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UNIVERSITY OF SOUTHAMPTON

ABSTRACT

FACULTY OF NATURAL AND ENVIRONMENTAL SCIENCES

School of Chemistry

Doctor of Philosophy

CRYSTAL STRUCTURE PREDICTION OF ORGANIC SEMICONDUCTORS

by Josh E. Campbell

This thesis presents the use of crystal structure prediction (CSP) in the evaluation and

design of novel organic semiconductors. Heteroatom substitution into common organic

semiconductors (pentacene in this thesis) offers a way of modulating their crystal packing

and electronic properties. Initially CSP was performed on six human designed molecules

and the charge mobility of their predicted crystal structures was calculated. The packing

landscapes changed significantly from the unsubstituted pentacene. We found that five

nitrogen atoms led to a landscape showing a range of packing motifs, while seven nitro-

gen atoms favours the adoption of sheet-like motifs. Substitution patterns expected to

result in the highest mobilities were found to perform worse than assumed, showing the

importance of tuning both molecular electronic properties and crystal engineering. A ge-

netic algorithm was then developed to generate new nitrogen substituted pentacenes. A

population members fitness was calculated using two molecular properties important for

electron transport in organic semiconductors. Five runs of the genetic algorithm gave

12 promising candidates for CSP and mobility calculations. The packing landscapes

were similar to those of the seven nitrogen substituted human designed molecules. One

genetic algorithm molecule showed a high number of high mobility structures close to

the global minimum, making this molecule an attractive target for synthesis. Extensions

to include CSP within the fitness function of the genetic algorithm represents possible

future work. Addition work included the design and testing of structure generator for

the generation of trial crystal structures during a CSP. The novel structure generator

performed well in locating the experimental structures of three test molecules and was

used in the group’s submission to the 6th blind test, of which one molecule is also pre-

sented here. The experimental structure of this molecule was located in lists ranked

by lattice energy and free energy, though the free energy list ranked the experimental

structure as the global minimum.
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not including hydrogen atoms. Å and degrees are used throughout. . . . . 100
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Chapter 1

Introduction

The overall aims of the work presented in this thesis is the application of crystal struc-

ture prediction methods for the discovery of promising molecules for organic semicon-

ductor applications. The crystal structure of any molecule plays an important role in

determining the properties of the solid state. The arrangement of molecular units in

the crystal is determined by the intermolecular interactions present. These interactions

(such as hydrogen bonding) are in turn a product of the electron density of the molecule.

The electron densities of different molecules interact, in either a repulsive or attractive

manner, until an equilibrium geometry is reached. For some systems there will be a

clear ”winner”, the global lattice energy minimum significantly lower in energy than

any other possible structures. However it is much more likely that there will be other

structures close to the global minimum (within a few kJ/mol1) which could be possible

polymorphs2;3. Polymorphism was defined in 1965 by McCrone as ”a solid crystalline

phase of a given compound resulting from the possibility of at least two different ar-

rangements of the molecules of that compound in the solid state”4. If the molecule can

also adopt different conformations within the different crystal structures, it is then an

example of conformational polymorphism5.

A study of available crystal structure databases estimates that half of all organic molecules

exhibit polymorphism6. As many bulk properties arise from the crystal structure, differ-

ent polymorphs of the same molecule can exhibit wildly different properties. The most

well known example is Ritonavir7, an inhibitor of the HIV protease. A late appearing

polymorph drastically changed the solubility (due to the different free energies of the

polymorphs) leading to a recall and investigation8. Polymorphism is also important

in organic semiconductors, with the three known polymorphs of pentacene all display

different charge carrier mobilities9.

It can be seen knowing the possible polymorphs of a molecule is of great importance

to many industries and this is where crystal structure prediction (CSP) enters. CSP

methods aim to predict the possible crystal structures of a molecule from first principles

1



2 Chapter 1 Introduction

and rely on the computation or approximation of the electron density which allows

calculation of the lattice energy. The description of the interactions differs with the

method chosen, but generally CSP involves the search for the global minimum in the

lattice energy. This is usually a pure thermodynamic model at 0K: the static lattice

energy, disregarding free energy and disregarding the kinetics of crystal growth. CSP can

help reassure experimentalists that the polymorph they have is the thermodynamically

stable one, or suggest alternatives that could be produced by different experiments.

The ultimate aim of CSP is to predict a crystal structure ab initio. In practical terms

this means beginning from a molecular diagram. The question ” Are crystal structures

predictable” was posed nearly 20 years ago10. The answer then was ”No” but progress

has been made, enough to upgrade to ” Maybe”11 in 2003. Chapter 2 contains a more

in depth analysis of the improvements to CSP methods since their inception and the

phenomenon of polymorphism. Effectively sampling the crystal energy landscape is an

important part of the CSP process and work on testing a new structure generator is

presented in Chapter 5 along with a CSP study of a molecule from the 2015 CCDC

blind test.

Organic semiconductors (OS) are the driving force behind the development of organic

electronics. The ability to deposit organic films on a wide variety of substrates has led to

flexible displays, printable circuits and plastic solar cells.12;13 Major electronic compa-

nies such as Samsung, LG and Sony offer OLED (organic light emitting diode) displays

powered by OFETs (organic field effect transistors). Organic semiconductors can be

broadly split into two categories: small molecules (usually polycyclic aromatic hydro-

carbons and their derivatives) and conjugated polymers. Molecules such as pentacene

and rubrene are the focus of intense research due to performance approaching that of

inorganic semiconductors14. A review of the growth of the OS field and the parameters

governing charge transport can be found in Chapter 3. Charge mobility can be tuned by

the rational design of novel molecules. In Chapter 6, the CSP of six designed molecules

(and two validation molecules) is presented and their charge mobilities analysed.

Designing molecules by hand can quickly become a drawn-out process as the parameter

space becomes larger and more properties are to be taken into account. This is where

the third part of this thesis becomes relevant; the use of a genetic algorithm to design

and optimise novel organic semiconductors. Genetic algorithms (GAs) have found use

in many fields that rely on global optimisation15. GAs mimic the process of natural

evolution such as inheritance, mutation, selection and crossover. A population of possible

solutions is generated and then scored by some fitness function. Each candidate solution

has a set of characteristics (its chromosome) which can be mutated and altered. Once

ranked and selected fit solutions are paired up. These two solutions are then combined

in a way to produce two child solutions. All the new child solutions then make up a new

population ready to be evaluated for fitness. The GA then continues until some finishing

condition is met and a minimum is found. A review of GA performance and key concepts
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is found in Chapter 4. The design and application of our GA is presented in Chapter

7. Convergence and performance were measured by optimising a range of molecular

properties with known minima. Chapter 8 contains the application of the GA to OS

design. Properties needed for good charge mobility were optimised and fittest molecules

taken for CSP. The introduction of CSP into the fitness function is also presented there.





Chapter 2

Molecular Crystals and Crystal

Structure Prediction

2.1 Crystals and Polymorphism

The simplest unit in chemistry is the atom. Atoms form bonds through orbital over-

laps which allow electrons to be shared creating strong, predictable bonding patterns.

The understanding of how atoms bond allows the design of new molecules by synthetic

chemists.

Molecular crystals are formed from the interactions of molecules. Molecular orbital

overlap and the interactions between the electron densities of the molecules allows the

formation of motifs which then can pack to produce solid forms. A crystal differs from

other solids in that it shows long range order, where the motifs are repeated by symmetry

operators, the key symmetry in a crystal is translational symmetry. The bonds between

molecules are much weaker than the ones between atoms, for example the covalent bond

between oxygen and hydrogen is about 25 times stronger than the hydrogen bonding

between water molecules. This comparative weakness leads to the unpredictability of

many intermolecular interactions. In a molecule with many hydrogen bond donors and

acceptors it can be difficult choosing the most likely motif to form. Thus chemists looking

to engineer crystals find more difficulties than their molecule building counterparts.

With many possible intermolecular interactions molecules can pack in many different

ways, if this leads to multiple crystal structures of the same molecule, the molecule

exhibits polymorphism, with each crystal structure referred to as a polymorph. There

are two types of polymorphism, packing and conformational. A packing polymorph

is where the molecule maintains its conformation across the polymorphs, but packs in

different ways in each. A conformational polymorph involves a change in the molecular

geometry between polymorphs.

5



6 Chapter 2 Molecular Crystals and Crystal Structure Prediction

(a) Form I (b) Form II

(c) Form III

Figure 2.1: The three known polymorphs of benzamide (CSD refcode BZAMID),
form I is the stable polymorph, form II metastable discovered in 2005 and form
III the silky needles first seen in 1823

With rigid molecules only packing polymorphs are possible, but it is perfectly possible

for flexible molecules to have both packing and conformational polymorphs including

crystals where the molecule may adopt different conformations within the same struc-

ture.

Polymorphism was defined in 1965 by McCrone4 but was first discovered in 183216. Two

German chemists upon studying the cooling of boiling benzamide witnessed at first,

the formation of silky needles, which were then slowly replaced by rhombic crystals.

Demonstrating the struggles to identify and reproduce polymorphs the stable form was

first characterised in 195917, a new metastable form in 200518 and finally the silky

needles were seen again in 200719. The differences between the polymorphs is primarily

in the π-π interactions and can be seen in Fig 2.1. Benzamide is far from the only example

of latent polymorphism, in 2006 a new polymorph of maleic acid was discovered 124

years after the stable polymorph was studied20. This new polymorph was accessed by

attempted co-crystal formation and dissolution; in a similar vein two new polymorphs of

1,3,5-trinitrobenzene were characterised with the use of an additive in the crystallisation

125 years after the molecule was first used as an explosive21.

The incidence of polymorphism can be hard to pin down. For much of the 20th century

resolving a crystal structure was laborious work. Data collection could take days, while

growing a good enough single crystal could take weeks. Structures with large amounts of

disorder and those with more than one molecule in the asymmetric unit were intractable.
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Combined, this meant the characterisation of only the most stable polymorph was justi-

fiable. Cruz and Bernstein evaluated datasets from the Cambridge Structural Database

(CSD), pharmaceutical companies, the European Pharmacopoeia and McCrone’s early

studies to arrive at a minimum polymorphism occurrence of 50%5, with the caveat that

it could be much higher. As McCrone stated, ”every compound has different polymor-

phic forms, and that, in general, the number of forms known for a given compound is

proportional to the time and money spent in research on that compound”4.

The poster children of polymorphism are Ritonavir22 (Fig 2.2a) and ROY23 (Fig 2.2b).

Only one crystal form of Ritonavir was identified during its development, but after

two years on the market some tablets began to fail dissolution tests. It was discovered

that the original crystal structure would convert on contact with a new low solubility

polymorph due to the inactive forms lower energy. The new polymorph was quickly

discovered to have a much reduced solubility, resulting in the reformulation of the drug.

ROY (named for its red, orange and yellow polymorphs) currently holds the record for

the most observed polymorphic forms in the Cambridge Structural Database (CSD), the

structures of seven polymorphs are known and three more have been observed, but have

unknown structures24.

(a) Ritonavir
(b) ROY

Figure 2.2: The two poster children for polymorphism. The lack of knowledge
of an additional ritonavir polymorph led to the withdrawal of the drug. ROY
currently has the most known polymorphs.

Polymorphism is relevant to all industries that rely on crystalline products, as different

polymorphs can exhibit radically different properties. Typically industries such as phar-

maceuticals, pigments/dyes, organic electronics and explosives will be actively engaged

in polymorph screening. Many properties of the bulk material arise from molecular

postions and orientations in the crystal. For example, the differences in solubilities

between polymorphs is a product of the difference in free energy between the crystal

structures. As seen from the example of ritonavir, polymorph screening is very impor-

tant in the pharmaceutical industry. For a drug to act in a patient it must first make

it into the patient and as mentioned above polymorphs may have wildly different dis-

solution rates. A simpler drug example is paracetamol. Paracetamol has three known
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polymorphs, however the most stable form has unfavourable compaction and tabletting

properties requiring the need for large amounts of excipient25. The metastable second

form however has desirable properties for tabletting but is far too unstable. Eventually a

co-crystallisation study26 found a co-crystal that combined the structural features (and

therefore tabletting properties) of form II and the stability of form I.

In organic semiconductors electron mobility in part depends on the level of molecular

wavefunction overlap between molecules and the modification of crystal structures is an

important part of the design of new semiconducting materials. 6,13-bis(triisopropylsilylethynyl)pentacene

(TIPS-pentacene Fig 2.3a) has three known thin film polymorphs with even small

changes in packing showing a change in mobility of many orders of magnitude27. Other

polymorphic semiconductors that show large differences in mobility between polymorphs

include rubrene28(Fig 2.3b), tetrathiafulvalene29 (THF, Fig 2.3c) and contorted hex-

abenzocoronene30 (CHBC, Fig 2.3d). The interplay of crystal structure and charge

mobility will be discussed in depth in Chapter 3.

(a) TIPS-Pentacene
(b) Rubrene

(c) THF

(d) CHBC

Figure 2.3: Four organic semiconducting molecules with large mobility differ-
ences between polymorphs
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The performance of pigment molecules also depends on their crystal structure, including

hue and photostability31. Naphtol red (Fig 2.4a) an important pigment in automotive

paints and coatings has several polymorphs. When produced industrially an important

step in the process is the conversion from the α form to the γ form. The γ form is much

denser, which is an attractive property for pigments as this makes them more resistant

to photodegradation32. Other polymorphic pigments include quinacridone (Fig 2.4b).

Quinacridone and its derivatives comprise a large high performance pigment family.

Quinacridone itself has four known polymorphs with the β and γ forms more prized

for industrial applications. Quinacridone and its polymorphs will be discussed in more

detail in Chapter 5.

(a) Naphtol Red

(b) Quinacridone

Figure 2.4: Two pigment molecules known the exhibit polymorphism, with some
particular polymorphs being much more useful as pigments

Many energetic materials also exhibit polymorphism. Octogen (also known as HMX, Fig

2.5a), one of the most widely studied nitramine explosives has four known polymorphs.

Density as expected is an important factor in explosive performance; the more material

you can pack into the charge the larger the explosion will be. This influences the

impact sensitivity of the polymorphs. A lower value means the material is more sensitive

to impacts, an undesirable property in the production of the explosive. The density

of the polymorphs follows β > α > γ > δ, while the impact sensitivity is reversed

δ > γ > α > β 33. Trinitrotoluene’s (Fig 2.5b) crystallisation and polymorphism was

poorly understood until the late 70s (when published in a classified report34, still not

declassified to this day) and the lattice parameters were not published in full until 199735.
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TNT exists in two crystalline forms which are very similar to one another, and indeed

transformation from the metastable to stable has been shown suggesting the metastable

form is a product of stacking defects when the stable form crystallises36.

(a) HMX
(b) TNT

Figure 2.5: Two explosive molecules known the exhibit polymorphism

2.2 Crystal structure prediction

The importance of polymorphism shows the need to be able to predict possible crystal

structures of a molecule. Knowing possible polymorphs before crystallisation allows the

calculation of properties of interest and opens up the possibility of computer guided

design of materials. The long-term goal of crystal structure prediction (CSP) is to

propose all possible crystal structures of a molecule, given no information apart from

the structural formula.

The main steps in ab initio crystal structure prediction can be seen in Fig 2.6. At its

most basic, CSP can be split into three main steps:

1. the generation of an optimised 3D structure of the molecule

2. the generation of all the possible crystal structures for the structure of the molecule

3. the ranking of structures (usually by lattice energy), evaluation of properties and

inspection of the lowest energy structures (including comparison to observed struc-

tures)
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Figure 2.6: The steps in a crystal structure prediction (QM = quantum me-
chanical, FF = force field
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2.2.1 Molecular model

Ab initio crystal structure prediction begins with a 3D model of the atom positions and

connectivity of the molecule. This is usually geometry optimised either with a force

field (FF) or quantum mechanical (QM) methods. For most small rigid molecules, no

further information needs to be supplied. Crystal packing forces do not usually have

a magnitude big enough to affect the intramolecular properties (such as bond lengths

and angles) of the molecule. So the geometry of the isolated molecule is a good place to

start.

Molecular flexibility introduces difficulties into the prediction. Most CSP software pack-

ages were designed to treat rigid molecules, and allow relaxation of the geometry only

when the final lattice energy is evaluated. The changes in molecular geometry in this

step are small as the molecule is already in a crystal environment, so conformational

energy barriers are unlikely to be crossed. This means for molecules with more than

one distinct conformation, each must be treated separately, i.e. the entire process is

repeated for each unique equilibrium conformation. FF methods that include torsional

terms can be used to model flexibility. However the energies calculated are usually much

less accurate than those from QM methods. Usually there are many crystal structures

predicted within a small range (a few kJ/mol) of the global minimum so small changes

in these relative energies can radically alter the ranking of crystal structures2.

2.2.2 Crystal structure generation

The next step after the generation of our molecular model is to explore as much of the

lattice energy surface as possible generating thousands of structures. Crystal structures

of rigid molecules have six degrees of freedom in the unit cell dimensions (lengths and

angles) and another six (orientation and position) per molecule in the unit cell. Even

with the rigid body approximation the size of the problem quickly grows with the number

of molecules and becomes unmanageable. However 80% of all known organic molecular

crystal structures have one (or less) molecule in the asymmetric unit and are found in

one of six space groups (P21/c, P1, P21, P212121, P1 and C 2/c)37.This simplifies the

problem greatly, as searching certain space groups places limitations on the positions

of the molecules (through the symmetry operations that generate other molecules) and

the dimensions of the unit cell (certain space groups set limits on unit cell angles or

lengths). This does usually mean space groups are searched independently but this is

not a problem. Splitting the search up reduces the overall cost when compared to a

full search using no symmetry or space group information. However 10%38 of molecules

crystallize with a Z’>1 (Z’ being the number of molecules in the asymmetric unit of a

crystal structure) and there are 230 possible space groups to search. Many algorithms

exist that can perform these searches and there are three common ”families” of methods.
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A much more detailed analysis on structure generation will be presented in Chapter 5

with the development and testing of a new structure generator.

2.2.2.1 Systematic grid searches

Systematic grid searches are useful for structures with fewer degrees of freedom39. The

surface is split into a grid and parameter(s) are varied by a set amount. But as di-

mensionality increases so does the computational expense of this method. While all

methods show an increase in computational expense with increasing dimensionality,

grid-based methods have a very steep increase. Also the use of such a method usually

requires the number of grid points to be chosen a priori, which can introduce problems

in deciding computational resources. The parameters that are searched vary between

algorithms. PMC40 and UPACK39 search across the unit cell parameters and space

groups. MOLPAK41 generates a coordination sphere around a central molecule, which

has its orientation systematically varied to produce the densest packing. PROMET42

works in a similar way but systematically adds translational symmetry to generate stable

molecular clusters.

2.2.2.2 Random searches

Random searches can deal with more complex problems but often they can miss low

energy structures so need to be repeated many times. The use of quasi-random number

generators can improve the searching of the space by ensuring a uniform distribution

of points43. Della Valle et al 44 used such a method to explore the crystal structures of

pentacene. Karamertzanis45 used Sobol sequences46 to generate quasi-random lattice

lengths and angles. Our in house structure generator also uses the Sobol sequence in

a similar way47. Other modifications on the random search include the use of Monte

Carlo (MC) simulations. Random moves are made around the potential energy surface

and the new crystal structure is accepted based on a probability that is related to the

energy change associated with that move. A variation of this is found in the Materials

Studio Polymorph Predictor48;49 software, which combines Monte Carlo with simulated

annealing to sample the entire search space over many runs. CRYSTALG50 uses a

MC method that makes steps between families of conformations rather than individual

structures allowing it to sample more of the low energy space than random sampling

alone.

2.2.2.3 Genetic Algorithms

Genetic algorithms have found use in many fields that rely on global optimisation15 so it

is not surprising that methods exist that use them in CSP. Genetic algorithms mimic the
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process of natural evolution by assigning the descriptors of the crystal to genomes which

then undergo operations designed to produce the best structure. MGAC51 minimises

the lattice energy of the crystal and its genome is made up of molecular positions,

orientations, unit cell angles and flexible dihedrals. The RANCEL program uses a genetic

algorithm52 that compares atom-atom distance distributions of similar structures to the

one of interest, then generates structures that best fit the distributions. USPEX53 uses

an ab initio or FF lattice energy calculation of the generated crystal as its fitness function

and combines slices of each structure to generate children.

2.2.3 Ranking Structures

After the structures are generated, they are often clustered to remove duplicates and

properties and energies are evaluated. There are many clustering methods such as

COMPACK54, radial distribution functions55, comparison of reduced cells56 and the

comparison of simulated powder patterns57. An in house method of clustering using ra-

dial distribution functions has been developed47 Two methods of clustering will appear

in this report. Clustering via radial distribution functions using our in house code, and

COMPACK will be used for clustering and matching after final lattice energy minimi-

sations. Space group searches and the first overall clustering will be made by our code

and COMPACK for a final overall clustering, as it is possible some matches may be

missed. COMPACK creates a cluster of molecules (the number is user defined) around

a central reference molecule and interatomic distances are calculated between nearest

neighbours. The set of interatomic distances describes the cluster. If the first molecule

in both clusters match, another molecule is searched for in the cluster, but it must be

connected to a match already found via one of the interatomic distances. COMPACK

can miss matches, especially if the size of the molecular cluster is low or particularly

anisotropic. Z’ = 2 structures also present problems as the decision over which molecule

in the asymmetric unit is the starting point for the cluster, and the clusters will differ

depending on which one is chosen. The choice of method is important; it must be fast

and be able to distinguish between similar structures.

The observed experimental structure will not always be the lowest in energy but hope-

fully should be close. Due to many possible crystal structures being found within a

small range of the global minimum, the evaluation of energies must be as accurate as

possible. Lattice energy minimisations occur at various stages throughout the CSP run.

Often thousands of structures will be treated. The trade-off is one between speed and

accuracy, and typically force field based methods are used. Usually a cheap method

is used in initial structure generation and minimisation, good candidate structures are

then refined using a more expensive force field. If the molecule is treated as rigid only

intermolecular interactions need to be considered as the intramolecular energy will be
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the same as when the molecule was first geometry optimised. Including molecular flexi-

bility necessitates the inclusion of accurate intramolecular energies, which has seen some

success when applied to moderately flexible molecules58.

2.3 Intermolecular Interactions and Force Field Methods

Due to the need to calculate the lattice energy for possibly 100,000s of crystal structures,

computationally cheap force field methods are the most widely used in CSP. The total

lattice energy consists of two components, the intramolecular energy (Uintra, the energy

of the bonds and torsions within a molecule) and the intermolecular energy (Uinter, the

interactions between separate molecules in the crystal). The intermolecular potential

can initially be written as the sum of atom-atom terms.

UMN =
∑
m∈M

∑
n∈N

umn(Rmn,Ωmn) (2.1)

Where the sum is taken over atoms m of molecule M , atoms n of molecule N and

the interatomic interaction, umn, is dependent on the separation, Rmn and the relative

orientation, Ωmn, of the atoms. This is the pairwise additive approximation. The total

potential is the sum of all the two-body interactions in the system. The most common

force field methods will include terms for the van der Waals forces and electrostatic

interactions using the pairwise additive approximation.

Umn = UvdW + U el (2.2)

Then Ulatt is the sum over all molecule-molecule interactions in the crystal.

Ulatt =
1

2

Nmol∑
MN

UMN (2.3)

Before discussing common functional forms it is helpful to examine the individual contri-

butions to the potential, which can be split into long-range and short-range categories.

2.3.1 Long range intermolecular interactions

Long range terms are important when there is no significant overlap of the charge density

of the individual molecules. The three most important long-range terms are electrostat-

ics, dispersion and induction.

The electrostatic term arises from the classical interaction of the charge distributions

of the individual molecules. It can be attractive or repulsive and is pairwise additive.
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The simplest (and most popular) way of describing electrostatic interactions is through

the use of isotropic point charges, centred on the atoms in the molecules. However,

this method has its limitations as a set of atomic point charges is not a realistic de-

scription of the charge distribution of a molecule. While atomic point charges create an

electrostatic potential they do not replicate important features of it, such as lone pairs.

More accurate methods including Distributed Multipole Analysis (DMA)59 and Atoms

in Molecules (AIM)60 have been developed to try and recover the anisotropic behaviour

of the electrostatic field.

Dispersion is a non-classical attractive force that is produced from the correlated move-

ment of electrons in interacting molecules. The charge density of a molecule is always

in flux and the movements become correlated to favour lower energy configurations.

Dispersion can be described at long ranges by a series in the intermolecular separation

R:

Udisp = −C6R
−6 − C7R

−7 − C8R
−8 − · · · (2.4)

But this is impractical for anything but the smallest molecules, as a true description of

molecule-molecule interactions would require all orientation dependence to be captured

in the C coeffcients so, it is replaced by a sum of atom-atom terms of a similar form.

The dispersion coefficient C depends on the type of atoms involved and their relative

orientation though this is often ignored and the series truncated to just −C6R
−6.

The induction term appears due to the reaction of a molecule to the electric field of

all its neighbours and is always attractive. Induction arises from interactions between

rotating permanent dipoles and from the polarizability of atoms and molecules (induced

dipoles). These induced dipoles occur when one molecule with a permanent dipole repels

another molecules electrons. A molecule with permanent dipole can induce a dipole in

a similar neighboring molecule and cause mutual attraction. The fields generated by

neighbours may cancel out or reinforce so the induction term is non-additive. This

makes computation of the term expensive and most potentials only include induction

effects in an average way. There are other effects such as resonance and magnetic that

can arise at long range but are not applicable to closed-shell molecules in their ground

states. For molecules with unpaired electrons in the ground state these terms can become

important.

2.3.2 Short range intermolecular interactions

Short-range interactions are important when the charge density of two molecules overlap

and electron exchange becomes important. The most important term at short range is

exchange-repulsion, which consists of an attractive and repulsive effect. The attraction
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arises from the electrons being able to spread out over two molecules, which introduces

more uncertainty in their positions and allows the energy to drop. This effect is far

outweighed by the repulsive interaction. The Pauli exclusion principle forbids electrons

with the same spin from occupying the same space simultaneously, which costs energy,

leading to the term being repulsive overall. This term is often described with atom-atom

terms such as in the Lennard-Jones (R−12) or Buckingham (exp(-BR) potentials. The

repulsive region of the Buckingham potential is described in the Born-Mayer form below,

with the repulsion decaying exponentially.

uer = Ae−BR (2.5)

Where A and B are suitable constants. Charge transfer also plays a role in the inter-

molecular interactions at short range as electron density can move from one molecule

to another. This can be viewed as a separate effect but is the short range component

of the induction energy. Charge transfer also decays exponentially with intermolecular

separation so is described in the repulsion term of the Buckingham potential. It can be

separated out of the overall induction term but this is not usually done.

2.3.3 Relation to physical contributions to the intermolecular interac-

tion

While the splitting of forces into long and short range is a mathematical formalism,

standard physical interactions arise from a combination of these forces. The van der

Waals force is the sum of the interactions between molecules not created by the inter-

action of permanent charges or multipoles. It is present in all phases of matter and

arises from a combination of the dispersion, exchange-repulsion and induction terms.

Hydrogen bonding is the electrostatic attraction between polar groups that occurs when

a hydrogen atom bound to a highly electronegative atom (such as N, O or F) experiences

attraction to some other nearby highly electronegative atom. Hydrogen bonding is gen-

erally the strongest intermolecular interaction, their reliance on specific atoms means

they are highly directional and arise from a combination of electrostatic, induction, dis-

persion, exchange-repulsion and charge transfer terms. π-π interactions arise from the

influence of one aromatic system upon another, they are attractive and the size of the

π system determines the strength of the interaction. Being similar to van der Waals

they come from the same set of forces: dispersion, exchange-repulsion and induction (in

polar π systems).
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2.3.4 Functional forms

uvdW is very large positive at short distances, has a minimum that corresponds to the

atoms just being in contact and approaches zero as interatomic distances become large.

A widely used function that meets these requirements is the Lennard-Jones potential61.

The most common form is as seen below in equation 7. The shape of the potential at

close distances can be seen in Fig 2.7.

umn,vdW =
A

R12
mn

− B

R6
mn

(2.6)

Figure 2.7: Lennard-Jones potential

A and B are constants that are fitted for the atom types present in the molecules,

obtained from fitting to ab initio calculations or experimental data. The R12 term is

chosen for computational convenience and in fact the repulsive region is better described

as an exponential which features in the Buckingham potential (exp-6) (Eq 2.7)62. A plot

of the Buckingham potential can be seen in Fig 2.8. The main drawback of the potential

is apparent as the interatomic distances become small the potential will allow the nuclei

to become strongly bonded together. However this modelling of the repulsive wall is

more applicable to crystals where close contacts are common. There is also a increase

in computational cost when compared to the Lennard-Jones functional.

umn,vdW = Ae−BR − C

R6
(2.7)



Chapter 2 Molecular Crystals and Crystal Structure Prediction 19

Figure 2.8: Buckingham potential

A, B and C are constants that are derived from empirical parametrisation. The pa-

rameters are fitted to reproduce data from crystal structures, sublimation enthalpies

and vibrational frequencies.63;64 Empirical parametrisation does have limitations. It is

important to choose the set that was fitted to molecules that are closest to the molecule

of interest. Also, more general force fields cannot possibly include every atom type

so molecules with uncommon bonding or atoms will not be reproduced well. However

some of the many-body effects ignored in the pairwise approximation can be recovered

in an averaged way, as well as parts of ignored interactions through parametrisation to

experimental data.

uel is the other non-bonded interaction that is considered in simple models. As men-

tioned above the most common model is via the assigning of point charges to atom

centres. These point charges are isotropic (i.e the interactions only depend on distance)

so any anisotropic character (lone pairs, π bonding) is poorly reproduced. The interac-

tion between the point charges is given by the Coloumb potential as seen below.

umn,el =
qmqn

4πε0Rmn
(2.8)

Where q are the point charges on atoms m and n, ε0 is the dielectric constant and R

the interatomic separation. Many force fields come with transferable charges that were

used in the parameterisation but the easiest method of improving them is to use charges

that reproduce the electrostatic potential (ESP) around the molecule. These can be

obtained from a QM calculation using the CHELPG65 scheme. Distributed multipole

analysis59 can further improve the description of the ESP. At each site (usually atomic

centres) there are sets of multipoles which consist of charges, dipoles, quadrupoles and

higher terms. DMA analysis features in the DMACRYS66 program and has shown

good results across a variety of problems67;68;69. However atomic multipoles are highly
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conformationally dependent so their use for flexible molecules is limited. The SCDS

method of Gavezzotti70 can also be used for higher accuracy. The QM calculated electron

density around a molecule is split into points/pixels and a direct summation over them

is used to calculate the energy terms. Each pixel is assigned a local polarizability using

the average polarizability of the nearest atom. Repulsion energies are calculated as the

overlap of the electron densities of the molecules, which is scaled proportionally by user

defined parameters. The quality of this method depends strongly on the quality of the

numerical integration, the original QM calculation and the choice of parameters for the

repulsion energies and atomic polarizabilities.

2.3.5 CSP methods used in this thesis

The sections above lay the groundwork for the choices of methods used within this

thesis. The first step in CSP is the molecular optimisation, Uintra is unimportant in

rigid molecule CSP and the electron density must be calculated accurately for use with

multipoles. A molecular model will be geometry optimised in the gas phase with density

functional theory implemented in the Gaussian 09 code71, using the B3LYP functional72

and the 6-31G** basis set73. The * signifies the addition of polarization functions on the

atoms, with ** adding these functions to H and He as well. These additional functions

can improve the accuracy of the calculation, by allowing for asymmetry in the atomic

orbitals.

