EndAt om dx() #extract |ast atom index
fromthis bond end_at om =sancconpound. Get At om\W t hl dx(end_at om_ i dx)
end_at om synbol = end_at om Get Synbol ()

#now we have a pair of atonms start_atom.idx, end_atom.i dx)

atom pair=[start_atom.i dx, end_at om i dx]

bond_l i st. append(atom pair)#add a pair of start/end atons to list [7,12]
bond_br oken. append( 0)

#f or each bond we have a table counting breakages. initialize to 0 here

return bond_list, bond_broken

Figure 2.4: Setting up of bond lists for exploration of bond breaking.

A while loop was set up to read the trajectory files produced frame by frame. Initially the
number of atoms line was read, the comment line (time, energy, and i, according to the
xyz format of the trajectory) and finally the block of x,y,z coordinates of the atoms for
the frame. For each particular frame a loop was set up on the bond list (containing start
and end atom indexes) to check if there were any breakages on each particular bond in
the molecule. The Cartesian distance between the start and end atoms was calculated,
based on the respective x,y and z coordinates. Figure 2.5 shows a code fragment

implementing this procedure.

70



BOND_BREAK=3. 0

for

bond in

bond_Ili st:

#at this point nust extract x1 yl z1 fromstring
atom coordlist[bond[0]] atom coords = atom coordlist[bond[0]]

x1 =

atom coords[12: 2
4] y1 =

atom coords[31: 4
4] z1 =

at om_coor ds[ 50: 6
4]

#at this point nust extract x2 y2 z2 fromstring
atom coordlist[bond[1]] atom coords2 =atom coordlist[bond[1]]

X2 =

atom coords2[ 12: 2
4] y2 =

atom coords2[ 31: 4
4] z2 =

at om_coor ds2[ 50: 6
4]

#need to cal cul ate

di stance using dx =

float(x1)-float(x2) dy

= float(yl)-float(y2)

dz = float(z1)-

float(z2)

#print(x2,y2,z2)

di stance = math.sqgrt((dx)**2 + (dy)**2 + (dz)**2 )

i f (di stance>BOND_BREAK) :

bond_br oken[ count er] =bond_br oken[ count er] +1
count er =count er +1
#still to keep track of the bond nunber

Figure 2.5: Portion of code monitoring bond breakage

A list of bonds broken (bond_broken_list) was generated from inspection of the

bond_broken set of counters. RDKit was then used to produce a SMILES string by

fragmenting the original molecule with the bonds in the list (Figure 2.6).
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i f bond_broken_Ilist:
br oken_nol ecul e=

Al | Chem Fr agment OnBonds( sancconpound, bond_br oken_l i st, Fal se)
nol ecul es_f or_docki ng=

Al'l Chem Fr agnent OnBonds(sancconpound, bond_br oken_I i st, True)
el se:

br oken_nol ecul e=sancconpound

nmol ecul es_f or _docki ng=sancconpound

fragment _sm | es=Al | Chem Mol ToSni | es(br oken_nol ecul e)
docki ng_smni | es=Al | Chem Mol ToSmi | es( nol ecul es_f or _docki ng)
docki ng_sm |l es=re.sub("\*","H', docki ng_sm | es)

Figure 2.6: Code using RDKit to identify fragments

In Figure 2.6, code is presented for creating whole sanitized molecules from the fragments
(capping with H’s). The fragments that were generated from this method, using RDKit to
FragmentOnBonds and generate SMILES, as shown in Tables 2.1, 2.2 and 2.3 are
different in comparison to the visual representation of fragmentation (as viewed using
Discovery Studio). This could be because Discovery Studio used different parameters
than what we used to view the fragments in RDKit (to consider a bond to be broken the
bond distance should be greater than 3A). In RDkit for Table 2.3 for the PFB-Oxime,
Trajectory 4 shows that there are no fragments produced during this simulation whereas
when we viewed the last frame of the trajectory in Discovery Studio, three fragments were
formed, though for trajectory 6 when we viewed the coordinates from the last frame in
discovery studio there were no fragments formed even though in rdkit there were
fragments produced. Again, the RDKit was created in the context of Drug Discovery, and

sanitizing unusual fragments of molecules may well be beyond its intended capability.

An improved way, therefore to use our determined bond breakages and determine
fragments was to use network maps to identify fragments that were generated during
AIMD. In addition to this an advantage would be to be able to identify exactly which
atoms composed a fragment for all different fragments that were produced. The way this

was done was using the networkx python library. Figure 2.7 shows a fragment of code
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that was used to create a graph view of the molecule, and Figure 2.8 shows the effect of

using this code on a single trajectory that formed two fragments.

i mport networkx as nx

def

create_map(bond_list_I, bonds_broken_|,file
nane) :

nol ecul e_map=n
x. Graph()
bond_nunber =0
for bond in
bond_list_I:
i f not (bond_nunber in bonds_broken_I):
print("addi ng bond ", bond," bond no ", bond_nunber,"” to map")
nmol ecul e_nap. add_edge(bond[ 0], bond[ 1])
el se:
print("not adding bond ", bond," bond nunber
", bond_nunber)
bond_nunber =bond_nunber +1
for broken in bonds_broken_I:
print("broken ", broken)

conponent s=li st (nx. connect ed_conponent s( nol ecul e_map) )

Figure 2.7: Using the networkx library to identify connected fragments

Figure 2.8: An example where the networkx library has separated the graph describing the
molecule into two fragments, with each atom specified by number.
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2.3.4 Charges and Spins

In order to accommodate charges on fragments, the simplest approach was to include a
directive for the printing of Mulliken charges within CP2K. Figure 2.9 shows a portion

of the population analysis for a single frame.

MULLI KEN POPULATI ON ANALYSI S

# Atom El ement Kind Atom c popul ation (al pha, beta) Net charge Spin
nonent
1 1 3.041842 3.038536 -0.080378 0.003305
22 1 3.273165 3.163761 -0.436926 0.109403
25 1 3.266133 3.154618 -0.420751 0.111516 2
2 1.987955 1.851171 0.160874 0.136783

Figure 2.8: Mulliken population analysis

The log files that were produced during MD were analyzed to get the charges of each
fragment that was generated. We assigned each of the atomic charges to the fragments
identified; this enabled us in subsequent steps to identify the fragment from each
trajectory with the highest positive charge (which are then used to predict the mass spectra
of different compounds). Figure 2.9 illustrates the code used to calculate the total charge

on each fragment identified through the networkx utilities.

for fragnent in conponents:

#print ("component nunber ", fragnent nunber, fragnent)

#print("spins ", spins)

#print ("charges

", charges)

t ot al charge=0.0

total spi n=0.0

for atomin

fragnment:
t ot al char ge=t ot al char ge+f | oat (char ges[ at on])
t ot al spi n=t ot al spi n+f | oat (spi ns[ atonj)
#print("charge is ",total charge)
#print("spinis ", total spin)
al | char ges. append(t ot al char ge)
al | spi ns. append(total spi n)

f ragnent nunber =f r agnent nunber +1

Figure 2.9: Calculation of total charge by fragment
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Although the total spin was calculated for each fragment, this was not used further in mass
spectral generation. The distribution of charges per fragment during the limited number
(10) trajectories was followed, to assess the feasibility of simply taking the fragment with

the greatest positive charge through to mass spectra peak.

2.3.4.1 Evolution of Charge and Spin for a-hispanolol

The charges and spin on each final fragment were plotted during the course of the
trajectories producing those fragments for a-hispanolol (Table 2.7). It was interesting to
note that the chemical processes leading to fragmentation were dominated by homolytic
cleavage - that is, the charges on separate parts of the molecule did not change as the parts
fragmented, but the spin densities had a marked change at the events. So sudden changes
in spin density on fragments was indicative of fragmentation. Where no fragments were

observed to form, the total charge remained constant (1.0) as did the total spin.

Charges Spin

12000

—tragl
— frag2

75




25

2 A 5
S A% T ok
» wirif B

ettt n
*‘W&E’.ﬁ,’yﬂ

1
e [y 1 a—
05 tragl
— frag? — Tragg?
o
12000
15
25
2 1
1.5 =0
1
— Iragl
0s ,mg
—frag2 — fragl
o e
1] 2000 4000 G000 8000 10000 12000
05 oo = T =i
o &
i iz NG
= i
15
1
o
0.5
——fragl
e fTAG2 — fragl
a T frag3 — hay2
0 2000 4000 6000 800D 10000 12000 tragd
1N

-15

76




12

12
1
1
08
08
06
—
gl 06 fragl
04 04
02 02
o 0
o 2000 4000 G000 OO0 10000 12000 o 2000 4000 6000 8000 10000 12000
25
12
2
i F -
5 A Il . = . 1
15 ‘E@ﬁ#ﬂﬁw‘fﬁ@ﬁ;ﬁﬁ%@md ajj?i AP WS S
i o L ! 3 S e e -
i s o e
1+ 0.8
— fragl r
oe = frag2 06 $ — fiagl
—— trag2
a5 L2000
12
1.7
1
1
08-f
08
06
—fragl
1] 0.6 et
o 04
— 02
0 - | 0
0 2000 4000 G000 8000 10000 12000 [} 2000 4000 6000 8000 10000 12000
2
12
0s R
—
o —tragl
0 2 — frag2
o 2000 4000 G000 BOOO 10000 12000
12000

77




0s f———
trag2 — fragl
. - — e
o 2000 4000 6000 BOOO 10000 12000
05 :
£ 2.2 pr. [ i ; s
" Sy shites
- .- 12000
15 02
9 25
12
2
1
15+
08
1
—fragl 06
.
05 frag2 —tragl
— frag2
0 04 -3
o 2000 4000 G000 B000 10000 12000 b " .
; _.@Mim%ﬁ 2 syl @%@‘
1 0 O e, i e
L 2000 4000 “i’ 8000 10000 12000

Table 2.7: the charges and spins of the alpha hispanolol fragments produced in each

trajectory

2.3.4.1 Evolution of Charge and Spin for boronolide

For boronolide, much the same in terms of observation were made for the evolution of

charge and spin throughout the course of trajectories (Table 2.8). However we observed

cases where the fragment with the positive charge after fragmentation was more

ambiguous. Trajectories 1 and 5, for example illustrate this. The choice was made in the

generation of mass spectra, to only use the fragment with the greatest positive charge at

the end of the trajectory.
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Table 2.8: The charges and spins of boronolide fragments that were generated during the

AIMD of boronolide
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2.3.4.1 Evolution of Charge and Spin for the PFB-oxime derivative

Table 2.9 illustrates the evolution of charge and spin for the PFB-oxime derivative. Again

there were instances where the formation of the fragment with positive charge was

ambiguous (Trajectories 4 and 9). An improvement may be (subject to testing) to use

other forms of charge calculation, such as Atoms-In-Molecules calculations.
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Table 2.9: The charges and spins of PFB oxime fragments from AIMD

2.5 Acquisition of multiple spectra using High Performance

Computing

The acquisition of many trajectories made use not only of CP2K but gnu parallel to

manage the run across 8 nodes at the CHPC. Figure 2.10 shows the submission script used

to work with CP2K vs 6.1, compiled with Parallel Studio, using gnu parallel. This script

simply finds all input files in a directory, and sends them for execution through gnu

parallel using 1 node with 24 cpus for each trajectory.
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#!1/ bi n/ bash

#PBS - e

/' mt /| ustre/users/ynovokozal nest _dat abase/ Ni t rogen/ 2500_t enp/ stderr. o
ut #PBS -0

/ mt /1 ustre/users/ynovokozal/ nest _dat abase/ Ni t rogen/ 2500_t enp/ st dout . o
ut

