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ABSTRACT
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PREDICTION OF THE BINDING FREE ENERGIES OF INHIBITORS OF EPIDERMAL
GROWTH FACTOR RECEPTOR KINASE AND THE IDENTIFICATION OF THE
DYNAMICS THEREOF
By Christopher William Bull
Epidermal Growth Factor Receptor (EGFR) kinase is a signalling protein implicated in
a number of cancers, including non-small cell lung cancer (NSCLC). As well as
activating mutations of EGFR kinase being oncogenic, the prognosis of NSCLC
correlates with the impact of EGFR mutations on inhibitor binding affinities. However,
treatment with tyrosine kinase inhibitors is particularly vulnerable to resistance
mutations. The exact mechanisms by which EGFR kinase mutations impart activation
or resistance has not been clearly defined at an atomistic level, and attempts to
elucidate these mechanisms in silico are hindered by the long time scales over which
the conformational dynamics of EGFR kinase occur. In this thesis rigorous free energy
calculations are employed to investigate the relative binding free energy of inhibitors
of EGFR kinase, and elucidate the hydration of the binding pocket. Additionally,
various enhanced molecular dynamics (MD) sampling methods are utilised alongside
conventional MD to investigate their ability to overcome the challenge of the long time
scales of conformational change in EGFR kinase. The complementary use of
dimensionality reduction techniques such as principal components analysis and locally
scaled diffusion map analysis is shown to be useful in characterising long time scale
dynamics, as well as in validating the sampling of enhanced MD methods. Using these

techniques alongside traditional analyses, new insight into the role of three activating
mutations was gained; however, the results suggest that accessible simulation times
are still too short, implying a continuing role for enhanced MD methods in the future.
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Chapter 1:

Introduction

Epidermal Growth Factor Receptor (EGFR) is a signalling protein involved in the
correct development of embryos, and has become an important target because of its
involvement in a number of cancers, where EGFR may be found upregulated or
mutated[1]. EGFR mutations are important due to their diagnostic value, but also
because the presence of EGFR mutations has a significant impact on how well a cancer
responds to certain drugs, such as gefitinib[2]. Moreover, it has also been found that
treatment with such drugs often leads to resistance[3]. Thus, there is ample motive to
study EGFR and, owing to this, EGFR has been studied extensively in silico in an
attempt to characterise its role at an atomistic level; however, the precise atomistic role
of mutations in EGFR remains unclear.

The in silico study of EGFR kinase generally concerns itself with one or both of two
lines of inquiry: How do EGFR mutations impact the conformational dynamics of
EGFR kinase, and how do EGFR kinase mutations impact the ability of drug molecules
to bind to the kinase?

Investigating the impact of EGFR mutations on the conformational dynamics of the
kinase is problematic due to the long time scales over which kinase activation and
deactivation may occur[4]; indeed, the activation of EGFR kinase has never been
simulated in full. The deactivation process is also challenging, having only been
observed previously[5] by utilisation of a specialist supercomputer, ANTON, which
was designed specifically to probe such problems. Such simulations require dozens of
μs of simulation time, which is beyond the available computing resources of
institutions such as the one the present study originates. Methods exist for accelerating
the dynamics, but few of these have been applied to EGFR. In the present study three
1
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enhanced sampling techniques (accelerated MD, reversibly digitally filtered MD, and
diffusion map directed MD) are compared against conventional MD (cMD) utilising
more commonly available software and computational resources (though still limited
to supercomputing).

Previous investigations into the impact of mutations on inhibitor binding free energies
has also been carried out on EGFR kinase, but only using approximate methods such as
MM/GBSA and MM/PBSA[6],[7]. To perform a more rigorous analysis requires that the
more rigorous methods are capable of identifying trends within the binding of
inhibitors to the WT. The present study attempts to realise this first step by utilising
Monte Carlo simulations to predict the binding affinities of azoquinazolines to EGFR
kinase using the replica exchange thermodynamic integration method.

Our knowledge of EGFR kinase is improving constantly, and chapter 2 will summarise
the current understanding of the protein, discuss the importance of EGFR kinase in
greater detail, as well as introducing the computational studies carried out on EGFR to
date. Chapter 3 is devoted to a description of the computational methods employed in
the present study. Chapter 4 will discuss the results of the prediction of EGFR inhibitor
binding free energies and chapter 5 will deal with the conformational dynamics of
EGFR and performance of the utilised enhanced sampling methods.