In addition to the functional form and choice of electrostatic method a forcefield with

suitable parameters needs to be chosen. In crystals close contacts are the norm, so

the Buckingham potential will be used. As forcefield parameters are usually non-

transferable, a forcefield developed with molecular crystals in mind would be best. The

W99 potential meets both of these prerequisites and is used for all atom-atom interac-

tions74;75;76. The full functional form of W99 is given as:

Uik,inter = Bexp(−Crjk)−Ar−6
jk + qiqkr

−1
jk (2.9)

The first term is the exchange-repulsion energy, the second dispersion and the third

electrostatics. W99 was parametrised to reproduce energies and geometries of known

crystal structures. W99 was originally parametrised for use with atomic partial charges

fitted to the molecular ESP but as mentioned above these are often non transferable and

present problems with anisotropic features of the molecular ESP. DMA allows for the

capture of these anisotropic features and will be used in place of the charges. The electron

density is defined by Gaussian functions, which are a product of radial Gaussians and

spherical harmonics. The molecular orbitals are then constructed as linear combinations

of these atom-centred Gaussians. DMA59 analyses the electron density matrix from any
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wavefunction, though we will be using the density matrix from the initial molecular

optimisation. The density matrix from Gaussian orbitals is given below:

p(r) =
∑
tu

ptuφ
A
t (r)φBu (r) (2.10)

where φAt is a Gaussian function centred at A. When represented by a Gaussian basis set

the product of primitive functions is also a Gaussian. For example the product of two s

functions can be represented by a point charge at the overlap point. The combination of a

s and a p orbital has charge and dipole moments, while two p orbitals have charge, dipole

and quadrupole. These overlap points are then moved back to atomic centres, giving a

multipole series at each atom. Lattice energy minimisations using multipoles are possible

in the program DMACRYS66 which will be used for all lattice energy minimisations in

this thesis. The multipoles themselves will be taken from the calculated electron density

by GDMA77.

2.4 Progress in CSP

2.4.1 The blind tests

The easiest way to gauge progress in the CSP field is to read the results of the blind

tests78;79;80;81;82;83. Hosted by the Cambridge Crystallographic Data Centre (CCDC),

six blind tests have so far been conducted. Groups actively developing CSP methods

are invited to make predictions on molecules before the experimental crystal structures

become available. Molecules for the first three tests were limited to: (i) a small,

rigid molecule less than 25 (20 for the first test) atoms consisting only of C,H,N and

O; (ii) a small, rigid molecule with less common elements (halogens for example); and

(iii) a small molecule with some conformational freedom. The three molecules in the first

test78 were also stipulated to be in common space groups (though no list of space groups

was provided) and contain one molecule in the asymmetric unit (Z’ = 1). 11 groups took

part and a maximum of three predictions for each molecule was made. Methods included

ones already touched upon in this section such as UPACK, MOLPAK, RANCEL and

DMAREL84 (the progenitor of DMACRYS). From this first test seven correct predictions

were made, five with the global minimum matching experiment, however the metastable

polymorph of the first compound was not found and only one correct prediction was

made for the flexible molecule. The molecules chosen in all the blind tests and the

categories they fall in can be seen in Table 2.4.1



22 Chapter 2 Molecular Crystals and Crystal Structure Prediction

Table 2.1: Molecular structures of the molecules chosen in the blind test

Molecular Structure Category Blind test

i 1st

ii

iii

i 2nd

ii

iii

i 3rd

Continued on next page
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Table 2.1 – continued from previous page

Molecular Structure Category Blind test

ii

iii

i 4th

ii

iiii

Continued on next page
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Table 2.1 – continued from previous page

Molecular Structure Category Blind test

iv

i 5th

ii

iii

iv 5th

v

Continued on next page
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Table 2.1 – continued from previous page

Molecular Structure Category Blind test

vi

i6 6th

ii6

iii6

iv6

v6

In the second test79 15 groups took part and six correct predictions were made. While

the result is slightly worse than the first test, predictions for category (ii) improved.
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However no successful predictions were made in categorgy (iii). The third blind test80

removed restrictions on the space groups being searched and allowed Z’ = 2 structures.

This introduced difficulties for the 18 groups participating but four had successful pre-

dictions for the molecule in category (i). Due to the unpublished crystal structure for

(i) being released a second molecule was added in the category but no successful pre-

dictions were made. This was primarily due to the experimental structure crystallising

with 2 molecules in the asymmetric unit. This reduced the number of participants who

even had a chance of predicting the structure due to limitations in the search method or

computing power. Only one successful prediction was recorded in (ii), as a result of the

difficulties in modelling the anisotropic nature of iodine. Again no correct predictions

were made for the flexible molecule. For the fourth blind test81, 14 groups took part and

a 1:1 cocrystal was added to the list of molecules (category iv). For (i) a slight improve-

ment was made over previous tests with three successful predictions in the participants’

three submissions. Four successes were reported for (ii) with those groups reporting the

correct structure as their global minimum. A marked improvement was seen in category

(iii) with three groups predicting the experimental structure. The treatment of confor-

mationally flexible molecules improved between tests 3 and 4, mainly through mapping

the conformational energy surface using QM methods81. Two successful predictions

were made of (iv) representing an improvement on the last time an attempt was made

to predict a structure with two molecules in the asymmetric unit.

The 5th blind test82 introduced two new challenging categories: (v) a molecule with 4-8

internal degrees of freedom, 50-60 atoms and (vi) a polymorphic hydrate molecule that

can fit into one of the other categories. Results in the first three categories were slightly

down compared to the previous blind test with two successful predictions for (i), two for

(ii) and one for (iii). For category (iv), a molecular salt was chosen which introduced

some difficulties into the lattice energy ranking necessitating the comparison with similar

molecules in the CSD. Nevertheless two groups successfully predicted the structure. Two

groups also found success with category (v), both predicting the experimental structure

as their global minimum. This marked the first time a structure of this complexity had

been predicted under blind test conditions. No group matched the feat for category (vi),

although four groups had exact matches within their extended list of predictions.

The most recent blind test83 resulted in a change to the categories. Finding a polymor-

phic series of unpublished crystal structures only containing CHNO became difficult, so

these were removed. The category containing co-crystals and salts was split resulting

in five categories. Category i6 now allows halogens in the accepted atoms, with the size

of the molecule increased to 30 atoms. The second category (ii6) became a partially

flexible molecule with two to four internal degrees of freedom up to 40 atoms. iii6, a

partially flexible molecule as in ii6 but a salt. iv6 multiple partially flexible molecules as

a co-crystal or solvate and v6 a molecule with four to eight flexible degrees of freedom

and between 50-60 atoms.



Chapter 2 Molecular Crystals and Crystal Structure Prediction 27

As seen by the results of the previous blind tests the categories were challenging. How-

ever progress once again was made. The 6th blind test was the biggest so far, with 25

separate submissions and nine groups attempting every molecule. The first category

saw 12 successful predictions (out of 21), one of which is included in Chapter 5. The

second molecule caused some problems as it was discovered to have five polymorphs (A,

B, C, D, E), two being Z’ = 2 (C and E). 14 predictions were made at the three Z’ =

1 polymorphs resulting in four predictions of A, eight of B and one of C. Four groups

attempted the Z’ = 2 polymorphs, resulting in one prediction of C and none of E. Nine

attempts were made at prediction of the salt with one success but this was ranked 2nd

in their submitted structures. Fourteen predictions for category iv6 were made resulting

in 5 groups locating the correct structure. The final flexible molecule was successfully

predicted 3 times out of 14 attempts.

From the blind tests the limitations and strengths of CSP are readily apparent. For

small, rigid molecules with well parametrized atoms CSP can be largely successful.

However large, flexible molecules represent a major headache with very few successful

predictions made. Cocrystals and structures with Z’>1 are problematic as is modelling

hydrates. Ions limit the transferability of potentials (by increasing the importance of

induction and charge transfer terms). The results also allow the comparison of electro-

static models, with atomic multipoles doing slightly better than point charges, which

often struggle to account for strongly directional interactions. The ranking of crystal

structures was also of importance. Many groups predicted the correct structures but it

was not ranked in their top three structures.

Using the same methodology on a range of molecules can also give insight into the perfor-

mance of CSP. Day performed two CSP studies varying the potential85 and electrostatic

model86. 50 organic, small, rigid molecules were chosen, occurring in the nine most

common space groups with Z’ ≤ 1. Molecular geometry was optimised using DFT and

simulated annealing generated trial structures. In the first study85 two rigid molecule

potentials were tested: W9963 and FIT64, which are both empirical potentials using the

exp-6 functional form for non-bonded interactions. Three flexible molecule potentials

were also tested; Dreiding87, an old but still widely used force field, CVFF88 that uses

the Lennard-Jones functional form (and is parametrised to ab initio data) and COM-

PASS89 which uses molecular dynamics to include temperature in the parameter fitting.

Out of a possible 62 known crystal structures 58 were correctly predicted. However, as

seen from the blind tests, results for this type of molecule are usually encouraging. The

W99 potential performed best overall. In the 2nd study86, final lattice energy calcu-

lations were performed using two electrostatic models: an atomic point charge model

(fitted to the MEP) and atomic multipoles from DMA. The use of multipoles improved

the reliability of modelling hydrogen bonds significantly. 32 of 64 of observed crystal

structures were found to be either global minima or within 0.5 kJ/mol of the lowest en-

ergy structure when atomic multipoles were used as the electrostatic model, compared
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to 23 of 64 when using an atomic point charge electrostatic model.

2.4.2 Flexibility in CSP

Most CSP methodology is focused on rigid molecules. Flexibility introduces difficul-

ties because the intramolecular (Uintra) energy needs to be taken into account when

ranking structures. Uintra is the energy penalty associated with changing the gas phase

conformation (relative to the ab initio minimum). However, this can be compensated

by stabilising bonding motifs such as hydrogen bonds. The correct balance of intra

and intermolecular forces can be difficult to achieve as the parameters for intra and

intermolecular potentials are often derived in different studies.90 The use of empiri-

cal intramolecular potentials can lead to large molecular distortions independent of the

intermolecular model used91 and can often ignore the conformational effects on the

intermolecular interactions.92

Of course, inter and intramolecular contributions can be calculated with high accuracy

ab initio calculations, or empirical intermolecular potentials combined with ab initio

intramolecular terms93;45. If a large conformational change is needed another ab initio

calculation needs to be performed, allowing an accurate value for Eintra to be deter-

mined. If atomic multipoles are used they will also need recalculating as they are also

highly conformationally dependent. While computationally expensive, this method has

been used successfully in the predictions of glycol and glycerol93;94 as well as a series

of monosaccharides95 using UPACK39. The program DMAflex96 uses this hybrid ap-

proach, combining ab intio intramolecular calculations with a multipole description of

the electrostatics. Only intramolecular degrees of freedom expected to change during

crystal packing are optimised while others are fixed. While this cuts down on some of the

expense it is still impractical for more than a few torsion angles and a few 10s of struc-

tures.97 DMAflex has been used to successfully predict the structures of diastereomeric

salt pairs96, the steroid progesterone98 and carboxylic acids99 among others. Crystal

Optimizer45 develops on the ideas in both UPACK and DMAflex. The molecule under

study is split into fragments and a database of Eintra is created for different torsion

angles. If a specific torsion value falls between two already known points an interpo-

lation/rotation is performed. If an interpolation cannot be performed an additional ab

intio calculation is used.

Another approach begins with a search of the conformational space of the molecule.

Using QM calculations Eintra is calculated as a function of the torsion angles of interest.

Minima in conformational energy are then treated as rigid and used as the starting point

of individual predictions.This method is particularly useful if the number of stable confor-

mations is low and has been used in the prediction of a wide range of molecules.100;101;102

Obviously picking relevant torsions and the sampling ranges depends on chemical intu-

ition but this can be assisted by using data from the Cambridge Structural Database.
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There are tools such as Mogul103 and ConQuest104 that allow retrieval of geometric

parameters such as bond lengths, angles and torsion angles. Brameld105 showed that

similar fragments often adopt the same conformation in different molecules. In the 5th

blind test, CSD analysis played a part in both successful predictions of a molecule with

8 torsion angles.106

2.4.3 Beyond classical methods

One way past the problems encountered in modelling flexible systems is to use quan-

tum mechanical calculations for the entire crystal. Periodic DFT allows the electron

density and positions of the atoms to be modelled together, eliminating the balance

issues between intra and intermolecular contributions. The explicit modelling of the

electron density also removes any reliance on atomic charges and allows electrons to

move in response to the packing environment. These methods carry a high compu-

tational cost and are very sensitive to the exchange correlation functional.107;108 The

inaccurate description of dispersive forces is the major weakness of DFT when applied

to CSP as dispersion is a very important intermolecular term in molecular crystals.

Dispersion corrected DFT (DFT-D) has been used in CSP where an empirical Van der

Waals correction term was added to the DFT energy.109. Many groups are involved in

the development of their own dispersion corrections and are applying them to CSP and

optimising crystals. This method combined with the use of tailor made force fields110,a

force field (with parameters fitted from DFT-D) specific to each molecule was trialled

in both the 4th and 5th blind tests where it performed extremely well. In the 6th blind

test it predicted the structure of every molecule leading the researchers to say CSP has

been ”solved”, however the rest of this thesis will show otherwise.

2.5 Conclusions

This chapter has summarised a variety of solutions to the prediction of possible crystal

structures of a molecule. For the first step (molecular optimisation) DFT methods are

the most common. Structure generation methods vary: random to pseudorandom gen-

erators are common, though other methods such as genetic algorithms and simulated

annealing are also popular. Lattice energy minimisation is still most commonly per-

formed with transferable force fields. Full DFT-D methods will become more common

as the development of dispersion corrections continues and knowledge based methods

still have a place in limiting the search space to relevant regions. Tailor made force fields

have shown excellent success in recent blind tests, but their computational expense has

limited their widespread adoption.

The results from the blind tests highlight two major problems; the increase in search

cost with multiple molecules in the asymmetric unit and the treatment of molecular
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flexibility. Co-crystals, hydrates and Z’ >1 structures increase the number of degrees

of freedom rapidly, though as long as the components are rigid increases in computer

power should open up these areas to fuller sampling. Molecular flexibility introduces the

additional challenge of also searching conformational space, as multiple conformations

may lead to low energy crystal structures. The effects of crystal packing on flexible

torsions also needs to be taken into account. If the molecule is not rigid Uintra needs

to be included in the energy ranking, a difficult proposition for current forcefields. This

requires quantum mechanical methods to be used exclusively during the minimisation

or some way of estimating the changes in conformational energy during a minimisation.

The next chapter focuses on the molecules CSP is applied to in this thesis, organic

semiconductors.



Chapter 3

Organic Semiconductors

3.1 Introduction

The performance of any semiconducting device is measured by its mobility. That is,

the speed at which charge carriers (electrons or holes) move through the structure of

the semiconducting material in any direction. In order to have a net electrical current

electrons must jump from completely filled levels to empty levels across the bandgap. If

the bandgap is large, upon applying an external electric field at room temperature, there

will be few electrons that have the necessary energy to jump from the valence band to

the conduction band. Electrical conductivity can be described as;

σ = n · µ · q (3.1)

where σ is the conductivity, n the density of charge carriers, µ the mobility and q the

elementary charge. To have conduction there must be charge carriers, which must be

elevated to an excited state and therefore the conduction band (the LUMO level in

organic semiconductors). To move the charge carriers an electric field must be applied.

Charge mobility is the average speed of diffusion of the charge carriers (cm/s) as a

function of applied electric field (V/cm) as below:

µ =
cm2

V s
(3.2)

For amorphous silicon µ is around 5 cm2/Vs, for organic semiconductors to compete

with amorphous silicon they must have a µ of 1 cm2/Vs. The parameters governing the

mobility of an organic semiconductor come from molecular electron properties, crystal

structure and device fabrication. This chapter will introduce some of these parameters

in more detail and how they can be tuned to improve the mobility.

31
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3.2 Organic Semiconductors

Organic semiconductors are typically based on conjugated polycyclic aromatic hydro-

carbons (PAHs). While the field can be split into polymers and molecular crystals both

types require a conjugated aromatic backbone to allow charge to move. The π bonding

present in the ring systems of these molecules allows the creating of a delocalised elec-

tron density above and below the plane of the molecule. The delocalisation allows charge

carriers to move along the molecule. It is the interaction of neighbouring π-systems in

a molecular crystal (or an aggregated solid) that leads to the movement of charge be-

tween molecules. The π-electrons are in the highest energy occupied orbitals and the

lowest energy unoccupied orbitals are also π-orbitals, so that σ-orbitals and electrons

can be ignored in models of charge transport. The larger the π-conjugation the better

the delocalisation of these frontier orbitals and the easier movement of charge.

Crystalline organic semiconductors are usually one of the acenes, a series of linear fused

benzene ring systems. Common members include benzene, naphtalene, antrhacene,

tetracene (Fig 3.1) and pentacene (Fig 3.2b). All have a general formula of C4n+2H2n+4,

with (4n+2) π-electrons. They are generally flat in the ground state, with the stability of

the molecule decreasing as n increases; pentacene and hexacene for example can oxidise

readily in light.

(a) Benzene (b) Naphthalene

(c) Anthracene (d) Tetracene

(e) Pentacene

Figure 3.1: The first five acenes

While conductivity in graphite was known as early as 1947111, the first reported results

on molecular semiconductors were wide discotic molecules such as violanthrone in 1950? .

The same authors then followed up by discovering that a large variety of PAH’s formed
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charge transfer complexes with iodine or bromine112. This spurred the work of Kallman

and Pope, who found that iodine could act as an electrode and inject holes into an

organic crystal? ? . It was quickly realised that the rate of injection depended on the

work function of the electrode and suitable metallic and semiconducting electrodes were

found, kickstarting the development of organic light-emitting diodes? , organic field-

effect transistors114 and organic solar cells? . Since these first discoveries of organic

semiconductors, research in the field has exploded, with a search of the topic ”organic

semiconductors” returning over 180,000 hits through Web of Science (175,000 coming

after 1991).

The benchmark for electronic devices, amorphous silicon, has a mobility of 1 cm2/Vs

and is widely used in consumer electronics115. Intrinsic hole (a positive charge carrier)

mobility in single crystals of rubrene (Fig 3.2c) has been measured at 20 cm2/Vs at room

temperature116 with mobilities reaching 58 cm2/Vs in ultrapure pentacene117. In the

realm of conducting polymers, the champions are diketopyrrolopyrrole (DPP, Fig 3.2d)

containing polymers with hole mobilities of 8.2 cm2/Vs118. Mobilities are lower for elec-

tron transporting materials, the crystals being represented by dicyanoperylene-3,4:9,10-

bis(dicarboximide) (PDIF-CN2)119 and 5,7,12,14-tetrachloro-6,13-diazapentacene (TC-

DAP)120. Suitably functionalised DPP containing polymers again take the top spot118

but in both of these cases mobility does not exceed a few cm2/Vs. These values pale

in comparison to the typical values achieved by crystalline silicon (500 cm2/Vs) used

in high speed electronics. If organic semiconductors are to become ubiquitous in our

electronic devices and not just novelties they have a lot of ground to make up. Due to

polymers inherent lack of crystallinity (and the subject of this project being the crystal

structure prediction of organic semiconductors) this chapter will be focused on molec-

ular crystals and specifically PAHs. The next section will discuss the different types of

charge transport and the parameters affecting it.

3.2.1 Charge transport

For charge to move efficiently, the carriers (holes or electrons) must not be trapped or

scattered. This depends on factors such as the electronic properties of the molecule, the

crystal structure, how the device is processed and what conditions the device is operated

at. Only the first two conditions are accessible to CSP (and relevant to this project). As

mentioned above, most organic semiconductors are composed of π-conjugated systems

and the availability of HOMO/LUMO levels allows the injection of charge carriers. An

extended π-system also allows for the delocalisation of charge across a molecule. There

are two distinct transport regimes: hopping and band.

In the band regime, the charge carrier wavefunction is delocalised over the entire system,

meaning there is only a probability of finding the carrier at a given point. This results in

coherent plane wave transport, in which the dominant factor is the electronic coupling
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(a) PDIF-CN2

(b) TCDAP (c) Rubrene

(d) DPP

Figure 3.2: Some of the benchmark organic semiconductors

between units (molecules, polymer units etc). Band transport can occur in organic

semiconductors117;121;122;123 at low temperatures (<150K) and with ultrapure samples.

It is usually applied when mobilities reach 10 cm2/Vs124. If the crystal was perfect and

static, band transport would be achievable at ambient temperatures. In a real crystal

however, there are always lattice vibrations (phonons) that disrupt the crystal symmetry.

Lowering the temperature reduces the magnitude of the phonons and therefore increases

the mobility.

Hopping transport is described in terms of a localised carrier (electron or hole) making

its way between molecules. When a carrier lands on a molecule there is an energy cost

as the molecule assumes the optimal geometry for the charged state. This energy cost is

known as the reorganisation energy (Fig 3.3, λ, and is made up of two contributions: a

vertical ionisation (neutral to charged), followed by a relaxation to the optimum charged

geometry and the reverse process when the carrier leaves. The total λ is the sum of the
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two relaxations and for many systems these values are similar enough to be calculated as

twice the λ of each molecule. If the geometries of the neutral and charged molecules are

similar, then λ is low and the carrier does little waiting around between hops. However,

if the geometries are significantly different, the carrier must wait for a phonon to bring

the next molecule to a geometry close to the charged state or the introduction of energy

into the system to induce the geometry change. When the charge carrier leaves, there is

an intramolecular relaxation from the original molecule back to the neutral state and an

intermolecular relaxation as the formerly charged molecule can now move closer to other

neutral molecules. This is the main difference between the hopping and band regimes:

in the hopping regime the coupling of carriers to vibrations is the main factor, while in

the band regime electronic coupling between units (molecules, polymer units etc) is the

dominant factor. The electronic coupling is still important in the hopping regime, but

is not the dominant contribution. Table 3.1 presents an overview of the two regimes.

Figure 3.3: Definition of the internal reorganisation energy for an electron-
transfer reaction.

Table 3.1: The main differences between band and hopping transport

Band regime Hopping regime

Delocalization of the charge carrier wave functions Localisation of the charge carrier wave functions

Incoherent hops
Electronic coupling Electron-phonon coupling

Geometry relaxations
Both inter and intramolecular modes

Low temperature ( < 150K) Activated process

In energetic terms, if the energy saving from electronic coupling and charge carrier

delocalisation is greater than that of electron-phonon coupling, then band transport is
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favoured, as several isolated orbitals form a low energy valence band and a high energy

conduction band. If the opposite is true, then hopping is favoured and localisation

occurs. The calculation of which regime is more likely in a crystal is not straightforward.

Due to weak intermolecular forces many properties of the crystal are anisotropic and

both modes of transport can exist within the same crystal and there is no comprehensive

theory encompassing band and hopping modes of charge carrier transport. In the next

section we will discuss a theory that has had success in describing hopping transport

within molecular crystals: Marcus theory.

3.2.2 Marcus theory, reorganisation energy and transfer integrals

Marcus theory was initially developed to model the electron transfer between ions in

solution which do not undergo large geometrical changes? . Since the hopping regime is

a single carrier transfer reaction between two molecules of the same composition it can

be modelled using classical Marcus theory, where the hopping rate constant is given by

equation (3.3),

ket = (t2/~)(π/λ±kBT )
1
2 exp(−λ±/4kBT ) (3.3)

where ket is the hopping rate, t is the transfer integral, λ± is the reorganisation energy

(discussed above), kB is the Boltzmann constant and T is the temperature.

The transfer integral is equivalent to electronic coupling discussed in the previous section,

given by,

t = 〈φm | Hel | φn〉 (3.4)

where t is the transfer integral, φm is a molecular orbital on molecule m, Hel is the

electronic Hamiltonian and φn the molecular orbital on molecule n. For hole trans-

port these molecular orbitals are the HOMO, for electron transport the LUMO. If the

transfer integral was the dominant term band transport would be achieved, but even

in the hopping regime it should still be maximised. As expected of a parameter that

depends on the overlap of the molecular wavefunctions the transfer integral is largely

dependent on the relative orientation and position of the molecules. As the molecules

come together their wavefunction overlap increases exponentially; this results in a split-

ting of HOMO/LUMO levels into a valence (holes) and conduction (electron) bands.

With a perfect cofacial arrangement of the molecules a bandgap of 1 eV is seen, which

is consistent with the band regime. Of course the molecules cannot align directly, as the

areas of maximum electron density will align and repel. Instead, a displacement along

the short or long molecular axis will be seen to adopt a more favourable packing motif.

Depending on the specific orbital features of the molecules, large oscillations in bandgap

will be seen with a lateral displacement. If the new overlap is unfavourable (due to

antibonding/bonding patterns) this could result in the reduction of either of the two
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bands. The total bandgap will always be decreasing as fewer molecular orbitals overlap.

It must be remembered that it is the wavefunction overlap that matters not just the

spatial overlap. The crystal structure therefore has a large impact on the transfer inte-

gral. How the molecules pack dictates the most likely way for the charge to move. Later

in this chapter a more detailed look at the packing of PAHs (specifically pentacene) will

be undertaken.

As discussed above, the reorganisation energy depends on both intra and intermolecular

relaxations to move the geometry of the molecule close enough to accept or pass on a

charge carrier. Some vibrational modes will have no effect, while ones that lead to a

molecular geometry close to that of the ionised state will be strong. This explains the

increase in hopping mobility with temperature. The increased vibrations help prepare

the molecules to achieve the correct geometry for the hopping to take place. The decom-

position of the electron-phonon coupling is beyond Marcus theory, but they can be split

into local (affecting the reorganisation energy) and non-local contributions (affecting the

transfer integral) in more detailed investigations.

The good electronic properties of pentacene have been attributed to its small λ+(λ+

= hole transport, λ− = electron). This is due to the delocalisation of its orbitals over

the whole molecule, resulting in very little distortion of molecular structure upon the

capture of a hole. The reorganisation energy has two (inter and intra) components

described as relaxations above, but it has been shown that gas phase reorganisation

energies for single molecules can approximate the value in a crystalline environment.125

The transfer integral is related to the splitting of the levels transporting the charge and

can be approximated as half the HOMO-LUMO splitting.126 However work by Valeev

et al ? showed that polarization effects can have a large effect on the energy splitting

for non-symmetric dimers. Later on in this chapter there is a description of how charge

mobility calculations have been performed on the systems studied.

Marcus theory is not without drawbacks127. The idea of a discrete carrier hopping

between sites is intuitively attractive and retains popularity in organic semiconductor

research. However, Marcus theory is only valid in the non-adiabatic limit (when the

transfer integral is very small) and in the high temperature limit. If the transfer integral

is too large the charge transfer reaction will proceed along the lowest energy electronic

state adiabatically and Marcus theory is no longer valid. Another issue is the existence

of a discrete charge carrier. If the transfer integral is greater than half the reorganisation

energy the charge carrier does not exist, as the coupling is so strong any potential energy

minima collapse into one minimum and the wavefunction is delocalised. For pentacene

and rubrene for example, the largest electron couplings are 118 and 142 meV respectively,

while half the reorganisation energy is 159 and 90 meV. From these values it can be that

pentacene especially can not form a discrete charge carrier and no hopping rate can be

defined. Marcus theory is valid in the high temperature limit where motions can be

treated classically, the movements of water molecules in solution are much slower than
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the rate determining step in intermolecular charge transfer, which are usually bond

stretches. By treating these motions classically (rather than quantum mechanically)

important effects such as zero point energy are excluded, which can often be larger than

the energy barrier between two minima and leave the hopping rate incalculable.

However, it must be stressed that the focus of this work is on seeing how we can explore

chemical space and crystal packing space; we use Marcus theory as a commonly used

approach, but with the knowledge that it will not be a perfect description of charge

transport. What we hope is that it is ’good enough’ to reveal trends.Using equation (3.3)

it can be seen that for good charge transport the transfer integral needs to be maximised

and the reorganisation energy minimised. Much work has gone into molecular and crystal

engineering of semiconductors to achieve these goals and will be touched upon in the

next section.

3.2.3 PAHs and Pentacene

Like most PAHs, pentacene crystallises in a herringbone arrangement128. This structure

represents a compromise between edge to face (C· · ·H interactions) and face to face π-

stacking (C· · ·C interactions). Desiraju and Gavezzotti128 identify 3 other common

packing motifs for PAHs, a) sandwich herringbone, with two molecules making up the

herringbone motif; b) γ, a flattened herringbone where the main C· · ·C interaction is

between parallel translated molecules; and c) β where strong C· · ·C interactions leads

to the formation of graphite-like cofacial arrangements.Examples of these motifs can be

seen in Fig 3.4

(a) Anthracene (herringbone) (b) 3,4-Benzopyrene (sandwich)

(c) Coronene (γ) (d) Tribenzopyrene (β)

Figure 3.4: The four most common packing motifs in PAHs
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Herringbone packing typically results in 2D charge transport between the stacked lay-

ers (along the edge-to-face interactions highlighted in Fig 3.5a). This is not the most

favourable packing for charge transport, as calculations by Bredas and coworkers126

showed that HOMO/LUMO splitting was highest in cofacial arrangements. Thus co-

facial arrangements are the most effective for charge transport and edge-to-face inter-

actions must be disrupted in some way to accomplish this. In addition, pentacene is

a p-type semiconductor (a hole transporter): p-type materials have been easier to ob-

tain and thus extensively researched129. In a 2012 review130 of π-conjugated systems,

p-type semiconductors outnumber n-type 2 to 1. However n-type materials (electron

transporters) are equally important for organic electronics. They enable complemen-

tary circuit design which reduces power requirements and the production of p-n junc-

tions.131;132 N-type devices are usually made by introducing electronegative atoms into

the ring system of a PAH or as substituents on the outside of the molecule.

(a) Pentacene

(b) Perfluoropentacene

Figure 3.5: (a) Herringbone packing of pentacene with edge to face interac-
tions highlighted, (b) altered herringbone packing seen upon perfluorination of
pentacene.

Functionalisation offers a way to change the electronic properties and the packing of
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pentacene. Perfluorination of pentacene leads to a n-type material (CSD ref BEZLUO),

this also changes the packing but the basic herringbone structure remains with an edge-

to-face angle of nearly 90 degrees (Fig 3.5b).133 Electron mobility is a respectable 0.22

cm2/Vs, even though theoretical calculations showed that λ is doubled with respect to

pentacene.134 The same authors also investigated a perfluorinated tetracene135 though

performance was lower than the pentacene derivative.

The addition of bulky substituents at the central positions on the pentacene ring system

is one way to disrupt edge to face interactions. Typically, large functional groups are

added to alkyne ”spacers”.136;137 The alkyne spacer is sterically undemanding to preserve

good π overlap, while controlling the size and shape of the functional group allows fine

control over the crystal packing.138 This can be seen below (Fig 3.6) as the packing

changes from 1D π-stack with trimethyl to 2D π-stacked ”brickwork”/lamellar packing

with triisopropyl.
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(a) Trimethyl substituted
pentacene

(b) Triisopropyl substituted
pentacene

(c) 1D slipped π-stacking of (a)

(d) ”Brickwork” packing of (b) allowing for the
2D transport of charge

Figure 3.6: Changes in packing as the silyl substitutent becomes larger

Many other functionalisation schemes exist137 and one of interest is hetero-atom sub-

stitution into the pentacene (or other acene) molecule. While the addition of elec-

tronegative substituents (as in perfluorination) increases n-character, azaacenes (and

azapentacenes in particular) offer a way to favourably modify electronic properties and

crystal packing. Interest in azaacenes has increased over the last few years139;140 due to

this potential control and intriguing theoretical results. Chen and Chao141 investigated

a series of azaacenes as they tried to lower the value of the internal λ. The authors

showed that too much nitrogen substitution (10N) increased λ− due to the effects of the

electronegative pertubation on the LUMO, increasing its non-bonding character. This
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leads to stronger orbital interactions between neighbouring atoms, resulting in a larger

geometry change when an electron hops on. However, 10N substitution did result in a

large increase in electron affinity (a property needed for a good n-type material131) so

5N was also investigated and showed good (0.149-0.167 eV) and tunable (depending on

N position) λ values.

Winkler and Houk142 also looked at a series of azapentacenes, calculating reorganisation

energies for varied amounts of nitrogen substitution and locations including 5N, where

their λ values agree quite well with those of Chen and Chao. N-substitution will not just

change the electronic properties but also the molecular packing. The replacement of C-H

moieties should reduce edge-to-face interactions and lead to face-to-face dominating. The

ability to form N· · ·H-C hydrogen bonded networks will also increase the stability of the

material. Some work has been done showing promising results with N substitution into

already 6,13-substituted pentacene derivatives, although no thorough examination of

the crystal packing was performed.143 Winkler and Houk state that ”A most interesting

question is how substitution of CH by N modifies the solid-state structures (and hence

transfer integrals) of azaoligoacenes.”. This will be explored thoroughly in Chapter 6.