#PBS - P CBBI 1122

#PBS -1 sel ect =8: ncpus=24: npi pr ocs=24: nodet ype=haswel | _reg

#PBS -1 wal | ti me=48: 00: 00

#PBS -qg nor nal

#PBS

-m be

#PBS

-r n

nmodul e purge nodul e add chpc/ gnu/ paral | el -20180622

nodul e add gcc/5. 1.0 nodul e add

chpc/ paral | el _studi o_xe/ 17. 0/ 2017. 4. 056 nodul e add

chpc/ cp2k/ 6. 1/ paral | el _studi o/ 2017 JOBSPERNCDE=1 cd -P
/mt /I ustre/users/ynovokozal/ nest _dat abase/ Ni trogen/ 2500 _

tenp

find . -name "*cp2k" | parallel -M--sshdelay 0.2 -j ${JOBSPERNCDE} -u -
sshl ogi nfile ${PBS NODEFI LE} "nodul e add

chpc/ paral l el _studi o_xe/17.0/2017. 4. 056; nodul e add

chpc/ cp2k/ 6. 1/ paral | el _studi o/ 2017; cd

/mt /| ustre/users/ynovokozal nest _dat abase/ Ni t rogen/ 2500_t enp; cp2k. psnp -i
{} >{.}.1og"

Figure 2.10: Job submission script for many trajectories on the CHPC

2.6 Theoretical Mass Spectra

The mass spectra of all the molecules were predicted by only plotting the fragments with
the highest positive charge in each trajectory, since in experimental mass spectrometry
only the positively charged ions are recorded of the mass spectra and the uncharged
radicals are lost to the system. Our initial mass spectra prediction was without taking into
account the isotopic distribution of elements present in the fragments. Figure 2.11 shows

the predicted mass spectrum of a-hispanolol, without the inclusion of isotopic
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abundances. This prediction was at 2000 K, using the DFTB+ level of theory for 100

trajectories at 10000 steps per trajectory.

Non-Isotope mass spectra of alpha hispanolol
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Figure 2.11: Theoretical mass spectra of alpha hispanolol with exclusion of isotopic

abundance

2.5.1 Inclusion of Isotopic Abundances

Application of isotopic distributions is important in mass spectrometry in order to improve
the details of predicted spectra to match experimental observations. As such no prediction
of mass spectra without calculation of isotopic distribution will achieve accuracy with
relation to experimental mass spectra. MS also involves study of increasingly larger

biomolecules where isotopic distributions have an increased effect with a wider range of
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isotopic variants which makes it important to take into consideration. Thus, analysis of
fine isotopic distribution is absolutely essential (Dittwald et al., 2015).

The importance of stable isotope distributions within mass spectrometry goes beyond
systematic determination of natural abundances; stable isotopes play important roles in
many structural elucidation studies. For example incorporation of artificial isotopic
compositions synthetically into compounds (labelling a particular atom or set of atoms
atoms) may provide information about reactivity at sites in a molecule or may allow tracer
studies in the investigation of physiological processes in a safe and non-invasive manner
(Bluck & Volmer, 2009). It is not possible for MS to detect one single molecule, but it
depends on the availability of a number of identical copies of some molecules. These
copies are identical only from a chemical point of view, the elements within these copies
follow their natural isotope abundance. This is why in MS instead of a single peak per

fragment, an isotope pattern of the fragment is observed.

In the present study isotopic distribution of each fragment produces in all the molecules

was calculated in order to improve the accuracy of the predicted mass spectra.

The isotope array to set the mass spectra was offset starting with atomic number zero to match
a zero based array; real isotopes were included from array value 1 matching hydrogen’s

isotope distribution (Figure 2.12)

base_values=[0, 1, 3, 6,9, 10, 12, 14, 16, 19, 20, 23, 24, 27, 28, 31, 32, 35, 36, 39, 40, 45, 46, 50,
50, 55, 54, 59, 58, 63, 64, 69, 70, 75, 74, 79]

i sot opes=[[0.0,0.0,0.0,0.0],[0.9998, 0. 0002, 0.0, 0. 0], [ 0. 000002, 0. 999998, 0. 0, 0. 0] ,
[0.0759,0.924,0.0,0.0],[1.0,0.0,0.0,0.0],[0.2,0.8,0.0,0.0],[0.989,0.011, 0. 0, 0. 0]
,[0.996, 0.004, 0.0, 0.0],[0.9976, 0. 0004, 0. 002, 0. 0], [ 1. 0, 0. 0, 0. 0, 0. 0] , [ 0. 9048, 0. 002
7,0.0925,0.0],[1.0,0.0,0.0,0.0],[0.79,0.1,0.11,0.0],[1.0,0.0,0.0,0.0],[0.922,0.0
47,0.031,0.0],[1.0,0.0,0.0,0.0], [0.9499, 0. 0075, 0. 0425, 0. 0], [ 0. 76, 0. 0, 0. 240, 0. 0] ,
[ 0. 00334, 0. 0, 0. 00063, 0. 0] , [ 0. 93258, 0. 00012, 0. 000673, 0. 0] , [ 0. 96941, 0.0, 0. 0, 0. 0] , [
1.0,0.0,0.0,0.0],[0.0,0.0,0.0,0.0], [0.0025, 0. 9975, 0. 0, 0. 0] , [ 0. 0435, 0. 0, 0. 83789, 0
.09501],[1.0,0.0,0.0,0.0],[0.0,0.0,0.0,0.0],[1.0,0.0,0.0,0.0],[0.0,0.0, 0.0, 0. 0],
[0.6917, 0.0, 0.3083,0.0],[0.0,0.0,0.0,0.0],[0.6011, 0. 0, 0. 3989, 0.0],[0.0,0.0,0.0,0
.0],[1.0,0.0,0.0,0.0],[0.0,0.0,0.0,0.0],[0.51, 0. 49, 0.0, 0. 0] ]

Figure 2.12: Base value indicates the lowest isotope mass, e.g. for H it is 1, for He is 3.
In the isotopes array, the first value is the abundance for the lowest isotope, the next for
mass+1 etc.
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The current implementation therefore can only handle up to Bromine, and a variation of
four mass units for four isotopes; extension to heavier elements is not difficult, as is
inclusion of a wider mass range.

Figure 2.13 illustrates how a mass spectrum is distributed according to the isotope
distribution of one atom. Repeating this code for all atoms in the fragment will

appropriately proportion the mass spectrum into the correct isotope distribution.

def expandl i stofval ues(mass_di stribution, aton:
#NB start maybe with [1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0] (100%
at mass 0)
#now we add an atomto it for exanple a C
#print("-------- expandlistofvalues---------------o
-------- ") change=[ 0. 0] for i in range (0,10000):
change. append( 0. 0)
#we have created a change matrix to determ ne the next stage
of the mass spectrum for j in range (0,10000):
if mass_distribution[j]>0.0:
#only four possible isotopes for each el ement, so we create

four new peaks fromthe existing peak
#every time we add an atomto the nol ecul ar
formul a for k in range (0,4):

base=j +base_val ues[ at om +k#12+0, 12+1, 12+2, 12+3
change[ base] =change[ base] +mass_di stri buti on[j]*i sot opes[ at om [ k]
change[j] =change[j]-mass_distribution[j]

#this last line is to reduce the original peak since it
now creat es the four new peaks. return change

Figure 2.13: Adding the isotope distribution for a single atom to the spectrum

Figure 2.14 shows the predicted mass spectrum for a-Hisplanalol with the inclusion of
isotope distribution. This may be compared to Figure 2.10 where the isotope distribution

is not present.
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Mass spectra of alpha-hispanolol with isotope distribution
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Figure 2.14: The theoretical mass spectra of a-hispanolol with isotopic distribution

The intention of using a-hispanolol in terms of mass spectral prediction was access to
mass spectra for this compound under a wide variety of experimental conditions.
Unfortunately, our EIMS instrument was unexpectedly down during the time the spectra
would have been acquired. However, we were able to obtain an ESI spectrum of a-
hispanolol. There are two aspects to consider - firstly ESI will produce even electron
species (as compared to the odd electron species for which our predictions are based) and
secondly the ESI spectrum produced the M+23 peak (due to the presence of sodium). This
certainly provides paths for extension of this method for future work. Figure 2.15 shows

the ESI spectrum of a-hispanolol.
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Hispanolol cid.mzXML#176 @3.01 MS2 (343.2686) c +, base peak: 343.2677 m/z (9.8E6)

1.0E7 343 2677
9.5E6
9.0E6
B.5EB
B.0E6
7.5E6
7.0E6
6,5E6
6.0E6
5.5E6
5.0E6

Intensity

4,5E8
4,0E8
3.5E6
3.0E6
2,5E6
2.0E6
1.5E8
1.0E6
5.0E5

361.2803
1568 276.9584 303.2305
0.0EQ L

384.2994 4033

150.0000 2000000 250,0000 300.0000 350.0000

mfz

Figure 2.15: showing the ESI mass spectrum of alpha hispanolol

Given the presence of sodium, there is a shift between the molecular ion on the predicted
mass spectra of mass 320 and the peak on the experimental mass spectra of 343.2677.
However, given that 2*Na has 100% natural abundance, the isotope distributions for these
two peaks should match between the experimental and predicted spectra, as is observed.
In the ESI spectrum, there was no fragmentation which is quite typical for ESI spectrum,
due to the lower energies imparted to the ions from a much softer ionization technique,
and this explains the reduced detail between the theoretical mass spectra when the
temperature was at 2000K and the experimental spectrum which only has an isotope
cluster around the M+23 ion.

Figures 2.16 and 2.17 are the predicted mass spectra, from 100 trajectories (about 48 hours

computational time) of 10000 steps each at the DFTB+ level of theory.
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Predicted mass spectra of Boronolide with isotope distribution
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Figure 2.16: Theoretical mass spectra of boronolide at 2000K
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Figure 2.17: Predicted mass spectra of PFB-oxime derivative at 2000K
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2.5.2 Prediction of Mass Spectra from the NIST databases

Given the lack of experimental data for the compounds we were focussing on, we turned
to the NIST database in order to explore if our results for the predicted mass spectra could
accurately match experimental mass spectra available from the database itself.

The two compounds chosen were S5-amino-1- (Phenylmethyl)- [1,2,3]triazole-4-
carboxamide, and ethyl 3-bromo-4,6-dimethyl-2H-pyran-5-carboxylate. Figure 2.18 and

2.19 show the 2000 K predicted, and the experimental EI mass spectrum respectively.

In the predicted mass spectra of S5-amino-1- (Phenylmethyl)- [1,2,3]triazole-4-
carboxamide, there were two most intense peaks were observed at m/z 91 (which was
also intense in the experimental mass spectra as the base peak) and at nVz 217, which,
although observed in the experimental mass spectra, was observed experimentally with a
much lower intensity.

1H-[1,2,3]Triazole-4-Carboxamide,5-amino- 1 -(Phenylmethyl)-

Theoretical Mass Spectrum
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Figure 2.18: Predicted mass spectra of 5-amino-1-(Phenylmethyl)- [1,2,3] triazole-4-
carboxamide, at 2000 K

93



1H-[1,2,3]Triazole-4-carboxamide, 5-amino-1-(phenylmethyl)-
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Figure 2.19: Experimental 5-amino-1-(Phenylmethyl)-[1,2,3]triazole-4-carboxamide

mass spectrum (NIST)

The match between the experimental and theoretical spectra in terms of fine structure is
far from perfect and it is clear that focus needs to turn now to the distribution of ion
temperatures following instantaneous ionization, including ground state dynamics
velocities at the starting point. However, it was interesting to explore the limits of
prediction of the current method as it stands in the context of ethyl-3-bromo-4,6-dimethyl-
2H-pyran-5-carboxylate. Figures 2.20 and 2.21 show the theoretical and experimental
spectra for this compound respectively.