2
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2.1

Epidermal Growth Factor Receptor

Molecular biology of EGFR

Epidermal Growth Factor Receptor (EGFR) is a membrane bound signalling protein of
the ErbB family. It is essential for the normal development of various tissues, including
bone [8], mammary ducts [9], vascular system [10], and others[11]. Owing to its role in
development, EGFR is normally found at low levels in most tissues [12][13], where it is
usually highly regulated both transcriptionally and mechanically by existing as an
inactive monomer, requiring dimerization that is facilitated by the binding of
extracellular signals such as Epidermal Growth Factor (EGF)[11].

EGFR gained pharmaceutical significance with the discovery of its involvement in a
number of cancers, most notably Non-Small Cell Lung Cancer and some head and neck
cancers, although it is thought that EGFR is upregulated in a large proportion of
cancers[1]. As well as being implicated in the development of cancer, the mutational
status of cancer patients has been found to correlate with patient outcomes[14].

2.1.1

Physiological role of EGFR

EGFR exists as a transmembrane protein in a variety of cell types, where it receives
signals in the form of small proteins (including EGF) from the extracellular
environment. Many of these signals are produced in times of cellular stress by the
signalling molecule’s cleavage from membranes in the signal’s source cell [15]. EGFR
forms inactive dimers on the cell surface which prime the protein for binding of the
3
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protein signal, which stimulates kinase activation[16]. Different ligands have different
binding affinities, and also impact the rate of EGFR degradation, leading to a certain
degree of ligand-dependent EGFR signalling regulation[17]. EGFR’s ability to
heterodimerise with other members of the ErbB family broadens its possible range of
responses[18].

2.1.2

Signalling pathways

Downstream pathways include the phospholipase Cγ (PLCγ) pathway, which
regulates cell motility, the MAPK pathway, which regulates cell proliferation, the
STAT pathway which also regulates cell proliferation, as well as differentiation and
apoptosis[17][18], and the PI3K/AKT pathway which prevents apoptosis. Many of
these pathways are viable due to the C-tail domain of EGFR, whose phosphorylation
motifs enable binding to the SH2 regions of various signalling proteins[17][18].

In the MAPK pathway, EGFR binds to a Grb2:SOS protein complex, which then
activates the GTPase Ras, which in turn activates Raf kinase. The activation cascade
then proceeds via MEK and MAPK1, the latter of which is translocated into the nucleus
to act as a transcription factor to promote cell growth[18].

EGFR activates PLCγ directly, which can activate RAS (via SOS) to promote cell
growth (as previously discussed). Additionally, PLCγ can interact with protein kinase
C, stimulating gene expression[19].

4
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EGFR has been shown to bind STAT proteins, including STAT3, which it is able to
achieve in the nucleus, acting as a nuclear transcription factor capable of inducing the
expression of nitric oxide synthase, which is associated with tumour growth[20].

In the PI3K/AKT pathway, PI3K binds to EGFR. Its presence on the membrane allows
PI3K to start phosphorylating phosphatidylinositol 4,5-bisphosphate (PIP2) to produce
PIP3, which activates AKT[21]. AKT inhibits the apoptosis signalling protein BAD[18].

However, it is important to note that these downstream pathways are not only
accessible to the ErbB family, and interactions from other proteins help the cell to elicit
appropriate responses to the environment (see figure 2.1 for a simplified schematic).
For example, it has been shown that by blocking the MAP kinase kinase (MEK), can
prevent motility while retaining some other functions of EGFR[22]. Indeed, this is a
relatively simple example in the complex network of signalling that regulates gene
expression [23].

EGFR’s role as a promoter of motility, proliferation and differentiation makes it an
important protein for the natural development of animals. EGFR has been shown to be
necessary for the correct development of tissues both during adult physiological
changes (such as in gestating mothers) and foetus development [24], [25]. However, the
prominent position of this protein in the proliferation pathway also makes it an
important participant in a number of cancers, and EGFR is found to be particularly
important in non-small cell lung cancer (NSCLC)[26].

5
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Figure 2.1: Simplified schematic of cell signalling pathways involved in cancer, with
downstream pathways of EGFR highlighted in green. Adapted from ref. [27], itself
based on Figure 2 of Hanahan & Weinberg (2000)[23].