3.2.4 Charge transport calculations in this thesis

For our charge mobility calculations, the two parameters needed are the reorganisation

energy of the molecule, and the transfer integral in the crystal structure. As mentioned

above, the reorganisation energy can be calculated with reasonable accuracy from the

gas phase structure of the molecule. The λ− is calculated as the sum of the energy

required for the reorganisation of the vertically ionised neutral geometry to the anion

geometry, plus the energy required to reorganise the anion geometry back to the neutral

equilibrium. The process of calculating the reorganisation energy requires four calcula-

tions; a) a geometry optimisation of the neutral molecule; b) a geometry optimisation

of the molecule with a negative charge; c) a single point energy of the a geometry with

a negative charge and d) a single point energy of the geometry of b with a neutral

charge.The energies from these calculations are then summed as,

(c− b) + (d− a) (3.5)

or more formally,

λ− = E0opt(Q−)− E−(Q−) + E−opt(Q0)− E0(Q0) (3.6)

where the subscript on E refers to the geometry of the molecule and Q the charge. For

the hole reorganisation a similar procedure would be followed, replacing the negative

charges with positive ones.
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Calculating the transfer integral from predicted crystal structures is a rather more com-

plicated task. The calculation must be performed not on the entire crystal structure

but between dimer pairs present in the crystal. The more unique dimer pairs, the more

calculations need to be performed. For hopping transfer only two molecules in the

crystal need to be treated at one time, allowing the splitting of the crystal structure

into fragments. In the tight binding approximation it is assumed that only adjacent

molecules can couple. As mentioned above the transfer integral can be approximated as

the splitting of the two HOMO levels (for hole transport) or LUMO levels (for electron

transport) in a dimer. However this method is only an estimate and a full treatment

requires the spatial overlap of the molecular orbitals to also be taken into account.

Frozen density embedding (FDE)144 as implemented in the Amsterdam Density Func-

tional? allows the use of molecular orbitals on individual molecules as a basis set in

calculations on a system composed of two or more molecules. FDE, first developed for

use in the study of solvated molecules145, describes the total electron density as the sum

of subsystem densities as below,

p(ρ) = pi(ρ) + pii(ρ) + · · · , (3.7)

where i and ii are the labels of the subsystems. The partitioning of the system allows

FDE to return subsystem-localized electronic structures which resemble the acceptor and

donor states in a hopping charge transfer. Running the calculation first requires a single

point energy on each fragment of the system which gives the initial density and energy of

the fragments with no interaction between them. A FDE calculation is then performed

taking into account the dimer structure, giving the embedded density of each subsystem.

This gives both the charged and uncharged structures and densities of each half of the

system. From there the final electron transfer rate constant is calculated through the

computation of the overlap matrix elements which are needed for the coupling matrix

elements, which are equivalent to the transfer integral.

The reorganisation energy and transfer integral allows the rate constant of electron

transfer to be calculated from (3.3), this value can then be used to calculate the electron

diffusivity (D),

D =
1

3
∑

i,j Nij

N∑
i=1

Ni∑
j=1

r2
ijk

2
ijPij , (3.8)

where N is the number of symmetrically independent molecules in the crystal, Ni is the

number of nearest–neighbouring dimers for the i–th molecule and rij is inter–centroid

distance. Pij is the probability for the charge carrier to hop between molecule i and j,

and is calculated as

Pij =
t2ij∑Ni
j=1 t

2
ij

. (3.9)
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The intermolecular electron transfer rate is calculated according to equation (8.3). The

value of the diffusivity can then be used in the Einstein equation to calculate the electrical

mobility of the electron as below,

µ =
e

kBT
D. (3.10)

All calculations will be performed at T = 300 K.

3.2.5 Conclusions

This chapter has presented the types of charge transport, factors needed for good charge

transport in organic semiconductors, how to modify them and the most common crys-

talline molecules used to create organic electronics. Two possible regimes are possible

in organic semiconducting crystals, band and hopping. Band transport involves the

delocalisation of the charge carrier wavefunction resulting in coherent transport. The

electronic coupling (or transfer integral) is the most important factor in the band regime

and due to this requirement it is usually seen at low temperatures. As temperature in-

creases, a drop in mobility is seen before hopping transport can begin.

Hopping transport has localised charge carrier wavefunctions, which move from molecule

to molecule. It is strongly coupled to the phonons within the crystal and molecule, as the

geometry of the molecule must be ready to accept or eject the charge carrier. The smaller

the reorganisation of the molecular geometry for this process the lower the molecule’s

reorganisation energy and the hops are made easier. Outside of considerations in device

processing and synthesis, the transfer integral and the reorganisation energy control

the charge mobility. The transfer integral depends on the overlap between molecular

wavefunctions in the crystal and can be modified by changing the crystal packing. The

reorganisation energy depends on how delocalised the molecular orbitals are, and this is

often modified by substitutions or additions to the molecule (not always for the better).

Using Marcus Theory for the calculation of charge mobility shows that the transfer

integral should be maximised while the reorganisation energy should be minimised.

Modifying the crystal packing of PAHs allows the tuning of the transfer integral. Many

different schemes have been developed to lead to cofacial packing from the more common

herringbone motif. One that shows promise is the creation of heteroacenes (specifically

azaacenes) which allow hydrogen bonding networks. Electronegative substituents also

change the PAHs from hole transporters to electron transporters. While some azaacenes

molecular properties have been investigated, little work has been performed on exam-

ining the packing motifs of these molecules. Chapter 5 in this thesis presents a CSP

study on a six azapentacene molecules, and calculates the charge mobility from the pre-

dicted structures. The next chapter will discuss machine learning, in particular genetic

algorithms, and how they can be applied to the search for novel organic semiconductors.
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Machine Learning and Genetic

Algorithms

4.1 Machine Learning and Genetic Algorithms

The primary goal of machine learning is to construct computer programs that automat-

ically improve with experience. Since the dawn of the field, machine learning algorithms

have succeeded in tasks such as the optimisation of search engines, speech recognition,

autonomous vehicles and economics. Machine learning draws from varied fields such as

biology, information theory, statistics, philosophy and more thus many different meth-

ods have been developed to meet the goal of ”learning” programs. While we do not yet

know how to make a program learn as well as a human, many algorithms have been

developed that are effective for certain types of learning tasks. Mitchell146 provides

a formal definition for machine learning, ”A computer program is said to learn from

experience E with respect to some class of tasks T and performance measure P , if its

performance at tasks in T , as measured by P , improves with experience E.”

This framework can be applied to many possible learning tasks. Checkers, being a

relatively simple game but with a depth of strategy has been a testbed for many advances

in machine learning. The world’s first self learning program was designed to play checkers

and presented in 1951147, it was written by Christopher Strachey for a discussion on

”logical or non-mathematical programmes”. Computing pioneer Arthur Samuel followed

by writing another checkers program at IBM in the 50’s, and it was demonstrated on

television in 1956148. Using Mitchells definition we can formulate a checkers learning

problem. The program’s performance would improve as measured by its ability to win,

its task would be to play checkers games and the experience would be gained through

playing games against itself. In general, to have a defined learning problem we must

identify the tasks, measure of performance and experience the program will learn from.

45
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A checkers learning problem:

• Task T : playing checkers

• Performance measure P : percent of games won against opponents

• Training experience E: playing practice games against itself

Many learning problems can be defined this way.

A robot driving problem:

• Task T : driving on public roads

• Performance measure P : distance covered before error

• Training experience E: images and inputs from watching a human driver

A speech recognition problem:

• Task T : recognising and classifying spoken words

• Performance measure P : percentage of words classified correctly

• Training experience E: a database of spoken words with given classifications

Or more relevant to this thesis:

A molecular design and property optimisation problem

• Task T : design and CSP of a molecule

• Performance measure P : favourable molecular property or charge mobility of pre-

dicted crystal structures

• Training experience E: molecules with known charge mobilities

Machine learning tasks are typically separated into three broad categories: supervised

learning, unsupervised learning and reinforcement learning depending on what feedback

is available to the program (Table 4.1). These classes are not mutually exclusive however.

It is possible to write a learning program using multiple methods of learning. The first

choice is usually the learning method the algorithm will follow. However there are many

decisions to be made after that. In supervised learning the program is presented with

inputs and the desired outputs with the goal being to learn a function to map inputs
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to outputs. This function can then be used to map new inputs to a correct output.

To set up a supervised learning problem some initial steps need to be followed. The

first decision is determining the type of training examples. In the case of the speech

recognition problem above this could be single words, syllables or common phrases. The

next step is gathering training data. This set should be representative of the real-world

use of the function. Inputs and outputs must be gathered to allow training of the learner.

If our speech recognition program is to be used on television speech to text successful

examples of this task are needed. Next comes determining the representation of the

inputs. This is a vital step as the performance of the learner depends strongly on the

representation. Typically a vector is used, with enough features to describe the object.

The number of features should not be too large to avoid dimensionality problems149, but

still contain enough information to accurately predict the output. Now the structure

of the algorithm and the learning function needs to be considered. Different algorithms

perform better with different problems, but many can do well if the input representation

is strong enough150. Once the algorithm is functionally complete it needs to be run on

the training set. Depending on the choice of algorithm there may be some parameters

of the function left to be decided. These can be chosen by first running on a smaller

sub set of the training data. After evaluating the performance of the algorithm on the

training set, it can then be given a separate test set of unseen data.

Table 4.1: The three common types of learning used to train machine learning
algorithms.

Type of learning Learning feedback available

Supervised Inputs with their desired outputs

Unsupervised No output given, learner must infer patterns present in the input

Reinforcement Learner interacts with an environment aiming to maximise a reward

While following the simple steps above there are a number of issues to consider. First

is the balance between bias and variance. Both bias and variance introduce error into

the learning algorithm, and problems can arise when both of these are minimised si-

multaneously. Bias is the error from false assumptions made during the design of the

algorithm. High bias can lead to underfitting as the algorithm misses relations between

features of the input to the output. Variance is the error created by the sensitivity of the

algorithm to small fluctuations in the training set. High variance leads to overfitting,

modelling the noise present in the data, rather than the intended outputs. Ideally a

method would be chosen that both accurately captures the regularities in the training

data and generalizes well to new data. However in practice this is typically impossible

to do both simultaneously. Simplifying the model through reducing the dimensionality

of the problem can decrease variance, as can using a larger training set. But adding

features decreases bias at the cost of increasing variance. Most learning algorithms have

tunable parameters to control the tradeoff, such as the use of hidden layers in neural
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networks to increase the variance (which decreases bias) or controlling tree depth in

decision tree models to reduce variance.

The second issue is the relationship between the amount of training data present and

the complexity of the ”true” function being investigated. If the true function is simple

then an inflexible algorithm (high bias, low variance) will be able to learn it from a small

amount of data. However if the true function is complex (it may depend on a number of

combinations of input features or behave differently across the feature space) then it will

only be able to learn from a large amount of training data and a flexible (low bias, high

variance) algorithm will perform better. A good algorithm will therefore automatically

adjust the bias/variance trade off depending on the amount of data available. This

occurs in the pruning of neural networks151, where the hidden layer is initialised with a

large number of nodes, after training those nodes which have small weights are removed

as these are either contributing nothing or adding noise to the model.

The third issue is the dimensionality of the input space. If the feature vectors have

a high dimensionality, then learning the true function can be difficult even if it only

depends on a small number of those dimensions. The many superfluous dimensions can

cause high variance in the algorithm. Thus a high input dimensionality requires tuning

of an algorithm to lower variance and increase bias. Removing the useless dimensions

can dramatically improve performance, whether this is done by hand or using another

method to reduce dimensionality before training the algorithm.

The fourth issue to consider is the presence of noise in the output values. If the desired

output values are often incorrect (due to human or sensor error) then the algorithm

should not try to learn a function that matches the training examples exactly, as this

can lead to overfitting. As discussed above, overfitting can also occur in the absence of

noise if the true function is too complex for the learning model. In this case the part of

the function that cannot be learned damages the performance of the algorithm as whole.

In either case it is better to go with a lower variance higher bias model learner for noisy

data. However there are strategies to deal with noise in the output, such as stopping

the training early to prevent overfitting or the removal of particularly noisy examples

from the training set.

Other considerations include the homogeneity of the data set; if the data is homogeneous,

numerical and scaled (leading to simple feature vectors) some methods will perform bet-

ter than others. Algorithms that use a distance vector are particularly sensitive to the

form of the data. If the data is heterogeneous and the feature vector includes features of

many different types, then a decision tree method may be more useful. If the data con-

tains many redundant features this can also cause problems for distance based methods,

as the redundancy can lead to numerical instabilities. The interactions between features

present in the vector must also be taken into account. If the features do not interact and

each makes an independent contribution to the output then algorithms based on linear
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combinations can perform well. However, if there are complex interactions between the

features then methods such as neural networks or decision trees designed to highlight

hidden interactions may be a better choice.

Some of the factors discussed above also apply to the other forms of learning experience

chosen, specifically those to do with input representation. In unsupervised learning the

program must learn the patterns present in the input itself from unlabelled data; there

is no output for the algorithm to learn from. The most common unsupervised learning

task is the clustering of inputs into specific subsets with the aim of correctly clustering

new inputs. Reinforcement learning allows the program to learn from interacting with

its environment. Examples of the above include the robot driving program and the

checkers program learning through playing itself. Unlike supervised learning, no correct

input/output pairs are ever presented to the algorithm, and mistakes made by the algo-

rithm are not corrected. Each action (or set of actions) has an associated reward, and it

is up to the algorithm to maximise the reward gained. In addition, there are sub-classes

such as semi-supervised learning (in which output values are provided for only a subset

of the training data) and active learning (in which the algorithm gathers new training

examples as it progresses).As mentioned above, the choice of learning method is largely

problem-dependent and many families of algorithms can be used with any of the three

methods.

Table 4.2: Desired outputs of machine learning and the common algorithms
used for these outputs.

Desired output Common machine learning algorithms

Classification Support vector machines, k-nearest neighbours, decision trees

Regression Linear regression, ordinary least squares, Bayesian

Clustering Hierarchical, k-means, density based

Density Estimation Kernel density estimation, spectral density estimation

Dimensionality reduction Principal component analysis, linear discriminant analysis

Another categorisation scheme used for machine learning programs is the expected out-

put of the system (Table 4.2). Classification is the problem of identifying to which set

of sub-groups a new input belongs. Inputs are divided into two or more sub-groups,

then the learning program must produce a model which assigns new inputs to one of

these groups. Classification is typically considered supervised learning, as there is a

set of correctly sorted inputs available to the learner. The unsupervised version of this

task is commonly referred to as clustering, where the sub-groups of the inputs are not

known initially and the learner must create its own. Clustering and classification can

both be thought of as pattern recognition tasks and regression is also included in this

group. Like classification, regression is usually a supervised task, but the outputs are

continuous variables rather than discrete groups. Regression typically overlaps with ma-

chine learning when used to make predictions. Density estimation uses statistical models
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to find an underlying probability distribution that gives rise to the observed variables,

which is typically an unsupervised task. Dimensionality reduction attempts to reduce

the number of variables in a problem to a set that captures the essential behaviour of the

system as a hole. This set can be a subset of the observed variables or an entirely new

set that better describes the system. Examples include principal component analysis

and the use of autoencoders in neural networks.

The next section will discuss four of the common algorithms used in machine learning

for the above desired outputs.

4.1.0.1 Support Vector Machines

Support vector machines (SVM) are a common tool for classification and regression

tasks. At its most basic a SVM is a representation of input data in space mapped so

that different categories of data are separated by as wide a gap as possible. SVMs are

linear classifiers, as they are based on a linear combination of the features of the vector.

However, not all input data is separable linearly in 2D space, but can be mapped to a

linear distribution in feature space. Kernel functions are used to map the data into fea-

ture space; the coordinates of the data in this space do not need to be computed, just the

inner product between each pair. Many different kernels can be used as long as Mercers

condition (that the kernel is positive definite) is satisfied. Each data point is viewed as

a n-dimensional vector and we need to separate these points with a (n-1)-dimensional

hyperplane which allows the surface between our data points to be represented geomet-

rically. There are many hyperplanes that might classify our data and the use of a SVM

ensures the best one will be chosen. The best in this case is defined as having the largest

distance between data points on each side of the vector (Figure 4.1). Those data points

closest to the margin are the support vectors and if they were removed would change

the location of the optimal hyperplane.
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Figure 4.1: Schematic representation of a support vector machine in two dimen-
sions. H1 does not separate the classes correctly, H2 does but with a very small
margin and H3 separates them with the maximum margin.

Using the hyperplane with the largest margin is the best choice as it allows for the easy

classification of new data and the larger the margin the better the generalisation of

the function creating the hyperplane. Optimising the size of the margin is a quadratic

programming problem and is usually accomplished using Lagrangian multipliers. SVMs

are strong tools for classification as the kernel allows the use of non-linear data. No

assumptions are made about the functional form needed for the transformation to feature

space and the use of the best margin allows for good generalisation to unseen data even

if the data contains some bias and due to the nature of the optimisation problem the

best margin will be the global minimum. However, SVMs may not be the best choice

for a certain problem, they require both positive and negative training data, selecting

the best kernel for the transformation is not always easy, there may be numerical issues

in optimising the margin and the parameters of the final model may be unintuitive.

SVMs were first developed in 1963 for use in pattern recognition by Vapnik152, before

being expanded into the most common implementation today in 1995153. SVMs have

a rich history in chemistry and have been applied to a wide range of problems154;155.

For example Burbridge et al 156 used an SVM for structure-activity relationship anal-

ysis in drug design, proving it outperformed other machine learning techniques in the

prediction of inhibition of dihydrofolate reductase by pyrimidines. Borin et al 157 used

a least-squares SVM as a calibration method for a near-infrared spectroscopy analysis

of common adulterants in powdered milk. The three analysed adulterants exhibited

non-linear spectral behaviour rendering the use of linear methods difficult. Their SVM

could predict both the presence and absence of the adulterants outperforming a partial
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least-squares regression method. Fatemi et al 158 used their SVM to successfully predict

the selectivity coefficients of ion-selective electrodes based on the molecular structure

alone.

4.1.0.2 Linear Regression

While linear regression comes from the field of statistics and may not seem a machine

learning algorithm at first, it can be thought of as a supervised learner as it essentially

attempts to understand the relationship between input variables and their output. As

in the simple SVMs, linear regression is a linear model as it assumes a linear relationship

between input and output or more specifically, that the output can be predicted from

a linear combination of the input variables. If the relationship is one-to-one it is called

simple linear regression and the plot of our function describing this will form a straight

line (often called a regression line). If there is more than one input per output it is

referred to as multivariate linear regression (which may plot a plane, a generalisation of

a line). The representation of a simple linear regression problem is as below,

y = β0 + β1x1 + β2x2 + · · ·+ εi (4.1)

where y is the ouput. β0 is the intercept coefficient (allowing the line to move up and

down); this is usually a constant and is included in many statistical model. β1 is the

coefficient of x1 the input and εi is the error term. As more input variables are added

they have their own βn coefficients. The learning present in linear regression focuses on

the estimation of these coefficient values from training data to make the best prediction

of our output value on unseen data. The complexity of the model refers to the amount

of coefficients present in it. Often complexity is reduced by regularisation methods

by driving the value of some coefficients towards zero. The error term captures all

other factors which influence y apart from the input variable x (for example, noise in

measurements of the output variables). Discovering the relationship between the errors

and the input variables can be important, especially if they are correlated.

The estimation of the coefficients can be performed by many means, the most common

and simple is ordinary least squares (OLS). OLS works by minimising the errors/distance

between the regression line and the observed values of y. Coefficients are determined

that minimise the sum of the squared distances between the prediction and the observed

for every point in the training data. The smaller the distances between the regression

line and the points, the better the model fits the data and the better it can generalise

to new data. To use OLS for a linear regression model, some assumptions need to be

made about the data (all of these assumptions can be relaxed, usually with an increase

in the complexity of the model).
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In simpler models the input variables (x) are assumed to be measurement error-free

and can be treated as fixed values rather than random variables. While not realistic

in all problems dropping the error can result in underestimation of the coefficients and

the OLS becoming invalid. The second assumption is that the mean of the output (y),

is the result of a linear combination of the coefficients and the input variables, as the

input variables are fixed values the linearity only really applies to the coefficients and

the input variables can be transformed or even copied and transformed to allow for

non-linear models to be used. The third assumption is that different output variables

have the same variance in their errors, and the error does not depend on the value of the

input variable. If the variance is too different for each output variable the model will

look better than it actually performs. In addition to the variance of the errors of y they

are also assumed to be uncorrelated as this can also introduce bias into the predictions.

Apart from these assumptions, other properties of the data being studied need to be

considered such as the relationship between εi and the input variables and the sampling

of the input variables to ensure an accurate estimate of the coefficients. Many more

complex methods of linear regression such as Bayesian, generalised least squares and

weighted least squares have been developed to relax the assumptions made above.

Having been around for over 200 years OLS and linear regression has been a popular

general prediction method almost since it was derived. Its use in chemistry may have

peaked before more advanced machine learning methods were invented and now it is often

used as the comparison for the ”hot” method of the moment (as above with SVMs). The

more complex linear regression models mentioned above have found further use however.

For example, Riu159 developed a bivariate linear regression method to estimate errors

in analytical methods; this allowed the relaxation of the third and fourth assumptions

mentioned above and can be used when errors may be present in the input and output

variables. Koklay160 developed a stepwise multivariate linear regression model to predict

the nitrogen, lignin and cellulose content of leaves from reflectance spectra data across

a variety of plant species.

4.1.0.3 Artificial Neural Networks

Neural networks (NNs) are inspired by the observation that biological learning systems

are built of very complex webs of interconnected neurons. While a brain is a massively

complex object the building blocks are surprisingly simple. A brain contains on the

order of 1011 neurons each connected to 104 other neurons. Despite their relatively

slow switching speed (10−3 seconds compared to 10−10 computer speeds) the brain can

perform very complex tasks surprisingly fast. Recognising the face of someone you know

can occur within 150 milliseconds of the image hitting the retina. Performing the task

this quickly implies the sequence of neurons firing can only be a few hundred steps

given the neuron switching speed. This led to the speculation that the information-

processing abilities of biological systems is due to highly parallel processes operating on
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representations distributed over many neurons. This is the main motivation behind the

development of NNs, to try and take advantage of highly parallel computation based on

distributed representations.

Typically NNs are made up of connected layers of simple processing units, there is

no connection between units in the same layer, only to layers above and below. The

signal typically travels front to back, from the input layer through the processing units

(neurons) and to an output layer. Fig 4.2 shows this basic structure, but additional

layers can be used and the connectivity of the network can be modified.

Figure 4.2: Structure of a basic NN.

The input layer does not carry out any arithmetic operations and its main function is

to pass input values to the layer of neurons below with each part of the input layer

connected to every neuron. The neuron layer is also commonly called a hidden layer, as

it sends or receives signals to or from an outside source. The values that arrive to each

neuron from the input layer are different as each connection has a different weight. These

weights are usually determined in a learning process using the NN. The weights can be

thought of as the synaptic strength linking real neurons together and allow the NN to

choose which neurons are most useful for solving the problem. The neurons are where

the computation of the NN occurs. Each neuron receives one or more weighted input

values from the input layer, these weighted values are then summed and passed to the

transfer function. The purpose of the transfer function is to introduce nonlinearity into

the model. Without this mapping, neural networks can only identify linear relationships

between the input and output layers, but even with just a single hidden layer that maps

input values to a transfer function, they have been shown to be able to approximate any

(well behaved) function to arbitrary accuracy, provided the network has enough hidden

layer nodes. The function can take any form but typically a bounded differentiable

function is used, such as a sigmoid function (commonly the arctangent function):
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f(x) =
1

1 + e−x
(4.2)

f(x) =
1

π
tan−1(x) +

1

2
(4.3)

Other functions can be used depending on the construction of the network. Once the

transfer function has acted, the value can then be passed to the output layer, or another

layer of neurons (Figure 4.3 shows the structure of a neuron/hidden node).

The training process of a NN is through the adaptation of the weights linking the layers

until the correct output is achieved and choosing the structure of the network. Many

different approaches can be used for this step including the use of genetic algorithms,

simulated annealing or interval analysis. Regardless of what method is used, training

a supervised NN involves the same basic steps. Weights are initialised randomly (often

taking small values), the inputs of the training set are fed into the network and the

resulting output calculated. The error between the NN output and the known output

are calculated and weights are optimised to reduce this error. The process stops when

the error begins increasing again, usually there are a few local minima in the weight space

and the best set may be ones found in a reasonable time-frame. The weights are generally

optimised (normally by gradient descent with some modifications like stochastic gradient

descent) to reduce the average error (i.e like the RMSE) of the training set. Early

stopping to prevent overfitting is then accounted for by monitoring the RMSE of the

training set and the test set. As the weights are being optimised to the training set the

training set error should always decrease (outside of numerical error). The test set error

is likely to fluctuate, but if the test set error is increasing while the training set error

continues to decrease overfitting to the training data is occurring.

Figure 4.3: Structure of one neuron, where g is the transfer function.

Deciding whether to use a NN is (as with many machine learning algorithms) dependent

on the problem you are trying to solve. NNs are well suited for input data which is

complex and noisy, discovering unseen associations or regularities in data, and problems

in which the relationship between variables in the data is not well understood or the

relationships are difficult to describe. However there are some drawbacks. Most NNs
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used today are extremely black box: once deciding on the random weights and archi-

tecture of the network the user has no other role apart from feeding input, watching

learning and awaiting output. The NN cannot explain the relationship between your

input and output: the network is the relationship. Therefore the form of the network

provides no physical insight into the relationship between input and output. In addition

training a NN can be a time consuming process if run on a single computer. Usually

the evaluation of the network is fast once training has been completed. Another main

drawback is they require a large number of training samples to optimise all the weights,

as more hidden nodes are needed to reduce bias with the increase in training samples

to keep variance low. Despite these small drawbacks, NNs have been used in many real

world applications. ALVINN161 is an autonomous driving system which uses a learned

NN to steer the vehicle. The NN was trained to mimic the observed steering commands

of a human driver vehicle for 5 minutes. ALVINN eventually graduated to successfully

driving on public motorways at speeds of 70 miles per hour. NNs have also found use

in speech162 and pattern recognition163 and the diagnosis of cancer164. NNs have been

applied to many problems in chemistry165 including the prediction of molecular elec-

tronic properties166, the lipophilicity of molecules167 and the mechanical properties of

polymers168.

4.1.0.4 k-Nearest Neighbours

The k -nearest neighbours algorithm (kNN) is a method typically used for classification

and regression tasks in which a data point is characterised by its nearest neighbours. In

each case the input is k (typically a small,positive integer) closest training examples in

the feature space of the data set. If used for classification, the output is which class the

feature vector corresponds to, and this class is that which is most common amongst its

k nearest neighbours. If used for regression the value associated with the feature vector

is the average over the k nearest neighbours. In both cases, weights are often assigned to

the neighbours based on their distance from the feature vector being analysed (typically

1/d where d is the distance to the neighbour). Neighbours are selected from already

known examples, so they are the training experience of the algorithm. Figure 4.4 shows

this in practice.
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Figure 4.4: How the kNN works for classifying (or predicting) the colour of a
rectangle. When k=1 the green query will be classified as belonging to the red
class, when k=3 it is again red by a 2-1 vote, when k=5 it will be classified as
blue by 3-2.

The kNN is sensitive to the local structure of the data which is a strength if the appli-

cation requires the calculation of properties with a strong locality. Despite this locality

kNN, can still give good global performance as long as the examples are distributed

throughout the feature space. Distances are usually assumed to be Euclidean if contin-

uous variables are used, but other metrics can be used depending on the problem being

studied. The performance of the method can be improved dramatically if the distance

metric is learned using a specialised algorithm. The best value of k relies on the data

being used (and the task, as in binary classification problems an odd number is chosen to

eliminate ties); noisy data may require a large value of k to reduce interference though

this may make boundaries between classes less sharp. Often k is optimised using an

internal validation method. It is often useful to scale the features present in the vector

so that measurements in different directions are comparable. In addition, the presence

of irrelevant and noisy features can severely degrade the performance of the algorithm

so these may need to be removed.

kNNs has been applied to many classification problems in chemistry and they excel in

the creation of quantitative structure activity relationships (QSAR). Kovatcheva et al 169

used a kNN to generate a QSAR for fragrant compounds in ambergris, outperforming

a SVM method in the same study. Kühne et al 170 used their kNN to select the best

method for predicting solubility of a molecule based on similar previously predicted

molecules, similarity classified by the kNN. Chavan et al 171 used a kNN in combination
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with molecular fingerprinting to predict and classify the toxicity of a range of molecules.

In an early application, Kowalski172 used a kNN as a comparison against a simple

machine learning algorithm for the classification of NMR spectra with the kNN method

performing better on the majority of spectra seen.

4.2 Genetic Algorithms

Genetic algorithms (GAs) use concepts from biological evolution for optimisation prob-

lems. Evolution presents an attractive inspiration for researchers looking to discover

good computational optimisation methods. After all, evolution has been optimising

biology for billions of years through the process of natural selection. Many different

”solutions” are ”tested” through genetic variance at the same time. These solutions are

then evaluated based on their ability to survive their environment. Evolution can also

design innovative solutions to complex problems, such as the mammalian immune system

or the classic example of a giraffe’s neck. The fitness landscape that biological evolution

operates on depends on a large number of factors and is constantly changing. What

may be good for the goose today may make the goose hopelessly outdated tomorrow.

While the underlying landscape is complex, the rules of evolution are remarkably simple.

The diversity we see on our planet today arises from random variation (through genetic

recombination operators) and natural selection in which the fittest tend to survive and

reproduce.

All of the above points have a direct analogy to many of the complex problems in biology,

chemistry and finance. Many computational problems require searching huge number

of possibilities for the best solution. One example is CSP in which millions of trial

structures may be generated and lattice energy minimised in the search for the global

minimum. Additional examples could be the search for a set of rules or equations to

predict financial market behaviour, or the search for a sequence of amino acids leading

to a protein with the desired properties. All these problems benefit from parallelism-

the ability to evaluate many solutions simultaneously in an efficient way. In addition,

many of these problems require the next set of solutions to be optimised to be chosen

intelligently.

Many problems require the program to be adaptive, such as those in robot control

performing a task in a variable environment. Other problems require the program to

be innovative by creating new algorithms or new solutions. Many requirements or rules

for the program are too complex to be encoded completely in the program (such as AI

or the simulation of neurons) and must rely on emergent behaviour from a simpler set

of rules. It can be seen that biological evolution as discussed above, can provide an

adaptive, parallel search for the solutions to these complex problems.
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In GAs our rules are those biological operators (loosely) borrowed from biological evo-

lution. Exploration of the search space through variation (crossover or mutation) and

emergent behaviour from the design of high quality solutions. While there is no rigorous

definition of what exactly a genetic algorithm constitutes, most share the same basic

building blocks. A population of candidate solutions (often called genomes), selection

according to fitness, crossover to produce new solutions and the mutation of a small

number of these new solutions. Solutions are usually represented in a way that is easy

to crossover and mutate; most common are bit strings but many other representations

have found use based on what problem is being investigated. Each solution is a point in

search space, and the GA iteratively updates the population. To do this, the GA needs

a fitness function to score each member of the population.

Fitness is how well the solution scores the problem at hand. The fitness function varies

widely depending on what is being studied. For example, the protein design problem

above may use the molecular energy of the proteins generated. However the fitness is

calculated it is used to select which members of the population are used for crossover.

A number of selection methods can be used, which can have a large impact on how well

the space is sampled. In most examples of crossover two parent solutions produce two

offspring solutions. These are collected into a new generation and fitness is calculated

again. This process continues until some stopping condition is met, either a convergence

of the fitness, a maximum number of generations or a lack of new unique solutions. This

basic structure can be seen in Fig 4.5. Overall, a GA is a simple procedure analogous

to the simple rules of biological evolution. The next section will discuss many of the

concepts needed for a successful GA in more detail.

Figure 4.5: Structure of a basic GA.

4.2.1 GA operators and concepts

The easiest way to explain the operators in a GA is to explain them as they appear in

the running of a standard GA. The first choice to be made is how the problem will be
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encoded. This is integral to the performance of any learning or search method. The

most common (and earliest) method is the use of fixed length binary encodings, strings

of 0s and 1s also called bitstrings. Much of the earliest work investigating suitable

parameter values in GAs used bitstrings. However they are unwieldy for many problems

(such as evolving neural network weights) and can be prone to arbitrary orderings. Other

encodings including multiple characters or real numbers have also been developed. These

encodings may be more useful for problems such as exploring chemical space, where

elemental symbols can be used. Tree encoding systems used in genetic programming

allow the search to be open ended as they have no limit on the size of the tree that

can be formed. However large trees can sometimes become difficult to classify and

uncontrolled growth can lead to unstructured solutions. Choosing the right encoding

system can be difficult and Davis173 proposes possibly the most sensible solution: choose

the most suitable encoding scheme for your problem and develop the GA around that.