As a point of reference, the doubling of the molecular ion in to M and M+2 is reproduced
according to the isotopic distribution routine. However there are too few (although
correct) peaks in the theoretical spectrum. Given the complexity of the experimental
spectrum, it may have been worth exploring 1000 trajectories, but given the 20 days

computation time for this, this was not feasible.
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Mass spectra of Ethyl 3-bromo-4,6-dimethyl-2H-pyran-5-carboxylate
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Figure 2.20: Theoretical mass spectra of ethyl 3-bromo-4,6-dimethyl-2H-pyran-5-

carboxylate at 2000K
Ethyl 3-bromo-4,6-dimethyl-2H-pyran-5-carboxylate
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Figure 2.21: Experimental mass spectra of 3-bromo-4,6-dimethyl-2H-pyran-5-
carboxylate from NIST database (NIST)
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Other strategies were therefore followed. The theoretical mass spectra, as a first step, were
predicted at different temperatures to investigate the extent of its effect on the predicted
mass spectra. The first attempt to alter the predicted spectra in this way was for the mass

spectra of ethyl 3-bromo-4,6dimethyl-2H-pyran-5-carboxylate at 3000 K (Figure 2.22).

Mass spectra of ethyl 3-bromo-4,6-dimethyl-2H-pyran-5-Carboxylate
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Figure 2.22: Theoretical mass spectrum of 3-bromo-4,6-dimethyl-2H-pyran-5-
carboxylate at 3000 K.

This change in theoretical mass spectrum from 2000 K to 3000 K was remarkable for 3-
bromo-4,6dimethyl-2H-pyran-5-carboxylate; rather than most trajectories producing the
molecular ion, almost all trajectories produced the smaller fragments already observed at
2000K. As mentioned earlier in the thesis the use of higher temperatures was in one
respect to accelerate the fragmentation and to reduce the simulation time. However, at
3000K too much fragmentation of the molecular ion was observed and the theoretical
mass spectra of 3-bromo-4,6-dimethyl-2H-pyran-5-carboxylate was still not close to the

experimental mass spectra. To at least achieve a balance between the molecular ion and
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the observed fragments we attempted to run the MD at an intermediate temperature,

between 2000 K and 3000 K.

As such we ran the mass spectral prediction of 3-bromo- 4,6-dimethyl- 2H-pyran-5-
carboxylate at 2200 K, providing the closest match to the experimental spectra in terms

of intensities of the peaks produced in the theoretical spectrum (Figure 2.23).

Mass spectra of ethyl 3-bromo-4,6-dimethyl-2H-pyran-5-carboxylate
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Figure 2.23: Theoretical mass spectra of 3-bromo-4,6-dimethyl-2H-pyran-5-carboxylate
at 2200K

Several strategies are in place for continuation and improvement of the quality of
theoretical spectra produced. The first focuses on production of the appropriate ion
ensemble following ionization. Detection of fragmentation events in dynamics may allow
for termination of trajectories earlier, accelerating the acquisition of multiple trajectories.
Running more trajectories is likely to improve detail in the mass spectra produced. Choice
of model from DFTB+ through to XTB may favour different fragmentations and therefore

change the quality of spectra. As soon as the quality of the spectra is of a sufficient
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standard, this implementation of QCEIMS will be compared to literature implementations
of this method.

Other points of interest could be introducing flexibility in the ionization, and allowing the
procedure to be used in ESI mass spectral prediction, or introduction of QM/MM for
larger molecules to be evaluated. Further, a variety of chemistry will be explored,
including the evaluation of metal containing compounds such as organometallic systems.
Finally, given that the molecular dynamics informs fragmentation pathways, setting up
pathways statically on the potential energy surface, may allow prediction of rates of
formation of fragments, from the vibrational analysis, using RRKM theory (Knyazev &

Stein, 2010).
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CHAPTER 3

In this chapter, the feasibility of providing sets of fragments for use in drug discovery is
explored. The two targets chosen for drug discovery are quite different, but a background
to the technique of docking and how the fragments produced in mass spectral theoretical
spectra could be used in this technique are presented. It is interesting to note that the word
“fragment” has slightly different meanings in mass spectrometry (where it is used to
denote the daughter ions and neutral species formed from breaking a larger molecule) as
compared to drug discovery (where small molecule fragments with biological activity are

combined through connections to construct a larger, highly active drug).

3.1 Fragment Docking

Molecular docking is used to predict the atomic coordinates of a protein-ligand complex
(Brooijmans & Kuntz, 2003; Rognan, 2017). Fragment-based drug discovery (FBDD) has
been increasingly studied for the early phase drug design, this is because fragment space
can be more effectively sampled than drug-like space (Sandor et al., 2010). Fragment
docking may be challenging due to the sheer number of interaction sites on the surfaces
of proteins which may accommodate low molecular weight compounds (English et al.,
2001). Further, the binding cavity of the target protein may be much larger than the
molecular volume of the fragments resulting in incorrect binding modes (Nayal

& Honig, 2006). Some docking programs are able to overcome these challenges in
fragment docking. Programs like Gold, FlexX, Surflex and Glide have proven capability
in pose prediction for fragments (Gilles & Didier, 2007). Glide in particular, has been
well tested with fragment docking. For example, Glide XP in a study docked fragments
to the binding site of twelve targets with RMSD within 1A of the experimental binding
mode (Loving et al., 2009).

Fragments (in this context) are polar compounds with low molecular weight and low

complexity. This makes them more efficient in sampling chemical space, both in terms of

physicochemical/ADMET properties and in terms of binding to proteins. There are two
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main strategies of fragment exploration, growing and linking. In the first case, a potential
fragment is decorated with additional functionalities to build on promising activity, while
in the latter case one two or more promising fragments that bind to separate portions of
the target protein in close proximity are subsequently incorporated into a single molecule

using a suitable linker moiety (Vass et al., 2014).

Docking available small compounds (<250-300 Da) is an interesting and difficult
combinatorial problem due to the immense number of compounds that exist - the size of
the GDB17 database of small molecules (166 billion) illustrates this (Ruddigkeit et al.,
2012). However, the advantages of fragment docking include low cost, high speed and
these experiments are not bound by some experimental limitations, such as the solubility
of ligands. Molecular docking is used to screen fragment libraries, identifying inhibitors

against targets. The fragment-based procedure is illustrated in Figure 3.1 (Chen &

Pohlhaus, 2010).
[
bk
~ ~ ;f\') -
binding pocket fragment library

1 docking
0f F« »

1 ranking, experimental testing

a® M‘MM ~ A0

low affinity inhibitors false positives
! linking / growing
‘ % high affinity inhibitor
Figure 3.1: Screening of fragment libraries using molecular docking allows for the
selection of compounds that complete sub-sites in the target protein binding site (Chen &

Pohlhaus, 2010).

100



3.2 Targets identified for fragment docking

Two targets were chosen for proof-of-concept, Plasmodium Falciparum DXR and HIV-
1 Protease.

These two targets are well studied in terms of rational drug design.

3.2.1 Plasmodium Falciparum DXR

Plasmodium falciparum (P. falciparum, Pf) is one of the protozoan parasites responsible
for malaria. More than a million deaths occur each year as caused by malaria (Balconi €t
al., 2009). Humans are infected by P. falciparum through bites by infected mosquitoes,
which release sporozoites into the blood stream. These then affect the liver cells of
humans, where the sporozoites develop into merozoites which leave to the red blood cells

in trophozoite and schizont stages of its life cycle (WHO, 2017; Wang et al., 2015).

DXP reductoisomerase (DXR) is an enzyme in the non-mevalonate pathway for the
biosynthesis of isoprenoids; this pathway is present in some bacteria and protozoa
(including malarial protozoa) but not in humans, making PFDXR an attractive target for
malarial therapy (Lell et al., 2003). The antibiotic fosmidomycin [3-(N-formyl-N-
hydroxyamino)propyl-phosphonate] has been reported to be a potent inhibitor of this
enzyme (Kuzuyama et al., 1998). It was also reported by Jamaa et al., that fosmidomycin
and a related compound FR900098 were able to inhibit PIDXR activity, to suppress the
P. falciparum. The enzyme PfDXR itself is a homo dimer when it is active where every
subunit includes a NADPH cofactor together with a divalent metal ion. It has a molecular
mass of approximately 47kDa. Its structure is similar to that of DXRs from other species.
There are two large domains in the subunit of PIDXR that are separated by a cleft with a
deep pocket, a linker region and a small c-terminal domain that can be illustrated in Figure

3.2:
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Figure 3.2: PIDXR (PDB ID: 3AU9), showing the NADPH-binding domain (blue), the
catalytic domain (green), the linker domain (yellow) and the C-terminal domain (red).
NADPH is shown as “balls and sticks”, the divalent magnesium as a sphere, and the

fosmidomycin as tubes (Umeda et al., 2013).
3.2.2 HIV-1 Protease

Human immunodeficiency virus (HIV) is the causative agent for acquired
immunodeficiency syndrome (Gallo et al., 1983). HIV-1 protease is an essential enzyme
in the HIV life-cycle involved in processing the gag and gag-pol gene. Its purpose is to
cleave these genes producing the essential viral proteins that are required for the assembly
of a new mature virus. As such inhibition of HIV-1 protease is an important part of

controlling the progression of HIV-1 (Ghosh et al., 2017, Brik & Wong, 2003).

HIV protease is a homodimer with two 99 amino acid chains and a C2-symmetric
substrate binding pocket. The HIV active site has conserved binding triad residues, t
D25/D25°-T26/T26°-G27/G27°, of which the D25 and D25’ (aspartate) residues are
critical for the catalytic mechanism (Ahmed etal.,2013). HIV-1 subtype C protease

is mostly found in South Africa (c-SA) and is exhibiting resistance to common drug
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regimens (Makatini et al., 2001). A reason for the low binding affinity of inhibitors to the
African prevalent HIV-1 subtypes A and C could be due to the development of these
inhibitors in the context of subtype B, common in North America and Western Europe
(Makatini etal., 2013).

Figure 3.3 shows the structure of HIV-1 protease (PDB ID: 1W5X).

Figure 3.3: The homodimeric structure of HIV-1 protease (PDB ID: 1W5X) in complex
with the protease inhibitor (2R,3R,4R,5R)-2,5-bis[(2,3-difluorobenzyl)oxy]- 3,4-
dihydroxy- N,N'- bis[(1S,2R)- 2- hydroxy- 2,3- dihydro- 1H- inden- 1-yl] hexanediamide.

3.3 Methodology

Figure 3.4 illustrates the methodology followed, from collation of fragments from MS
prediction through to preparation of both ligands and proteins for high throughput virtual

screening (HTVS) using a molecular docking approach.
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Figure 3.4: The steps and tools that were used for docking the fragments.

3.4.1 Vina Docking

Autodock Vina (http://vina.scripps.edu.) was used to perform fragment docking of the

compounds, and the Vina scoring function was used to evaluate the docking between the
unfragmented molecule and the fragments to the respective targets.

When Autodock Vina was developed, optimization of its efficiency came from many
angles; from global optimization approaches through to genetic algorithms for example.

Autodock Vina, for convenience, constructed with the ability to work with the file formats
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that are used in older docking programs, for instance AutoDock 4 (Morris €t.al., 1998).
Due to this, Vina works well with protein and ligand preparation tools available in
auxilliary software toolkits, such as AutoDock Tools which handles preparation of the
pdbqt file formats required by the docking software. Autodock tools was used in this study
to prepare receptor and ligand pdbqt files.