2.1.3

EGFR in cancer

The current study deals primarily with mutations of the EGFR kinase region, however
there are a number of mechanisms by which EGFR disregulation can predispose an
individual to cancer. Firstly, EGFR may be upregulated, leading to a larger proportion
of EGFR propagating signals on the cell surface [28]. Secondly, EGFR may become
mutated leading to increased EGFR activity [29][26]. Thirdly, EGFR segregation or
breakdown processes may be interrupted[30]. Each of these lead to increased signalling
along the proliferation pathways, increasing the likelihood of a cell becoming
cancerous.
6
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2.2

Structure of EGFR

Figure 2.2: Illustration of EGFR (blue) in its monomeric (left) and dimeric (right) forms,
with the extracellular region (top) shown binding EGF (red). The kinase is the
intracellular (bottom) portion of the protein. Image from June 2010 Molecule of the
Month by David Goodsell DOI: 10.2210/rcsb_pdb/mom_2010_6

EGFR consists of a 622 amino acid extracellular region linked to a 542 amino acid
intracellular region by the transmembrane helix. The extracellular region comprises of
a ligand binding domain and a dimerisation domain, allowing the protein to sense
growth factors in the environment, and dimerise in response to them [17]. Dimerisation
of the extracellular region is accompanied by asymmetric intracellular dimerisation,
which is thought to activate the kinase region of EGFR within the cell[29]. EGFR also
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has a long carboxy-terminal tail which is recognised by a number of signalling
proteins[17].

Figure 2.3: Crystal structure of the intracellular EGFR kinase dimer consisting of an
active monomer (A) and activating monomer (B). PDB code 3IKA.

Crystallographic structures of the extracellular and intracellular region exist. The
extracellular region has not been simulated in this study, but has been dealt with by
other institutions[31][32][33]. An extensive array of crystal structures of the
intracellular kinase have been reported to date, including those of a number of mutants
both with and without inhibitors bound, providing abundant information for
simulation.

The first successful crystallographic analysis of EGFR kinase was by Stamos et al.
(2002)[34], and showed the active kinase both with and without an azoquinazoline
bound to the ATP binding site. This active structure is shown in figure 2.4A.
8
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Figure 2.4: Crystal structures of the active (A;PDB: 1m17) and inactive (B; PDB: 2gs7)
monomers of EGFR kinase. The activation loop is shown in red, C-helix in green and Ploop in yellow. The white arrowhead indicates the hinge region, and the blue arrow
indicates the A-loop helical coil in the inactive structure.

Crystallographic structures of the inactive form of EGFR (see figure 2.4B) revealed
large structural differences between the active and inactive conformations. Firstly,
there is a 30 degree rotation of the C-helix (green), which exhibits an “in” conformation
in the active structure, and an “out” conformation in the inactive structure. Also there
is an extensive difference between the active and inactive structure of the activation
loop (A-loop, red). The inactive A-loop displays large fluctuations, resulting in many
crystallographic structures of inactive EGFR kinase missing a number of A-loop
residues. Towards the N-terminal from this poorly resolved region exists a helical turn
between the C-helix and the hinge region (see figure 2.4B; blue arrow), a feature only
found in the inactive conformation, and has been suggested to act as a lock keeping the
C-helix in its inactive “out” conformation[35]. Additionally, in the inactive structure,
the P-loop (yellow) residue F723 packs against this helical turn, but tucks under the P9
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loop in the active conformation. The active EGFR conformation is stabilised by a
hydrophobic spine (residues L777, M766, D856 and H835), as has been found in many
other kinases (Kornev 2006)[36], as well as the E762-K745 salt bridge, which helps
maintain the C-helix “in” conformation.

E762-K745 salt
bridge

Figure 2.5: Interactions stabilizing the active conformation of EGFR kinase, including
the E762-K745 salt bridge (labeled and shown as stick structures) and the hydrophobic
spine (shown as a pink surface).

Zhang et al., drawing on biochemical and crystallographic evidence, proposed an
asymmetric dimerisation mechanism whereby an activating monomer (activator)
makes contact with a receiving monomer (receiver) using the activator’s C-lobe against
the receiver’s N-lobe[29]. Later crystallographic structures revealed important
interactions of the juxtamembrane (JM) region of EGFR that lies between the kinase
and the transmembrane region [37]. It was found that the receiver’s JM region forming
both close contacts with the activator’s C-lobe and a JM dimer with the activator’s JM
10
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region, an interaction that has been coined the “juxtamembrane latch”. The JM latch
has been implicated in the activation process of EGFR by helping to stabilise the
asymmetric dimer[38]. Also, the presence of the juxtamembrane latch has been used to
help explain why EGFR dimers that form in the absence of EGF remain inactive. These
inactive dimers have an extracellular conformation that separates the JM regions of the
EGFR dimer, preventing formation of the stabilising JM latch, and resulting instead in
an inactive, symmetrical intracellular dimer[38].