The initial population is often generated randomly, with the size of the population

depending largely on the problem being studied. A smaller population can lead to the

GA converging early on a local minimum, whereas a too large population can rapidly

increase the cost of the GA. Sadly there is no formal way of choosing a population

size, requiring it to be chosen empirically as the GA is being developed. While random

generation is popular to try and ensure a good mix of starting population members,

certain members can be seeded in the population to encourage evolution in a certain

direction174. Due to the inherent randomness present in many steps of the GA, multiple

runs are often performed and average statistics reported.

The first generation of a GA is the simplest: after creation, each member of the popu-

lation needs to be evaluated for its fitness. The fitness function is an important part of

ensuring that the GA locates the best solution. As more and more solutions cross over,

the fitness landscape becomes more complicated and it is possible that many solutions

are very close to one another. Any accuracy lacking in the fitness function makes it

possible that the GA will not find the correct minimum. This is less a problem of the

GA and more the choice of fitness function. However fitness is calculated, the next step

is the selection of solutions for crossover.

4.2.2 Selection methods

Selection is not just a process of pairing off the best solutions for crossover. Selection

pressure is of major importance. This is essentially how hard the GA is driving towards

the minimum. If the selection pressure is too high, the search will converge too early. If

too low, the cost and time spent on the GA will increase. Fitness proportionate selection

(FPS) was used in the first major GA175 (to be discussed later): solutions are chosen

probabilistically based on their fitness. The first step in selecting genomes for the next

generation involves the normalisation of the fitness. In this method the probability that
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a solution can be expected to crossover is that individuals fitness divided by the average

fitness of the population. This method is often called roulette wheel selection, as each

member of the population can be thought as a space on a roulette wheel. The size of

each pocket is related to the fitness of the genome. Then a random selection is based

off the spin of the wheel. Equation 4.4 shows this in practice,

pi =
fi∑N
j=1 fj

(4.4)

where fi is the fitness of the ith member of the population, pi the probability of that

member being selected and N the number of individuals in the population. Figure

4.6 also shows how a member is selected. With this selection method higher fitness

individuals are obviously favoured, although weaker individuals still have a chance to

make it through. This is good, as a weak member may have a positive feature that

can be expressed during crossover. Statistically, this method will always result in the

expected number of crossovers for each member. However, the usually small population

sizes of most GAs mean that sampling of members for crossover will often differ from

their statistical weights assigned in (4.4). This could result in the space being saturated

by high fitness members or low fitness members, neither of which is preferable for the

diversity of the next generation.

Figure 4.6: Example of the selection of a single individual using FPS.

To combat this Baker developed stochastic universal sampling (SUS) in 1987176. SUS

works in a very similar manner to fitness proportionate selection but aims to reduce

the spread of the expected offspring value. Rather than spinning N times to select N

members, SUS spins once but with N equally spaced pointers to select the N parents.

Figure 4.7 shows the difference between SUS and FPS. SUS helps the spread of expected

offspring but does not ameliorate the main issue with using fitness proportionate meth-

ods. At the beginning of a GA run, the spread of fitness will be high as some members

are much fitter than others. Using a FPS method will result in these individuals and

their descendants multiplying quickly in the population leading to premature conver-

gence of the population. FPS as a method puts too much emphasis on exploiting highly

fit individuals against exploration of other regions of the search space. Towards the
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end of a GA run, when many population members are alike, there are no real fitness

differences for the selection method to exploit and evolution can grind to a halt. One of

the important factors for keeping a GA viable is the fitness variance across a population.

Figure 4.7: Example of selection of multiple members of the population using
SUS. F/N is the width of the pointers. rε | 0, F/N) the initial ”spin” to choose
where to begin selecting.

Another attempt to fix the fitness variance problem in FPS is the sigma scaling method177.

The fitnesses of members of the population are mapped to the expected value of offspring

of each member. This keeps the selection pressure relatively constant across generations

rather than relying on the fitness variance of the population. Using sigma scaling, the

expected value of a genome is a function of its fitness, the population mean and the

population standard deviation. At the beginning of the GA, the standard deviation of

the fitnesses will typically be high, but the fitnesses should not be too many standard

deviations above the mean so they will not dominate the crossover. When the popula-

tion is more converged at the end of the run and the standard deviation is lower, the

fitter individuals will stand out more, allowing evolution to continue. An example of

sigma scaling is as below178,

ExpVal(i, t) =

1 + f(i)−f̄(t)
2σ(t) if σ(t) 6= 0

1.0 if σ(t) = 0
(4.5)

where ExpVal(i, t) is the expected value of individual i at time t, f(i) the fitness of

i, f(t) is the mean fitness of the population at time t. This function would give an

individual with fitness one standard deviation above the mean 1.5 expected offspring. If

ExpVal(i, t) is less than 0 it is set to 0.1 to give weaker population members a chance

to produce offspring.

Different methods of selection have been developed that use no fitness scaling. Rank

selection179 was developed to prevent too quick convergence, and as the name suggests

uses the rank of the individual in the population rather than a fitness value. This

approach hides large absolute differences in fitness between population members (Fig
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4.8), which avoids giving a large proportion of the offspring to a small number of highly

fit individuals and reduces selection pressure when the fitness variance is high. It also

helps keep up selection pressure when the variance is low, as the ratio of offspring between

i and i + 1 will be the same irrespective of their absolute fitness difference. However,

method is disadvantageous in situations where it is helpful to know one individual is

much fitter than the rest of the population.

Figure 4.8: In this example, population member A would dominate the members
chosen for crossover and negatively impact the diversity of the next generation.
With rank selection A still has a higher chance to be selected but the fitness
variance has been masked.

Tournament selection involves running tournaments among a number of (usually 2)

randomly selected members of the population. A random number between 0 and 1 is

selected and if it is less than a user defined parameter (usually around 0.75) the fittest

individual in the tournament goes through to crossover, otherwise the less fit member

will go through. Selection pressure can be easily adjusted by changing the size of the

tournament as larger tournaments disadvantage weaker members. Tournament selection

has many advantages compared to other selection methods: like rank selection it can

mask large fitness variances, but avoids the potentially time consuming step of ranking

all the solutions. Additionally, it is simple to code and can easily be ported to parallel

architectures.

Elitism, first introduced by de Jong180 is an addition to many selection methods. A small

percentage of the fittest individuals are taken through to the next generation unchanged

as these individuals may be lost through crossover or mutation. Elite individuals are

still allowed to be chosen as parents for crossover. This can have a good effect on

the performance of the GA as long as the number of elite individuals remains small in

relation to the overall population.

Producing a new generation entirely made up of new offspring may not be the best

strategy for certain kinds of problems. For the development of rules-based systems181,

classifiers182 or genetic programming183, it is advantageous to keep what already has

been learned about the problem. To ensure this steady state selection is used, of each
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generation only a small percentage of the population is replaced. These are usually the

weakest genomes and are replaced by mutation or crossover of the fittest members.

4.2.3 Crossover and mutation

Crossover is where the magic of a GA happens. Here genomes picked for crossover are

paired together and produce two offspring by copying selected parts of both parents.

The chromosome at position i in the child is the same as position i from one of the

parents. These two offspring hopefully explore a new part of the search space different

from their parents. There are a number of different crossover operators which splice and

combine different ratios of the parents.

The simplest is single point crossover: a random number n is chosen, and the parents

cut at this point in the bitstring. The first offspring will contain the first n characters

of parent one and the rest of the string made up of parent two. The second offspring

will be the reverse of this: first n characters of parent two with the rest made up of

parent one. Single point crossover does have drawbacks. Short parts of the bitstring are

preferentially swapped with this method, as are the ends of each bitstring. It is possible

that longer slices are needed for a fitter individual and that the ends are propagated

through the crossover when they contribute little to the overall fitness of an individual.

To reduce this positional bias, many GAs also incorporate two-point crossover. In this

operator two random numbers are selected, n0 and n1, defining a segment in the parents

to be exchanged. This results in child one containing upto n0 of parent one, between n0

and n1 of parent two, with the rest being made up of parent one. Again, the process is

reversed to produce the inverted offspring. Two-point crossover is less likely to disrupt

large parts of the chromosome and can combine more parts of the genome together. In

addition, the segments that are exchanged do not necessarily contain the endpoint of the

strings. However there may be fit parts of the chromosome still not able to propagate

this way.

Some researchers184 believe that uniform crossover is the most suitable for all applica-

tions. In uniform crossover, exchange can happen at every point of the parents: for each

point in the children a random number is chosen between 0 and 1. If it is above 0.5 take

the character from parent one, if below from parent two. The second offspring is then

the inverse of the first one. Uniform crossover has no positional bias and can propagate

any fit section of the chromosome. However this is also a weakness of the scheme; any

parts of the chromosome that have co-adapted can be easily destroyed. The three types

of crossover mentioned here are demonstrated in Fig 4.9 using bitstrings.

Like many parameters of the GA, it is difficult to assume which crossover operator is

the best a priori. The success or failure of a crossover operator depends on the fitness

function, encoding and the problem that is being investigated. Uniform crossover may
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(a) Single point (b) Two point

(c) Uniform

Figure 4.9: The three common crossover schemes seen in GAs, parent solutions
on the left, new children on the right.

ensure each child explores a new part of the space, but if the best solution has features

that interact with one another it may be unlikely to be made. Due to the variety of

problems GAs are applied to, even empirical test sets shine little light on which one may

be best. Many of today’s GAs use either two-point, uniform or a combination of the

three different operators.

After your new population has been created, there is a final operator applied before

their fitness can be evaluated. Mutation changes one point in the bitstring of a chosen

member of the population as seen in Fig 4.10. This usually occurs with a very small

chance (0.5-1%) per generation. Mutation can be a helpful way to keep diversity present

in a population and stop the GA focusing too far in one direction. There has been some

debate185;186 about which is the more useful operator and which one should be favoured.

However the success of a GA rarely relies on one parameter, it is the balance between

selection, crossover and mutation that allows the GA to effectively explore the search

space.

Figure 4.10: Mutation operator acting on a bitstring

4.2.4 Other operators and parameters

Crossover and mutation are the basic operators present in most GAs though they way

they are applied is varied. Several operators have been developed to preserve diversity in
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the population. De Jong180 developed an operator where a new offspring would replace

the existing individual most similar to itself. Fitness sharing decreases each individuals

fitness proportional to how many other similar individuals are present in the population,

punishing individuals similar to ones already present and favouring different individuals.

Goldberg and Richardson187 showed this could induce speciation in their population.

Their GA converged to multiple peaks in the fitness landscape rather than one. Through

a bidding process, Smith188 showed this fitness sharing could be accomplished without

the entire population calculations needed for a fitness sharing function.

Another way to focus on diversity is to put restrictions on which individuals can crossover

with one another. If only sufficiently similar individuals are allowed to crossover speci-

ation will occur189. If the desire is to keep the overall population as diverse as possible,

the opposite strategy can be applied190;191.

Important parameters to consider in the construction of a GA are: population size,

crossover rate, values inside whichever crossover method is chosen, elitism rate, mutation

rate and the various parameters inside the chosen selection method. These parameters

do not have a linear relationship in most problems, so can not be optimised one at a time.

Aside from experimentation with the GA, most researchers stick to parameters that have

worked well in the past. De Jong180 tested various parameters on a small test suite of

problems. Parameters were judged based on the average fitness of a population at a

time and the overall best fitness seen. Conclusions from his study suggest a population

size of 50-100, a single crossover rate of 0.6 per pair of parents and a mutation rate of

0.001 per bit. These settings became widely used despite doubts about their application

to problems outside of the test suite.

In a matryoshka doll type insight Grefenstette192 proposed that a GA be allowed to

evolve the parameters for another GA. In this study the overarching GA evolved a

population of 50 parameter sets for the problems in De Jong’s test suite. Each individual

encoded six parameters and fitness was measured in the same way as De Jong’s original

study. The fittest individual called for a population size of 30, the crossover rate to 0.95

and the mutation rate 0.01. These parameters gave a small improvement over De Jong’s

best parameters. Again these values were quickly taken up, ignoring the applicability of

these values to problems outside of a small, specialised test suite.

A similar study193 on a slightly different test suite found parameter values close to those

by Grefenstette. A population size of 20-30, crossover rate 0.75-0.95 and a mutation rate

of 0.005-0.01. The population size is very small, but the authors may have biased towards

smaller populations in their measurement of the average fitness. Due to the parameter

values relying intrinsically on the problem studied and the fact the optimum parameter

values may change during the course of a run, many have called for parameters that

adapt over the life of the GA. Davis194 created a steady state GA in which each operator

is also assigned a fitness. This value is a measure of how many highly fit individuals
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has been created using that operator. Operators gain fitness both for the production of

good individuals and creating fit parts of the genome that may go into fitter individuals

later. Each operator started out with the same initial fitness and at each time step an

operator is chosen to create a new individual, which replaces a low fitness member of the

population. Each individual keeps a record of how it was created, and if it is fitter than

the current best member, the operator gets some credit as do the individual’s ancestors.

In theory, the fitness of the operators should match up with which one is the most useful

at that stage in the search. Davis did show that this method improved the performance

of his GA evolving the weights for a neural network.

4.2.5 When to use a GA

GAs have succeeded in many problems reported in the literature, but there are also

examples of them performing poorly. Deciding whether a GA is suitable for the problem

in question is not always straightforward. However there are some rough guidelines. If

the search space is rough and hilly, not well understood, the fitness function is noisy and

the task does not require the global minimum to be found (rather a family of solutions)

then a GA can outperform many other search methods. If the search space is small, can

be exhaustively searched to locate the global minimum then a simpler search method is

probably best, as a known problem in GAs is premature convergence on a local minimum.

If the space is smooth to one minimum then a cheaper gradient based method will be

be more efficient. If the space is well understood, then a method incorporating specific

knowledge of that space can perform better. If the fitness function is noisy, however, a

GAs collecting of fitness of many generations may outperform a single candidate at a

time method which may be led astray by noise.

These are only guidelines for a prospective GA and the performance of the GA will

depend on the construction of the GA and the choices made for the operators, fitness

function and encoding.

4.2.6 Brief GA history

With a discussion of the basic building blocks of a GA complete a quick jaunt through

the development of the field up to today will elucidate how to design a GA for a range

of problems.

Like the overall field of machine learning, GAs got their start in the 1950 and 60s. The

first computational study of evolution was probably the work of Barracelli in 1957195.

His trials were essentially simulations of artificial life, in which numbers were placed

in a grid and moved according to local interaction rules. These numbers propagated

throughout the grid and depending on how they interacted, could create new patterns
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using rules of both of the parents. In this game the origin of Conway’s famous game

of life can be seen196. Alex Fraser197 published a series of papers on the selection of

artificial organisms with multiple chromosomes controlling a measurable trait. Fraser’s

simulations contained most of the framework seen today in GAs as seen in Fig 4.11. At a

similar time, Rechenberg198 developed ”evolution strategies” to optimise parameters for

the design of aerofoils, which was further developed on by Schwefel199. Bremermann200

also published a series of papers which adapted a population of solutions to an optimi-

sation problem, with solutions able to undergo crossover, mutation and selection. This

work led to the Bremermann limit, a theoretical limit to any computation.

Figure 4.11: The structure of Fraser’s evolution program, containing the foun-
dation of today’s GAs

All of this was focused on developing evolution inspired machine learning techniques.

The first true GA was published by John Holland in the 1960s175, and further devel-

oped by him and his students at the University of Michigan. In contrast to earlier work,

Hollands focus was not to design specific algorithms for specific problems, but to study

the process of adaptation as it occurs in nature and import this into computer systems.

Holland’s work was the first to attempt to put computational evolution on a theoret-

ical footing. The introduction and use of the operators discussed in previous sections

represented a large leap forward for the field. Rechenberg’s work began with only two

population member’s, one parent and a mutated offspring, while other early work relied

on only mutation to move around the search space.

GA research continued to grow and Holland’s original framework was built upon by

scientists from a range of different fields. The rest of this section will focus on the

applications of GAs in chemistry, which has been growing almost exponentially since

the early 90s, when Forrest201 published a paper which gave a general overview of GAs

and how best to use them. In 1995 Deaven202 used a GA to optimise the energy of carbon

clusters upto C60. Using a starting population of random atomic coordinates (with some
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rules) and relaxed molecular energies as a measure of fitness, this was the first successful

calculation of the buckyball structure. Blommers203 et al used their GA to perform

a conformational analysis of a dinucleotide photodimer. Judson204 et al also used a

GA for conformational analysis of small organic molecules (1-12 rotatable bonds). This

was combined with a local gradient optimiser and compared to a commercially available

cheminformatics package. For molecules with more than eight rotatable bonds the GA

was more efficient, and performed better as the number of rotatable bonds grew. There

have been many other GAs used in conformational searches, many summarised in the

2001 Leardi review205.

More relevant to this thesis is the use of GAs in the design of novel chemical materi-

als with desired properties. Venkatasubramanian and coauthors applied their GA to

the design of novel polymers206;207. An alphabet of symbols that represented chemi-

cal building blocks was used to encode molecules, while operators included single point

crossover and some designed specifically for their study. Their GA performed well in lo-

cating target structures, though its effectiveness decreased as the search space increased

in size. Unsurprisingly, they also discovered that the most effective parameter set for

their GA varied with the search it was performing. Burden208 et al used a GA and

a neural network to predict the bioactivity of a number of dihydrofolate reductase in-

hibitors. Sundaram209 et al followed a similar strategy in the design of fuel additives.

Williams210 (of W99 fame) developed a GA to minimise the energy of three dimensional

intermolecular interactions for use in docking simulations, using chromosomes consisted

of three genes representing rotation and three for translations. GAs are also an active

avenue of research in protein folding211;212;213, typically using a free energy based fitness

function and some local optimisation when the GA has revealed promising solutions,

these GAs have shown some success.

GAs have been applied to most of the problems in computer-aided molecule design and

the book Evolutionary Algorithms in Molecular Design 214 provides a thorough overview

as does Genetic Algorithms in Molecular Modelling 215, Mitchell provides an overview of

the theoretical underpinning of GAs in An Introduction to Genetic Algorithms 216.

4.3 Conclusions

The first half of this chapter introduced machine learning, points to consider when

choosing a machine learning algorithm, categorisation schemes for said algorithms and

four popular methods used today. Machine learning is concerned with developing algo-

rithms that can learn from training experiences and that perform better with time. The

training of an algorithm can be supervised (in which known data outputs are supplied

the learner), unsupervised (in which the learner must discover patterns present in the

data itself) or through reinforcement (in which positive learning is rewarded). Machine
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learning algorithms can be used for tasks in classification, clustering, density estimation

and dimensionality reduction. Choosing an algorithm principally relies on the problem

you want to solve and the data available to the learner. Getting the representation of

the data correct is one of the most important steps in formulating a successful machine

learning algorithm. Other issues to take into account include the balance of bias and

variance, the complexity of the true function being learned, the dimensionality of the

input space and the presence of noise in the input data.

The second half of this chapter covered genetic algorithms and the steps needed to

create a successful GA. GAs provide an adaptive, easily parallelised search for complex

problems using concepts from biological evolution. Usually a random population is

generated for which each member’s fitness is calculated. Population members are then

selected for crossover. Selection methods vary in effectiveness but are all used to apply

selection pressure to the GA. Once selected a new generation is created using one of

more crossover operators. The choice of operators is largely problem dependent, as are

many of the parameters needed through the GA. These are best chosen through testing

before being used for a production run. Chapter 6 will describe the design and testing

of a GA for the discovery of novel organic semiconductors.



Chapter 5

Structure Generation and Blind

Test

5.1 Introduction

This chapter introduces some of the additional work done during the course of my PhD

outside of the core aims of my project. Chapter 2 introduced both different methods

for the generation of trial crystal structures and the blind tests of CSP approaches.

In this chapter the testing and design of a novel trial structure generator is described.

Initial testing was performed on nitrogen containing organic semiconductors (with the

full CSP presented in the next chapter) with full testing performed on three separate

molecules each representing a research interest of the group. The second part of this

chapter will focus on the 6th blind test of CSP methods, one molecule from the test set

was investigated by me in detail.

5.2 Structure generator

One of the first steps in crystal structure prediction is the generation of trial structures.

Many different algorithms exist for this task, covering a wide range of techniques. The

simplest methods involve a systematic grid search over the structural degrees of freedom.

While such methods can be successful for a low dimensionality problem (and can slightly

outperform random searches217), they quickly become expensive as the number of de-

grees of freedom increases. Random searches, as the name suggests, use random values

for the parameters involved in generating the crystal, such as unit cell lengths, angles,

molecular positions and orientations. However, random sampling can be inefficient (a

”clumpy” distribution is common) and fail to uniformly sample the potential energy

surface. Random searches can be improved, by deciding on how ”random” the numbers

71
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really are. True random numbers have three characteristics: they are unpredictable;

uncorrelated and unbiased. Random number generators provide pseudo-random num-

bers, they are not unpredictable but are generated by a definite arithmetic method.

Quasi-random numbers are predictable and correlated but unbiased, as they are spread

as evenly as possible. The discrepancy of the sequence is a measure of how well this uni-

form distribution is maintained with a low discrepancy being favoured. Quasi-random

sequences are designed to be low discrepancy and have found use in crystal structure

prediction.45;218 Both previous implementations of quasi-random searching in CSP use

the Sobol’46 sequence, which has been shown to perform better than other sequences218.

An in-house structure generator method was developed which uses Sobol’ numbers to

sample unit cell lengths, angles and molecular positions. Rotations also make use of

the Sobol’ sequence with the Shoemake method219 defining how these are converted to

rotations.

Space group symmetry is used in generating structures. Once the unit cell and asym-

metric unit are defined, the full crystal structure is built using the space group symmetry

operators. Therefore, independent searches are performed in each chosen space group.

In detail, each independent molecule in the asymmetric unit requires three parameters

for its position and three parameters for its orientation. Up to six further parameters are

needed to describe the internal angles and lengths of the unit cell; six for the case of a tri-

clinic cell, though all other lattices have free parameters due to restrictions on lengths or

angles. The Sobol’ numbers are generated in the range [0,1] and a n-dimensional search

requires a length n vector. Each of these parameters is associated with a quasi-random

number from the Sobol sequence, but not all are independent.

Sampling the molecular positions involves the mapping of three random numbers to

the three positions of a molecule’s centroid. Each element of the Sobol’ vector is

taken as a position in fractional coordinates along an axis of the unit cell. As men-

tioned above, orientations are converted using the Shoemake method using quaternions.

Quaternions have the advantage of capturing orientations and rotations in a relatively

simple (four numbers versus a nine number orthogonal matrix) way. They have found

use in computer graphics applications and have previously been used in the generation of

molecular dimers220 and to calculate the root-mean-square-derivation (RMSD) between

molecules221. After the asymmetric unit has been created other molecules in the unit

cell are generated by appling space group symmetry operators to it.

Next the unit cell angles are sampled. Each angle that is not constrained by space group

symmetry is sampled as:

θi = (
1

n
arccos(1− 2xi)) + θmin (5.1)
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where, θi is the angle being sampled, n = 2, θmin = π
4 and xi is the relevant element of

the Sobol’ vector. This equation gives an even distribution in cos(θi) through the range

θmin = π
4 to θmax = 3π

4 with a probability density highest at the centre. This equation

was chosen to balance sampling a range of angles and avoiding problematic non-physical

structures. Particularly in in triclinic cells, many options for the unit cell have very acute

(or obtuse) angles, which are computationally inefficient and awkward to lattice energy

minimise. These ”flat” cells were a particular nuisance during the initial design stage

of the structure generator and the process of biasing away from them will be discussed

later on.

So far, no information about the molecule has been used in generating the crystal struc-

ture. Choosing the bounds on the cell lengths, however, requires some system-dependant

information be used. Pidcock222 developed a box model to rationalise packing motifs

seen in a range of experimental crystal structures across a number of space groups.

This model established relationships between molecular dimensions and unit cell lengths

which is useful for our purpose. When given an input structure, space group and a target

volume, a box is generated around the molecule bounded by the (quasi)random lengths

and Z. A target volume for each unit cell is calculated as the sum of all the molecule

volumes in the cell multiplied by a constant, which we call the target volume parameter

(TVP). The default value for is TVP 1.0 but may need to be varied depending on the

system studied. Each molecular volume is calculated as that of a box enclosing all the

atoms of the molecule. The box is defined by the axes of inertia of each molecule and

finding the maximum and minimum value of projection of each of its atomic coordinates

onto the axes using standard van der Waals radii. The difference between maximum

and minimum value of the projection onto the axis is called the ”shadow” onto that

axis. Using a box to measure molecular volumes may overestimate compared to a more

normal measure of volume, but in CSP we expect the cell to contract when lattice energy

minimised and the extra volume in the generated structure is expected to allow easier

sampling, while avoiding molecular clashes.
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Figure 5.1: Molecular projections onto the lattice vectors, used to define the
sampling range for unit cell lengths. The directions of the three lattice vectors,
l1,2,3 are shown, and the molecular projections of two quinacridone molecules
are shown onto lattice vector l2. Thin lines show the projection of the edges of
the van der Waals radii of each atom onto the lattice vector. Bold red and blue
lines show the molecular shadows onto l2. This figure is adapted from reference
223

The bounds of the three cell lengths are calculated considering this target volume and

the projections of the atomic positions onto the lattice vectors (Fig 5.1). As the unit cell

angles have been already determined, the direction of each unit cell vector can be fixed

in a global axis frame and the ”shadow” of each lattice vector on the global axes can be

calculated. Each molecule in the unit cell that differs by rotation must be considered

separately and the minimal (sminj ) and maximal (smaxj ) molecular projections for each

vector (j) must be found. To ensure a realistic sampling, the first unit cell length is

chosen in the range from c ˙sminj to c
˙

Nmols ˙sminj , where Nmols is the number of molecules

in the unit cell and c is a constant (value of 0.75) used to scale the sampling:

lj = c(sminj + xi(N
mols ˙smaxj − sminj )) (5.2)

where xi is the relevant element of the Sobol’ vector. The second unit cell vector is

sampled the same way, with the third chosen to give a normal distribution of the cell

volumes centred on the target volume described above. This sampling only changes

when lattice types impose restrictions on cell lengths and fewer independent lengths

must be sampled. The development of sampling cell lengths will also be discussed later.

Once the unit cell has been created, the structure is now ready for energy minimisation.

However, not all structures will be physically sensible. If molecules overlap in a gener-

ated crystal structure they should be either rejected or adjusted to remove the overlap.

The separating axis theorem (SAT)224 is used to judge overlap. The SAT determines

whether two convex shapes are intersecting. Initially, a convex hull225 for the molecule

is generated which contains the shape of the molecule, it may not contain a vertex per
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atom but all atomic positions lie within its volume. The use of convex hulls is efficient

for larger systems (because the number of vertices grows slower than the number of

atoms) and rigid molecules when it only needs to be calculated once. SAT allows us

to determine whether two convex hulls are overlapping and the shortest displacement

vector to remove the overlap can be calculated. A set of vectors is chosen (either normal

to the faces of a hull or to an edge of each) upon which to project the ”shadow” of each

convex hull. The overlap of the two shadows is measured and the minimal length of

the overlap along any vector gives us the smallest vector required to separate the hulls

(Figure 5.2). SAT can be used to simply reject any structure that contains overlapping

molecules. The proportion of rejected structures typically falls as TVP is increased (in-

creasing the target unit cell volume) but this may lead to an increase in the time spent

on lattice energy minimisation, as structures may be further from their minima than

they would be with smaller target volumes. An alternative use of SAT is to adjust the

trial structure to remove the overlap of the molecules. This is done by expanding the

unit cell lengths in proportion to the overlap vector. To stop cells growing too large a

maximum volume parameter is also implemented, which is usual set as 2.5 times the

sum of the molecular volumes in the unit cell.

Figure 5.2: SAT test for molecular overlap. SAT prescribes the vectors upon
which to project the vertices of the convex hulls when testing polytopes for
their overlap in space. An example for the cage molecule CC1 is shown with
convex hulls overlaid on the molecular geometry. In the geometry shown there
is a vector upon which the ”shadows” of their hulls, the blue and red vectors,
do not overlap. If they did overlap, the set of overlapping blue and red vectors
would determine the minimum displacement necessary to separate them in the
direction of that vector. This figure is adapted from reference 223

The structure generator has been used in different ways since it was first developed.

Initially a set number of structures were generated in a space group and then lattice

energy minimised. The total number of valid (ones that successfully reach an energy

minimum) structures was whatever came out of that, and if this needed to be increased

the structure generation was restarted from the highest Sobol’ seed used so far. Recent
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developments in our overall code now continues until a desired number of valid, energy

minimised, structures is reached.

The next section will discuss early work on the structure generator code that gave rise

to the cell angles and cell length sampling seen above. The section after that will discuss

the full testing of the structure generator on three different interesting molecules.

5.2.1 Initial testing of the structure generator

The first real hiccups in the development of the structure generator were when it was

tested on a number of azapentacene molecules previously been studied using Materials

Studio Polymorph Predictor48. When testing molecule 7A (Fig 6.3d) problems began

to appear. Very ”flat” unit cells were being generated and accepted. With a molecule

pointing out of the cell and through perhaps 4 neighbouring cells, lattice energy min-

imisations failed or produced interesting though chemically implausible structures (see

Fig 5.4). Initially the cell angle sampling proceeded as in equation 5.3, where Θi is the

final angle, xi a Sobol’ number between 0 and 1, maxval = 135◦ and minval = 45◦.

Θi = xi ∗ (maxval −minval) +minval (5.3)

Figure 5.3: 7A one of the azapentacenes studied in other parts of the thesis.

Figure 5.4: Typical flat cell produced.
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Flat cells are particularly prevalent among the structures generated in spacegroups P1

and P1. This was problematic as ca. 40% of Z’=1 and ca. 20% of Z’=2 structures that

made it into DMACRYS from Polymorph Predictor were from those space groups. To

prevent these squashed cells from being generated, the lattice deformation parameter

(ldp)45(eq 5.4 where ω = the unit cell angles) was placed in the code as a test on

generated cells. Unit cell volume is equal to a × b × c × ldp so, ldp quantifies the unit

cell volume relative to an orthorhombic unit cell with the same cell lengths. A value of

0.1 was chosen as the minimum allowed value for the ldp, initially based on observed

values from squashed structures.

ldp =

√√√√1−
3∑

a=1

cos2ωa +
3∏

a=1

cosωa (5.4)

Instead of settling on this arbitrary value, an examination of experimentally observed

triclinic cells in the CSD (release 5.34) was performed. 67896 structures in total were

examined and the distribution of the ldp plotted as a histogram (Fig 5.5). A comparable

histogram (Fig 5.6) was made with 2000 generated structures in P1 for molecule 7A.

Figure 5.5: Distribution of ldp from the CSD (5.34) (search restricted to organic
molecules in a triclinic space group)
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Figure 5.6: Initial ldp distribution of structure generator for 2000 structures in
P1 for molecule 7A.

A minimum value of 0.5 was chosen. While values from the CSD are largely confined

to 0.8-1.0, picking a value near these would limit the search space too much, possi-

bly excluding interesting structures. However, this did not entirely solve the problem.

Structure generation in both triclinic spacegroups was glacial due to the sheer number of

structures being rejected for having a too low an ldp value. The spread of ldp is almost

opposite to cells in the CSD (Fig 5.6) demonstrating the sampling of unit cell angles

needed adjustment. Since many structures were still being generated that failed the ldp

test, it was decided to modify the sampling of the unit cell angles. Flattening the curve

of 5.3 as it passes between the bounds would have the effect of improving sampling of

plausible angles. Equation 5.5 accomplishes this (taking the same variables as eq 5.3).