3.4.1.1 Ligand Preparation

The ligands for docking were obtained from the fragments produced from all AIMD
trajectories used to determine a mass spectrum. The fragment SMILES (from RDKit),
was taken as text; however the fragmentation sites were marked in the SMILES as dummy
atoms "*", and to create neutral non-radical species (molecules) these dummy atoms were
replaced with "H" completing the molecule; the resultant SMILES fragments were pushed
into a 3D format and optimized using the UFF force field. Finally the cleaned small
molecules were written as pdb files for use in docking. Figure 3.5 shows this molecule

preparation within the scheme of work.
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docki ng_count =0

#H R Mol ecul es
for docki ng
br oken_nol ecul e=""
nmol ecul es_f or _docki ng=""
if bond_broken_list:

#initial work for M
br oken_nol ecul e = Al'l Chem Fr agnent OnBonds
(sancconpound, bond_br oken_I i st, Fal se)

#col l ect fragnments for docking
nmol ecul es_f or_docki ng = Al | Chem Fragnent OnBonds

(sancconpound, bond_br oken_li st, True) el se:
br oken_nol ecul e=sancconpound
mol ecul es_f or _docki ng=sancconpound

fragment _sm | es=Al | Chem Ml ToSni | es(br oken_nol ecul e)
#For NS #For docki ng:
docki ng_smi | es=Al | Chem Mol ToSm | es( nol ecul es_f or _docki ng)
docki ng_smil es=re.sub("\*","H", docki ng_sm | es)
#print ("docking smles ", docking_sniles)
I'ist_for_docki ng=docking_smles.split(".")

for docking_nolecule in |ist_for_docking:
print("docking nolecule : ", docking_nol ecul e)
nol =Al | Chem Mol Fr onSmi | es(docki ng_nol ecul e)
#nmol H=Al Chem AddHs( ol ) # not necessary now

Al'l Chem EnbedMol ecul e( ol )
Al'l Chem UFFOpt i m zeMbl ecul e(nol )

nol ecul enane="docki ng/ nol ecul e_"+str(docki ng_count) +". pdb"
docki ng_count =docki ng_count +1

writer=AlIlChem PDBWi t er (ol ecul enane)

witer.wite(nol)

Figure 3.5: The portion of python script that was used for preparing the pdb files of the
ligands for docking.

After obtaining the pdb files, the ligands were then prepared using the Autodock Tools
(MGL Tools), “prepare_ ligand.py -l filename” producing the appropriate pdbqt files.
Thus all ligands were prepared in terms of rotating bonds. In order to apply this across all

the fragments we used a controlling python script to manage this for all fragments.
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3.4.1.2 Protein Preparation

The protein structures were retrieved from the RCSB protein databank; for HIV-1
protease PDB ID: 1W5X was used, while for Plasmodium falciparum DXR PDB ID:
4Y6R was used. After protein structure retrieval the receptors were prepared for docking
using Autodock Tools (prepare_receptor4.py -r receptor-file) to generate receptor pdbqt
files. The proteins are prepared such that atom typing is appropriate for scoring the

docking poses.

3.4.1.3 Docking Procedure

After the proteins and ligands were prepared, targeted docking was performed. Autodock
Vina input files were prepared for all receptor ligand pairs using a python script. The
search box centre xyz coordinates were obtained during initial examination of the
receptors using Discovery Studio Visualizer. In terms of docking parameters, the
exhaustiveness was set at 16, while the search area was set according to Table 3.1. The
Vina input files were then submitted to a batch queue for docking on the local

departmental cluster.
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Protein

1w5x

4y6r

Box size A

x =20
y =20
z =20
x =20
y =20
z =20

Centre xyz
x = 12.88

y =22.66

z=15.62

x =-11.85
y = 22.57
7z =-10.38

Table 3.1 : Parameters that were used in the docking of 1w5x and 4y6r

3.5 Results
3.5.1 Docking Validation

As a validation of the docking procedure, we re-docked the original crystal structure
ligands of the proteins into their targets to validate our docking procedure. The docking
procedure should reproduce the docking pose found experimentally for the docking
workflow to be considered acceptable. After redocking the ligand of 1w5x to its original
protein the two ligands showed a nearly perfect overlap (Table 3.2) with a binding energy
of -11.9 kcal/mol. Redocking of the ligand of 4y6r resulted in a changed position,
although docking was acceptable in the active site as shown in Table 3.2. The reason for
the change of pose is the size of ligand for 4y6r, given the many torsions and the flexibility
of the ligand, a much more exhaustive search is required for accurate pose predictions.

This extended search would go far beyond that required for our fragment docking, and so

it was felt that the docking procedure was adequate under the circumstances.
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Protein Protein-ligand interaction Binding energy (kcal/mol)

1w5x -11.9

Ay6r 6.1

Table 3.2: Docking validation was done using the original ligands of these two proteins
which were obtained from PDB databank in order to check if our docking procedure was
working correctly

3.5.1 Docking Results

The binding scores that were obtained from docking the fragments (generated from 100
different trajectories each of PFB oxime, alpha hispanolol and boronolide) were collated
(see Appendix 3, for example, for a full set of binding data for boronolide fragments).
During molecular docking, the fragments were not filtered for uniqueness, so it was

interesting to explore whether fragments that were docked more than once provided the
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same binding energies, or whether the different conformations of the fragments biased
the docking to result in different binding energies. However, the main focus was on the

best binders of each set of fragments for the three SANCDB molecules.

3.5.2 Binding of PFB-oxime and its fragments to the two targets

The original PFB oxime molecule was docked into the two different targets, which are
HIV-1protease (1w5x) and also plasmodium falciparum DXR (4y6r), in both proteins this
molecule did bind to the active site. Since we were exploring the advantages of binding
fragments to the targets, these two dockings were used as reference. In terms of binding
energies we observed values of -8.5 kcal/mol (for binding of PFB oxime to 1w5x) and -
8.2 kcal/mol (for binding of PFB oxime to 4y6r). Table 3.3 shows the binding modes
within a subset of the protein. In the figures in this table the docked PFB oxime is yellow
while the original crystal structure ligand in its experimental pose is blue. The crystal
structure ligands are shown in order to illustrate how the original ligand is bound to the

active site.
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Macromolecule Protein-ligand interaction Binding energy

(kcal/mol)
1w5x -8.5
4y6r -8.2

Table 3.3: Binding of PFB to 1w5x and 4y6r proteins

It is interesting to note the results of docking fragments of PFB oxime to these two targets.
The best protein-fragment binding results are presented in Table 3.4. The fragment name
“molecule10” resulted in a calculated binding of -8.7 kcal/mol to the target 1w5x. This is
successful in the sense that using fragments from the MS prediction in docking has
identified a slightly smaller system that has improved binding characteristics with respect
to 1w5x. In Table 3.4 binding interactions are also shown to a subset of residues from the
active site. Fragments are shown in yellow while crystal structure ligands are shown with
a blue colour. The crystal structure ligand helps to show the active site of the protein and
how it is bound to the active site and makes it easier to compare its binding to how the

fragment is binding. In the following table 3.3, the H atoms are not shown as non-bonded
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for example molecule 10 the Br is bonded but the software has not identified the bond

and therefore not drawn it in.

Protein-fragment

Protein-fragment

Binding Energy (kcal/mol)

4y6r-molecule2

-8.4

4y6r-molecule29

-8.3
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4y6r-molecule31 -8.1
1w5x-molecule8 -8.6
1w5x-molecule10 -8.7

Table 3.3: Best results from docking PFB oxime fragments to the two target proteins.
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3.5.3 Binding of a-hispanolol and its fragments to the two targets

Fore a-hispanolol the results are even more marked. Upon docking a-hispanolol itself to

the two proteins, although the binding to 1w5x is reasonable (-7.1 kcal/mol), binding is

quite poor to 4yb6r (-5.0 kcal/mol). For 1w5x the mode of binding of a-hispanolol

matches to some extent the original crystal structure. However, for binding to 4y6r, a-

hispanolol did not bind to the active site of this protein. This is attributed to the large size

of a-hispanalol relative to the active site.

Macromolecule Hisp-macro interaction Binding energy (kcal)
Iw5x -7.1
4ybr -5.0

Table 3.6: The calculated binding modes off a-hispanolol to the two proteins, together

with the associated binding energy
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The fragments that gave the best binding energies after docking to the two targets are
shown in Table 3.7. The fragment docking provided species with much better binding to

both proteins than the original a-hispanolol.

The interactions of these best-binding fragments with the macromolecules were viewed
using Discovery Studio and this information is also included in Table 3.7. In the table the
fragments docked are yellow while the original crystal structure ligand is blue.
Fragmenting a-hispanolol reduced the size to the point that fragments were now able to

bind with good binding characteristics to 4y6r (-7.2 kcal/mol is the best for fragment 204).

Fragment Fragment interaction
number

1w5x-154

1w5x-174
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1w5x-279

4y6r-120

4y6r-204 D\ -7.2

Table 3.7: Best results from docking of fragments of a-Hispanalol to the two targets..
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3.5.4 Binding of Boronolide and its fragments to the two targets

A similar procedure was followed for boronolide. Table 3.8 shows the interaction of

boronolide to the two macromolecules (1w5x and 4y6r) after docking. For both systems,

boronolide did not bind to the active site of the proteins, the yellow boronolide in the

figures is clearly removed from the position of the crystal structure ligand that is in the

active site. The binding of boronolide to both targets was also poor when viewed from the

point of the calculated binding energies. Even though di-deacetylated boronolide is said

to have some activity against malaria, regardless if this is the right target protein for

boronolide, boronolide is certainly not active against Plasmodium falciparum DXR

(4y6r).

Protein Ligand-interaction Binding energy (Kcal)
1w5r -4.3

4y6r -4.8

Table 3.8: Interaction of boronolide to the two proteins with their binding energy scores
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The fragments of boronolide were docked against the two target proteins as for the other
two systems. Again, some of the fragments provided much better binding energies
compared to the original boronolide compound. The best binding energy was obtained
from fragment 83 that was docked against 4y6r, accounting for a binding energy of which

was -7.1 kcal/mol (Table 3.9).

Table 3.9 also shows the binding modes for fragments in the respective active sites. The
boronolide fragments in this table are coloured in yellow, compared to the crystal
structure ligands as red (for

1w5x) and blue (for 4y6r). In both proteins the fragments have docked well to the active

site (indicated by overlap with the position of the crystal structure ligand).

Protein  |Ligand-protein interaction Binding Energy (kcal/mol)
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115-1w5x

-60.7
83-4y6r

-7.1
112-4y6r

-7.0

Table 3.9: Interaction of the fragments of boronolide to the two proteins
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3.6 Discussion

One of the challenges faced in drug discovery is the identification of new active ligands
that bind to the target protein; this will often produce lead compounds that are the first
step for exploration and optimization. Small molecules (fragments) are often a better
choice in the search for hits, due to their favorable physical properties and the greater
likelihood that they will produce an interaction in a small pocket of the target protein.
Two approved drugs on the market have been discovered in this manner (Giordanetto €t

al., 2019).

In the current study, fragments from boronolide, PFB-oxime and a-hispanolol gave
promising results, more so than the original molecules after they were docked to two
different target proteins (Plasmodium falciparum DXR and HIV-1 protease). When the
boronolide and a-hispanolol molecules were docked against Plasmodium falciparum
DXR, both of these molecules were too large to bind to the active site. However, their
fragments did bind in the active site, this could provide a starting point for drug discovery,
even though we cannot conclusively say that these fragments will work well as drugs.
There would still be a need to check for the drug-likeness and specificity of the fragments;
and further to perform molecular dynamics of the fragments in the context of the protein

to confirm binding.