2.2.1

Structural regulation of EGFR compared to other kinases

For most kinases phosphorylation of the A-loop is a necessity for activation; however,
for EGFR kinase, this condition is not a requirement for kinase activity[17].
Nonetheless, the C-terminal tail of EGFR kinase contains 5 phosphorylation sites
which, when phosphorylated, participate in the recruitment of proteins in the
downstream signalling pathways[39].

The DFG loop is a conserved across many kinase A-loops, with the DFG aspartate
holding ATP in the correct position for catalysis through its interactions with Mg2+.
The DFG is orientated differently in the active and inactive conformations, with the
DFG aspartate often buried in the inactive conformation (“DFG-out”), and available for
its stabilising interactions in the active conformation (“DFG-in”)[40]. In inactive EGFR,
however, the A-loop adopts a src-like conformation where the aspartate of the DFG is
not buried in the protein[41].
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2.2.2

Overview of available structural data

Table 2.1 summarises the available crystal structures of EGFR kinase. The structures of
the “closed” conformation correspond roughly to the “semi-closed” conformation
observed in simulations by Sutto et al (2012)[42], as discussed later.

A

B

Figure 2.6: Crystal structures of the active (1m14) and inactive (2gs7) conformations of
EGFR kinase coloured by B-factor (from 0 to 150, dark red to dark blue).

The crystal structures suggest that the inactive conformation, with the exception of the
A-loop, is relatively rigid, with relatively low beta factors across the protein. On the
other hand, the active conformation has high beta factors in the P-loop, A-loop, and the
N-terminal side of the C-helix. It has been suggested that the high beta factors on the
C-helix retards the ability of the unliganded WT to form the asymmetric dimer[43]

12
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PDB ID
1M14
1M17
1XKK
2EB2
2EB3
2GS2
2GS6
2GS7
2ITN
2ITO
2ITP
2ITQ
2ITT
2ITU
2ITV
2ITW
2ITX
2ITY
2ITZ
2J5E
2J5F
2J6M
2JIT
2JIU
2JIV
2RF9
2RFD
2RFE
2RGP
3BEL
3GOP
3GT8
3IKA
3LZB
3POZ
3VJN
3VJO
3W2O
3W2P
3W2Q
3W2R
3W2S
3W32
3W33
4G5J
4G5P
4HJO
4I1Z
4I20
4I21
4I22
4I23
4I24
4LI5
4LL0

Ligand
None
Erlotinib
Lapatinib
None
ATP analogue
None
ATP analogue
ATP analogue
ATP analogue
Iressa
AEE788
AFN941
AEE788
AFN941
ATP analogue
AFN941
ATP analogue
Iressa
Iressa
13-JAB
34-JAB
AEE788
None
AEE788
HKI-272
Mig6 peptide
Mig6 peptide
Mig6 peptide
Hydrazone
Oxime
None
ATP analogue
WZ4002
imidazo[2,1-b]thiazole
tak-285
ATP analogue
ATP analogue
tak-285
Pyrimidine-based ligand
HKI-272
Pyrimidine-based ligand
Pyrimidine-based ligand
Pyrimidine-based ligand
Pyrimidine-based ligand
BIBW2992
BIBW2992
Erlotinib
None
None
Mig6 peptide
Gefitinib
Dacomitinib
Dacomitinib
Pyrimidine-based ligand
PD168393

Conformation
Active
Active
Inactive
Active
Active
Active
Active
Inactive
Active
Active
Active
Active
Active
Active
Active
Active
Active
Active
Active
Active
Active
Active
Active
Active
Active
Active
Inactive
Inactive
Inactive
Inactive
Active
Active
Active
Inactive
Inactive
Active
Active
Active
Active
Active
Active
Inactive
Inactive
Inactive
Active
Active
Inactive
Closed
Closed
Closed
Inactive
Active
Inactive
Active
Active

Mutation
WT
WT
WT
G719S
L858R
WT
WT
V924R
G719S
G719S
G719S
G719S
L858R
L858R
L858R
WT
WT
WT
L858R
WT
WT
WT
T790M
T790M
T790M
WT
K799E
K799E
WT
WT
K721M
WT
T790M
V924R
WT
G719S, T790M
WT
L858R, T790M
L858R, T790M
L858R, T790M
L858R, T790M
WT
WT
WT
WT
T790M
V924R
V948R, L858R, T790M
V948R, L858R
V948R, L858R, T790M
V948R, L858R, T790M
WT
T790M
WT
L858R, T790M