Θi =
1
2 arcsin(2xi − 1)

π
× (maxval −minval) +minval (5.5)

Plotting both functions clearly shows the difference in sampling (see Fig 5.7).
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Figure 5.7: Plot showing the differences between sampling functions

1000 structures were generated with both methods and ldp from both accepted and

rejected structures plotted (Figs 5.8, 5.9). Even though the new method used more trial

structures (3631733 vs 1686645, these numbers being the total number of Sobol’ vectors

sampled to get 1000 accepted structures), it was much quicker.
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Figure 5.8: Linear sampling ldp distribution (7A P1)

Figure 5.9: Arcsine sampling ldp distribution (7A P1)

However, there still remained the problem of the long axis of the molecule possibly

pointing along the shortest axis of the unit cell, so that a molecule could span several

cells. The original cell length sampling used the three dimensions of the molecule (long,

middle and short) and Z (number of molecules in the unit cell) to define the allowed

ranges on the unit cell lengths. A new implementation uses the unique space group

operations to project each molecule in the unit cell onto the vector defining the direction

of the unit cell axis and setting the bounds on the length of the axis from the magnitudes

of these projections. The van der Waals radii of the atoms within the molecule define
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the shape to be projected and for each symmetry operation a value is obtained. The

maximum and minimum projections define the bounds of the cell length. For the first

cell length, the procedure is given in 5.6 where l is the length, xi is the value from the

Sobol’ sequence and Z is the number of molecules in the unit cell.

l1 = min(l) + xi(l)× (Z ×max(l)−min(l)) (5.6)

The second length is then bounded by equations (5.7) and (5.8), then sampled using

(5.9). S,M,L refer to the short, medium and long lengths of a box created around the

molecule and V ∗ has the same value as the lattice deformation parameter, being the

volume of a cell with unit lengths.

lower bound = max(max(l) and
S ×M
V ∗ × L

(5.7)

upper bound = min(
Z ×M × L
V ∗ × l1

) and Z ∗ L (5.8)

l2 = lower bound + ζ(l)× (upper bound− lower bound) (5.9)

The third length is then chosen to create a gaussian distribution around the target

volume. However if the random length is less than the minimum value from the axis

shadowing operation, the random length is set to the minimum shadow value. To remove

any bias from picking the longest first, the order of projection is shuffled using the Sobol’

sequence. The cells created with this method have significantly larger volumes than

before and this necessitated a change in picking the target and maximum volume of

the cell. Automatic target volumes were calculated in a similar way to the original cell

lengths method, involving Z multiplied by the box lengths.

It can be seen from the introduction to our method both these changes were implemented

into the final method in (slightly) modified ways. Once these problems had been ironed

out a test set of new molecules was created for in-depth testing.

5.2.2 Quinacridone and full testing of rigid structure generation

Three molecules (Fig 8) were chosen for our new test set representing three research

themes in the group, as well as diversity in terms of shape and intermolecular inter-

actions. Quinacridone is a industrially produced pigment used in high performance

paints and four polymorphic forms are currently known226. Due to its insolubility, all

initial characterisation was done using powder X-ray diffraction, leading to the erro-

neous identification of additional polymorphs. Quinacridone displays photoconductive

and photovoltaic properties, shows remarkable air stability and has been fabricated into

devices227? . Theoretical work has been done on the charge transport properties of

the individual polymorphs228. Three of the polymorphs have the expected n-character
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(electron transporter) and good overall mobility, while one may be used as an ambipo-

lar (both n and p-type) charge transporter. Artemisinin is a pharmaceutical used in

the treatment of malaria229 being the most used anti-malarial treatment today (in a

combination with other therapies to reduce the risk of parasite immunity) and shows

interesting anti-cancer properties230. Isolated from sweet wormwood the discovery of

its anti-malarial properties won Tu Youyou half of the 2015 Nobel prize in medicine.

The third molecule (CC1) is one of series of porous organic cages that had previously

been studied using simulated annealing231. These cages are solution processable porous

materials and CC1 can switch between porous and non-porous polymorphs.

(a) quinacridone

(b) artemisinin

(c) CC1

Figure 5.10: The three molecules chosen to test the structure generator.

I performed all the quinacridone calculations and half of the CC1 work that will be

presented here. Discussion of the atermisinin results that were produced by Dr David

Case will be included where appropriate.

For each molecule, every space group with a known polymorph was sampled. For

quinacridone Z ′ = 1 this was P21/c and P1: the γ and β polymorphs appear in P21/c

while αI appears in P1. There is also a Z ′ = 2 polymorph that appears in P1 so a

search was performed with two molecules in the asymmetric unit. For CC1, searches
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were performed in P1 and P21/c with Z ′ = 1. Artemisinin was sampled in P212121 for

Z ′ = 1 and P1 was sampled for Z ′ = 4 polymorph. For each search, five sets of trial

structures were generated using different target cell volumes, 1.0, 1.5, 2.0 and 2.5 where

trial structures with molecular clashes were rejected. An additional set was generated

using SAT to expand structures with overlapping molecules rather than rejecting them,

and a TVP of 1.0. SAT was allowed to expand structures to a maximum of 2.5 times the

initial target volume. If molecular overlap could not be removed with this expansion, the

trial structure was rejected. For each Z ′ = 1 search 10,000 structures were generated.

For the higher Z ′ searches 50,000 accepted structures were generated.

5.2.2.1 Lattice Energy Minimisation and Clustering

All lattice energy minimisations were performed using the DMACRYS66 crystal struc-

ture modeling software, which employs a quasi-Newton Raphson, rigid-molecule opti-

mization of molecular positions, orientations and unit cell parameters with space group

symmetry constrained. The intermolecular interaction energy between molecules M and

N was modelled with an anisotropic model potential of the form:

Eintermolecular
MN =

∑
i,k

Aικ exp (−Bικrik)− Cικr−6
ik + Eelec

ik (DMA) (5.10)

where i, k are atoms of type ι and κ belonging to molecules M and N , respectively, sep-

arated by the distance rik. The first two terms model the repulsive and attractive non-

electrostatic intermolecular interactions, whose parameters are taken from a revised ver-

sion232;233 of the Williams99 force field234. The final term, describing electrostatic inter-

actions, is calculated from atom-centered multipoles up to rank 4 (hexadecapole) on all

atoms, obtained from a distributed multipole analysis? (DMA) of the B3LYP235;236/6-

311G(d,p) charge density. Charge-charge, charge-dipole and dipole-dipole interactions

were calculated using Ewald summation, while repulsion-dispersion interactions and all

higher multipole-multipole interactions were truncated after a cutoff distance. The sum-

mation cutoff (for exp-6 interactions and higher-order multipole-multipole interactions)

was set to 30 Å for CC1 and quinacridone.

After lattice energy minimisation many trial structures may have converged to the same

minimum, so duplicates can be removed and the lowest energy example of a cluster

kept. As part of the Global Lattice Energy Explorer (GLEE, of which the structure

generator is a part) a clustering method was developed based on inter-atomic distances

and performing an overlay of molecules. A cluster of symmetry related molecules is

created around the asymmetric unit (usually 25 molecules) and a list of atom separation

distances to the asymmetric unit is calculated. Once these lists have been computed

for two crystals they can be compared by placing both origins at the same point, and

testing whether for every molecule in one cluster a molecule exists in the second that can



84 Chapter 5 Structure Generation and Blind Test

be overlaid onto the first through rotation only. The RMSD can be computed between

the two clusters and if they match they are considered the same minimum structure.

5.2.2.2 Results and discussion

The first performance aspect of the structure generator to be analysed is the efficiency of

the Sobol sequence with each TVP value. The low discrepancy nature of the sequence is

meant to uniformly sample the configurational space. However, high rejection rate could

harm the uniform sampling. Table 5.1 shows the number of trial structures required to

generate 10,000 accepted structures for each TVP value and search (50,000 for Z ′ = 2).

Search CC1 (P1) quinacridone (P1) quinacridone (P21/c) quinacridone (P1, Z ′ = 2)
TVP = 1.0 17863 (9581) 251805 (9804) 501181 (9767) 96693852 (32021)
TVP = 1.5 17225 (8999) 55400 (9827) 78400 (9533) 8325359 (46213)
TVP = 2.0 17215 (8274) 30696 (9761) 36348 (9315) 1057042 (46443)
TVP = 2.5 17215 (7681) 23262 (9651) 24135 (9075) 504452 (45714)
SAT-expand 10090 (8514) 25131 (9862) 26617 (9353) 480626 (43541)

Table 5.1: Number of trial structures required to generate 10000 accepted crystal
structures (50000 for Z ′ = 2) for each system. Z ′ = 1 unless otherwise stated.
The number in parentheses is the number of accepted structures that lead to a
successful lattice energy minimization.

Unsurprisingly the number of rejected structures decreases as the target volume in-

creases. For all molecules, the chance of molecular overlap decreases with an increase

in volume per molecule. It can be seen that there is a large difference in the rejection

rate between molecules. This is due to the differences in molecular shape. Despite

the features introduced during initial development of the structure generator long, flat

molecules such as quinacridone still lead to a large fraction of rejected structures as long,

thin molecules can clash with neighbours in most orientations. The structures created

for the almost spherical CC1 contain much fewer rejections (as does artemisinin). Varia-

tions are also observed between space groups of the same molecule. Quinacridone P21/c

has more rejected structures than the simpler P1. More overlaps can occur if molecules

lie close enough to a symmetry element (this also holds true for the other CC1 search

in P21/c). With increases in target volume, the differences in rejection between space

groups begin to disappear. The increase in TVP from 1.0 to 1.5 brings the acceptance

ratio of both quinacridone Z ′ = 1 searches from ca. 4% (P1) and 2% (P21/c) to ca.

17% and 12%. When the maximum volume parameter of TVP = 2.5 is used acceptance

ratios for searches are over 40% for CC1 and quinacridone. The Z ′ = 2 search is par-

ticularly difficult at low TVP values with the generation of 50,000 structures requiring

almost 108 trial structures. As for Z ′ = 1, the trend follows that increasing the TVP

will result in higher acceptance ratios: a TVP of 1.0 results in an acceptance ratio of

only 0.033%, while at TVP = 2.5 it is 9.06%.
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While increasing the TVP makes more efficient use of the Sobol sequence, it can be seen

that the number of valid minimisations decreases at the same time. Trial structures with

smaller volumes are closer in cell lengths and angles to the lattice energy minimised

structures. When TVP = 1.0, over 95% of structures result in a successful lattice

energy minimisation. Larger volume unit cells pose more problems during lattice energy

minimisation, with the largest molecule (CC1) particularly suffering from this (9581

successful minimisations at TVP = 1.0, 8514 at TVP = 2.5). This trend is slightly

different for Z ′ = 2 as the TVP = 1.0 search struggles to make valid trial structures

and those structures are difficult to minimise, for Z ′ = 2 in particular TVP = 1.0 is

too small and the number of successful minimisations for 1.5 and 2.0 are practically

the same. It may be of benefit to generate structures close to the final lattice energy

minimised cells as this increases the chances of sampling smaller, narrow wells on the

lattice energy surface, which may be missed with high TVP values.

The SAT-expand method offers the best balance between efficient use of the Sobol

sequence and number of successful minimisations. SAT-expand structures are initially

generated with a TVP of 1.0, ensuring they are close to a minimum, in addition only

those structures which require a very large unit cell expansion are rejected. For both

quinacridone Z ′ = 1 searches, the number of minimisations compares favourably with

TVP = 1.0 and the number of trial structures required is close to TVP = 2.5. For CC1

only 10,090 trials were required to create 10,000 structures. For Z ′ = 2, despite resulting

in the least amount of successful minimisations it was by far the most efficient search.

The convergence of the search (as in how long it takes for the search to produce no new

structures and be functionally complete) can be measured in a number of ways. One

approach is to monitor the unique, low energy minima that have been located as the

search progresses. Figure ?? shows the results for all quinacridone searches and CC1

P1.
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(b) quinacridone (P21/c)
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(c) quinacridone (P1)
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(d) quinacridone (P1, Z ′ = 2)

Figure 5.11: The number of unique crystal structures within 15 kJ/mol of the
global minimum (60 kJ/mol for CC1) for all searches and all space groups,
displayed as a function of the total number of successfully energy minimised
structures.

It can be seen that for all searches the rate of discovery of new unique structures is high

at the beginning of the search but tails off. Depending on the TVP value the number of

unique structures can differ, this is likely due to clustering issues (especially prevalent in

the flat quinacridone) but it is expected that the numbers of unique structures should be

close. No general trend in the rate of convergence of each method is apparent, though

the SAT-expand method compares favourably with all rejection methods apart from

quinacridone (P1).

As well as measuring the number of unique low energy structures it is also helpful to

look at the energy evolution of the global minimum as the search progresses. Figure ??

displays the lowest energy structure encountered so far in the search and the average

energy of the 10 lowest for the three Z ′ = 1 searches.
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(b) quinacridone (P21/c)
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(c) quinacridone (P1)

Figure 5.12: The average lattice energy of the ten lowest structures is shown
as function of the number of minimised structures. The solid line indicates
the energy of the single lowest energy structure, where the colour matches the
legend. For CC1 the data had converged at 60 minimisations so is truncated.

It can be seen that all methods find the lowest energy structure rapidly, with the slowest

being quinacridone P21/c TVP = 2.5, which found the lowest energy of the structure

a 1/5th of the way into the search. It is assumed that once the energy of the lowest

structure remains stable throughout the search that this structure corresponds to the

global minimum in that space group. For CC1 this global minimum is found almost

immediately in the search and sampled many times as the average energy of the 10

lowest is almost the same as the single lowest energy structure. It seems that for larger

TVPs the search converges slower, so the best results are obtained with a low TVP and

rejection or using the SAT-expand method, which locates the minimum early for each

search. While the global minimum is found quickly in each search allowing for a cheap

(in terms of numbers of structures generated) search across many space groups, structure

generation is often much cheaper than the corresponding lattice energy minimisation.

Therefore, many 1000s of structures are generated to ensure the minimum is found.

Locating low energy structures is not the whole story when generating trial structures.

The number of times each low energy structure is hit is also important as this is a measure

of the uniformity of the search and how this translates to the sampling of the low energy
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minima. Figure ?? shows the number of times each of the 10 lowest energy structures

was hit during the course of the search for each method. For CC1 the frequency of

locating each distinct minimum decreases as the lattice energy increases and for all

methods well over half the trial structures minimise to the same two wells with 4000-

5000 belonging to the global minimum. CC1 also exhibits the largest energy differences

between structures as there are few ways to achieve low energy structures with only

translational symmetry (P1 being the simplest space group). Between the five search

methods, the results are broadly the same with the number of hits dropping slightly as

TVP increases, due to fewer successful lattice energy minimisations overall, before rising

again when SAT-expand is used. For quinacridone this trend is repeated with the global

minimum being the most sampled structure (apart from the 3rd structure in P21/c).

The lattice energy landscapes are more detailed than that of CC1 with structures closer

in energy to the global minimum, that have also been sampled frequently and no clear

relationship between the relative energy of the minimum and its frequency of being

sampled.
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(d) quinacridone (P1 Z ′ = 2)

Figure 5.13: Bar charts showing the frequency with which each low energy
structure is located. The lowest 10 are shown, with number of hits on the
vertical axis and relative energy difference from the global minimum on the
horizontal. Each of the five searches appear alongside each other.

Quinacridone P1 shows the least lattice energy spread amongst low energy structures.
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Upon visual inspection the packing motifs are similar and while the first two structures

are easy to find, the rest are found far less frequently. It is structures that are found

least frequently that are worrying. If the search was stopped early it is possible that

these will be missed. For examples of this in our searches (structures 4 (1.81 kJ/mol)

and 8-10 for quinacridone in P1). There seems to be no solid relationship between TVP

and frequency though SAT-expand samples the least frequently located structues better,

as a range of initial volumes is generated during the search.

In addition to analysing the frequency of low energy structures, knowing where they were

generated in the Sobol sequence can be useful. Figure 5.14 shows this for quinacridone

P1 (further examples can be in Figs 5.21, 5.22 and 5.23 at the end of this chapter).

Each point on the plot represents a trial crystal structure and shows where in the Sobol’

sequence it was generated. Plotting the data this way shows the Sobol sequence is

sampling the trial space uniformly as the points leading to each structure are evenly

distributed through the sequence. The difference between TVP values is also apparent

as a TVP of 2.5 hinders the sampling of some low energy structures (the 8th and 9th

structures in particular), while SAT-expand samples structures more evenly.
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(b) TVP = 2.5
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(c) SAT-expand

Figure 5.14: Hits to the 10 lowest ranked crystal structures of quinacridone P1.
Each point represents a minimisation from a trial structure showing where the
trial structure was generated in the Sobol sequence.
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From the analysis above it can be seen large target volumes led to less reliable sampling

of structures. The use of SAT allows us to quickly rule out unphysical trial structures,

and by expanding the cell to relieve clashes, we can keep a larger proportion of trial

structures. This is important, as the Sobol sequence is designed to cover the configura-

tional space in an efficient way, and helps us to rapidly consider a wide range of potential

structures in the search. This SAT-expand approach has the best characteristics, overall

of the differing search methods.

5.2.2.3 Full searches

After the testing described above, the SAT-expand method (showing the best sampling

characteristics) with a max volume parameter of 2.5 was chosen to perform a full CSP

for each of the molecules. For quinacridone, 16 space groups were searched (P1, P21,

C2, P21212, P212121, C2221, P41212, R3, P1, Cc, P21/c, C2/c, Pna21, Pbcn, Pbca

and Pnma) representing the most commonly observed for organic molecules, with 5000

structures generated in each with one molecule in the asymmetric unit. The plots of

lattice energy versus density can be seen in Fig 5.15.
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(b) quinacridone (6-311G**)

Figure 5.15: Lattice energy versus density plots for quinacridone. Each point is
a unique minimum in the lattice energy surface upto 15 kJ/mol from the global
minimum. Two searches were performed for quinacridone with the basis set
used for the calculation of the multipoles in parentheses. For 6-311G** the α
polymorph appeared too high in the set to be plotted with all other matches to
experimental structures circled.

The central assumption of CSP is that the global minimum predicted by lattice energy is

the most likely structure to appear. Free energy effects from the dynamics of molecules

around their equilibrium positions can be important237, but in this study only lattice

energy was considered as this is the largest contribution to the total energy of the

crystal. While polymorphism indicates the physical process of crystallisation is not a

simple march to the lowest energy structures we ignore possible solvent and temperature

effects. The results for quinacridone were surprisingly sensitive to the basis set used to

generate the electrostatic model. For B3LYP/6-311G** multipoles, the γ polymorph

was the lowest ranked experimental structure located (5th in the search, 3.4 kJ/mol

above the global minimum). The β and αI polymorphs are 9.9 kJ/mol and 16.9 kJ/mol
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away from the global minimum respectively. No full search was performed for Z ′ = 2 but

the αII polymorph was found in all the searches used for TVP testing. As in previous

quinacridone polymorph studies226 it was found that the Z ′ = 2 αII structure minimises

to the Z ′ = 1 γ structure, suggesting both polymorphs correspond to the same minimum

on the lattice energy surface. The energies seen are very high for experimentally known

polymorphs. Other CSP studies performed on quinacridone in the past226 using a simple,

isotropic force field, ranks the polymorphs in their correct order. Therefore there is no

reason to believe these are truly high energy crystal forms. Table 5.2 shows that the

predicted cell parameters are not in great agreement with those determined from X-ray

diffraction. To investigate whether this was due to the nature of the electrostatic model,

the same search was repeated with atomic multipoles generated with a smaller basis set

(6-31G**). The ranking of the observed structures changes dramatically: β is now the

global minimum, with γ and αI 3.4 kJ/mol and 5.68 kJ/mol above the global minimum.

As before, the structure of Z ′ = 2 αII was located when the smaller basis set was used

with the same relaxation to the γ structure. On comparison to experimental structures

and cell parameters, the 6-311G** model performs much worse than 6-31G**, especially

in the case of the α polymorphs. The RMSD values for the α polymorphs are both

greater than 1.0 suggesting poor geometric matches.

For all the molecules used in the testing of the structure generator, the same methodology

was used in generating the force field, while (as Table 5.2 shows) it was successful in the

cases of artemisinin and CC1 it was not as successful for quinacridone. The anisotropic

electrostatic model we include is highly sensitive to the quality of the underlying density

functional theory (DFT) calculations. While the electrostatics are ab initio, all other

intermolecular interactions are calculated using empirically fitted terms in the force field,

which are not fitted to our systems of interest in particular. This by itself should not

be enough to explain the changes in lattice energy or polymorph ranking seen in this

case. It is known that the electronic structure of a π system will alter as multiple

rings are joined together, Grimme238 suggested that stronger dispersion effects arise in

molecules with more than three fused rings. This includes quinacridone, which as an

organic semiconductor has strong directional effects in its electronic structure, but few

molecules included in the parametrisation of our force field. The use of quinacridone has

highlighted that for systems such as quinacridone the transferability of standard force

fields may be limited.

For CC1, both experimental polymorphs were found in the low energy region and are

good geometrical matches to X-ray data. The results of the CSP match with an earlier

study using simulated annealing231. The search for artemisinin was equally successful

with the 2nd ranked structure corresponding to the known Z ′ = 1 polymorph. In

addition, the second Z ′ = 4 polymorph was found as the global minimum through the

generation of 50,000 structures in P1. The difficulties of searching higher Z ′ values make

this an excellent result, though it was only hit three times.



Chapter 5 Structure Generation and Blind Test 93

Crystal structure Cell lengths Cell angles RMSD30

a b c α β γ

Artemisinin expt. 24.066 9.439 6.354 90.00 90.00 90.00 -
(P212121) pred. 24.456 9.399 6.386 90.00 90.00 90.00 0.131

Artemisinin expt. 9.881 9.891 15.343 93.28 90.92 102.99 -
(P1),Z ′=4 pred. 9.892 10.02015.164 90.81 93.64 102.32 0.247

CC1 expt. 21.01521.01510.491 90.00 90.00 120.00 -
(R3, β′) pred. 21.62321.60210.851 90.02 90.02 119.98 0.603

CC1 expt. 12.81010.91036.810 90.00 97.49 90.00 -
(P21/c, α

′) pred. 13.42511.15637.761 90.00 94.45 90.00 0.812

Quinacridone expt. 13.697 3.881 13.402 90.00 100.44 90.00 -
(P21/c, γ) pred. (6-31G**) 12.847 4.251 13.370 90.00 97.08 90.00 0.288

pred. (6-311G**)13.397 4.115 13.002 90.00 98.21 90.00 0.439

Quinacridone expt. 5.692 3.975 30.020 90.00 96.76 90.00 -
(P21/c, β) pred. (6-31G**) 5.746 4.110 29.565 90.00 93.90 90.00 0.369

pred. (6-311G**) 8.972 5.296 34.750 90.00 123.27 90.00 0.492

Quinacridone expt. 3.802 6.612 14.485100.68 94.40 102.11 -
(P1, αI) pred. (6-31G**) 4.331 6.203 13.632 97.49 97.07 98.00 0.451

pred. (6-311G**) 4.620 6.372 12.530 95.25 97.82 103.62 1.245

Quinacridone expt. 14.934 3.622 12.935 91.39 107.13 92.84 -
(P1, αII) pred. (6-31G**) 13.684 4.369 13.239 90.00 115.39 90.00 0.219

pred. (6-311G**)13.397 4.115 13.002 90.00 98.21 90.00 1.019

Table 5.2: Matches from the full CSP to experimentally determined structures
of the observed polymorphs. RMSD30 is the deviation in atomic positions of a
cluster of 30 molecules taken from predicted and experimental structures, not
including hydrogen atoms. Non quinacridone results are also included. CC1
(R3) was generated in the P1 spacegroup, which reduces to R3 on account
of intramolecular symmetry, hence the cell angles differ at the second decimal
place. The experimental structures of CC1 also contained residual solvent,
which was removed for purposes of comparison. All structures were converted
to their reduced unit cell for comparison. Å and degrees are used throughout.

5.3 CSP of a blind test molecule

Chapter 2 introduced different approaches to CSP and progress in the field has been

measured through six blind tests held by the Cambridge Crystallographic Data Centre.

For each test a number of molecules are sent to active researchers in the field to attempt

a ”blind” prediction. No information is given apart from molecular connectivity and

some crystallisation conditions and X-Ray data of the actual structures are held until

completion of the test. A review of results from previous tests can be found in Chapter 2.

On the 12th of September 2014 the 6th blind test was announced and the molecules sent

to researchers. The molecular categories have changed over time with the advancement

of CSP methods for the 6th test they were as follows:

• I) a rigid molecule, with functional groups restricted to C,H,N,O, S, P, B and

halogens, with one molecule in the asymmetric unit and 30 atoms total
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• II) a partially flexible molecule with two to four internal degrees of freedom, one

molecule in the asymmetric unit and 30-40 atoms total

• III) a partially flexibile molecule with two to four internal degrees of freedom as a

salt, with two charged in the asymmetric unit and 30-40 atoms total, in any space

group

• IV) multiple partially flexible (one to two internal degrees of freedom) independent

molecules as a co-crystal or solvate, in any space group upto 40 atoms

• V) a molecule with four to eight internal degrees of freedom, no more than two

molecules in the asymmetric unit, any space group and 50-60 atoms.

The molecules chosen to satisfy these requirements are shown in Fig 5.16. This section

describes the prediction of the first molecule239, XXII, which is in category I.
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(a) XXII (category I)
(b) XXIII (II)

(c) XXIV (III)

(d) XXV (IV)

(e) XXVI (V)

Figure 5.16: The five molecules chosen for the 6th blind test of CSP.

The information given for XXII at the beginning of the blind test for the crystallisation

conditions was ”Crystallised from an acetone/water mixture; chiral-like character due

to the potential flexibility of the six-membered ring, but no chiral precursors used in

synthesis”. For each candidate molecule groups are allowed to submit a list of 100

candidate structures ranked in some way, in addition to a second list of 100 structures

re-ranked in some way.

The possible flexibility in the ring system of XXII necessitated a conformational search

of possible conformers to perform CSP with. This search was performed using a low-

mode conformational search (LMCS)240;241 as implemented in MacroModel242. This

method ensures conformer sets are as complete and unbiased as possible. The starting
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molecular geometry (a 3D geometry drawn in the MacroModel visualiser) is optimised,

perturbed along a random combination of its calculated normal modes and re-optimised,

with new conformers clustered on the fly (if they have an RMSD within 0.02 Å). Due

to large numbers of optimisations required a force field was used for energetic assess-

ment. OPLS2005243;244;245 was used due to its strong performance in a conformational

study246. After generation of conformers all within 50 kJ/mol of the global minimum

were re-optimised using DFT-D with B3LYP/6-311G** and Grimme’s D3 dispersion

correction scheme and Becke and Johnson damping247;248. After this optimisation the

conformers were clustered again to remove duplicates.

For XXII a buckled conformer was found (Fig 15) as the global minimum (C1) with a

symmetry-related twin, a planar conformation was also located as a first order saddle

point between the two minima (C2). After the DFT-D re-optimisation the saddle point

was only 5.7 kJ/mol above the global minimum so it was chosen for CSP in addition to

the global minimum.

(a) XXII (C1)

(b) XXII (C2)

Figure 5.17: The two XXII conformations chosen for CSP.

Rigid CSPs were performed for both conformers. Structure generation proceeded using

GLEE223 and the structure generator described above, with the difference of aiming for

a number of valid structures after lattice minimisation rather than just after structure

generation. C1 is chiral so 94 space groups were sampled, the 25 most common had 5000

valid structures in each, with 2000 in each of the remaining 69. If any of the additional
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space groups gave a structure within 25 kJ/mol the number of structures was increased

to 5000 (46 of the 69 required this). No change in the lowest energy structures was

seen and only five crystal structures from the additional space groups were within 15

kJ/mol of the global minimum. C2 is non-chiral so 87 space groups were sampled the

same way as C1. 34 uncommon space groups required additional sampling and four

structures from these made it within the 15 kJ/mol of the C2 global minimum. The

global minimum of the combined searches was -120.9 kJ/mol

Lattice energy minimisations were performed in the same way as quinacridone above

with a 15 Å cutoff on van der Waals and higher order electrostatics. In addition the

revised W99 force field was supplemented with parameters for sulphur249 using standard

combining rules. After the rigid body CSP was completed and results clustered (using

the in-house method described above in addition to COMPACK54) structures within

15 kJ/mol of the global minimum were re-optimised taking into account intramolecular

flexibility. Crystal Optimiser250 uses an atom-atom force field for the description of

intermolecular interactions with a quantum mechanical description of the intramolecular

energy. Specified torsions and angles are optimised in response to intermolecular packing

forces within the crystal. After this minimisation and re-clustering 753 unique crystal

structures populated the XXII lattice energy landscape. The top 100 structures are

plotted with relative lattice energy and density in Fig 5.18.
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Figure 5.18: Lattice energy landscape of XXII, plotting relative lattice energy
versus density. The lowest 100 structures are shown. Labels refer to the space
group number.

This created the first submission list but another re-ranked list was also submitted. As

briefly mentioned above, the lattice energy is not the total energy of the crystal; free

energy effects can also be important237. The thermodynamic stability of polymorphs is

governed by their free energy differences which included contributions from zero-point

and thermal motion to the enthalpy and entropy of the lattice. The development and

performance of the free energy calculations were attempted by another member of our

group Mr Jonas Nyman but the results are presented here (Fig 5.19). The Helmholtz

free energy (the sum of the static lattice energy and lattice vibrational contributions) is

calculated from phonon frequencies using the rigid molecule, harmonic approximation,

with no intramolecular vibrations or phonon-phonon couplings included at T = 300K.
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Figure 5.19: Lattice energy landscape of XXII. Plotting relative free energy
(T=300K) versus density. The lowest 100 structures are shown and labels refer
to the space group number.

The main difference between the two sets of structures was the re-ranking of the 3rd

lowest energy structure to be the new global minimum. Once results were submitted and

the blind test paper prepared 12 out of 21 total submissions found the experimentally

known structure. This was the 3rd ranked structure in our lattice energy list, and the

global minimum in the free energy list (Fig 5.20 shows the overlay of our predicted

structure with the experimental structure). Table 5.3 shows the cell parameters of the

match to known experimental structure. This re-ranking shows the importance of taking

into account all energetic contributions in the crystal.
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Figure 5.20: Overlay of the global minima (green) from our free energy ranked
list of submitted structures with the experimental structure of XXII (RSMD30

= 0.292 Å).

Cell lengths Cell angles RMSD30

Crystal structure a b c α β γ

XXII predicted 11.700 6.651 12.19190.00 105.20 90.00 0.292

XXII experimental 11.947 6.696 12.59890.00 108.60 90.00

Table 5.3: Matches from the full CSP to experimentally determined structures
of the observed polymorphs. RMSD30 is the deviation in atomic positions of a
cluster of 30 molecules taken from predicted and experimental structures, not
including hydrogen atoms. Å and degrees are used throughout.

5.4 Conclusions

In this chapter two pieces of work outside the main theme of this thesis are presented.

The first deals with the development and testing of an in-house structure generator for

CSP. A quasi-random sequence is used to sample molecular positions, orientations and

unit cell parameters. The SAT method is used to check for molecular overlaps and can be

used to expand the cell rather than just rejecting structures out of hand. Initial testing

involved the discovery of flat cells which required a new angle sampling method to be

used in addition to the choosing of cell lengths. Once this was completed the structure

generator was applied to three molecules representing a range of molecular interactions

and shapes. The three molecules (quinacridone, artemisinin and CC1) were searched

multiple times using different TVP values and the SAT-expand method. Results showed

that the acceptance of trial structures increased with a larger target volume but that
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more successful lattice energy minimisations occured with a smaller target volume. The

SAT-expand method offers a good middle ground between these two considerations and

was chosen to perform full CSPs on the molecules of interest. For artemisinin and

CC1 the structure generator was successful, locating known experimental structures

(including a Z ′ = 4 polymorph in the case of artemisinin). For quinacridone the ranking

of the polymorphs was difficult, showing a surprising sensitivity to the quality of the

DFT calculations used in the generation of the electrostatic model. The problems with

ranking the polymorphs are due to this fact rather than the structure generator.

The second piece of work is the CSP of a blind test molecule from the 6th blind test

molecule XXII (a small, rigid molecule, containing C,H,N,S atoms). A conformer search

was performed locating two conformers of interest for CSP. A rigid search was attempted

first sampling many space groups for both conformers. After clustering and combining

the lists all structures within 15 kJ/mol of the global minimum were re-minimised allow-

ing intramolecular flexibility in response to intermolecular interactions. This created the

first submission list of 100 structures, the second being created through the calculation

of the free energy of each structure, which was then used to re-rank. The experimental

structure was located in both lists, but was re-ranked from 3rd to 1st upon the inclusion

of free energy, showing the importance of including all energetic terms when performing

CSP.