Fragment screening gives higher hit rates than high-throughput screening of drug-like
molecules(Chen & Shoichet, 2009). In this context, the addition of fragments from our
MS prediction could extend databases such as SANCDB with new drugs predicted from

fragments by allowing fragment based screening.
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CONCLUSION

In this study predictive mass spectra have been obtained for 5 compounds including a-

hispanalol, a PFB-oxime derivative and boronolide, and two compounds from the NIST

database where EIMS are available. To obtain these mass spectra scripts have been

constructed that are capable of

taking a molecule from mol2 file format and create CP2K ab initio molecular

dynamics input files for CP2K calculation

taking multiple trajectories and run these using CP2K across many nodes in the

context of high-performance computing (using gnu parallel)

analysing the outputs of ab initio molecular dynamics, to determine where bond

breakages have occurred during dynamics

using bond breakage information to identify fragments using the RDKit
FragmentOnBond, or the networkx tools to identify separate fragments and the

atoms in those fragments
calculating the charges and total spin on all fragments generated
collating all fragments with the greatest charge across many trajectories

computing the isotope distribution for a given fragment after determining the

exact atomic composition of that fragment

graphing the associated mass spectra from collation of fragments and isotope
distributions.

As a side project, fragments have been used in a proof of concept for fragment-based drug

discovery, illustrating a way to extend databases such as SANCDB.

Future work will concentrate on generating an accurate ensemble of fragments (with an

appropriate energy distribution), will explore bond formation (for rearrangements) and

will also include a wider range of systems from organometallic systems through to

macromolecules. Exploration of fragmentation pathways through stationary states will be

studied, where rates of fragmentation may be quantified using RRKM theory.
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APPENDIX 1

Script used to analyze the trajectories and plot the mass spectra graphs

#!/ opt/ chem stry/anaconda3/ envs/ r dk- env/ bi n/ python inport
cp2k

fromrdkit.Cheminport AllChem
fromrdkit.Cheminport
Descriptors inport os inport
math inport sys inport os
inmport nunmpy inport pandas
inmport networkx as nx inport
matplotlib.pyplot as plt inport
re mass_list=[] for i in
range(0, 700):

mass_| i st. append(0)
mass_dictionary={"H :1,"He':3,'C:12," 0 :16,"'Br':79,'N :14,"'F :19,"' S : 32}

base_val ues=[0, 1, 3, 6, 9, 10, 12, 14, 16, 19, 20, 23, 24, 27, 28, 31, 32, 35, 36, 39, 40, 45, 46, 50, 50, 55, 54, 59, 58, 63, 64
, 69, 70, 75, 74, 79]

i sot opes=[[0.0,0.0,0.0,0.0],[0.9998, 0.0002, 0. 0, 0. 0] , [ 0. 000002, 0. 999998, 0. 0, 0. 0] , [ 0. 0759, 0. 924, 0. 0, 0

0],[1.0,0.0,0.0,0.0],[0.2,0.8,0.0,0.0],[0.989, 0.011, 0.0, 0. 0], [ 0. 996, 0. 004, 0. 0, 0. 0] , [ 0. 9976, 0. 0004, 0

002,0.0],[1.0,0.0,0.0,0.0],[0.9048, 0. 0027, 0. 0925, 0. 0] , [ 1. 0, 0. 0, 0. 0, 0. 0], [ 0. 79, 0. 1, 0. 11, 0. 0] , [ 1. 0, 0. 0
,0.0,0.0],[0.922,0.047,0.031,0.0],[1.0,0.0,0.0,0.0],[0.9499, 0. 0075, 0. 0425, 0. 0] , [ 0. 76, 0. 0, 0. 240, 0. 0]

[0.00334, 0. 0, 0. 00063, 0. 0], [ 0. 93258, 0. 00012, 0. 000673, 0. 0], [ 0. 96941, 0.0, 0.0,0.0],[1.0,0.0,0.0,0.0],[0

0,0.0,0.0,0.0],[0.0025,0.9975, 0.0, 0. 0], [ 0. 0435, 0. 0, 0. 83789, 0. 09501] , [ 1. 0, 0. 0, 0. 0, 0. 0], [ 0. 0, 0. 0, 0. 0, O
.0],[1.0,0.0,0.0,0.0],[0.0,0.0,0.0,0.0],[0.6917, 0.0, 0.3083,0.0],[0.0,0.0,0.0,0.0],[0.6011, 0. 0, 0. 3989
,0.0],[0.0,0.0,0.0,0.0],[1.0,0.0,0.0,0.0],[0.0,0.0,0.0,0.0],[0.51,0.49, 0.0, 0. 0] ]

def expandl i stofval ues(nmass_di stribution,aton):
#NB start maybe with [1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0] (100% at nass 0)
#now we add an atomto it for exanple a 12C
#print("-------- expandlistofvalues-------------- o ")

change=[ 0. 0] for i in
range (0, 10000):
change. append( 0. 0)
#we have created a change matrix to determ ne the next stage of the nass spectrum

for j in range (0,10000):
if mass_distribution[j]>0.0:
#only four possible isotopes for each elenent, so we create four new peaks from
the existing peak
#every tine we add an atomto the nolecular fornula

for k in range (0,4):
base=j +base_val ues[ at om +k#12+0, 12+1, 12+2, 12+3

change[ base] =change[ base] +nass_di stri bution[j]*i sot opes[atoni[K]
change[j]=change[j]-mass_distribution[j]

#this last line is to reduce the original peak since it now creates the four
new peaks.

return change
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def
createdi stributionforfornul alatomunbers):

#need an array of nunbers of atom by el enent e.g. C6H100 woul d be #0 1
2 3 45 6 7 8 9 10 ...

# H H Li BB C N O F N...
#(0,10, 0, 0, O, O, 6, 0, 1, 0, O ...]#####
##initialize mass_distribution array
##initalize al so change array

change=[]

mass_di stribution=[1.0]
for i in range (0,10000):

mass_di stribution. append(0.0)

for atom c_nunber in range
(0, 36):

nunber _of _at ons=at ormunber s[ at om c_nunber] for i
in range(0, nunber_of _at ons):

change=expandl i st of val ues(mass_di stri bution, atom c_nunber)#6 is carbon for k
in range (0, 10000):

mass_di stribution[ k] =mass_di stri buti on[ k] +change[ k]
return mass_distribution

#at this point we have sys.argv as a list of all arguments
#first menber of the list is the name of this file analysis.py
#second nenber sys.argv[1l] is what you type after analysis.py

count =1
#sancconpound = Al | Chem Mol FronPDBFi | e(' al pha_hi sp. pdb' , Fal se, Fal se)
debug = 1 def atom pairs(sancconpound):

#print("C - sorting atom pairs")
#get list of rdkit bonds

rdk_bonds=sancconpound. Get Bonds()
#this is our list of atompairs as bond_|i st

bond_list=[]
bond_br oken=[]

#this is our counter (matching bond_list) for the nunber of tines the bond is broken in

the trajectory for rdk_bond in rdk_bonds:

start_at om i dx=r dk_bond. Get Begi nAt ol dx() #extract first atomindex fromthis bond
start_at onmrsancconpound. Get At omW t hl dx(start _at om i dx)
start_at om synbol =start _at om Get Synbol ()

end_atom i dx = rdk_bond. Get EndAt oml dx()#extract |ast atomindex fromthis bond
end_at om =sancconpound. Get At omW t hl dx(end_at om_i dx)
end_at om synbol = end_at om Get Synbol ()
#now we have a pair of atonms start_atom.idx, end_atom.i dx)
atom pair=[start_atom.idx, end_at om i dx] bond_l i st. append(at om pair)#add a pair of
start/end atons to list [7,12] bond_br oken. append( 0) #f or each bond we
have a table counting breakages. initialize to O here
return bond_list, bond_broken

#read line by line, so nust start with one line so while works.
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def bond_di stance(fil enane, bond_li st, bond_broken):

traj =open(fil enane) line=traj.readline()
#print ("E - bond_di stance have read first line",line)
while line:

line.strip("\n")

nunber of at ons=i nt (1 i ne)

coment =traj.readline()
comment.strip("\n")

atom coordlist=[]
for i in range(0, nunberofatons):
#print("readi ng atom nunber ",i)
atom i ne=traj.readline()
atomine.strip(" \n")
atom coordl i st.append(atoniine)

#now we have a list of lines we check in this frane for
br eakages counter=0# to keep track of the bond nunber for
bond in bond_list:

#at this point nmust extract x1 yl z1 fromstring atomcoordlist[bond[0]]
atom coords = atom coordlist[bond[0]]

x1 = atom coords[ 12: 24]
yl = atom coords[ 31: 44] z1 =
at om coor ds[ 50: 64]

#at this point must extract x2 y2 z2 fromstring atom coordlist[bond[1]]
atom coords2 =atom coordlist[bond[1]]

X2 = atom coords2[ 12: 24]
y2 = atom coords2[ 31: 44] z2 =
at om coor ds2[ 50: 64]

#need to cal cul ate distance

usi ng dx = float(x1)-float(x2)
dy = float(yl)-float(y2) dz =
float(z1)-float(z2) #print(x2,y2,z2)

di stance = math.sqrt((dx)**2 + (dy)**2 + (dz)**2 )

BOND_BREAK=3
if
(di st ance>BOND_BREAK) :

bond_br oken[ count er] =bond_br oken[ count er] +1

counter=counter+1#still to keep track of the bond nunber
line=traj.readline()
return bond_broken
def
fragnment _gener at ed(bond_br oken, bond_l i st, sancconpound, docki ng_count):
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new fragnent _list=[]
count er =0 bond_broken_list=[]
for no_bonds in bond_broken:
#print("in loop no_bonds is ", no_bonds)
if(no_bonds >1):

bond_broken_l i st. append(counter)
count er =count er +1

print (bond_broken_list)

#so that we can go back to our rdkit nolecul e sancconpound
#print (Al Chem Mol ToSni | es(sancconpound))

HUEHHHBHHH BB H AR BB HER

£ v”H,H,H,’,, v’,’HH,H,’, H v”H,H,H,’,, I’HH#I’, v'" I,’Hﬁﬁ,’, v’,’HHﬁ,’, H v”Hﬁ,’. H I’HH#I’, H v”Hﬁ,’. H I,’Hﬁﬁ,’,
br oken_nol ecul e="" nmol ecul es_f or_docki ng="" if bond_broken_|ist:
br oken_nol ecul e=Al | Chem Fr agment OnBonds( sancconpound, bond_br oken_I i st, Fal se)
#nmol ecul es_f or _docki ng=Al | Chem Fr agnent OnBonds( sancconpound, bond_br oken_I i st, True, dunmyLabel
s=[(1,1),(1,1),(1,1),(1,1),(1,1),(1,1),(1,1),(1,1),(1,1),(1,1),(1,1),(1, 1), (1,1), (1, 1])
nmol ecul es_f or _docki ng=Al | Chem Fr agnent OnBonds( sancconpound, bond_br oken_| i st, True) el se:
br oken_nol ecul e=sancconpound
nmol ecul es_f or _docki ng=sancconpound
fragment _sm | es=Al | Chem Ml ToSni | es(br oken_nol ecul e)
docki ng_sm | es=Al | Chem Mol ToSni | es( ol ecul es_f or _docki ng)
docking_sm | es=re.sub("\*","H', docki ng_sni | es)
#print("docking smles ", docking_snles)
I'i st _for_docki ng=docki ng_smles.split(".")
for docking_nolecule in Iist_for_docking:
print("docking nolecule : ", docking_nolecul e)
mol =Al | Chem Mol FronSm | es(docki ng_nol ecul e)
#nmol H=Al Chem AddHs( nol )
Al | Chem EnbedMbl ecul e( nol )
Al | Chem UFFOpt i m zeMol ecul e( ol )
mol ecul ename="docki ng/ nol ecul e_"+str (docki ng_count) +". pdb"
docki ng_count =docki ng_count +1
writer=All Chem PDBW i ter (nol ecul enane) witer.wite(nol)

list_of _fragnments=fragnment_smiles.split(".") for
fragnent in list_of_fragnents:

new_fragnent _|ist.append(fragnent)

rdk_f ragnment =Al | Chem Ml FronBni | es(fragnent, Fal se)

m mass=Descri pt ors. Exact Mol W (r dk_f ragment, True)

h_noh=fragment . count (' H') h_nol =f ragment . count (' h")
h_no=h_nol +h_noh; h_mass=h_no*1. 00784
t ot _mass=m nass+h_nass appr ox_mass=i nt (t ot _nmass)