Resolution (Å)
2.60
2.60
2.40
2.50
2.84
2.80
2.60
2.60
2.47
3.25
2.74
2.68
2.73
2.80
2.47
2.88
2.98
3.42
2.80
3.10
3.00
3.10
3.10
3.05
3.50
3.50
3.60
2.90
2.00
2.30
2.80
2.95
2.90
2.70
1.50
2.34
2.64
2.35
2.05
2.20
2.05
1.90
1.80
1.70
2.80
3.17
2.75
3.00
3.34
3.37
1.71
2.80
1.80
2.64
4.00

Table 2.1: list of PDBs of EGFR kinase, the type of ligand bound (if any), conformation,
mutational state and resolution of the structures. Green entries represent those
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structures used in the present study; blue entries represent those structures available
when the simulations were being set up.

2.3

EGFR kinase mutations

As has been discussed previously, EGFR’s position in the cell proliferation signalling
network in conjunction with EGFR kinase mutations makes it a critical component in
our understanding of a number of cancer types. Interestingly, despite the ability of
activating mutations of EGFR kinase to transform normal cells into cancer cells [44],
there is also a correlation between activating mutations and patient response to
therapy, such that mutant EGFR kinase is more susceptible to inhibition by small drug
molecules[45], [46], a behaviour that may be due to cells becoming dependent on antiapoptotic signalling by mutant EGFR[46]. Additionally, despite the efficacy of
inhibitors to the activating mutants, in most cases, patients develop resistance[47].
These characteristics of EGFR kinase mutants have made them a major focus for
research and drug development. The following section will deal with a number of
mutations, in relation to the structure of EGFR (discussed in the previous section).
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2.3.1

L858R

Inactive A-loop
helix

R858

Figure 2.7: R858 (stick representation) in its structural context, with the L858R mutant
structure (yellow; PDB code: 2ITV), and the WT inactive structure (blue; PDB code:
1XKK)

The L858R is the most prevalent single point activating mutation[47]. In inactive WT
EGFR L858 is incorporated into the A-loop’s hydrophobic helical turn and mutation of
this leucine into a bulkier, charged arginine has been suggested to prevent the helical
turn’s formation, thus making the inactive conformation inaccessible, leading to
activation[35]. Several studies have noted the increased catalytic activity of the L858R
mutant [35],[29],[48], and results suggest that the mutation induces catalytic activity
regardless of dimerisation, thus bypassing EGFR’s normal signal-based regulation[29].
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2.3.2

G719X

Inactive A-loop
helix

F723

Figure 2.8: S719 (Arrowhead) in its structural context, with the G719S mutant structure
(yellow; PDB code: 2ITP), and the WT inactive structure (blue; PDB code: 1XKK).

The G719X activating mutations occur on the P-loop of EGFR kinase, increasing its
catalytic activity[35]. Its mechanism of activation has been suggested to be similar to
that of L858R, despite its distance from the A-loop. The hypothesis set out by Yun et al.
in 2007 states that mutations at this residue (which will introduce bulkier residues than
the WT glycine) will reduce the flexibility of the P-loop, this in turn reduces the ability
of the downstream F723 to pack against the hydrophobic helical turn on the A-loop
(see figure 2.7), resulting in the reduction of stabilising interactions for the inactive Aloop, thus promoting conformational transition to the active conformation[35].
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2.3.3

Exon 19 deletions

Figure 2.9: Inactive conformation of EGFR kinase with residues of the ELREA deletion
highlighted in red, and the αC-β4 loop represented as sticks. The surfaces of the αC-β4
loop and A-loop helix are also shown in a glass surface representation (red and blue,
respectively).

Exon 19 deletions account for almost half of EGFR kinase mutations[47], and these
mutants respond significantly better to inhibitors than the L858R mutation (although
the reason for this is unclear)[45]. There are a number of in-frame deletions that occur
in exon 19 of the EGFR gene, which corresponds to a region close to the N-terminal
side of the C-helix and is adjacent to a set of residues (the αC-β4 loop) that pack against
the A-loop’s helical turn. Similarly to the G719S and L858R, this mutation appears to
cause activation by disrupting the interactions of the A-loop helical turn[29][49].
Alternatively, it has been suggested that the deletion directly acts on the C-helix,
effectively “pulling” it into the active conformation[50].
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2.3.4

T790M

The T790M mutation is a resistance mutation termed the “gatekeeper”, responsible for
approximately 50% of cases of resistance to EGFR kinase inhibitors[47]. It was
identified in 2005 by Kobayashi et al, after a patient exhibiting an exon 19 deletion
stopped responding to gefitinib (known for being particularly potent against such
mutants, see section 2.4), prompting the re-sequencing of the patient’s EGFR gene.
Modelling the mutation into the crystal structure of EGFR kinase with erlotinib bound,
Kobayashi et al. noted that the increased bulk of a methionine at position 790 clashed
with the predicted surface of erlotinib. Additionally, it was noted that threonine at
position 790 is able to make water mediated hydrogen bonds to erlotinib whereas
methionine would not be able to[51].