Our results show that CSP works well for a range of relatively rigid molecules. Artemisinin,

CC1 and the blind test molecule are predicted very well, showing that search and en-

ergy ranking methods are working. Quinacridone is a warning about sensitivity to the

model, but results improve with a smaller basis set. The next chapter will detail the

CSP of a number of azapentacene derivatives and their evaluation as potential organic

semiconductors.
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5.5 Additional figures
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(a) TVP = 1.5
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(b) TVP = 2.0

Figure 5.21: Hits to the 10 lowest ranked crystal structures of quinacridone P1.
Each point represents a minimisation from a trial structure showing where the
trial structure was generated in the Sobol sequence.
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(a) TVP = 1.0
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(b) TVP = 1.5
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(c) TVP = 2.0
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(d) TVP = 2.5
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(e) SAT-expand

Figure 5.22: Hits to the 10 lowest ranked crystal structures of quinacridone
P21/c. Each point represents a minimisation from a trial structure showing
where the trial structure was generated in the Sobol sequence.
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(a) TVP = 1.0
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(b) TVP = 1.5
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(c) TVP = 2.0
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(d) TVP = 2.5
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(e) SAT-expand

Figure 5.23: Hits to the 10 lowest ranked crystal structures of quinacridone
Z ′ = 2 P1. Each point represents a minimisation from a trial structure showing
where the trial structure was generated in the Sobol sequence.



Chapter 6

Azapentacene Crystal Structure

Prediction

6.1 Introduction

Chapters 2 and 3 introduced CSP and the parameters needed for good charge transport

in molecular crystals. CSP can be used as a tool for crystal engineering by predicting

possible polymorphs of a given molecule. When combined with the prediction of prop-

erties CSP can be used to computationally design molecules with desired properties. No

experimental data is needed, allowing for the screening of potential molecules before they

are synthesised. Organic semiconductors are an attractive field to apply this method-

ology to; charge mobility depends on both intra and intermolecular parameters. The

mobility shows a particularly fine sensitivity to small changes in the crystal structure

and the composition of the molecule. This chapter presents the CSP of novel organic

semiconductors, the analysis of how substitution patterns affect crystal packing and the

calculation of the charge mobility of low energy structures.

Pentacene is an attractive starting point for the design of novel organic semiconductors

with promising electronic properties251;130;252 attributed to its small λ. Pentacene crys-

tallises in a herringbone arrangement? , which is characterised by tilted edge–to–face

C-H· · ·π interactions. However, the electronic coupling between molecules is known

to vary strongly with the interplanar angle and is maximised in a co–facial molecular

arrangement253. Thus, the herringbone packing seen in many PAHs is not optimal for

charge transport and there have been efforts to modify molecular packing by introducing

substituents254. In addition, pentacene is a p-type semiconductor (it transports holes

rather than electrons), which can also be modified by substitution, with electronegative

atoms offering a way to change the transport character and offer potential hydrogen

bonding networks to modify the packing.

105
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Azaacenes (and azapentacenes in particular) offer a way to favourably modify electronic

properties and crystal packing, in particular, the possibility to form N· · ·H-C hydrogen

bonded networks, which could promote sheet–like packing in the crystal phase. Interest

in azaacenes has increased over recent years139;140;255;256 due to this potential control of

crystal packing and intriguing theoretical results.

Chen and Chao141 investigated a series of theoretical azapentacenes as they tried to

lower the value of the internal reorganisation energy. The authors showed that too

much nitrogen substitution (10N) increased λ− due to the effects of the electronegative

pertubation on the LUMO, increasing its non-bonding character. This leads to stronger

orbital interactions between neighbouring atoms, resulting in a larger geometry change

when an electron hops on. However, 10N substitution did result in a large increase

in electron affinity (a property needed for a good n-type material131) so 5N was also

investigated and showed good (0.149-0.167 eV) and tunable (depending on N position)

λ values. Winkler and Houk142 also theoretically examined a series of azapentacenes,

calculating reorganisation energies for varied amounts of nitrogen substitution and lo-

cations, including 5N. Their λ values agree quite well with those of Chen and Chao.

Some theoretical work has been done showing promising results with N substitution

into already 6,13-substituted pentacene derivatives though no thorough examination of

the crystal packing was performed.143 Winkler and Houk state that ‘A most interesting

question is how substitution of CH by N modifies the solid-state structures (and hence

transfer integrals) of azaoligoacenes’. This is the central focus of this chapter.

6.2 Molecules studied

6.2.1 Validation molecules

For the CSP presented in this chapter two molecules with known crystal structures

were chosen as validation for our method. Pentacene (Fig 7.1b, CSD reference code

PENCEN) is a polycyclic aromatic hydrocarbon (PAH) consisting of five linearly fused

benzene rings. Pentacene shows promising electronic properties and has been the subject

of intense research.251;130;252 A search of Web of Knowledge using the term ”pentacene

semiconductor” returns over 7000 hits showing its popularity as a research target.

Pentacene has three experimentally known polymorphs. The first (known as the bulk

polymorph, PI) was reported in 1961257 and revised in 1962258. Polymorph II (single

crystal polymorph, PII) was discovered in 1999259 and the third (thin film polymorph,

PIII) and was characterised in 2007260. All three polymorphs crystallise in spacegroup

P1 and unit cell dimensions differ only slightly between them. The distinguishing charac-

teristic between polymorphs is their d001 spacing, that is, the distance between repeating

layers261 (Table ?? shows the lattice parameters of the three polymorphs.
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Pentacene as the archetypal organic semiconductor is a good test for our method on

predicting structures of fused ring systems. As we are also interested in how the effect

of nitrogen substitution affects the crystal packing, the other validation molecule chosen

was tetraazatetracene (Fig 6.1b). Tetraazateracene (CSD reference code YEBMEZ,

hereafter referred to as TT) is a n-channel semiconductor and was characterised in

2012262. TT is an azaderivative of tetracene that crystallises in P21/c from CH3CN. So

far, no additional polymorphs have been discovered.

(a) Pentacene (b) Tetraazatetracene (TT)

Figure 6.1: The two validation molecules chosen for our study.

Crystal Structure a b c α β γ d001(Å)

PENCEN (bulk)258 7.90 6.06 16.01 101.9 112.6 85.8 14.4
PENCEN01 (single crystal)259 6.28 7.71 14.4476.75288.0184.52 14.1
PENCEN10 (thin film)260 5.96 7.60 15.61 81.25 86.5689.80 15.4
YEBMEZ262 (TT) 4.7114.91 7.65 90.00 94.7090.00 -

Table 6.1: Lattice parameters (vectors in Å, angles in ◦ and d spacing of the
three pentacene polymorphs in addition to the experimentally observed TT
structure.

Pentacene packs in a herringbone motif across all the experimentally known structures

(Fig 6.2a. Directed by edge to face (C· · ·H interactions) and face to face π-stacking

(C· · ·C interactions), this packing is not considered the best for charge transport, but

due to pentacene’s excellent (low) reorganisation energy mobility is still high. TT packs

in a γ motif (Fig 6.2b) directed by N· · ·H hydrogen bonds. Observed charge mobilities

for TT were lower than that of the unsubstituted parent molecule (tetracene), with 8.9 x

10−5 cm2/Vs (versus 0.15 cm2/Vs263) a fact the authors of the original paper attribute

to device processing issues.
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(a) Herringbone packing in pentacene, directed by the
highlighted edge to face interactions

(b) A γ packing in the observed structure of TT,
directed by the highlighted NH hydrogen bonds.

Figure 6.2: Crystal packing of the two validation molecules.

6.2.2 Hypothetical molecules

Four molecules from reference 142 were chosen to investigate the effects of differing

amounts and arrangements of nitrogen substitution, with alternating (A) nitrogen sub-

stitution and all nitrogens on one side of the molecule (B). Two further molecules were

devised with unsymmetrical N-substitution patterns (C) with non-complementary long

edges of the molecule, to present a more complete picture of the intermolecular inter-

actions in azaacenes. We will refer to these molecules as nA/B/C where n refers the

number of nitrogen atoms in the molecule. The structures of the molecules are shown

in Fig 6.3. 5A and 5B were chosen as intermediates between the validation molecules

and 7A/B to try and elucidate how many interactions it takes to disrupt herringbone

packing in favour of cofacial sheets. 7A/B were explicitly designed to have an electron

affinity above 3.0 eV142 and have a slight increase in reorganisation energy when com-

pared to pentacene (0.131 to 0.18-0.2 eV). However the potential for regular cofacial

arrangements in the crystal should still allow for high mobilities. While CH· · ·N hy-

drogen bonds are generally weak compared to other hydrogen bonding motifs264, the

sheer number of potential interactions in this series of molecules should lead to cofacial

motifs. While larger theoretical acenes should have better charge transport properties

(the HOMO LUMO gap decreases with additional rings) they are difficult to synthesise

and very unstable. Therefore pentacene based derivatives are more realistic for device

applications.
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(a) 5A (b) 5B (c) 5C

(d) 7A (e) 7B (f) 7C

Figure 6.3: The hypothetical molecules chosen for this study (hydrogen omit-
ted).

6.3 Methods

6.3.1 CSP

The CSP methodology used in this study is broadly the same as that in Chapter 5. The

geometry of each molecule was kept rigid throughout the crystal structure calculations,

at the optimised gas phase structure from a B3LYP72/6-311G** calculation using Gaus-

sian 0971. Trial crystal structures were then generated in a wide range of space groups,

considering 1 and 2 molecules in the asymmetric unit. Searches were performed using

the Global Lattice Energy Explorer (Glee) software, which is described in Chapter 5

and a recent paper223. 4000 lattice energy minimised crystal structures were generated

in each of the 23 most commonly adopted space groups for organic molecules37 (P21/c,

P41212, P212121, P21212, P 1̄, Pc, P21, P31, Pbca, P41, C 2/c, Fdd2, Pna21, Pccn, Cc,

P2/c, C 2, P61, Pca21, I 41/a, P1, R3̄, Pbcn), all with one molecule in the asymmet-

ric unit (Z′=1). For Z′=2, 10000 structures were generated in each of 12 space groups

(P21/c, C 2/c, P212121, P1, Pca21, P 1̄, Pna21, P21, C 2, Pbca, Pc, Cc), leading to a

total of 212,000 lattice energy minimised structures for each molecule.

All lattice energy minimisations were performed using DMACRYS66, using the W9963? ?

model potential for all intermolecular atom-atom interactions. Electrostatic interactions

were described using atomic multipoles derived from a distributed multipole analysis of

the calculated molecular electron density. Ewald summation was used for charge–charge,

charge–dipole and dipole–dipole interactions, while all higher order electrostatics and

repulsion-dispersion interactions were summed to a 25 Å cutoff. Lattice energy min-

imisation was initially performed within the space group of the generated structure. In

cases where this led to a saddle point, lattice energy minimisation was continued af-

ter removing the space group symmetry operators that allowed minimisation from the

saddle point. This process led to some structures of higher Z ′ in the final structure sets.

Clustering was performed to identify and remove duplicate crystal structures. An initial

screen was performed using the clustering method described in Chapter 5 (and in more
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Figure 6.4: The four packing types seen in crystal structures of polycyclic aro-
matic hydrocarbons: a) herringbone; b) sandwich herringbone; c) γ and d) sheet
(β).

detail in reference 223) within individual space groups. An overall clustering across all

space groups was then performed using COMPACK54.

6.3.2 Classification of Predicted Crystal Structures

As discussed in Chapter 2, it is expected that polyaromatic hydrocarbons will crystallise

in one of four packing motifs (Fig 6.4). To analyse the effect of nitrogen substitution

on these tendencies, the predicted crystal structures were categorised according to their

packing motif, using an nearest–neighbouring angle–based metric. First, we classified all

dimers formed between the molecule in the asymmetric unit and all molecules within a

20 Å distance cutoff according to the angle between their principal moments–of–inertia.

Crystal structures in which all the angles are between 0–9◦ are classified as sheet struc-

tures (the β packing type). For structures where some dimers are not co-planar, the

packing type is assigned using the four nearest neighbouring molecules. Structures in

which none of the four nearest neighbours are co-planar are classed as herringbone pack-

ing. Where only one of the nearest neighbours is co-planar, the structure is classified as

sandwich herringbone. Two or more co-planar neighbours indicates a stack of molecules,

so these structure were classed as the γ packing type. This last category contains tra-

ditional γ structures and more sheet like structures, where parallel sheets are tilted

along the short axis of the molecule (usually 3-10◦). The classification of structures was

checked manually, and an additional category of ””other herringbone”” was created, to

encompass structures whose packing did not fit into one of our four initial categories.

The set of rules used for classification should be good enough to uncover trends in

properties between these broad families of packing types. The classification of borderline
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cases would be affected by a change in the angle bounds, which were taken from an initial

visual analysis of crystal structures. A faster and more rigorous method of classifying

predicted crystal structures into structural families would facilitate the analysis of crystal

energy landscapes, and is currently being developed in our group.

6.3.3 Mobility calculations

In addition to classifying the packing motifs seen in our predicted structures, the mobility

of charge carriers was calculated to elucidate the relationship between packing motifs

and charge mobility. The calculations are performed as described in Chapter 2, with

the hopping rates of charge carriers calculated using Marcus Theory,

ket =
t2

~

√
π

λ±kBT
exp

[
− λ±

4kBT

]
. (6.1)

where t is the transfer integral (a measure of the overlap of molecular wavefunctions),

λ the reorganisation energy (the reaction of the molecular geometry to a charge carrier

landing on the molecule), λ− is used in this case as all azapentacenes are expected to

be electron transporters. For the calculation of the transfer integrals present between

unique dimer pairs in the crystal the nearest–neighbouring molecular dimer electronic

coupling matrix elements were calculated using subsystem density functional theory144

at PW91265/DZ level of theory, as implemented in the Amsterdam Density Functional266

(ADF) package. For each crystal, the nearest–neighbouring dimers were extracted based

on the criterion that at least a pair of intermolecular atom–atom distances was less

than the sum of van der Waals radii plus 1.5 Å. In the case where the energy mini-

mized crystal structures contain more than one symmetrically independent molecules,

the nearest–neighbouring dimer is extracted for each unique molecule in the structure.

To reduce the total number of DFT calculations required, coupling matrix elements for

duplicated molecular dimers in a given crystal were not calculated explicitly. The du-

plicated dimers were identified based a root–mean–squared–deviation (RMSD) between

two dimers being less than 0.1 Å. In this way, we ensured that all dimers that will play

dominant contributions to the electron transport properties in a given crystal have been

properly accounted for. Crystal structures within a 7 kJ/mol energy cutoff of the global

minimum crystal structure. This is the expected range in which observed polymorphs

are expected to be found1.

The intramolecular reorganisation energies were calculated in Gaussian 09 at B3LYP/6-

31G** level of theory. The electron diffusivities (D) were calculated in a similar approach

to Sokolov et al 267:

D =
1

2nN

N∑
i=1

Ni∑
j=1

r2
ijk

2
ijPij , (6.2)
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where N is the number of molecules in the crystal, Ni is the number of nearest–

neighbours for the i–th molecule, rij is inter–centroid distance and n = 3 is the di-

mensionality of diffusion. Pij is the probability for the charge carrier to hop between

molecule i and j, and is calculated as

Pij =
kij∑Ni
j=1 kij

=
t2ij∑Ni
j=1 t

2
ij

. (6.3)

The intermolecular electron transfer rate (kij) is calculated according to Eq. (8.3). The

final electron mobility is calculated based on the Einstein relationship as

µ =
e

kBT
D. (6.4)

All calculations were performed at T = 300 K.

6.4 Results and discussion

6.4.1 CSP

6.4.1.1 Validation molecules

(a) TT (b) Pentacene

Figure 6.5: Overlays of the global minima (green) from our validation CSPs
with the experimental structures for TT (RSMD30 = 0.355 Å) and pentacene
(bulk, RSMD30 = 0.393 Å).

All three known polymorphs of pentacene crystallise in space group P 1̄. The distinguish-

ing character between these polymorphs is their d(001) spacing, which is the distance



Chapter 6 Azapentacene Crystal Structure Prediction 113

1.20 1.25 1.30 1.35

Density (g/cm3 )

0

2

4

6

8

10

12

14

16

∆
E
la
tt
 (

kJ
/m

o
l)

PI/PIII

Pent

PIIsheet
γ

herringbone

other

other herringbone

sandwich herringbone

(a) Pentacene

1.34 1.36 1.38 1.40 1.42 1.44

Density (g/cm3 )

0

2

4

6

8

10

12

14

16

∆
E
la
tt
 (

kJ
/m

o
l)

exp

TT

sheet
γ

other herringbone

herringbone

(b) TT

Figure 6.6: Structure–energy landscapes for the predicted crystal structures
of pentacene. (a) and (b) are the low–energy (within 15 kJ/mol above the
predicted global minimum) lattice energy landscapes for pentacene and TT,
respectively, where each point is coded with respect to its crystal packing type.

Table 6.2: Matches from the full CSP to experimentally determined structures
of the observed polymorphs. RMSD30 is the deviation in atomic positions of
a cluster of 30 molecules taken from predicted and unoptimised experimental
structures, not including hydrogen atoms. All structures were converted to their
reduced unit cell for comparison. Å and degrees are used throughout.

Crystal Structure Cell lengths Cell angles RMSD30

a b c α β γ

PI (bulk) (P1) expt 6.060 7.900 14.884 101.90 112.60 85.80 -

pred 5.889 8.215 14.847 97.87 99.10 93.64 0.393

PII (single crystal) (P1) expt 6.275 7.888 14.709 76.01 87.23 85.00 -

pred 5.973 8.015 15.219 77.11 83.93 86.22 0.526

PIII (thin film) (P1) expt 5.958 7.596 15.610 81.25 86.56 89.80 -

pred 5.889 8.215 14.847 97.87 99.10 93.64 0.396

TT (P21/c) expt 4.710 14.910 7.652 90.00 94.70 90.00

pred 4.881 14.328 8.768 90.00 117.27 90.00 0.355

between repeating herringbone layers261. For comparison with the predicted structures,

the three experimental polymorphs were lattice energy minimised using the same en-

ergy model and molecular geometry used in the CSP calculations. We observed that,

upon minimisation, both the bulk (PI) and thin film (PIII) phases converge to the same

structure, which corresponds to the global minimum from CSP (Fig 6.6). This points

to the difference in d(001) spacing seen between PI and PIII possibly arising from sub-

strate effects that the pentacene thin-film is laid upon. In addition, this agrees with an

earlier study on the lattice dynamics of pentacene polymorphs performed by Della Valle

et al 268. The single crystal phase was ∼6 kJ/mol above the predicted global minimum
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and was also located in the set of predicted crystal structures. As expected, herringbone

packing is present throughout the clustered results with the main differences arising

from interactions between herringbone pairs. The global minimum of the TT search

corresponds well to the known experimental structure. The packing landscape is quite

different to that of pentacene (Fig 6.6b, N· · ·H-C hydrogen bonds can now form and the

preference for herringbone packing is weakened. Sheet-like structures and γ are now the

preferred motifs for low energy crystal structures. It must be noted that these sheet-like

structures are not the ”brickwork” packing that is expected to be optimal for charge

transport, but are more similar to flattened gamma/herringbone motifs. For pentacene,

the sheet structures seen are a mixture of this and conventional sheet structures. Iso-

lated cases of sandwich herringbone packing can still be found, albeit being higher up

in the energy range on the pentacene landscape.

Table 6.2 shows the cell parameters of the matches to known experimental structures.

The results from the validation studies are encouraging for applying CSP to the the-

oretical azapentacenes. Both global minima of the validation searches match a known

experimental structure and Table 6.2 shows good agreement with the experimental cell

parameters.
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6.4.1.2 Hypothetical azapentacenes

1.35 1.40 1.45 1.50 1.55

Density (g/cm3 )

0

2

4

6

8

10

12

14

16

∆
E
la
tt
 (

kJ
/m

o
l)

sheet
γ

other herringbone

herringbone

1.35 1.40 1.45 1.50 1.55

Density (g/cm3 )

0

2

4

6

8

10

12

14

16

∆
E
la
tt
 (

kJ
/m

o
l)

5A

µ∈[0,1.5]

µ∈[1.5,3]

µ∈[3,4.5]

µ∈[4.5,6]

µ>6

1.35 1.40 1.45 1.50 1.55

Density (g/cm3 )

0

2

4

6

8

10

12

14

16

∆
E
la
tt
 (

kJ
/m

o
l)

sheet
γ

sandwich herringbone

1.35 1.40 1.45 1.50 1.55

Density (g/cm3 )

0

2

4

6

8

10

12

14

16

∆
E
la
tt
 (

kJ
/m

o
l)

5B

1.35 1.40 1.45 1.50 1.55

Density (g/cm3 )

0

2

4

6

8

10

12

14

16

∆
E
la
tt
 (

kJ
/m

o
l)

sheet
γ

other herringbone

sandwich herringbone

1.35 1.40 1.45 1.50 1.55

Density (g/cm3 )

0

2

4

6

8

10

12

14

16

∆
E
la
tt
 (

kJ
/m

o
l)

5C

Figure 6.7: Structure–energy–mobility landscapes for the predicted crystal
structures of azapentacenes with 5N. Colouring and the size of circles on the
right–hand–side correspond to the magnitudes of calculated electron mobilities
in cm2/Vs.
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Figure 6.8: Structure–energy–mobility landscapes for the predicted crystal
structures of azapentacene with 7N, mobilities are given in cm2/Vs.

We now move onto the results for the series of hypothetical 5N and 7N azapentacenes.

First, we analyse the preferred packing motifs of the series of azapentacenes. Similarly

to TT, a further increase of N–substitution to 5N leads to a further change in the

packing landscape of the hypothetical azapentacenes. The lattice energy landscape



Chapter 6 Azapentacene Crystal Structure Prediction 117

for the three 5N substituted azapentacenes were dominated by γ and sheet packings.

CH· · ·C edge to face interactions are mostly replaced with N· · ·HC hydrogen bonds

along the long axis of the molecule, which directs the sheet–like motifs. Furthermore,

sheet–like structures were more apparent in 5N–substituted azapentancenes compared

to the validation molecules.

5A exhibits a band of sheet packing structures as in Fig 6.9 (the third lowest energy

sheet structure is shown in 6.9a), these sheets show small offsets in regards to other layers

approaching a brickwork motif. Fig. 6.7 shows that the number of N substituents is

not enough to completely disrupt the γ–motif, such that 5N–substituted azapentacenes

exhibit a range of packing motifs. This also led to a crowded, polymorphic landscapes

for 5N–substituted azapentacenes. In particular, despite our expectation that 5C might

exhibit poorer packing, because the long edges of the molecule are not complementary,

5C shows similar packing preferences to compared to 5A and 5B.

(a) 5A
(b) 5B

Figure 6.9: Sheet and γ herringbone directing interactions in the 3rd lowest 5A
structure and the 5B global minimum

The addition of two extra N atoms has a strong impact on the dominant packing mo-

tif seen. All 7N containing molecules exhibit a strong preference for sheet-like packing

across the low energy range and show a much sparser lattice energy landscape than

the 5N azapentacenes. The addition of nitrogen atoms to the corners of the molecules

strongly favours sheet formation, that are held together with hydrogen bonds in triangu-

lar patterns (Fig 6.10. This interaction pulls the sheets together, creating more overlap

with the sheets above and below. Edge-to-face interactions can no longer direct herring-

bone packing without the significant expense of losing C-H· · ·N hydrogen bonds. The

vertical distance between layers is slightly shorter than what is usually seen in π-stacked

materials269 (around 3.2 Å for predictions, compared to 3.4-3.6 Å experimentally ob-

served). 7A and 7B sheets differ however, in the vertical displacement between layers,

which is larger for 7A structures. This vertical displacement is 0.334 Å for the global

minimum of 7B and 1.091 Å for the global minimum of 7A. Again, the unsymmetric

substitution pattern in 7C led to little difference on the resulting packing motifs. Low
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energy structures for 7C are mostly sheets with slightly more variation than seen in

7A/B as neighbouring molecules are primarily shifted along the long axis (Fig 6.10c).

(a) 7A
(b) 7B

(c) 7C

Figure 6.10: Sheet motifs and packing seen in the global minima of 7A,7B and
7C, showing triangular hydrogen bonding connecting parallel sheets and varying
levels of offset.

6.4.2 Charge mobility of predicted structures

The charge transport properties of crystalline organic semiconductors depend on the

subtle interplay between the intrinsic molecular properties (characterised by the reor-

ganisation energy of individual molecule in the gas–phase) as well as the packing geome-

tries (characterised by the transfer integral) in the observed polymorphs. The relative

weightings of these two parameters is not entirely known however. This section aims to

investigate this interplay for the series of hypothetical azapentacenes and their predicted

crystal structures.

Table 6.3 summarises the gas–phase electron reorganisation energies for all six azapen-

tacene molecules investigated, from which it can be seen that molecule 5A is the molecule

with the lowest reorganisation energy. This leads to the fact that the predicted crystal

structures for molecule 5A (up to 7kJ/mol above the global minimum), are, in gen-

eral, of higher charge mobilities compared with the other five molecules (Figs. 6.7 and
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Table 6.3: Summary of the charge transport parameters for the azapentacene molecules
investigated: λe is electron reorganisation energies, calculated at B3LYP/6-31G** level of the-
ory. µmax is the maximum predicted electron mobility among the predicted crystal structures.
∆E(µmax) is the lattice energy gap between the crystal structure with the highest charge mo-
bility to the predicted global minimum. 〈µ〉 is the ensemble–averaged electron mobility across
all crystals with calculated mobilities. µgm is the mobility of the global minimum.

Molecule λe (eV) µmax (cm2/Vs) ∆E(µmax) (kJ/mol) 〈µ〉 (cm2/Vs) µgm (cm2/Vs)

5A 0.151 11.4 5.62 3.27 5.36
5B 0.165 5.91 5.34 2.86 3.98
5C 0.157 5.97 4.68 4.29 3.78
7A 0.180 4.22 4.69 2.52 2.10
7B 0.198 6.56 6.05 1.81 0.62
7C 0.184 3.16 5.98 1.91 2.01

6.8). This suggests that reorganisation energy dominates and should be the main target

property in the design of novel organic semiconductors. This confirms the relationship

between pentacene’s excellent mobility in spite of its poor crystal packing.

The relationship between the crystal packing and the mobility is also difficult to gen-

eralise. For the 5N molecules high and low mobilities are seen for both γ and sheet

packings. For the 7N azapentacenes despite the prevalence of sheet motifs mobilities are

lower than their 5N counterparts. This is principally due to their higher reorganisation

energies.

Apart from the practical limitations in predicting charge mobilities solely based on

packing–type classifications, it can also be seen in Figs. 6.7 and 6.8 that crystal

structures with high mobilities are not necessarily the global minimum structures on

the lattice energy landscapes. This is not surprising, as dimers with the largest elec-

tronic couplings are those with co–facial π–stacking, with good spatial overlap between

the interacting molecular orbitals, the lattice energies of which could be penalised by

exchange–repulsion between the interacting molecules. The purpose of performing CSP

and mobility calculations in advance of synthesis would be to prioritise the molecules

according to which is most likely to lead to a high charge carrier mobility. The ques-

tion is how do we then rank the molecules studied here? The most obvious choice is the

maximum charge mobility µmax among the low energy structures, and the corresponding

energy gap to the predicted global minimum at which µmax was observed, (∆E(µmax)).

It can be seen from Table 6.3 that while molecule 5A leads to the crystal structure with

the largest µmax across the whole set, it is energetically penalised by a relatively high

∆E(µmax) value, which is the second highest among all six molecules. Molecule 5C

could be a better choice, with the third highest predicted µmax along with the lowest

∆E(µmax). Analysing µgm (the mobility of the most likely structure) points to 5A being

the best candidate for further development, though the mobility of the global minimum

is less than half that of µmax.
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The ranking function used needs to be able to balance the desire for the maximum

mobility molecule, with the stability of its high mobility crystal structures. A expected

mobility value can be calculated,

〈µ〉 =

∑N
i µi exp(−∆Ei/β)∑N
i exp(−∆Ei/β)

(6.5)

where µi is the electron mobility of the i–th crystal structure and ∆Ei is the lattice

energy difference of this structure to the predicted global minimum. The decay constant

β = 2.696 kJ/mol is obtained by fitting the probability for observing a pair of molecular

crystal polymorphs from reference 1. It can be seen from Table 6.3 that, molecule 5C is

now a clear winner, an underdog win for a molecule that was originally included to give

poor crystal packing. The high expected mobility is due to a landscape whose lowest

energy structures mostly show high mobilities, in contrast with 5A where a large number

of low energy structures have low predicted mobilities.

6.5 Conclusions

This chapter outlines the CSP study of potential novel organic semiconductors. The

substitution of nitrogen atoms into the ring system of pentacene can modify the trans-

port character and packing motif. Two molecules were chosen as validation for this

study, pentacene and tetraazatetracene. CSP was successful for both molecules, with

all experimental polymorphs located and the global minimum for both molecules cor-

responding to an observed polymorph. Though upon optimisation the thin film phase

also matches the global minimum suggesting substrate effects are responsible for the

difference in d001 spacing reported experimentally. CSP was then performed on 6 hypo-

thetical azapentacenes with a range of substitution patterns and numbers of nitrogen.

5N containing azapentacenes show a disruption of the typical herringbone packing of

pentacene with γ being the most common packing motif among the low energy crystal

structures. However, sheet like structures are also found in low energy regions of our

search. In contrast, 7N molecules pack almost exclusively in sheet motifs. All C-H· · ·C
edge to face interactions are disrupted and replaced by CH· · ·N hydrogen bonds which

promote coplanar molecular arrangements.

The charge transport properties of the predicted structures were then analysed to try

and elucidate the relationship between packing motifs and charge mobilities. In terms

of maximum charge mobilities, 5A was found to be the best performing molecule in our

study in spite of its packing motif not being the most favourable a priori, resulting in the

relatively large energy gap between structure of highest mobility and the predicted global

minimum. A better compromise can be achieved with molecule 5C. Given the rather

unusual N–substitution pattern in 5C, it is clear that computer–guided design of novel
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organic semiconductors requires simultaneous exploration of both chemical space and

crystal packing. The next chapter will introduce the design of genetic algorithm designed

to search possible substitution schemes of azapentacenes. Chapter 8 will contain the

”production” runs of this genetic algorithm and the CSP and mobility calculations of

promising molecules discovered.





Chapter 7

Azapentacene Genetic Algorithm

7.1 Introduction

Chapter 4 introduced machine learning and genetic algorithms (GAs). The parts needed

for a successful GA were also discussed. Factors to take into consideration include:

• i) the encoding of the population members; this varies depending on the prob-

lem being studied, binary encodings are common but their transferability may be

limited

• ii) how the initial population is generated, whether completely random or biased

in some way to ensure evolution in the desired direction

• iii) the nature of the fitness function. This is problem dependent. As fitness is

calculated possibly 100s of times per generation, this needs to be relatively quick.

Obviously this also needs to represent how well a member of the population is

at solving the problem in question, the calculation of the fitness also needs to be

accurate enough to differentiate between similar population members

• iv) how the population members are ranked and selected for crossover. The se-

lection method can have a large impact on the speed at which the GA reaches a

minimum. Generally, slower convergence is better to stop convergence on a local

minimum

• v) the choice of how the new generation is made. Elitism transfers a proportion

of the fittest members into the new generation. This is useful as it can stop the

disappearance of fit members. However if the proportion of elite members is too

high they can dominate further generations

• vi) which crossover operators are used. If more than one how likely they are to

be chosen. Single point crossover is the simplest but has drawbacks. Extensions

123
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such as two point and uniform crossover also have pros and cons, again this is

largely problem dependent. For uses such as genetic programming, it is often

advantageous to retain as much of a successful member as possible

• vii) the use of mutation, changing one bit of a new member randomly can help

retain diversity in the population.

When these choices have been made there are many parameters inside the GA that

need to be optimised. Population size, crossover rate (ratio of crossover operators if

more than one are used), numbers inside the crossover operator, elitism rate, mutation

rate and various values within the chosen selection method all need to be decided upon.

There is no general best set of values for these parameters as the performance of the GA

depends on the interplay between encoding, selection method, crossover and mutation.

These parameters are usually developed in step with the GA before any ”production”

runs are attempted.

Chapter 6 contained the CSP of and evaluation as potential organic semiconductors of a

number of human designed azapentacenes. The results there showed that what may seem

as a strong substitution pattern at the time may not lead to the best performance due

to the complex interaction of crystal packing and molecular electronic properties. What

is the best way to explore the substitution space then? There are many possibilities:

too many to explore systematically. Therefore a GA calculating the fitness of many

molecular candidates at once and driving towards the best one, combined with the CSP

of promising molecules is one approach to this problem. This chapter will describe the

development and testing of a GA designed to accomplish this task. The first half will

discuss the structure of the GA, the second half the testing that was carried out to choose

the best parameters. We will apply the resulting GA to the exploration of azapentacene

molecules as potential n-type organic semiconductors.

7.2 The GA

7.2.1 Encoding

The first step in designing the GA is the decision on the encoding to be used. While

binary bitstrings are common their usefulness can be limited. For molecular chemical

applications perhaps a more sensible approach is to use an encoding that represents

the molecule as a string in an easy to understand way using known chemical symbols.