#mass_| i st[ approx_ness] =mass_I i st[approx_nass] +1
#print (new_fragment _|ist)
return new fragnent _|ist, bond_broken_Iist, docki ng_count

def

anal yze_char ges(conponents, fil enane):

filename=fil enane.replace("-pos-1.xyz",".10g")
filename=fil enanme.replace("Traj _16_","al pha_hi sp_00")
print("about to anlayze conponent charges")
print("“for filenane : ", filename) for conmponent in
conponent s:

print(" conmponent :", conponent)
#anal yze_char ges(conponent s)
charges=[] spi ns=[]

at omunber =0

framenunber =0

readi ng_nul | i ken=0 if
os.path.isfile(fil enane):
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| ogfil e=open(fil enane, "r")
line=logfile.readline()

whil e(line):
#st uf f #nor e t hings
if "MJLLIKEN" in line: readi ng_mul | i ken=1
charges=[] spins=[]
at oomunber =0 if "Atom in line and

readi ng_mul | i ken==

readi ng_mul | i ken=2
line=logfile.readline() if "Total™ in line
and readi ng_nul | i ken==2

readi ng_mul | i ken=0

o A I A "

f ramenunber =f r amenunber +1

#print (at oomunber)

#print (charges)

#print (spins)
f ragnent nunber =0
al | charges=[] al | spi ns=[]
for fragnent in conponents

#print ("conponent nunber ", fragnentnunber, fragnment)

#print("spins ", spins)
#print("charges ", charges)
tot al charge=0.0
total spin=0.0 for atomin

fragment:
t ot al char ge=t ot al char ge+f | oat (char ges[ atoni)

t ot al spi n=t ot al spi n+f| oat (spi ns[atonj)

#print("charge is
", total charge) #print("spinis
", total spin)
al | char ges. append(t ot al char ge)
al | spi ns. append(t ot al spi n)
f ragment nunber =f r agment nunber +1
chargestring="" for charge in
al | char ges:

nystring="{0:8.4f}". format (charge)
chargestring=chargestring+" "+nystring

#print(chargestring)
spinstring=""
in allspins

for spin

nystring="{0:8.4f}". format (spin)
spi nstring=spinstring+" "+nystring
#print (spinstring)

print("Franme :",framenunber,"c", chargestring, "s", spinstring)

T I R e e ")
if reading_nulliken==2: wor ds=line.split()
char ges. append(wor ds[ 4] ) spi ns. append(wor ds[ 5] )

at omunber =at ormunber +1

# # Atom Element Kind Atomic population (alpha,beta) Net charge Spin nonent

# 1 1 2.000090 1.974676 0.025233 0.025414

# 2 1 2.129853 2.081305 -0.211158 0.048548

# 3 1 2.107931 2.100232 -0.208163 0.007699

# 4 1 1.968239 1. 962520 0.069241 0.005719
# 5 1 2.072211 2.056698 -0.128908 0.015513

line=logfile.readline()
I ogfile.close() return
al | char ges
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def
create_nmap(bond_list_I,bonds_broken_l,fil enane)

nol ecul e_map=nx. G aph()

bond_nunber =0 for bond in
bond_list_I: if not (bond_nunber in
bonds_br oken_l)
#print ("addi ng bond ", bond," bond nunmber ", bond_nunber," to our

map") nmol ecul e_map. add_edge( bond[ 0], bond[ 1]) el se
print("not adding bond ",bond,” bond number ", bond_nunber," to our
map") bond_nunber =bond_nunber +1 for broken in bonds_broken_|

print("broken ", broken)
#pl t . subpl ot (121)
#nx. draw( nol ecul e_map, with_| abel s=True, f ont _wei ght =" bol d")
#plt.show()
conponent s=l i st (nx. connect ed_conponent s( nol ecul e_map))

R e T
TSR R R S TR A T T R A T T T T T T T T T T R T R A T
e
### W& have map of the nolecule and the pieces
### \What we nust do is find the charge on each conponent at each frane of the trajectory
### what about cal cul ating the mass of each fragnent here? for conponent in
conponent s
print (conponent)
#HHH#H#H### ot al _char ge=0
#HHHH###H#H###r ead through one frame in log file file to extract charges
#HHHH##H###HPri nt the charge
##HHHHHH#H##H#r epeat for the next frane
#HHHHH###A# f atomin log file is in conponent we add the charge
#f or atom nunber in conponent
# print (atom nunber)

#pl t. subpl ot (122)
#nx. draw_shel | (nol ecul e_map, nli st=[range(5, 10), range(5)], with_|l abel s=True
font _wei ght="bol d")
char ges=anal yze_char ges(conponents, fi |l enane)
return conponents, charges def
great est _char ge(char ges)

current_nunber =0 maxi mum nunber =-1
maxi mum char ge=- 10000 for charge in
char ges: i f(charge > maxi mum charge):

char ge=nmaxi num char ge

maxi mum_nunber =cur r ent _nunber

current _nunber =current _nunber +1 return

maxi mum char ge, maxi mrum nunber def nain():
docki ng_count =0

isotope_list =[]

#print ("Bl - now in the main procedure") sancconpound =
Al'l Chem Mol Fronmol 2Fi | e(" al pha_hi sp. nol 2", Fal se, Fal se)

<
perfect current _dir = os.getcwd() filelist = os.listdir(current_dir)

#l oop through all xyz files found in current folder
#all trajectories
#iH###H###H#good point to initialize lists that will be
used fragment _|ist=[] al | _conponent s=[]
BHHHBHH BB R R R R R R R R
for files in filelist
checking_file = os.path.splitext(files)
#if((checking_file[1] == ".xyz")and("000" in files))
if((checking_file[1l] == ".xyz")): filename=
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.join(checking_file)
print("“filename",fil ename)

#need to create a |list of bonds (bond_list) which are pairs of atom nunbers)
#al so need to initialize the array counting when a bond is broken (>3A)
bond_| i st, bond_br oken = at om pai r s(sancconpound)

#now we can actually check the trajectory for bond breakages
bond_broken = bond_di stance(fil enane, bond_l i st, bond_br oken)

#print ("bond_broken", bond_br oken)

#fragment _generated uses FragnentByBond, the snmiles is easily split into fragnents
#whi ch are returned as new_fragnent_list and appended to the growing list of all fragnents

#fromall trajectories

#fragment _generated al so i ncreases the appropriate point in the global mass_|ist
# e.g. if fragment nmass 238 is found then mass_Ilist[238] increases by 1
new_fragment _list, bond_broken_list, docki ng_count =
fragment _gener at ed( bond_br oken, bond_l i st, sancconpound, docki ng_count)

#this fragnent list is fromthe smles - we do not really want to use this
goi ng forward fragnment _list.append(new fragnent _|ist) #new
procedure to try to map out fragnents
conponent s, char ges=cr eat e_nmap(bond_| i st, bond_broken_list,fil enane)
conponent _char ge, conponent _nunber =gr eat est _char ge( char ges) ;

####dont go "for conponent in conponents: all_conponents. append(conponent)
####r at her al | _conponent s. append( conponent s[ conponent _nunber]) --- only add ONE conponent for each
trajectory
al | _conponent s. append( conponent s[ conponent _nunber])

#b=bond_di st ance(traj,line)
#c=at om pai r s( sancconpound)
HHB I #H# SUMMARY . OF ALL THE | NFORVATI ON AT HAND

[T | G e ")
[T | G I ")
[T | e T ")

#bond list is for one trajectory

Print("Bond i St:----n oo e oo ")

#print (bond_list)

#bond broken is for one trajectory

Print("Bond broKen: ---- - - oo e e ")

#print (bond_broken)

#new fragnent is for one trajectory

print("New fragment i st -----ommm e ")

#print (new_fragment _|ist)
#bond broken list is for one trajectory

print("Bond broken i St:-------mmmmm oo ")

#print (bond_broken_list)

#docki ng count is for ALL trajectories (save themas we go to docking fol der)
Print("DoCKi NG COUNt i === == - - oo o e oo "

#print (docki ng_count)

#fragment list is for ALL trajectories

#print ("Fragment list:-----e-cmmomcmommceee e e e e e e e ")
#print(fragnment _list)

#conmponents is for one trajectory ********xxksssxxxye need all conponents from al

trajectories

#print ("Conponent S -----ccmeeemm o e e maad e ecececeaaencce e

") for conponent in conponents: print (conponent)

#charges is for one trajectory ******xxxx*x*x*y2e need charges for all trajectories
AP Nt (" CNAr QS == === = - - o s s f s e oo ")
#print (char ges)

I (R e e T ")
T (e e ")
T (e )

#print("all_conponents: ", all_conponents)
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#mass_list is the mass spectrum now
print(mass_list)

print(" = = =

#for fragment in fragnent_list
#  print(fragment)
isotope_list=[]###initialize 10000 el enents to zero
for p in range(0, 10000): i sotope_|ist.append(0.0)
for conponent in
al | _conponents:
print (conmponent)
mass_of _conponent =0
iso =0
#need an array of nunbers of atom by el enent e.g. C6H100 woul d be
#0 1 2 3 4 5 6 7 8 9 10 ..
# H HeLi Be B C N O F N...
#(0,10, 0, 0, O, O, 6, 0, 1, 0, O ...]#####
##initialize mass_distribution
array ##initalize al so change
array atomarray=[] for i in
range(0, 92)
at omarr ay. append( 0)
for atom nunber in conponent
at onrsancconpound. Get At omW t hl dx( at om nunber)
at om synbol =at om Get Synbol ()
#print (at om nunber, at om synbol)
at om c_nunber =at om Get At om cNum()
#pri nt (" XX IIIIIIIIIKIIKIIIKHIHIIIIKIKIKIIKHIHIIIIKHKIKIKIHKHIHIIIKIKHKIIIKIHIIIXHKHXIKHKIHIKKXXK!" )
#print ("Have an atom of atom c nunber ", atom c_nunber)
at omar ray[ at omi c_nunber] =at omarr ay[ at om c_nunber] +1
nmass_of _conponent =nass_of _conponent +nass_di cti onary[ at om synbol ]
###MASS LI ST |'S THE MONO SOTOPI C MASS SPECTRUM
mass_| i st[mass_of _conponent] =mass_| i st[nmass_of _conponent] +1
##have a | ook at the atomarray
##NB THI S | S | MPORTANT
#print("atomarray fromwhich we can get isotope distribution")
#print (atomarray)
conponent _i sot opes=cr eat edi stri buti onf orformul a(at omarray)
###add all of the conponent_isotopes to total _isotopes
#print("the mass spectrumif only this conponent is ever produced, together with isotopic
abundance")
#for i in range (0, 400)
# print(i,conponent_isotopes[i])
#print("conponent isotope", conponent_i sotopes)

for x in range(0,10000)
i sotope_list[x]=conponent _i sot opes[ x] +i sotope_Ilist[x]
# =[x +y for x, y in zip(isotope_list, conponent_isotopes)]

#print("isotope_list",isotope_list)

#l =[x +y for x, y in zip(isotope_list, conponent_isotopes)]
#t ot al _i sot opes. append( )
for i in range
(0, 400)

print(i,isotope_list[i])

#prl nt("********************************************")