Yun et al. produced crystal structures of the T790M mutant, and found the inhibitors
could bind despite the T790M mutant, suggesting that steric hindrance was not the sole
contributor to resistance. by analysing WT and mutant EGFR kinetics, the study
identified a loss in ATP affinity associated with the L858R mutation, and found that the
T790M mutation restored much of the loss in ATP affinity when introduced into an
L858R mutant. The restoration of ATP affinity is not accompanied by a very large
change in inhibitor affinity, and thus it appears that the T790M mutant confers
resistance by enabling ATP to outcompete inhibitors at the binding site[52].

In 2009, Balius and Rizzo performed an in silico study to probe the effect of EGFR
kinase mutations, and found that the L858R:T790M double mutant reduced the
favourable electrostatic interactions with binding pocket waters along with disruption
to the binding pocket water network[6].
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2.3.5

Other mutations

The mutations described above account for the majority of known cases of EGFR
kinase mutation, however there is a much wider spectrum of “uncommon” EGFR
mutations comprised of both activating and resistance mutations. Many have been
identified from patients, including the L747X mutations, V769M and A871E
mutations[53], as well as a number of rare exon 20 mutants that have been shown to
respond poorly to treatment with EGFR inhibitors[54]. Interestingly, some of these
mutations were also found during in vitro resistance mutation screening, which
highlighted a very broad spectrum of possible resistance mutation sites[3].

2.3.6

Mutations summary

EGFR kinase mutations have a significant impact on clinical outcomes and the efficacy
of EGFR kinase inhibitors. However, it is worth noting that these mutations are not the
only factors at work even in those cancers most commonly associated with them.
Overexpression of EGFR is another common feature of a lung cancers [55], and EGFR
interacts with other members of the ErbB family of kinases, in some cases mitigating
the effect of mutation[3]. Additionally, mutations may occur in the extracellular region
of the protein [56], such as have not been considered in this study. Nonetheless, the
prevalence of EGFR kinase mutations and their interesting effects on inhibitor binding
and activity makes the kinase mutations and important target for study. Additionally,
it appears that the majority of activating EGFR kinase mutations have a conserved
mechanism of action that pivots on destabilisation of the inactive A-loop helical turn,
which provides a convenient starting point for investigation of EGFR kinase dynamics.
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2.4

EGFR kinase inhibitors

EGFR signalling can be prevented artificially via a number of routes, including RNA
interference[57], EGFR targeting antibodies and tyrosine kinase inhibitors (TKI). RNA
interference, while promising, is still an emerging technology [58], whereas antibodies
and TKIs have been used widely to treat cancer[59]. Of most importance to the current
study are the 4-anilinoazoquinazoline TKIs, which are accommodated in the ATPbinding site of EGFR kinase[34],[41], [35], and found to be particularly effective against
mutated forms of the kinase [60],[2],[45].

Figure 2.10: Erlotinib (sticks and translucent surface) bound to EGFR (opaque surface),
with important regions of the binding pocket labelled. The ochre line highlights the
point at which the protein surface intersects the page
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M793

Figure 2.11: Coulombic interactions of Erlotinib (represented by sticks and balls) with
EGFR kinase(represented by sticks): The hydrogen bond to the hinge region is marked
as a dotted line, the circled region indicates where moieties in the solvent exposed
region may interact with the solvated protein surface.