Preferably, this encoding would that includes atomic (for our nitrogen atoms in azapen-

tacenes) and bonding information. Additionally the encoding should be amenable to

the action of crossover operators and represent the molecule uniquely.
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(a) c1ncc2nc3cc4nc5cncnc5cc4nc3cc2n1
(b) SLIUAWYAILUBJU-UHFFFAOYSA-
N

(c) c1ncc2nc3cc4nc5cncnc5cc4nc3cc2n1
(d) QGZKDVFQNNGYKY-
UHFFAOYSA-N

Figure 7.1: Two potential encoding schemes for the GA on pentacene and 7A,
(a) and (c) are SMILES strings, (b) and (d) are InChi key strings.

Two common schemes that accomplish this are the simplified molecular-input line-entry

system (SMILES)270 and IUPAC International Chemical Identifier (InChi)271. SMILES

uses short ASCII strings to represent molecules, by the rules of generating the strings,

SMILES strings are not unique. For example CCO, OCC and C(O)C all represent

ethanol. Algorithms to ensure uniqueness are included in most cheminformatics pack-

ages, a process called canonicalisation, as long as one package is stuck to the SMILES

will be unique. In terms of information encoded, a SMILES string contains the same

information as an extended atom connectivity table. However it is much more compact

than the same table would be. A SMILES string is created by printing the nodes encoun-

tered in a depth first (selecting an arbitrary atom as the starting point and exploring as

far as possible before backtracking) tree traversal (visiting each atom exactly once) of

the chemical graph. Hydrogens are removed first and rings are broken into a spanning

tree. Where the rings have been broken numbers are used to indicate connected atoms.

Branching of the molecule is represented by parentheses. Fig 7.1c shows this for the

azapentacene 7A.

InChi another ASCII character encoding scheme can include more information than a

SMILES string. Each part of the string includes different information of the molecule,

from atom and bond connectivity to tautomeric information, isotope information, stere-

ochemistry, and electronic charge information. In addition each molecule has a unique

InChi, without the need to worry about conversion between different programs. While

an InChi is unique it is rather unwieldy, a hashed version (an InChi key) has been de-

veloped but this can result in the uniqueness being lost. Additionally it is not possible

to reconstruct the InChi string from the key, they must be linked somehow.

As can be seen from Fig 7.1d an InChi key is long even for simple molecules, much

information is included that is not needed and conversion between InChi keys and the

full string can be difficult. SMILES strings however, are easier to read, store and as long
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as the same package is used to generate them, uniqueness should not present a problem.

In addition, a SMILES string is easier to code crossover operators for. For these reasons

SMILES was chosen to encode our molecules and for use in the GA.

After selecting SMILES strings as our encoding method a decision needed to be made

about whether to develop our own SMILES generator or use one in a cheminformatics

package. RDKit272 is an open-source cheminformatics and machine learning package.

It not only has a SMILES generator but many additional features useful for our GA.

RDKit contains a molecule class that can be generated from a SMILES string, which

includes code for the breaking and reforming of bonds and can identify specific atoms.

This functionality is very useful for potential crossover functions. In addition, RDKit

can generate molecular fingerprints, save molecule objects with information attached

(such as properties) and can integrate with Ipython/Jupyter to depict molecules.

7.2.2 Generating a population

Most GAs begin with a randomly generated population to ensure diversity in the starting

point for the GA. Seeding174 can be used to encourage a specific direction in the search,

through inserting population members you would like to see propagate through the

GA. Due to our wish to explore the substitution space of pentacene thoroughly an

entirely random population was chosen as the starting point. First the SMILES string of

pentacene is randomly modified by replacing ”c” atoms with ”n”. The code must ignore

the numbers present in the string, and not modify any of the 3-centre carbon atoms in

the fusing points of the rings. RDKit contains functions to identify the number of bonds

for each atom allowing these to be easily skipped. The pseudocode below shows this in

practice,

def mutator(smiles_list, mutation_factor, N_number):

while smiles_list.count(’n’) != N_number:

smiles_string = ’’.join(smiles_list)

m_test = Chem.MolFromSmiles(smiles_string)

bond_list = [len(a.GetBonds()) for a in m_test.GetAtoms()]

for i,atom in enumerate(smiles_list):

if atom == int:

pass

if len(bond_list[i]) > 2:

pass

elif random.randint(0,100) <= mutation_factor:

if smiles_list.count(’n’) < N_number:

atom = ’n’

elif smiles_list.count(’n’) > N_number:
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atom = ’c’

smiles_list[i]=atom

test_string = ’’.join(smiles_list)

test_m = Chem.MolFromSmiles(test_string)

if smiles_list.count(’n’) == N_number:

return smiles_list

where the mutation factor is 50 (to ensure a high chance of atoms being changed),

N number is the number of nitrogen atoms to be placed in the molecule and the

smiles list is the python list of the SMILES string. For initial testing, a fixed num-

ber of N was placed into the molecule, though creating a population of mixed amounts

of nitrogen atoms is possible. The output from this function is shown in Fig 7.2 (it

should be noted that hydrogen atoms are omitted from all RDKit representations but

are added on before 3D coordinates are generated).

Figure 7.2: The input and output of the mutator function used to generate
members of the initial population.

Creating the population then involves running the mutator function on pentacene upto

the population size necessary. To check for duplicates within the population a new

molecule was checked against the current population using the SMILES string and again

using the reversed SMILES (to catch any symmetric matches). Later improvements

added the use of a molecular fingerprint at this step (to be discussed in a later chapter).

A sample of a generated population for N=5 is shown in Fig 7.3.
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Figure 7.3: Ten members of a randomly generated initial population of 5N
substituted pentacenes.

7.2.3 Calculating fitness

The fitness function of a GA is an important part of ensuring the GA locates the best

solution. As more and more solutions crossover, the fitness landscape becomes more

complicated and it is possible that many solutions are very close to one another. Any

accuracy lacking in the fitness function makes it possible that the GA will not find the

correct minimum. In testing our GA a simple fitness function was implemented as it was

not yet known what final form would be best, so a number of molecular properties were

chosen to optimise. The most important one for our application in discovering novel

organic semiconductors was the molecular reorganisation energy (λ). In addition runs

using the energy of the lowest unoccupied molecular orbital (LUMO), the molecular

dipole moment and the energy difference between the LUMO and highest occupied

molecular orbital (HOMO) were performed.

Using λ as a measure of fitness formed the bulk of the testing due to the fact that it has

a known minimum. Pentacene has an excellent hole λ but also a very good electron λ.

Therefore, using the GA to minimise λ should lead to pentacene as the global minimum.

λ is calculated as the sum of the energy required for the reorganisation of the vertically

ionised neutral geometry to the anion geometry, plus the energy required to reorganise

the anion geometry back to the neutral equilibrium. The process of calculating the

reorganisation energy requires four calculations: a) a geometry optimisation of the

neutral molecule; b) a geometry optimisation of the molecule with a negative charge;

c) a single point energy of the a geometry with a negative charge and d) a single point

energy of the geometry of b with a neutral charge.The energies from these calculations

are then summed as,

(c− b) + (d− a) (7.1)
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or more formally,

λ− = E0opt(Q−)− E−(Q−) + E−opt(Q0)− E0(Q0) (7.2)

where the subscript on E refers to the geometry of the molecule and Q the charge. For

the hole reorganisation a similar procedure would be followed, replacing the negative

charges with positive ones.

Calculations were performed using Gaussian0971 at the B3LYP/6-31G**72 level of the-

ory. RDKit allows the generation of 3D coordinates from a molecule object. To give

a good starting point for the λ optimisations all molecules are optimised using UFF273

before the Gaussian09 input file is generated.

7.2.4 Selection methods

Four of the selection methods discussed in Chapter 4 are implemented in our GA code:

fitness proportionate sampling (FPS); stochastic universal sampling (SUS); tournament

selection and rank selection. While no large scale testing was done tournament selection

was chosen as the selection method for the GA. Exploring the substitution space of

azapentacenes is our goal, so ensuring diversity throughout the GA run is important.

Both FPS and SUS present problems with keeping diversity present in generations. At

the beginning of a GA run when fitness variance may be high, both SUS and FPS

will select more of the higher fitness members than is wanted reducing diversity and

increasing the chance of the GA stopping at a local minimum. Rank selection can mask

the fitness variance present in the population although it lacks user control over the

selection pressure. Tournament selection, however, masks the fitness variance and has

an easy way to control the selection pressure of the GA. Tournament selection involves

running tournaments among a number of (usually 2) randomly selected members of the

population. A random number between 0 and 1 is selected and if it less than a user

defined parameter (usually around 0.75) the fittest individual in the tournament goes

through to crossover. Otherwise the less fit member will go through. Selection pressure

can be easily adjusted by changing the size of the tournament, as larger tournaments

disadvantage weaker members. The implementation of tournament selection in our GA

is as shown in the code below,

tournament_selection(mol_list_en, elitism_rate, new_pop_size):

elite_mols = []

crossover_mols = []

p0 = 75

for i,mol in enumerate(mol_list_en):

if i < elitism_rate:
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elite_mols.append(mol[0])

while len(crossover_mols) < new_pop_size:

challenger_1 = random.randint(0,(new_pop_size-1))

challenger_2 = random.randint(0,(new_pop_size-1))

print str(challenger_1)+" versus "+str(challenger_2)

winner = random.randint(0,100)

if winner <= p0:

print "stronger won"

crossover_mols.append(mol_list_en[challenger_1][0])

if winner > p0:

print "weaker won"

crossover_mols.append(mol_list_en[challenger_2][0])

return crossover_mols,elite_mols

where, mol list en is the list of molecules ranked by their fitness, elitism rate is the

amount of that generation to take through to the next unchanged and new pop size is

the total size of the next generation. Elitism (the keeping of fittest members of the

current generation unchanged for the next one) is included in our GA, keeping 10% of

the total population size. Elitism prevents the loss of fit members from generation to

generation and can keep the GA on track towards the global minimum.

7.2.5 Crossover

Two methods of approaching the crossover of our molecules are implemented in our GA,

with three crossover operators using these methods. The first crossover method consists

of only modifying those atoms on the outside of the ring system and is referred to as

atomic site crossover. The genome for crossover then consists of 14 atoms (Fig 7.4).

Figure 7.4: The atoms highlighted for the atomic site crossover and their posi-
tion in the SMILES string.
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The crossover genome is a list of these atoms at their positions as illustrated in Fig 7.5.

This list is made for each and every parent for use in the crossover operators. Once the

crossover operators have been applied, a ”blank” pentacene SMILES string is modified

using the new genome, changing atoms at the positions specified.

Figure 7.5: Two azapentacene molecules with their crossover genomes.

The three implemented crossover operators are single-point, two-point and uniform.

Single-point crossover is the simplest: a random number between one and fourteen is

chosen (n) and the parent genomes are cut at this point. The first offspring will contain

n of parent one, with the rest of the genome being made up from parent two. The second

offspring will be the inverse of the first, with n of the genome coming from parent two

and the remaining part from parent one. Fig 7.6 shows this for the two azapentacene

molecules in Fig 7.5.

Figure 7.6: Single-point crossover for the two azapentacene molecules from Fig
7.5.

Single-point crossover has known drawbacks. It preferentially saves the ”ends” of the

genome each time and only short parts of the genome are swapped. It is possible that

longer parts of the genome are needed for passing on maximal fitness and the ends that

are kept may be low fitness parts of the genome. Two-point crossover attempts to reduce

this positional bias. In two-point crossover two random numbers are selected, n0 and n1,
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defining a segment in the parents to be exchanged. This results in child one containing

upto n0 of parent one, between n0 and n1 of parent two, with the rest being made up

of parent one. Again the process is reversed to produce the inverted offspring. Fig 7.7

shows this in practice.

Figure 7.7: Two-point crossover for the two azapentacene molecules from Fig
7.5.

Two-point crossover is less likely to disrupt large parts of the chromosome and can

combine more parts of the genome together. The final crossover operator included in

our GA is uniform crossover. In this operator, exchange can happen at every point of

the parents: for each point in the children a random number is chosen between 0 and 1.

If the random number is above 0.5 take the character from parent one, if below 0.5 the

character is taken from parent two. The second offspring is then the inverse of the first

one (Fig 7.8). Fig 7.8 also shows an additional choice made during the development of

the crossover, whether to fix the number of N atoms present in the population members.

Initial development of the GA used the mutator function to keep the number of N

constant, randomly removing or adding nitrogen atoms as necessary. This was more for

convenience of coding a working example rather than a design choice and the number

of nitrogens was allowed to vary to more effectively sample the substitution space.
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Figure 7.8: Uniform crossover for the two azapentacene molecules from Fig 7.5.

Debate around which crossover operator is best is still ongoing184 as the success of the

GA overall relies on the encoding, fitness function and the suitability of the problem for

a GA. All three operators described above are included in our GA; each time a pair of

parents is picked to create offspring the operator is selected randomly: two-point has a

60% chance to be chosen, single-point 30% and uniform 10%. Mutation is also included

in the GA; once the next generation has been made there is a 5% chance of a member

being selected and having one randomly chosen atom modified from C to N or vice versa.

While (as shown later) this crossover method performed well, it lacks the ability to

generate new molecular shapes due to relying on a pentacene smiles as the base to

which the crossover genome is applied. In addition, the selection of 14 atoms is not

the most chemically intuitive way of crossing ring systems over. For these reasons a

second crossover method based on fragmenting the molecules at ring joining atoms was

developed (Fig 7.9) referred to as the ring crossover method. All three operators are used

in this method with the same probabilities, although the numbers inside the operator

functions are smaller as there are now only five parts of the entire genome.
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Figure 7.9: Highlighted atoms showing where rings are separated in the ring
crossover method.

The ring crossover proceeds as follows. 3-centre carbon atoms are identified based on

their number of bonds, the molecule is fragmented by breaking the bonds to the next

ring and replacing the atoms with dummy atoms (represented in Fig 7.10 by *) using

RDKit’s editable molecule functionality. The corresponding fragments from both parents

are then placed together as one molecular object, the dummy atoms are then bonded

together before being replaced by carbon atoms again.
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Figure 7.10: Two molecules fragmented for crossover, * represents dummy atoms
that are placed into the fragments where the molecule was cut.

In addition to allowing for ring systems to be broken more intuitively this crossover

method allows molecules to assume different shapes to a linear backbone. Before the

crossover operator is chosen, we allow a 5% chance for the offspring to become branched.

This involves moving the dummy atoms from where they were initially placed one atomic

position up or down (Fig 7.11a). It is possible for branched molecules to be branched

again in further generations leading to shapes vastly different from the original linear

backbone (Fig 7.11b). Mutation is still present in this crossover method and is applied

in the same way as in the atomic site crossover; applied to a single atom on the molecular

periphery. Again having a 5% to occur once offspring have been created.
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(a)

(b)

Figure 7.11: (a) shows how dummy atoms are moved to create branched
molecules, (b) shows some typical branched molecules produced.

7.3 GA testing

Once the basic framework of the GA was in place, test runs to decide on the best

parameters could take place. In the design stage, tournament selection was chosen as

the selection method due to it’s ease of implementation and masking of fitness variance.

The balance between crossover and elitism in the production of new generations was

chosen at 90% crossover and 10% elitism. These figures are broadly the same as what

other researchers have used in their GAs; the crossover percentage is perhaps higher

than usual but this was chosen to encourage diversity in our populations and avoid the

saturation of the GA with high fitness molecules. Thus the first parameter to be tested

was the population size.
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7.3.1 Population size

For our population size testing the λ− (electron) reorganisation energy was used as the

fitness function. We know that pentacene represents the global minimum for both the

hole and electron reorganisation energy (as long as the linear backbone is maintained).

This allowed us to compare population sizes based on how many generations they took to

reach pentacene, how many unique molecules were seen before finding pentacene and how

many total calculations were performed to reach it. The number of unique molecules

seen before pentacene acted as a measure of the diversity of the search; in each new

population it is inevitable that some molecules will match to those already seen. All

children in a generation are compared to all previous generations using a SMILES string

matching procedure. If a child matches a previously seen molecule it has its fitness

copied from the last seen match to save running reorganisation energy calculations on

identical molecules over and over. The number of unique molecules per generation will

drop as the GA progresses but dropping to <10 suggests the GA may end prematurely.

The total number of calculations was used as a measure of the efficiency of the GA.

While we want the GA to sample as much of the space as possible, computational cost

and time must be considered, especially as the GA is producing candidates for CSP,

which is a time consuming endeavour in itself.

Four population sizes were chosen at first: 50; 100; 150 and 200. Calculations were per-

formed at the B3LYP/6-31G** level of theory using Gaussian09. Each population was

generated with 5 nitrogens randomly in each molecule. The atomic site crossover method

was used initially with the amount of nitrogen substitution allowed to vary in successive

generations. Each population size was run 10 times due to inherent randomness present

in the GA and stopped once the first pentacene was created by the GA.

Fig 7.12 shows the number of generations taken within each run to hit the first occurrence

of pentacene for each population size. The randomness of the GA can be seen quite

clearly; the most variable population size was 50, taking between 4-10 generations to

locate pentacene across the 10 runs. The large population sizes are also variable, both

managed to locate pentacene within two generations on run 3 but in other runs take

as many as seven. A population size of 100 is our ”best behaved” with a small spread

between four generations and seven.
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Figure 7.12: The number of generations until pentacene is hit for all population
sizes and runs.

Fig 7.13 tells a similar story to Fig 7.12, showing the large variance between popula-

tion sizes and the number of unique molecules seen before pentacene. Both 200 and

150 population sizes show large differences between their number of unique molecules,

although 150 is perhaps smoother than 200. The number of molecules for a population

size of 50 remains small irrespective of how many generations it took to reach pentacene,

suggesting this population size may not be suitable for effectively sampling the substi-

tution space. Of note is the low number of molecules for population size 100 run 8. This

run took the same amount of generations to reach pentacene as the previous three runs

before it but sampled 50-80 fewer molecules, highlighting the random nature of the GA

even when started with the same conditions.
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Figure 7.13: The number of unique molecules until pentacene is hit for all
population sizes and runs.

While the efficiency of the different population sizes is variable, it is encouraging to see

all GA runs finding pentacene quickly with large differences in the number of molecules

seen. This suggests that the well surrounding pentacene on the reorganisation energy

surface is deep and wide and our crossover and selection methods can rapidly aim the

GA in the right direction. Examining the number of unique molecules per generation

from each population size’s longest run can also shed light on how the space is being

explored. Table 7.1 shows these results for our four population sizes. For all population

sizes, the number of unique molecules drops off rapidly. This trend is most worrying

for a population size of 50. Encountering very low (<10) numbers of new molecules per

generation quickly calls into question the effectiveness of the search using this size of

population. The fact that the number of unique molecules decreases for all population

sizes may be a result of the homogenity of the initial population (all 5N containing

azapentacenes) and this is addressed in the next chapter. For the larger population

sizes it can be seen that, after a few generations, the GA is producing similar numbers

of new molecules per generation. This shows that we quickly lose any benefit of the

larger population sizes (>100).

The number of calculations until pentacene is reached is a measure of the computational

cost of the search. For the calculation of reorganisation energy, two optimisations and

two single-point energies need to be run. This can rapidly increase the time spent on

calculating fitness which is by far the most expensive part of the GA (from timing infor-

mation everything apart from the fitness calculation takes 1-2 seconds per generation).

Table 7.2 shows the averaged results for each population size. No increase in speed is
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Population size 50 100 150 200

Generation

1 50 100 150 200

2 39 67 93 150

3 28 80 73 91

4 28 31 66 50

5 18 37 41 40

6 9 24 36 27

7 14 15 22 23

8 6 - - -

9 7 - - -

10 7 - - -

Table 7.1: Showing the decreasing amount of unique molecules for each popu-
lation sizes longest run.

seen once a population size of above 100 is used, although the number of calculations

performed rises. A population size of 200 requires almost double the amount needed

for a population size of 100. Despite the number of calculations rising, the difference

in the number of unique molecules is not as stark with an increase of around 40% seen

between 100 and 200 versus a near 100% increase in the number of calculations. For

these reasons 100 was chosen as the population size for the ”production” runs of the GA,

offering the best balance between speed, time spent on calculating fitness and number

of molecules sampled.

Population size Ave. GTP Ave. MTP Ave. CTP

50 7 181 724

100 5 299 1198

150 4 382 1528

200 5 503 2014

Table 7.2: The averaged results for each population size for atomic site crossover
method. GTP is generations until pentacene, MTP unique molecules until pen-
tacene, CTP calculations until pentacene.

With the development of the ring crossover method the tests above were repeated. Table

7.3 shows the averaged results for the ring crossover, again locating pentacene using the

reorganisation energy as the fitness of each molecule. The statistics between the methods

are broadly similar. All population sizes apart from 50 now take slightly longer to reach

pentacene. However, the number of unique molecules sampled is also increased for each

population size relative to the atomic site crossover. This is desirable as we want to

sample as many molecules as possible. This causes the number of calculations required

to rise but this is a small trade off for the increase in sampling. A population size of

100 was again chosen as the best balance between our needs for computational sampling

and exploration of the substitution space.
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Population size Ave. GTP Ave. MTP Ave. CTP

50 7 220 880

100 8 394 1576

150 7 507 2028

200 6 621 2484

Table 7.3: The averaged results for each population size for the ring crossover
method. GTP is generations until pentacene, MTP unique molecules until pen-
tacene, CTP calculations until pentacene.

In addition to using reorganisation energy two other molecular properties of interest in

the design of novel organic semiconductors were investigated as the fitness function of

our molecules. While not necessarily part of any future fitness function, they provided

more confidence in our testing of the GA. The HOMO/LUMO energy difference is es-

sentially the energy difference between the conduction and valence bands of an inorganic

semiconductor. Minimising this difference would result in the easier transfer of charge

carriers into the LUMO and increase charge mobility. In a similar vein, the LUMO

energy of the molecule as a whole was also tested as a measure of fitness. Again low-

ering the energy level of the LUMO should result in easier excitation of charge carriers

into a conduction level. It was hoped that each molecular property would have a global

minimum for the GA to reach. Calculations were performed at the same level of theory

as before, with ten runs for each of the four population sizes. Both properties (LUMO

energy or HOMO-LUMO difference) can be calculated with one calculation. Runs were

judged to stop when all elite molecules were the same for two successive generations.

Tables 7.4 and 7.5 show the averaged results for each population size. Fig 7.14 shows

the minimum reached across all searches for both molecular properties.

Population size Ave. GTM Ave. MTM

50 4 180

100 7 407

150 8 606

200 6 596

Table 7.4: The averaged results for each population size for the ring crossover
method, using HOMO/LUMO energy difference as the fitness. GTM is gener-
ations until the minimum and MTM unique molecules until the minimum.
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Population size Ave. GTM Ave. MTM

50 13 317

100 14 565

150 13 778

200 12 918

Table 7.5: The averaged results for each population size for the ring crossover
method, using LUMO energy as the fitness. GTM is generations until the
minimum and MTM unique molecules until the minimum.

(a) The HOMO/LUMO minimum (b) The LUMO energy minimum

Figure 7.14: The minima located in our the searches of minimising the HO-
MO/LUMO energy difference and minimising the LUMO energy, values are in
eV.

Both additional molecular properties show similar population statistics to the reorgan-

isation energy. The HOMO/LUMO energy difference has a similar convergence rate to

reorganisation energy with all population sizes reaching the minimum within 8 genera-

tions. Of note is that the 150 molecule population GA taking longer than the 200, which

can be attributed to the randomness of the GA. Not shown in the table is the fact that

population size 50 failed to locate the global minimum for both molecular properties

twice, all times stopping on the 2nd ranked molecule from the other population sizes.

This observation confirms our earlier point that smaller population sizes sometimes re-

sult in premature convergence. The quickness of the searches can also be attributed to

the ease at which the minimum can be made by our crossover.

The LUMO energy searches took longer to locate the global minimum, which has been

branched multiple times, which can take a few generations to create. This is a clear

advantage of the ring crossover method compared to the atomic site crossover, which
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could not have found this molecule. The final list of molecules produced by these searches

are mostly branched, including almost discotic molecules higher in the ranking. The

statistics from both searches confirm our earlier decision to use 100 as a population size,

this being the best trade-off between speed and sampling.

7.4 Conclusions

This chapter introduced a GA for the design and evaluation of azapentacenes as novel

organic semiconductors. Molecules are encoded using a SMILES string due to ease

of use in crossover and readability. The initial population is randomly generated by

substituting nitrogen atoms into a pentacene molecule. The number of nitrogen is fixed

but this can be changed. Fitness during testing was calculated as a molecular property;

reorganisation energy initially followed by the HOMO/LUMO energy difference and the

energy level of the LUMO. Tournament selection is used as the selection method of

molecules for crossover, due to the masking of fitness variance and easy way to modify

selection pressure if necessary. Elitism is included in the GA with a ratio of 10% and

90% for crossover. Two crossover methods are included. The first (atomic site crossover)

uses the 14 atoms around the outside of the ring system of pentacene as the crossover

genome. An additional more chemically intuitive crossover method (ring crossover) was

implemented using the individual rings of the molecule and fragmenting molecules at

ring-joining points. Three crossover operators are included: single-point, two-point and

uniform. Rather than use just one of these, we use all three with ratios of 30%, 60%

and 10% respectively. When using the second crossover method branching can take

place with a probability of 5% when single and two-point crossover operators are used.

Mutation is also included, occurring with a 5% chance when a new generation has been

made.

The effect of population size on the performance of our GA was investigated. Initially

using atomic site crossover population sizes of 50, 100, 150 and 200 were tested using re-

organisation energy as the fitness. This leads to pentacene as the known global minimum

of the search. Population sizes were assessed on the number of generations until the first

pentacene was found, the number of unique molecules sampled on the way and the total

calculations performed. A population size of 100 offered the best compromise between

computational cost and sampling ability. This test was repeated for the ring crossover

method using reorganisation energy, HOMO/LUMO difference and the LUMO energy.

Results from this matched to our earlier work and 100 was chosen as the population size

for production runs of the GA. The next chapter will describe how the GA was used to

generate candidate molecules for CSP and mobility calculations.





Chapter 8

Genetic Algorithm Production

Runs

8.1 Introduction

Chapter 7 introduced our genetic algorithm (GA) for exploring the substitution space

of azapentacenes. Our GA generates an initial population of randomly substituted

azapentacenes and can use a range of molecular properties as the fitness. Molecules are

selected for crossover using tournament selection. New generations are made through

one of two crossover methods, either based on a crossover genome of the 14 atoms on the

outside of the rings (atomic site crossover) or based on fragmenting the rings at 3-centre

carbon atoms (ring crossover). Initial testing focused on population size and 100 was

chosen as the value for our production runs.

This chapter will introduce some additional improvements to the GA made before the

production runs began. A more complex fitness function is implemented to better select

promising molecules for semiconducting applications. In addition a molecular finger-

printing scheme is introduced to better stop molecules being run again if they have been

seen by the GA. Then the results of 5 GA runs will be presented, with results of CSP

and mobility calculations on promising molecules from the GA.

8.2 Improvements to the GA

An issue that appeared early on in the testing of our GA was crossover generation

molecules that had been sampled by the GA in previous generations. Removing them

completely would result in a slowly dropping population size and damage the diversity of

the search. Therefore, we keep previously seen molecules, but want to avoid repeating

expensive fitness function calculations unnecessarily. Each new generation is checked

145
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against all previous generations; if a molecule matches, the properties are updated and

it is not sent for the calculation of fitness, but is still present for selection and crossover.

In the first builds of the GA this matching procedure worked off the SMILES strings of

the molecules, checking both forwards and the reverse string (to catch any symmetry

related molecules). However with the introduction of the ring crossover method and

branched molecules, a more robust method of identifying identical molecules needed

to be implemented. RDKit272 includes functionality for the generation and similarity

calculation of molecular fingerprints. The fingerprinting algorithm identifies and hashes

topological paths (e.g. along bonds) in the molecule and then uses them to set bits in a

fingerprint. After all paths have been identified, the fingerprint is typically folded down

until a particular density of set bits is obtained. Each bit in the fingerprint represents

the presence or absence of a feature in the molecule.

The fingerprint can then be used for similarity matching between molecules. The simi-

larity measure used is the Tanimoto similarity274. As our fingerprints are composed of

binary bits, similarity can be determined via the overlap, or intersection, of the sets.

Simply put, the Tanimoto Coefficient uses the ratio of the intersecting set to the union

set as the measure of similarity as below,

T (a, b) =
Nc

Na +Nb −Nc
(8.1)

where T (a, b) is the similarity score, N represents the number of attributes in each

object (a, b) and c the intersection set. A value of 1.0 indicates identical molecules,

while anything less than that means the molecules are distinct, Table 8.1 shows the

Tanimoto similarity scores for the azapentacenes studied in Chapter 6. Other metrics

are available in RDKit though as a class their peformance is very similar275.

Molecule 5A 5B 5C 7A 7B 7C

5A 1 0.374126 0.607029 0.855856 0.423333 0.574468

5B 0.374126 1 0.531157 0.407285 0.85654 0.508523

5C 0.607029 0.531157 1 0.677116 0.58046 0.92176

7A 0.855856 0.407285 0.677116 1 0.466454 0.671733

7B 0.423333 0.85654 0.58046 0.466454 1 0.578212

7C 0.574468 0.508523 0.92176 0.671733 0.578212 1

Table 8.1: A table showing the Tanimoto similarity scores for the six azapen-
tacene molecules studied in Chapter 6.

The fingerprinting is used at multiple points in the code. In the generation of the initial

population molecules, are checked against all ones currently in the population using this

scheme so no duplicate molecules are allowed in the initial population. After each new

generation, it is used to check for matches in previous generations, and it is used to

remove duplicates when the final list of all unique molecules is created.
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In addition to the implementation of molecular fingerprinting, a new fitness function

was developed including the electron affinity of each population member. The electron

affinity controls how efficient it is to inject charge carriers into the conduction band of an

organic semiconductor from a metal electrode. For n-character organic semiconductors

a lower bound of 3.0 eV has been suggested131 with an upper bound of 4.0 eV; above

this the molecule will be too electrophilic to remain stable in atmospheric moisture.

Electron affinity was not measured in the initial testing runs of the GA (Chapter 6) but

is easily calculated within the reorganisation energy framework as the energy difference

between the neutral optimised molecule and the negatively charged optimised molecule.

To analyse the electron affinity distribution of the molecules generated by our GA, a run

using reorganisation energy as the fitness was performed. The ring crossover method was

used, nitrogen amount was allowed to vary and the GA was judged to have finished with

the first occurrence of pentacene, as in Chapter 6. The main difference was the initial

population had a mixed amount of nitrogen substitution. Rather than 100 population

members with 5N, the initial population was created with 20 population members with

6,7,8,9 and 10 N atoms each to better elucidate the spread of electron affinity with vary-

ing substitution. Accurate calculation of electron affinity requires larger basis sets than

just reorganisation energy so calculations were performed at the B3LYP/6-311G**72

level of theory using Gaussian0971.

Fig 8.1 shows a plot of the electron affinity versus reorganisation energy for this run. The

red lines on the graph show the lower and upper bounds as suggested in reference 131.

Pentacene, as the minimum of our search, is annotated in the bottom left of our graph.

A strong diagonal trend can be seen showing that as electron affinity decreases so does

reorganisation energy and the number of N atoms present in the molecule. While there

are many molecules with low reorganisation energies to the left of the first red line their

low electron affinity suggests that they will not be feasible as n-type semiconductors.
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Figure 8.1: A plot of electron affinity versus reorganisation energy for all
molecules encountered in a run of our GA. Points are coloured according the
the amount of N atoms present in the molecule.

Most of the molecules with electron affinities within our bounds have 6-10 nitrogen

atoms present, Fig 8.2 shows the best molecule (as judged by reorganisation energy)

for 10 bins of 0.1 eV between 3.0 and 4.0 electron affinity. All the molecules show that

as the amount of N atoms increases so does the reorganisation energy. Three of the

molecules exhibit 2 N atoms on the end of the ring system, possibly a promising feature.

While these molecules may be the best as chosen just by reorganisation energy, some of

the substitution patterns (especially in the later bins) are infeasible for synthesis. This

suggests the leading edge of the diagonal trend through our electron affinity range should

be sampled. Using the electron affinity as a selection stage at the end of the GA means

the GA does not take electron affinity into account when driving towards a minimum. A

better approach that may make more realistic candidates is to use the electron affinity

with the reorganisation energy in the calculation of the fitness of population members.
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Figure 8.2: The best molecules for our search from 10 bins of 0.1 eV width
across our preferred range of electron affinities (3.0 - 4.0 eV). The legend of
each molecule is its reorganisation energy in eV.