#print ("LLLLLL", 1)

#print("isotope list",isotope_|ist)
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#print(" printing total isotopes", total _isotopes)
#print("***************************************************************************")
###TH S COVPONENT | SOTOPES SPECTRUM MUST BE ADDED TO THE FI NAL SPECTRUM | SOTOPE_LI ST
#print("isotope_listtttttttttttttttt”, isotope_list)
#print ("nonoi sotopi c mass ", nass_of _conponent)
#print("***********************************************************************")
#print("mass_list", mass_list)
#HHHHHHHEHcan we use these 10 nonoi sotopic nasses to create another mass spectrum for
conpari son
print("== ====== ====== ====== = = ====== =======

user = input("Please enter the file nane of yor nmass spectra coordinates: ")
file_name = open(user, 'wW)
file_name.wite("@ title \"Mass Spectrumwi thout isotope distribution\n@ xaxis |abel \"Mass
Nunmber\ n@ xaxis |abel \"Mass Number\"\n@ yaxis label \"Nunber of Fragnments\"\n@O |ine type
O\ n@YPE bar\n")

for i in range
(0, 700):
#file_nanme.write("{} {}\n".format(i," ", mass_list[i]))
file_name.wite(str(i)+" "+str(mass_list[i])+"\n")
#file_name.wite(i)

#print ("FRAG ", fragnent,",", rdk_fragnment. Get NumAtons(),",", m mass,",",h_no,",", appr ox_nmss)

if(__name__ ==
' main__"):
print("A - entry to systent)
mai n()

APPENDIX 2

Example of CP2K input file for a-Hispanalol, including the requirement to print out
Mulliken population analysis

&G.OBAL
PRQIECT Traj _16_000
RUN_TYPE MD
PRI NT_LEVEL LOW
&END GLOBAL
&FORCE_EVAL
METHOD Qui ckstep
&DFT
CHARCE 1
LSD
&PRI NT
&MULLI KEN
&END
&END
&5
METHOD DFTB
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&SE
&COULOVB
CUTOFF [angstron] 10.0
&END
&EXCHANGE
CUTOFF [angstron] 10.0
&END
&END
&DFTB
&PARAMETER
PARAM FI LE_NAME | i st. txt
PARAM FI LE_PATH / hone/ yol anda/ dftb
&END PARAMETER
&END DFTB
&END QS
&SCF
SCF_GUESS ATOM C
EPS_SCF 1.0E-6
MAX_SCF 50
&OT
MNMZER D I S
PRECONDI TI ONER FULL_SI NGLE_| NVERSE
&END
&PRI NT
&RESTART OFF
&END
&RESTART_HI STORY OFF
&END
&END
&OUTER_SCF
EPS_SCF 1. 0E-6
MAX_SCF 10
&END OUTER_SCF
&END SCF
&END DFT
&SUBSYS
&CELL
ABC 40 40 40
ALPHA BETA_GAMVA 90 90 90
&END CELL
&VELOCI TY
. 761982492584113e- 05 8. 660639686177165e-05 1. 6860179933866703e- 05
. 8288680141529064e-05 6.927193434400183e-05 3. 0279680227063945e- 05
. 27500117133566e- 05 5. 788052357957972e- 05 9. 586718407210437e- 05
.194421203371593e- 05 2.183801166214565e-05 8.471926495721098e- 05
. 666743082024399e- 05 5. 079009939641208e-05 3.591902384819931e- 05
. 48225984597239e- 05 9. 902632845463011e- 05 3.9859124597861866e- 05
. 849958633504147e-05 8.826191545344437e-05 8. 648113495166638e- 05
. 8250048730680623e-05 1.1775949546984566e-05 5.1070108164916955e- 05
. 07363642312701e- 05 7.934739276642752e-05 3. 185343528067014e- 05
. 350329984017181e-05 6.265488262172568e-05 1.748821012990477e-05
.0121707738844435e- 05 2.9929022579622102e- 05 9. 090236486752231e- 05
. 748648766011902e- 05 6.13958349911761e-05 6.84231294840656e- 05
. 49732022726942e- 05 2. 7530534175443078e-05 5. 2555200490087796e-05 4. 4286303462828e- 05
2.4046439922030173e- 05 2.3306310811401854e- 05
5. 3687863815403595e- 05 8.501486110800376e- 05 6.273447431405177e- 05
6.827659621139426e- 05 3. 273096209541936e- 05 6. 829538718735711e- 05
7.561259901094109e- 05 5. 329443542599557e- 05 5. 440075607181885e- 05

ORFRP UONNRFEPONWNO DM
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o
ONUOFRPNOUUGUTONNUUOPMNUUODODOUONNNODMOOWOOWOKLWONSNORENQOOIOOODONWOWO

. 720232555372154e- 05
. 806007466340472e- 05
.111826663038684e- 05
. 3675003282216844e- 05 5. 759339644174786e-05 7.367638629987321e- 05

. 299722901617476e- 05 4. 766994594149525e- 05 4. 552611236870642e- 05

. 280782742205864e- 05 4. 024916476510305e- 05 5. 258589595086815e- 05

. 0960825790468435e- 05 3. 7889994198802226e- 05 8. 404381090701296e- 05
. 4496586538691085e- 05 9. 85330196124541e-05 9. 380971379039783e- 06

. 382575341382454e- 05 6. 60665241643934e-05 7.687026701237e- 05

. 190149559785896e- 05 8. 126719579039523e- 05 3. 883806322111282e- 05

. 9442407245163825e- 05 1.0733697304589286e-05 3. 8665196919574705e- 06
. 981409142863317e-06 3.2266122542139887e-05 5. 039652817328667e- 05

. 693301466185374e-05 1.2625215667311474e-05 1.081856064430573e- 05

. 924874592348037e-05 9. 410731337829089e- 05 8. 510406145428702e- 05

. 49855342843678e- 05 3. 797594393483841e- 05 3.606257804294735e- 05

. 8233454669458885e- 05 8.929274193288328e- 05 5. 5320486651835616e- 05
. 657202249273987e- 05 2. 35750035940702e- 05 2. 457226324502624e- 05

. 539644972623343e- 05 2.0271786496158883e-05 1.7855274046297798e- 05
. 6878961384186375e- 05 3.0207604642636656e- 05 5. 542439228078046e- 05

. 332757754106008e- 05 6.261519341460594e- 05 4. 5183362593634226e- 05
. 995366691333372e-05 9. 477149297010936e-05 7.290861136115812e- 05

. 3665000625966162e- 05 1.758676998619819e- 05 3.2272428336018976e- 05
.167213207730127e- 05 6. 85104974519296e- 05 1.3851411911879597e-05

. 711264055637135e-05 1.6287987098358437e-06 2. 9464658025125346e- 05

2.970164711865491e-05 6. 011064521035553e- 05

. 3849465604060327e- 05 2.3541876199914124e-05 9. 351482203612626e- 05
. 9501573115801753e- 05 3. 853019439831125e-05 8. 799189735979096e- 05
. 16405603938756e- 05 8. 985976635008077e-05 4.0716754653826227e- 05
. 50089600634386e- 05 9. 112088423920806e- 06 4.6211801155377365e- 05
.291160263140458e- 05 4. 9597789964392714e-05 4.3164109063510083e- 05
. 3790045881687295e- 05 8.940437474776125e-05 7.005293101836894e- 05
. 02153673987747e-05 5.231141125825932e-05 6. 957026718089388e- 05
. 187512185845764e-05 9
. 369737986463405e-05 8
.302225902171631e-05 4.5162044516763645e-06 5.041142532630327e-07
6
3
1

.076929993826307e- 05 4.894311668807098e- 05
. 838670086731323e-05 5.0970249869458344¢e- 05

. 784067520710893e- 05 3. 385984345843171e-05

.392273031748766e-05 2. 758851835056804e- 05
.5934187173314164e-05 3.4723906344392156e- 05

5.3907257097822263e- 05 8. 385734580153192e- 06

. 7491148993453752e- 05 1.2508803571382955e-06 9. 153034411123385e- 05
. 924735204138241e-05 6. 815841234357165e-05 2. 7772042698038237e- 06

&END VELOCI TY

&COCORD

0O 5. 32759154906 -1.66877261205 -0. 804879906022
C 5.89217168661 -1.18823751218 0.276847813048

C 5.0803346527 -0.200134553065 0.820036352856

C 4.09333194051 0.0104830381452 -0.101220545462
C 4.27008014106 -0.97030808347 -1.07071111658

C 2.94797839848 0.979026528567 -0.0763716624175
C 1.80238528168 0.485445118197 0. 739628649594

C 0.436801340307 0.816493747258 0. 281665025574
C 0.343653310744 1.71161833951 -0.91582695343

C -1.08314625783 1.97077760122 -1.30455191627

C -1.91744732635 0. 741354677654 -1.46642751932
C -1.7943601623 -0.0389877001809 -0. 182710596795
C -0.385086143124 -0.462106122586 0. 121474215445
C -0.416768997661 -1.16771693838 1.45608753046
C -1.69420191219 -0.966585684166 2.21564430521
C -2.9328938472 -1.37082944094 1.47674588039

C -2.81671964715 -1.10818495554 -0.0134369056984
H -2.0311937744 0.71756286033 0.614183841162

C -4.13128233227 -0.601884774197 -0. 595650370394
C -2.53238761059 -2.41282637867 -0.678523682724

Cc

0.254156161336 -1.27708330403 -0. 963699820713
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5.518345685039289e-

4.256302411123807e-



O -0.210980543935 1.51182300404 1.31981684562
H 0. 375775375993 1.68369239717 2. 08466889803
C 0.928051167104 3.06172868882 - 0. 521062105798
O -1. 6607161783 2. 75542144773 -0. 293677735061
-2. 64506835732 2.59756538162 - 0. 353536258411
. 69787757424 -1.72459967401 0. 773198418186
. 39703523514 0.526103944312 1.54135361068
. 79791152938 - 0. 915800368923 - 2. 05263467235
. 38876208232 1.90548482562 0. 373517106321
. 72737771484 1.19236208429 -1.12767999733
. 9904204778 0. 83509872062 1.78804749538
92701100942 -0. 626560041663 0. 803750972237
. 83131730665 1.29545015124 - 1. 82514637216
-1.09184736479 2.61731669288 -2. 21705936045
-1.73064834114 0.162089001742 - 2. 37350528772
-2.98322415288 1.07973727315 - 1. 52451253007
0.389505337499 - 0. 764113496844 2. 12184494102
-0. 148605782437 - 2. 24633749039 1. 3230646536
-1. 62973965056 -1.63557514912 3.11152187729
-1.72182384889 0.0609331890628 2. 6146221755
-3. 76442573874 -0. 729255801347 1. 86588809888
-3.24521435738 -2. 41763859507 1. 68080184788
-4.88413168229 -1.38852399235 - 0. 332640983307
-4.02597851635 - 0. 663030435388 - 1. 70147992164
-4.40196285292 0. 396854653691 - 0. 228887656983
-2.19038731008 - 2.33999814107 - 1. 72247713977
-3.51734335848 -2. 94730516561 - 0. 741297643181
-1. 90382597463 -3.10310759159 - 0. 0592201305856
1. 33542306793 -1.01953181222 - 1. 10190434803
-0. 183585857497 -1. 0858442046 -1.97612748338
H 0.26691516324 -2.37391896962 - 0. 737891830434
H 1. 31059953982 3.07616512954 0. 508668124833
H 0. 167478464708 3.87873039222 -0.571585000642
H 1.6950523711 3.34548010066 - 1. 28373856458
&END COORD  &END
SUBSYS
&END FORCE_EVAL
&MOTI ON
&VD