Analysis of the crystal structures shows that the 4-anilinoazoquinazolines make a
number of important interactions with EGFR kinase[34]. Firstly, the quinazoline
nitrogen opposite the aniline group is able to make a hydrogen bond to the backbone
of the hinge region residue Met 793 (see figure 2.10). A second set of hydrogen
interactions are made between the other quinazoline nitrogen and the binding pocket
via water, the oxygen of which is within 4 Å of polar substituents of Gln 791, Thr 790
and Thr 854. There is also evidence for additional waters in the binding site[35][6],
which would likely further stabilise the inhibitor in the pocket. Lastly, the anilino
group extends into the back of the binding pocket, an area termed the “selectivity
pocket”, which is also important for binding [3].
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Initial crystal structures of tyrosine kinase inhibitors bound to EGFR kinase showed
them occupying the ATP binding pocket of the active conformation[34]; however,
tyrosine kinase inhibitors targeting the inactive conformation also exist (as in the case
of lapatinib). Furthermore, recent studies suggest that inhibitors such as gefitinib,
which were previously thought to bind exclusively to the active conformation, may
bind inactive closed conformations EGFR kinase[61]. Given that these inhibitors can
bind monomeric EGFR kinase domains, it seems likely that the binding of inhibitors is
not restricted by extracellular or intracellular dimerization; however, there is still no
data with regards to the difference in binding affinity of the active and inactive
conformations.

2.5

Computational studies of EGFR

EGFR’s importance as a cancer therapy target is reflected in the large body of
computational research that has been carried out. This section will discuss the insights
gained into both the conformational dynamics and inhibitor binding of EGFR kinase.

2.5.1

Insight into the WT dynamics of EGFR

Papakyriakou et al. (2009) carried out MD on the 5-20 ns time scale, for the WT, L858R
and L861Q. An RMSD comparison between the active WT simulation and the inactive
crystal structure suggested a “drift” toward the inactive structure, particularly
prominent for the C-helix. Interestingly, simulation of the dimer did not exhibit this
drift, and remained stable. Additionally, the K745-E762 salt bridge was found to be
unstable in the WT monomer simulation, but stable in the dimer simulation[62]. More
recent findings from a metadynamics study of EGFR kinase by Sutto et al. (2012)
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revealed that the WT monomer naturally exhibits an inactive structure[42], further
supporting the idea of the WT being autoinhibited.

The formation of the hydrophobic spine has been well documented both by
Papakyriakou (2009) and Dixit and Verkhivker (2009) in their TMD studies into the
active-inactive transition, and show that the hydrophobic spine is formed during the
inactive to active transition, being formed alongside the K745-E762 salt bridge[62][63],
which is perhaps unsurprising given that each of these structures have residues on the
C-helix, which must rotate considerably to achieve the conformational transition.
Papakyriakou et al. describe the movement of L858 away from the immediate area of
the salt bridge to be a prerequisite for the formation of the above structures[62].

Mustafa et al. (2010) carried out MD 10 ns simulations on EGFR with the
juxtamembrane (JM) and C-tail regions included, and found that motions of those
structures correlate with an opening/closing motion in the protein, and that
dimerisation reduced the closing of the activated member of the dimer[64]. The
opening and closing of the N-lobe appears to be one of the main long time-scale
motions of the protein, appearing in the 200 ns MD study by Wan et al. (2011) on both
the WT and L858R mutant, even in the absence of the JM and C-tail regions[65], despite
the assertion by Mustafa et al. (2010) that these regions were necessary for the
opening/closing motion. Nonetheless, the opening/closing motion in Mustafa et al’s
(2010) study are interesting in that it appears the JM and C-tail segments allow the
motion to occur over much shorter time scales[64].

From the above studies, it has been well established that dimerisation has a significant
stabilising effect on the active conformation of the kinase, and while the position of the
activating monomer in contact with the N-lobe of the activated monomer (see figure
2.3) obviously has implications for the dynamics of the N-lobe, Dixit and Verkhivker’s
23

Chapter 2: Epidermal Growth Factor Receptor
(2011) analysis of allosteric communication shows that dimerisation has a coupling
effect on much more distant parts of the activated dimer, with the C-helix playing a
central role in this coupling. Further, the T790M mutation was found to strengthen this
coupling[66].

A number of studies have highlighted the hydrogen bonding patterns in EGFR[50],
with Shih et al. (2011) providing perhaps the most comprehensive view of the
hydrogen bonding patterns of the inactive and active conformations[50]. Seemingly
contrary to the idea that EGFR kinase is autoinhibited in the WT, all computational
evidence suggests that the active conformation of EGFR has the larger set of internal
Coulombic interactions. This discrepancy appears to be due to the increased
importance of hydrophobic interactions in the inactive monomer; an observation that,
as Shih et al. (2011) [50] point out, is logical bearing in mind the hydrophobic nature of
the allosteric dimer interface. However, it has been predicted that dimerisation of
EGFR disrupts the hydrogen bonding network of inactive EGFR, and indeed, many of
the inactive conformation's stabilising hydrogen bonds are in the region of the dimer
interface. The importance of the EGFR’s non-covalent bonding network is further
highlighted by the tendency for some (but not all) mutations to reside at, or close to,
residues involved in these hydrogen bonds.