To achieve this a simple step function was developed as below,

F = k1λ+ k2Ea (8.2)

where F is the fitness, k1 = 1, λ is the reorganisation energy, Ea is the electron affinity.

We set k2 = 0 if 3 < Ea < 4, k2 = (Ea− 4) if Ea > 4, or k2 3− Ea if Ea < 3. Fig 8.3

shows electron affinity plotted against the new fitness for the molecules sampled in the

run above. As can be seen, molecules are now penalised for having an electron affinity

outside of our bounds. The large number of molecules below our lower bound is due to

the run only being performed with reorganisation energy as the fitness. This function,

while simple, shows good behaviour for our purpose and was used as the new fitness

function for our production runs. The next section will describe these runs and their

CSP and mobility calculations.
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Figure 8.3: A plot showing electron affinity versus fitness (as calculated from
8.2) for the molecules sampled in our initial run.

8.3 Production runs of our GA

With a new fitness function in place the first production runs of the GA could begin.

Five runs in total were performed due to the inherent randomness of GAs, with the

only stopping condition set to a maximum of 150 generations. A mixed population

of 100 molecules (20 with 6,7,8,9,10 N) was generated randomly each time. Fitness

was calculated as described above (equation 8.2). Molecules were selected for crossover

using tournament selection, with the fitter molecule having a 75% chance to win the

tournament. Elitism was used with 10 molecules per generation, 90 members of the next

generation being generated using the ring crossover method. Three crossover operators

were used: single-point, two-point and uniform. Calculations of molecular electronic

properties were performed at the B3LYP/6-311G** level of theory using Gaussian09.

8.3.1 GA results

The 10 best molecules from each GA run are show in Figs 8.4, 8.5, 8.6, 8.7 and 8.8. The

homogeneity of the top 10s are pleasing; each top 10 is broadly similar with three of the

runs locating the same global minimum. Runs 2 (Fig 8.5) and 3 (Fig 8.6) both stopped

on the 2nd ranked structure from the other three searches. Therefore their top 10s are

slightly different. A common pattern in the best molecule from each search is the pair
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of neighbouring nitrogen atoms at each end of the molecule, with two nitrogen atoms on

central rings. Each top 10 can be seen as a progression towards this minimum, removing

and moving nitrogen to reach the next fittest molecule. Compared to the molecules from

Fig 8.2, the substitution schemes are much more sensible. The difference in molecules

demonstrates the impact of including electron affinity in the fitness function of the GA.

Table 8.2 shows the number of unique molecules sampled per run. The numbers are

broadly similar, but not the same, across the five runs. Even with uneven sampling our

GA can locate the same minima each time.

GA Run Number of unique molecules

1 1811

2 1974

3 1762

4 1829

5 1943

Table 8.2: The number of unique molecules sampled per run for our five runs.

Once all five runs had completed, their final lists of unique molecules were clustered

together using the fingerprinting scheme described above. Once clustered, 4203 unique

molecules were sampled in total, with 1127 of these being branched. Fig 8.9 shows the

top 10 of this clustered list. The progression towards the features in the global minimum

is more clear here. Eight of the top 10 contain a nitrogen pair on the end of the ring

system, with half of them also having two nitrogen on the opposite end of the molecule.

Each molecule in the top 10 contained at least six nitrogen atoms. Compared to our

original six azapentacenes the substitution patterns are quite different. The GA has led

to different molecules whose properties should be improved. This shows the advantage

of using a GA for the exploration of substitution space, it can point in new, unexpected

directions for possible synthetic targets.
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Figure 8.4: GA run 1 top 10 molecules. The number given below for each
molecule is its fitness in eV (see equation 8.2).

Figure 8.5: GA run 2 top 10 molecules. The number given below for each
molecule is its fitness in eV (see equation 8.2).
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Figure 8.6: GA run 3 top 10 molecules. The number given below for each
molecule is its fitness in eV (see equation 8.2).

Figure 8.7: GA run 4 top 10 molecules. The number given below for each
molecule is its fitness in eV (see equation 8.2).
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Figure 8.8: GA run 5 top 10 molecules. The number given below for each
molecule is its fitness in eV (see equation 8.2).

Figure 8.9: The clustered best 10 molecules from all of our GA runs. The
number below each molecule is the molecules fitness in eV (equation 8.2).

Figure 8.10 shows the plot of electron affinity versus reorganisation energy for our clus-

tered results. The plot is similar to Fig 8.1 but better sampled. The strong diagonal

trend is still seen. Fig 8.11 shows the region of electron affinities from 3.0-4.0 eV in

more detail, highlighting where our top 10 molecules lie on this plot. All 10 molecules

are found close to our lower electron affinity bound (3.0 eV), with the global minimum

lying almost exactly on the lower electron affinity boundary. Each of the top 10 is

separated from the main band of molecules on the plot of reorganisation energy against

electron affinity, either as the tip of a downward protrusion or grouped with other top 10
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molecules. The reason for the lack of any branched molecules among the fittest molecules

can be seen from Fig 8.10; many branched molecules have a low electron affinity so are

penalised by our fitness function. This is shown more clearly by plotting the fitness

function of only the branched molecules (Fig 8.12).

From looking at our set of fittest molecules two molecules that may be expected to be

seen are missing (Fig 8.13). One, related to the best GA molecule is similar but with the

nitrogen atoms separated by an unsubstituted ring, the second is related to our 5th best

molecule, both nitrogen atoms are on the same side of the molecule but again separated

by an empty ring. Fig 8.13 shows these molecules and their calculated electron affinities.

Both were sampled by the GA but their electron affinity falls just below our lower bound,

if their electron affinity was slightly higher they would have come 2nd and 4th in our

final ranking. These two molecules, plus the top 10 from the GA were chosen for CSP

and mobility calculations, which are presented in the next section.
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Figure 8.10: A plot showing electron affinity versus reorganisation energy for
the clustered results of our 5 runs, circular points are linear molecules, triangles
branched.
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Figure 8.11: A zoomed-in version of Fig 8.10 showing where our top 10 molecules
are found.
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Figure 8.12: The fitness of the branched molecules sampled during the GA
against their electron affinity. Most branched molecules have too low an electron
affinity ( <3.0 eV) and are penalised by our fitness function.
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Figure 8.13: Two molecules expected to be sampled by the GA but were not
in our top 10. They were located in the GA but fell just outside our electron
affinity lower bound. The number under the molecule is their electron affinity
in eV.

8.3.2 GA molecules CSP and mobility calculations

The CSP of our 12 molecules was performed as in Chapter 6 but the search was truncated

for the quick evaluation of their potential as organic semiconductors. Eventually the GA

may be able to do small CSPs like this as a part of the fitness function, but this has not

yet been implemented. The geometry of each molecule was kept rigid throughout the

crystal structure calculations, at the optimised gas phase structure from a B3LYP72/6-

311G** calculation using Gaussian 0971. Trial crystal structures were generated in 11 of

the most common space groups, only considering one molecule in the asymmetric unit.

Searches were performed using the Global Lattice Energy Explorer (Glee) software,

which is described in Chapter 5 and a recent paper223. 4000 valid crystal structures

were generated in each of P1, P21, P21/c, C 2/c, P212121 and Pbca. 2000 structures

were generated in each of P 1̄, C 2, Cc, Pca21 and Pna21.

All lattice energy minimisations were performed using DMACRYS66, using the W9963? ?

model potential for all intermolecular atom-atom interactions. Electrostatic interactions

were described using atomic multipoles (up to hexadecapole on each atom) derived from

a distributed multipole analysis of the calculated molecular electron density. Ewald sum-

mation was used for charge–charge, charge–dipole and dipole–dipole interactions, while

all higher order electrostatics and repulsion-dispersion interactions were summed to a

25 Å cutoff. Lattice energy minimisation was initially performed within the space group

of the generated structure. In cases where this led to a saddle point, lattice energy

minimisation was continued after removing the the space group symmetry operators

that allowed minimisation from the saddle point. This process led to some structures of

higher Z ′ in the final structure sets.

Clustering was performed to identify and remove duplicate crystal structures. An initial

screen was performed using the clustering method described in Chapter 5 (and reference
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223) within individual space groups. An overall clustering across all space groups was

then performed using COMPACK54.

As in Chapter 6 an analysis of the packing motifs in the predicted crystal structures was

performed. First, we classified all dimers formed between the molecule in the asymmetric

unit and all molecules within a 20 Å distance cutoff according to the angle between their

principal moments–of–inertia. Crystal structures in which all the angles are between 0–

9◦ are classified as sheet structures (the β packing type). For structures where some

dimers are not co-planar, the packing type is assigned using the four nearest neighbouring

molecules. Structures in which none of the four nearest neighbours are co-planar are

classed as herringbone packing. Where only one of the nearest neighbours is co-planar,

the structure is classified as sandwich herringbone. Two or more co-planar neighbours

indicates a stack of molecules, so these structure were classed as the γ packing type.

This last category contains traditional γ structures and more sheet-like structures, where

parallel sheets are tilted along the short axis of the molecule (usually 3-10◦).

Mobility calculations also took the same form as Chapter 6, with the hopping rates of

charge carriers calculated using Marcus Theory,

ket =
t2

~

√
π

λ±kBT
exp

[
− λ±

4kBT

]
. (8.3)

where t is the transfer integral (a measure of the overlap of molecular wavefunctions),

λ the reorganisation energy (the reaction of the molecular geometry to a charge carrier

landing on the molecule), λ− is used in this case to assess the azapentacenes are electron

transporters. For the calculation of the transfer integrals between unique dimer pairs

in the crystal the nearest–neighbouring molecular dimer electronic coupling matrix el-

ements were calculated using subsystem density functional theory144 at PW91265/DZ

level of theory, as implemented in the Amsterdam Density Functional266 (ADF) package.

The intramolecular reorganisation energies were taken from the calculations performed

during the GA.

8.3.3 Results and discussion

In this section molecules will be referred to as GAmoln, where n is their rank from

our fitness function, GAmol11 and GAmol12 are our additional two molecules. As seen

in Chapter 6 the amount of nitrogen substitution present in our molecules has made

structures with CH edge to face interactions directing packing unfavourable, with sheet

and γ motifs dominating all the predicted crystal landscapes (Fig 8.13, landscapes for

all other molecules can be found at the end of this chapter in Fig 8.20). In Chapter 6

the jump from 5N to 7N accomplished this; herringbone packing is completely absent

from the predicted low energy structures of 7N azapentacenes. From the results of



Chapter 8 Genetic Algorithm Production Runs 161

CSP on the GA molecules (which contain 6 to 7N) we can see that 6N is sufficient to

eliminate herringbone packing from the low energy structures. Once six nitrogen atoms

are substituted into the pentacene molecule only sheet and γ packing is predicted. CH

edge-to-face interactions are replaced with C-H· · ·N hydrogen bonds along the long axis

of the molecule, which directs both motifs seen.

Some molecules show different preferences for their low energy structures, with GAmol2

having only γ structures present within 15 kJ/mol of its global minimum (Fig ??, Fig

8.16a shows the motif present in the global minimum). Unlike our previous 7N con-

taining azapentacenes not all sheets are ”true” sheet like packing, some more closely

resemble flattened herringbone or γ motifs (Fig 8.16b shows this for the 2nd ranked

crystal structure of GAmol1). More traditional sheet structures are seen throughout the

searches however, including some approaching true brickwork packing such as the 4th

ranked structure of GAmol4 (Fig 8.16c).
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Figure 8.13: Structure–energy–mobility landscapes for the predicted crystal
structures of GAmol1, GAmol2 and GAmol4, the number after GAmol refers
to the rank of the molecule from the fitness function. Colouring and the size
of circles on the right–hand–side correspond to the magnitudes of calculated
electron mobilities.
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(a) γ packing as seen in the global minimum of
GAmol2.

(b) A flattened motif classified as a sheet by
our classifier for the 2nd ranked structure of
GAmol1.

(c) Brickwork sheet packing as seen in the 4th
ranked structure of GAmol4.

Figure 8.14: Three common packing motifs seen across our predicted structures.

As before the predicted electron mobilities for crystals of each molecule were analysed

through examining their averaged mobility over the predicted structures within 7 kJ/mol

of their global minimum. For GAmol 2 and 8 however both lattice energy landscapes

are sparse (with no structures within 7 kJ/mol of the global minimum for GAmol2).

While not expected from our previous work on azapentacenes it is not infeasible for

a molecule to show such large energy gaps between the global minimum and all other

structures. For the purposes of investigating mobilities more predicted crystal structures

were examined for these molecules, but these were not included in the final calculation of

averaged mobilities. Table 8.3 summarises the gas–phase electron reorganisation energies

for all 12 molecules investigated, from which it can be seen that, as expected, GAmol1

has the best molecular properties. This does not necessarily mean that it is the best
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Figure 8.15: Structure–energy–mobility landscapes for the predicted crystal
structures of GAmol6 and Gamol12, the number after GAmol refers to the
rank of the molecule from the fitness function. Colouring and the size of cir-
cles on the right–hand–side correspond to the magnitudes of calculated electron
mobilities.

molecule overall, as its highest mobility crystal structure is inly 3rd overall across the

12 molecules and the averaged mobilities is also the 3rd best.

For most of our molecules the structure with the highest mobility lies at least 5 kJ/mol

above the global minimum. This is expected as the highest mobility structure may have

features that are unfavourable for a low lattice energy. GAmols 6 and 12 break this

pattern, with GAmol12 in particular having a handful of high mobility structures close

to its global lattice energy minimum (Fig 8.15). Fig 8.16 shows three of the high mobility

structures predicted, all are classified as sheets but are similar to a flattened γ motif,

allowing for high mobility vertically through stacked molecules. GAmol12 also has the

highest averaged mobility seen in our set of molecules and using the logic from Chapter

6 is the most promising molecule for development.
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(a) The global minimum of the GAmol12 CSP
(mobility 5.90 cm2/Vs).

(b) The 2nd ranked structure from the GAmol12
CSP (mobility 6.82 cm2/Vs).

(c) The 5th ranked structure from the GAmol12
CSP (mobility 6.29 cm2/Vs).

Figure 8.16: Three of the high mobility crystal structures predicted for
GAmol12.
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Table 8.3: Summary of the charge transport parameters for the azapentacene molecules
investigated: λ− is electron reorganisation energies, calculated at B3LYP/6-311G** level of
theory. µmax is the maximum predicted electron mobility among the predicted crystal struc-
tures. ∆E(µmax) is the lattice energy gap between the crystal structure with the highest
charge mobility to the predicted global minimum. 〈µ〉 is the ensemble–averaged electron mo-
bility across all crystals with calculated mobilities.

Molecule λe (eV) µmax (cm2/Vs) ∆E(µmax) (kJ/mol) 〈µ〉 (cm2/Vs)

GAmol1 0.1713 5.94 6.89 2.55

GAmol2 0.1727 2.67 0.00 2.67

GAmol3 0.1751 5.15 6.16 2.06

GAmol4 0.1770 5.36 6.08 1.93

GAmol5 0.1772 8.71 5.26 2.54

GAmol6 0.1773 4.54 1.85 1.70

GAmol7 0.1774 5.02 5.88 1.99

GAmol8 0.1783 1.10 5.34 0.24

GAmol9 0.1785 3.34 5.60 1.86

GAmol10 0.1787 3.86 6.25 1.62

GAmol11 0.1758 5.85 6.98 1.44

GAmol12 0.1726 7.15 2.65 2.89

8.4 GA extensions

After completion of the above study it was decided to extend the GA to azahexacenes. In

the original code the length of the ring size is always fixed at five rings, but the change to

six was largely simple. The initial SMILES string now supplied is that of unsubstituted

hexacene and the range of random numbers inside the crossover functions are now larger

by one. The runs proceeded the same way as before with five runs in total performed due

to the inherent randomness of GAs, with the only stopping condition set to a maximum

of 150 generations. A mixed population of 100 molecules (20 with 6,7,8,9,10 N) was

generated randomly each time. Fitness was calculated as in equation (8.2). Molecules

were selected for crossover using tournament selection, with the fitter molecule having a

75% chance to win the tournament. Elitism was used with 10 molecules per generation,

90 members of the next generation being generated using the ring crossover method.

Three crossover operators were used, single-point, two-point and uniform. Calculations

of molecular electronic properties were performed at the B3LYP/6-311G**72 level of

theory using Gaussian0971.

Once the five runs had completed the results were clustered together and the top 10

unique molecules are shown in Fig 8.17. As can be seen the GA located similar min-

ima to our azapentacene search; two nitrogens on each end of the molecule is again a

favourable feature, with the top 10 molecules showing a clear progression towards this.

The reorganisation energies as a whole are lower than those of the azapentacenes, which

is due to the larger delocalisation offered with an extra ring system and is a known
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feature of hexacenes when compared to pentacenes. This comes at a cost, however,

of hexacenes and large PAHs being very unstable compared to their smaller brethren,

though it is hoped the introduction of nitrogen atoms will make these longer chains more

stable.

Figure 8.17: The clustered best 10 molecules from all of our hexacene runs. The
number underneath is the molecules fitness in eV.

Fig 8.18 shows the plot of electron affinity versus reorganisation energy for our clustered

results. More unique molecules were sampled overall, with the final list containing 7669

molecules in total, of which 1649 were branched. This reflects the increased number of

possibilities compared to pentacene for both nitrogen substitution and branching from

an extra ring, though the proportion of branched molecules is similar. Like for our

pentacene-based search a strong diagonal trend is observed, with electron affinity and

reorganisation energy falling with the number of nitrogen atoms in the molecule. Fig 8.19

shows the zoomed section of our graph with the most promising molecules highlighted.

These would be promising targets for future CSP and electron mobility calculations.
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Figure 8.18: A plot showing electron affinity versus reorganisation energy for the
clustered results of our five hexacene runs, circular points are linear molecules,
triangles branched.
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Figure 8.19: A zoomed in version of Fig 8.18 showing where our top 10 molecules
are found.
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8.5 Conclusions

This chapter presented changes to our GA before production runs began, the results from

these production runs and an extension to the GA to be able to handle azahexacenes.

Molecular fingerprinting was introduced to better remove molecules already sampled

by the GA from calculation lists using the Tanimoto similarity metric. A new fitness

function was developed incorporating electron affinity into a molecules fitness. Electron

affinity is an important property for n-character semiconductors as it is a measure of

how easy it is to inject charge carriers into the crystal from an electrode. The new

fitness function was used in five runs of the GA, starting from a mixed population.

Once all five runs had completed, the final unique molecule lists were clustered and

an overall unique list created. The top 10 molecules by fitness were chosen for CSP,

plus an additional two with similar substitution patterns to our best molecules. A

truncated CSP was performed for each molecule with matching mobility calculations.

As in Chapter 6, CH edge to face interactions were disrupted and all molecules exhibited

γ and sheet packing motifs throughout their low energy crystal structures. The tendency

for the highest mobility structure to be far away from the global minimum was repeated

GAmol12 showed a number of high mobility structures close to it’s global minimum.

The GA was then extended to sample azahexacenes, initial results are similar to those

of the azapentacene searches with similar substitution patterns seen in their respective

top 10s. The top 10 also occupy a similar place on the electron affinity reorganisation

energy landscape as the azpentacene top 10.

These results show that nitrogen substitution is a promising way to promote favourable

crystal packing of pentacene-like molecules. The nitrogen substitution patterns can

be optimised with respect to a fitness function using a GA to evolve a population of

azapentacenes. Coupling this GA with CSP methods and electron mobility calculations

gives a powerful method for proposing new molecules as n-type organic semiconductors.

Here, we find GAmol12 as particularly promising due to a large number of low energy,

high mobility, predicted crystal structures. In summary the design guides elucidated by

this investigation are quite simple. The number of nitrogen atoms should be increased

to encourage sheet and γ motifs to form, with the knowledge that too many will have

a negative impact on the λ, which has been shown to have the largest impact on the

overall mobility. The improved packing achieved by hydrogen bonded networks will

partially offset a high λ but cannot ameliorate this entirely. The next chapter is the

final conclusions of this thesis.
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8.6 Additional figures

Figure 8.20: Structure–energy–mobility landscapes for the predicted crystal
structures of GAmol3, GAmol5 and Gamol7, the number after GAmol refers
to the rank of the molecule from the fitness function. Colouring and the size
of circles on the right–hand–side correspond to the magnitudes of calculated
electron mobilities.
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Figure 8.21: Structure–energy–mobility landscapes for the predicted crystal
structures of GAmol8, GAmol9 and Gamol10, the number after GAmol refers
to the rank of the molecule from the fitness function. Colouring and the size
of circles on the right–hand–side correspond to the magnitudes of calculated
electron mobilities.
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Figure 8.22: Structure–energy–mobility landscapes for the predicted crystal
structures of GAmol11, the number after GAmol refers to the rank of the
molecule from the fitness function. Colouring and the size of circles on the
right–hand–side correspond to the magnitudes of calculated electron mobilities
.





Chapter 9

Conclusions

The work in this thesis has made contributions to the understanding of how substitu-

tion affects the packing and mobilities of pentacene derived semiconductors. More im-

portantly the work presented here has explored how evolutionary searches of chemical

space can be coupled to crystal structure and mobility prediction methods to propose

new molecules for a target function. The chapters in this thesis explore and develop

the required ingredients for this approach to the computational discovery of molecular

materials.

CSP was performed for a series of hypothetical azapentacenes and their electron mobil-

ities calculated. To better explore the substitution space of azapentacenes, a GA was

developed and combined with CSP of promising molecules. The results of these CSP

studies provided further information on the relationship between molecular electronic

properties and crystal packing. In addition, work was undertaken on the design and im-

plementation of a new structure generator for the generation of trial crystal structures

in CSP. This was tested and a the CSP of a blind test molecule attempted as further

validation of the CSP methodology.

9.1 Azapentacene CSP and GA

A major part of this thesis was the CSP of six hypothetical azapentacenes (Chapter

6). Four were taken from Winkler and Houk142and two were designed to explore un-

favourable substitution schemes. The substitution of heteroatoms into the ring system

of pentacene offers an attractive way to change its transport character (from holes to

electrons) and modify the crystal packing. The excellent mobility of pentacene is of-

ten attributed to its low reorganisation energy and we found that the balance between

molecular electronic properties and crystal packing to be weighted towards reorganisa-

tion energy being the most important parameter. All six of our molecules presented

175
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”better” motifs for charge transport compared to unsubstituted pentacene. CH edge-

to-face interactions are disrupted and herringbone packing is rarely seen. 5N containing

molecules present a range of packing motifs while 7N exhibit mostly γ and sheet.

The analysis of the charge mobility of the low energy region of the lattice energy land-

scape was performed. In the end, we want to rank a set of hypothetical molecules

by their likelihood to yield high electron mobility crystal structures. However, choos-

ing which parameter to rank the molecules by is not straightforward. The maximum

mobility among the low energy structures can be used, but this ignores the lattice en-

ergy difference between the highest mobility structure and the global minimum. For all

our molecules the highest mobility structure is at least 4 kJ/mol away from the global

minimum. This is expected;, good mobility requires a large overlap between molecular

wavefunctions, which is penalised by the exchange-repulsion contribution to the inter-

molecular interaction. We chose to rank our molecules using the averaged mobilities of

the structures within our energy window of interest. Even with more favourable packing,

the charge transport properties of our hypothetical azapentacenes are not as good as

would be expected. The reorganisation energy of all six molecules is larger than that

of pentacene, as charge can not as easily delocalise over the entire molecule. For our

7N containing molecules this difference in reorganisation energy could not be overcome

with good packing; all exhibited lower charge mobilities overall than their 5N containing

analogues. Our best molecule overall was 5C, a molecule whose substitution pattern

was expected to be unfavourable for good packing. Even with this unfavourable pattern

packing motifs and lattice energies were similar to the other 5N containing molecules,

highlighting the need for CSP to understand a packing landscape; it is almost impossible

to do so by eye beforehand. The performance of 5C also highlights the subtle interplay

between molecular properties and crystal packing and the need for both to be examined

in the design of novel organic semiconductors.

The azapentacene CSP laid the foundation for the computational evaluation of organic

semiconducting molecules, but the design of said molecules was still done by hand. The

desire to better sample the possible chemical space of aza-substituted pentacenes led to

the other major work in this thesis: the design and use of a genetic algorithm (GA) to

discover promising molecules for semiconducting applications. A GA was particularly

suited for this task. While we had some information on how substitution affects molec-

ular properties it was not complete enough to design the best molecule a priori. GAs

offer the ability to evaluate many molecules at once, and drive towards minima on the

property surface of interest. While the substitution space for azapentacenes is limited

searching exhaustively by hand would still take far too long.

Therefore, a GA was developed to generate promising molecular candidates for CSP and

mobility calculations. Choices made during the design process (Chapter 7) included how

to encode our molecules, how the population was generated, how fitness was measured,

how to select population members for crossover and which crossover operators to apply.
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The GA was eventually coded to use SMILES strings as the encoding method, due to

readability and ease of applying crossover operators. Initial populations were generated

by randomly placing a fixed amount of N atoms into the smiles string of pentacene,

though later (Chapter 8) this was adapted to allow the creation of mixed populations,

with differing amounts of nitrogen substitution present. In initial testing, fitness was

simply the value of various molecular properties. At first we used reorganisation energy

but later the HOMO/LUMO energy difference and the LUMO energy level were used.

In Chapter 8 a fitness function was developed incorporating reorganisation energy and

electron affinity. No large scale testing was done on which selection method to use, how-

ever the positives of tournament selection in regards to diversity and selection pressure

far outweighed other methods implemented in the code.

Two crossover methods were designed and implemented. The atomic site crossover

method is perhaps truer to the ideal GA, being a binary string of two values (n or c)

representing atoms at certain positions around the outside of the ring system. However,

this limited us to maintaining the same molecular shape and is not the most chemically

intuitive way of crossover over fused ring systems. To this end the ring crossover method

was developed that works by fragmenting the rings of a molecule and joining them back

together, the creation of branched molecules is possible. This method was used in

the production runs of our GA, it was perhaps slower than crossover method one, but

sampled more molecules on the way to the same minimum in the fitness function. In

addition, the true minimum of our LUMO energy testing would not have been found

using atomic site crossover with it being wedded to the shape of pentacene. The number

of crossover operators in the literature today is almost bewildering; for our GA the

three most common seen (single-point, two-point and uniform) are used with differing

probabilities. Mutation and elitism are both included, mutation allowing the GA to

”jump” to another part of the search space, while elitism maintains the GAs direction,

stopping the loss of fit population members.

The parameters of the GA were chosen empirically. Most of our testing was focused

on population size. The runtime of the GA was an important issue as we wished to

perform CSPs and mobility calculations, both time-costly endeavours, and indeed in

Chapter 8 truncated CSPs were performed for our 12 molecules. Population size then

is a trade off between the need for speed and the confidence in how well the space is

being sampled. We tested four population sizes (50, 100, 150 and 200), using their

efficiency in locating pentacene as our metric, with reorganisation energy as the fitness.

Statistics between the four were broadly similar, though the smallest population size

showed worrying tendencies to sample a small part of the space and in later testing on

other molecular properties missed the global minimum more than once. The two largest

population sizes showed no real increase in performance so a population size of 100 was

chosen for our production runs. Additional parameters such as the crossover/elitism

rate, the value inside tournament selection and mutation rate were chosen rather than
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experimented with. From our initial population testing and the speed in which the GA

located pentacene it was decided that these values sufficed.

Our production runs of the GA (Chapter 8) revealed 10 molecules with similar levels of

nitrogen substitution. The substitution patterns of these molecules are quite different

to those of our original six azapentacenes. This is an advantage of using a GA to evolve

solutions pointing us towards patterns that may not be considered when molecules are

designed by humans. Examining the molecules from ten to one the evolution of features

can be seen. Two molecules with similar features were at first assumed to be missing,

calling the sampling of the GA into question, but were found to have been sampled

by the GA, but penalised by our fitness function. These 12 molecules were then taken

into CSP and mobility calculations. While the CSPs were short, the crystal packing

landscapes showed similar information to our original azapentacene CSP. The amount

of nitrogen substitution present is enough to enforce γ and sheet motifs amongst the low

energy crystal structures. Mobility calculations also offered similar information. Our

fittest molecule using the GA fitness measure was not the best performing, again high-

lighting the need for CSP and electronic property calculations to be pursued together.

As before, many of the highest mobility structures are located away from the global

minimum, though GAmol12 offers numerous high mobility structures close to its global

minimum suggesting a promising candidate for synthesis. While the short CSPs served

their purpose, better understanding of the packing mobility landscape could be gained

with more complete structure generation, especially for those two molecules with large

gaps to their global minima. Extensions to the GA involved a similar search of azahex-

acenes though the resultant molecules have not yet been assessed using CSP or mobility

calculations.

It would also be interesting to apply the GA to design molecules for different applications,

as the overall framework is a sound one. We could apply these methods to target any

property where we can assess a fitness function. For organic semiconductors there is a

range of molecular properties that can be used to define the fitness function. Allowing

the GA to be used solely in the generation of good candidates for CSP.

However, for other target properties the fitness may depend completely on the crystal

structure, so can only be assessed from a predicted crystal packing. One approach

to including CSP in the fitness function is to perform very short CSPs on population

members in each generation. Shorter CSPs were used on the 12 GA molecules examined

in Chapter 8, and we know from the testing of the structure generator that the global

minimum (and other low energy crystal structures) are sampled early on in the Sobol’

sequence. This gives us confidence that a shorter CSP can give a good picture of the

low energy crystal packing landscape. The CSPs presented in Chapter 8 can be run

in a day, so applying this to all population members may make the GA prohibitively

expensive. A different approach is to perform CSP on only those molecules that fall

within the elite section of the population. If a molecule remains within the elite the
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CSP is extended, creating a fuller picture of the crystal packing landscape over time.

We know from the best 10 molecules of the azapentacene and azahexacene GAs that

they often share similar features and can be viewed as a progression towards the global

minimum. Using this ”elite only” approach from the beginning of the GA will then give

information over a wide range of local minima and limit the computational expense.

Using CSP as part of the fitness function requires a fitness that accounts for the range of

possible crystal structures. In Chapters 6 and 8 we used the ensemble averaged mobilities

of all structures within the energy window where likely polymorphs are found. Using

this within the GA would require yet more calculations to be performed increasing

computational cost. The ability to predict properties arising from the crystal structure

(such as the transfer integral) without performing the full calculation would be useful.

Machine learning techniques show promise in this area. In this thesis we have generated

a large set of data on the crystal packing and mobility of 18 azapentacenes. This dataset

could be used to train a suitable learner to predict parts of the fitness function and lower

the overall cost of the GA. Incorporating these features within the GA would improve

this approach to computer guided molecular design and allow the full exploration of

property space from an initial molecular population.

9.2 Other CSP work

In addition to CSP on a large number of hypothetical molecules, some real life crystal

systems were studied in this thesis. Chapter 6 contains the validation molecules for our

CSP approach, pentacene and tetraazatetracene. Pentacene is a well studied polymor-

phic molecule, the polymorphs differ only slightly, however, so the location of all three

in our final list of crystal structures is promising. In addition the only known crystal

structure of tetraazatetracene matched to the global minimum of our search. The rank-

ing of pentacene’s single crystal form is perhaps not as good as expected, though this

could be improved by periodic DFT with a dispersion correction or the development of

a molecule specific forcefield.

The testing of our structure generator (Chapter 5) was not as smooth. The structure

generator itself performed admirably, for all three molecules all known experimental

polymorphs were located, including the Z ′ = 4 polymorph of artemisinin, which is an

excellent result. However, the lattice energy ranking of the quinacridone polymorphs

was poor, and showed a worrying sensitivity to the quality of the basis set used in the

calculation of the atomic multipoles. Partly this can be explained with the balance

between our ab initio electrostatics and the empirically fitted parameters of the other

terms in the forcefield, but it is a strange result in the light of our successes with similar

molecular interactions and shapes. Whether this can be fixed with a more specific

forcefield needs investigation as the correct ranking of quinacridone polymorphs has been
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predicted using an isotropic forcefield in the past276. The importance of the energy model

was also highlighted in the CSP of the blind test molecule undertaken, while successful

initially (the experimental structure matched the 3rd lowest lattice energy structure) the

global minimum did not match the experimental structure until free energy was included.

The improvement and refinement of energy models away from just static lattice energies

is an important one and should be included wherever possible.
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