OFRFPNWWOOW OO

I T I I I I I IIIIIIIIIIIIIIIIIIIT

ENSEMBLE LANGEVI N
TEMPERATURE 2000
TI MESTEP 0. 2
STEPS 10000
&L ANGEVI N
GAMVA 0. 01
&END LANGEVI N
&END MD
&END MOTI ON

APPENDIX 3
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Dockings

Example of a Vina input script for docking

receptor = proteins_folder/1wsx_apo. pdbgt |igand
= | i gands_f ol der/ nol ecul e_97. pdbqt
out =
1wsx_aponol ecul e_97. al | . pdbqt
log =
1wsx_aponol ecul e_97. 1 og
center_x = 12.88
center_y = 22.66
center_z = 5.62
size_x = 20 size_y
= 20 size_z = 20
energy_range = 4
exhausti veness =
16

cpu =1
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All Docking Results Boronolide

Protein Ligand Binding Energy

1w5x molecule_0 -6.2
1w5sx molecule_1 -6.2
1w5sx molecule_10 -6.4
1w5x molecule_100 -6.1
1w5x molecule_101 -6.3
1w5x molecule_102 -6.4
1w5x molecule_103 -2
1wSx molecule_104 -1.2
1wSx molecule_106 -5.6
1w5x molecule_107 -3.5
1w5x molecule_108 -6.4
1w5sx molecule_109 -6.2
1wSx molecule_11 -6
1w5x molecule_110 -6.5
1w5x molecule_111 -6.2
1w5sx molecule_112 -6
1w5x molecule_113 -4
1wSx molecule_114 -6.5
1w5x molecule_115 -6.7
1w5x molecule_116 -6.3
1w5x molecule_118 -1.2
1w5x molecule_119 -1.2
1wSx molecule_12 -6.5
1w5x molecule_120 -5.1
1w5x molecule_121 -3.2
1w5sx molecule_122 0
1w5x molecule_123 0
1wSx molecule_124 0
1w5x molecule_125 -6.2
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1w5x molecule_126 -2
1w5sx molecule_127 -2
1w5x molecule_128 -4.4
1w5x molecule_129 -4.4
1w5x molecule_13 -6.2
1wSx molecule_130 -6.3
1wSx molecule_131 -6.4
1w5x molecule_132 -5.6
1w5x molecule_133 -4.2
1w5sx molecule_134 -6.4
1w5sx molecule_135 -6.2
1w5x molecule_136 -6.5
1w5x molecule_137 -6.4
1w5x molecule_138 -5.8
1w5sx molecule_139 -6.1
1wSx molecule_14 -6.6
1wSx molecule_140 -6.1
1w5x molecule_141 -2
1w5x molecule_142 -4.2
1w5sx molecule_143 -5.1
1wSx molecule_144 -6.2
1w5x molecule_145 -2
1w5x molecule_146 -4.2
1w5x molecule_147 -5.1
1w5sx molecule_148 -6.4
1wSx molecule_149 -6.2
1wSx molecule_15 -6.3
1w5x molecule_150 -6.3
1w5x molecule_151 -6.4
1w5x molecule_152 -2
1wSx molecule_153 -5.1
1w5x molecule_154 -3.5




1w5sx molecule_155 -6 1w5sx molecule_46 -6.4
1w5x molecule_16 -2 1w5x molecule_47 -6.1
1w5x molecule_17 -2 1w5x molecule_48 -5.9
1w5x molecule_18 -4.4 1w5x molecule_49 -6.2
1w5x molecule_19 -4.7 1w5x molecule_5 -6.4
1w5x molecule_2 -6.2 1w5x molecule_50 -6.2
1w5x molecule_20 -6.3 1w5x molecule_51 -6.6
1w5x molecule_21 -6.7 1w5x molecule_52 -6.2
1w5x molecule_22 -2 1w5x molecule_53 -6.3
1w5x molecule_23 -4.2 1w5x molecule_54 -2
1w5x molecule_24 -5.2 1w5x molecule_55 -2
1w5x molecule_25 -5.6 1w5x molecule_56 -6.2
1w5x molecule_26 -3.6 1w5x molecule_57 -5.5
1w5x molecule_27 -2 1w5x molecule_58 -4.2
1w5x molecule_28 -5.1 1w5x molecule_59 -6.3
1w5x molecule_29 -4.6 1w5x molecule_6 -6.1
1w5x molecule_3 -6.1 1w5x molecule_60 -6.1
1w5x molecule_30 -2 1w5x molecule_61 -6.1
1w5x molecule_31 -1.2 1w5x molecule_62 -6.1
1w5sx molecule_33 -5.5 1w5sx molecule_63 -6.5
1w5x molecule_34 -3.5 1w5x molecule_64 -6.6
1w5x molecule_35 -2 1w5x molecule_65 -2
1w5x molecule_37 -1.2 1w5x molecule_66 -4.2
1w5x molecule_38 -4.3 1w5x molecule_67 -5.1
1w5sx molecule_39 -4.5 1w5sx molecule_68 -5.8
1wSx molecule_4 -6 1wSx molecule_69 -4
1w5x molecule_40 0 1w5x molecule_7 -6.6
1w5x molecule_41 0 1w5x molecule_70 -6.6
1w5x molecule_42 0 1w5x molecule_71 -6.2
1w5sx molecule_43 -6.3 1w5sx molecule_72 -6.1
1w5x molecule_44 -6.5 1w5x molecule_73 -2
1w5x molecule_45 -6.6 1w5x molecule_74 -5.2
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1w5x molecule_75 -4.4 4y6r molecule_102 -5.1
1w5x molecule_76 -6.6 4y6r molecule_103 -2.3
1w5x molecule_77 -6.2 4y6r molecule_104 -1.5
1w5x molecule_78 -2 4y6r molecule_106 -6.4
1w5x molecule_79 -5.1 4y6r molecule_107 -34
1w5x molecule_8 -6.2 4y6r molecule_108 -4.8
1w5x molecule_80 -3.6 4y6r molecule_109 -6.2
1w5x molecule_81 5.7 4y6r molecule_11 -5.2
1w5x molecule_82 -4.2 4y6r molecule_110 -6.2
1w5x molecule_83 -6.4 4y6r molecule_111 -6
1w5x molecule_84 -3.1 4y6r molecule_112 -7
1w5x molecule_85 -2 4y6r molecule_113 -4.5
1w5x molecule_86 -5 4y6r molecule_114 -5.6
1w5x molecule_87 -3.6 4y6r molecule_115 -5.7
1w5x molecule_88 -6.1 4y6r molecule_116 -5.6
1w5x molecule_89 -6.1 4y6r molecule_118 -1.5
1w5x molecule_9 -6.3 4y6r molecule_119 -1.5
1w5x molecule_90 -6.6 4y6r molecule_12 -5.5
1w5x molecule_91 -6.4 4y6r molecule_120 -5.9
1w5x molecule_92 -5.5 4y6r molecule_121 -3.2
1wSx molecule_93 -4.2 4y6r molecule_122 0
1w5x molecule_94 -6.5 4y6r molecule_123 0
1w5x molecule_95 -6.2 4y6r molecule_124 0
1w5x molecule_96 -5.8 4y6r molecule_125 -6
1w5x molecule_97 -6.5 4y6r molecule_126 -2.3
1w5x molecule_98 -6.6 4y6r molecule_127 23
1w5x molecule_99 -6.5 4y6r molecule_128 -5
4y6r molecule_0 -5.4 4y6r molecule_129 -4.6
4y6r molecule_1 -4.6 4y6r molecule_13 -6
4y6r molecule_10 -6 4y6r molecule_130 -5.4
4y6r molecule_100 -5.8 4y6r molecule_131 -5.3
4y6r molecule_101 -5.8 4y6r molecule_132 -6.4
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4y6r molecule_133 -4.3 4y6r molecule_22 23
4y6r molecule_134 -6.1 4y6r molecule_23 -4.3
4y6r molecule_135 -5.9 4y6r molecule_24 -5.7
4y6r molecule_136 -4.6 4y6r molecule_25 -6.3
4y6r molecule_137 -5 4y6r molecule_26 -3.7
4y6r molecule_138 -5.6 4y6r molecule_27 =23
4y6r molecule_139 -6 4y6r molecule_28 -5.9
4y6r molecule_14 -4.1 4y6r molecule_29 -4.9
4y6r molecule_140 -5.8 4y6r molecule_3 -5.2
4y6r molecule_141 -2.3 4y6r molecule_30 23
4y6r molecule_142 -4.3 4y6r molecule_31 -1.5
4y6r molecule_143 5.7 4y6r molecule_33 -6.5
4y6r molecule_144 -54 4y6r molecule_34 -3.4
4y6r molecule_145 2.3 4y6r molecule_35 =23
4y6r molecule_146 -4.3 4y6r molecule_37 -1.5
4y6r molecule_147 -5.6 4y6r molecule_38 -5.1
4y6r molecule_148 -5.7 4y6r molecule_39 -4.9
4y6r molecule_149 -5.5 4y6r molecule_4 -5.2
4y6r molecule_15 -5.8 4y6r molecule_40 0
4y6r molecule_150 -6.4 4y6r molecule_41 0
4y6r molecule_151 -5.3 4y6r molecule_42 0
4y6r molecule_152 23 4y6r molecule_43 5.4
4y6r molecule_153 5.7 4y6r molecule_44 -5.3
4y6r molecule_154 -3.7 4y6r molecule_45 -4.3
4y6r molecule_155 -5.2 4y6r molecule_46 -4.8
4y6r molecule_16 -2.3 4y6r molecule_47 -4.3
4y6r molecule_17 -2.3 4y6r molecule_48 -5.3
4y6r molecule_18 -5 4y6r molecule_49 -5.5
4y6r molecule_19 -5 4y6r molecule_5 -6.1
4y6r molecule_2 -6 4y6r molecule_50 -5.4
4y6r molecule_20 -5.8 4y6r molecule_51 -6
4y6r molecule_21 -5.4 4y6r molecule_52 -6
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4y6r molecule_53 -5.1 4y6r molecule_82 -4.3
4y6r molecule_54 -2.3 4y6r molecule_83 -7.1
4y6r molecule_55 23 4y6r molecule_84 -2.9
4y6r molecule_56 -6.7 4y6r molecule_85 =23
4y6r molecule_57 -6.4 4y6r molecule_86 -5.7
4y6r molecule_58 -4.3 4y6r molecule_87 -3.7
4y6r molecule_59 -5.9 4y6r molecule_88 -5.9
4y6r molecule_6 5.7 yér molecule_89 5.4
4y6r molecule_60 -5.2 4y6r molecule_9 -5.6
4y6r molecule_61 -5.4 4y6r molecule_90 -5.9
4y6r molecule_62 -5.8 4y6r molecule_91 -5.4
4y6r molecule_63 -4.7 4y6r molecule_92 -6.3
4y6r molecule_64 53 4y6r molecule_93 -4.3
4y6r molecule_65 2.3 4y6r molecule_94 -6.2
4y6r molecule_66 -4.3 4y6r molecule_95 -5.5
4y6r molecule_67 -5.9 4y6r molecule_96 -5.8
4y6r molecule_68 -6.9 4y6r molecule_97 -4.1
4y6r molecule_69 -4.5 4y6r molecule_98 -5.5
4y6r molecule_7 -4.8 4y6r molecule_99 -5.5
4y6r molecule_70 -5.9
4y6r molecule_71 -6.1
4y6r molecule_72 -54
4y6r molecule_73 23
4y6r molecule_74 -5.7
4y6r molecule_75 -5
4y6r molecule_76 -6.1
4y6r molecule_77 -5.6
4y6r molecule_78 2.3
4y6r molecule_79 -5.9
4y6r molecule_8 -6.5
4y6r molecule_80 -3.7
4y6r molecule_81 -6.4
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