The hydrophobic interactions within the HER family have also been studied[50], with
the concept of inactive EGFR autoinhibition being supported by the observation that
the more restrictively autoinhibited HER2 has a larger hydrophobic patch at the Cterminal side of the C-helix. Also, it has been predicted, using Targeted MD (TMD),
that one of the first triggers of activation may be the formation of the hydrophobic
spine[63].
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Recent μs timescale MD studies into EGFR kinase by Shan et al. (2012) have shown that
the C-helix exhibits disorder over long timescales, and that this disorder allows the Chelix “in” to “out” transition to occur on much shorter time scales than previously
expected: in the ~100 ns time scale. Evidence for this disorder was also found in crystal
structures, which exhibit high B-factors in the N-terminal side of the C-helix[43].

Although the active conformation was found to be unstable, the inactive conformation
appeared highly stable even after 100 μs. Despite this, Shan et al. (2012) maintain that
the disordered C-helix conformation is the dominant one, based on the slow binding
kinetics of lapatanib, which they assume to require the inactive conformation due to its
slow binding kinetics (with the conformational change to the inactive conformation
being a possible rate-limiting step)[43].

Shan et al. (2012) noted that the disorder of the C-helix is suppressed by the dimer, as
well as simulations in a mixture of water and isopropyl alcohol. The latter finding
suggesting that the disorder is mediated by hydrophobicity, as the isopropyl alcohol
clustered around the dimerization regions which includes C-helix[43].

A recent study from the same group rigorously reconstructed the entire EGFR protein
in both its monomeric and dimeric forms (including an active, EGF-bound dimer and
an inactive dimer). The simulations show that the intracellular region makes
interactions with anionic species of the cell membrane, and that these interactions
favour the inactive conformation. One implication of this is that overexpression of
EGFR may lead to further activation by sequestering the excess of anionic lipids[32].

To summarise, the simulations of the dynamics of WT EGFR kinase are generally
consistent, and complement the experimental observations: dimerization has a
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stabilising effect on the active conformation of the kinase, and the active monomer
appears to be relatively unstable, favouring an inactive C-helix “out” configuration;
with the key K745-E762 salt bridge being disrupted easily in the WT. It appears that the
kinase undergoes an opening/closing motion, which may be promoted by the JM
segment and C-terminal tail, but is also present in longer time-scale metadynamics
simulations.

2.5.2

Insights into the effect of EGFR mutations

The study Dixit and Verkhivker (2009) into EGFR mutation provides a multiple pieces
of evidence for the theory of Yun et al. (2008) that activating mutations destabilise the
inactive conformation. First, they demonstrated that the introduction of the L858R into
the inactive conformation in silico, with subsequent temperature replica exchange
dynamics results in a final conformation almost identical to that of the active L858R
crystal structure. Secondly, in 10 ns simulations of the L858R and T790M mutations
introduced into the inactive conformation, they observed increases in the RMSF of the
C-helix and A-loop. Thirdly, a MM-GBSA study of protein stability suggested that the
inactive conformation was less stable for the mutants. Additionally, TMD of the
inactive conformation was used to pull the A-loop into the active conformation, with
the L858R mutant completing the inactive to active transition much more rapidly[63].

The same study provides observations to support the complementary theory that
activating mutations stabilise the active structure, both in the decrease in RMSF of the
A-loop in the 10 ns active L858R simulation, and in the increased stability of the active
L858R according to the MM-GBSA experiment[63].
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An interesting complement to the above simulations is the TMD simulations in
Papakyriakou et al. (2009), which show that the L858R mutant could not be forced into
the inactive conformation using a 2 kcal mol-1 Å-2 force constant. The L861Q could be
forced into the inactive state, but did so over a slightly longer time scale than the WT.
Papakyriakou et al. also noted the ability of R858 to interact with the glutamate that
forms the K745-E762 salt bridge in the active structure. Since E762 is a C-helix
structure, they reasoned that this interaction may promote transitions from inactive Chelix “out” to active C-helix “in” structures[62].

An interesting, but confusing aspect of the effect of the L858R on EGFR kinase
dynamics was elucidated by the 200 ns simulations by Wan et al. (2011), which found
that the active conformation was less stable for the L858R than the WT, and that the
mutation biased towards a new, previously unrecognised conformation with an
inactive C-helix orientation and an active A-loop conformation[65].

The results of the metadynamics study by Sutto et al. (2012) tie together the findings of
Wan et al. (2011) and Papakyriakou (2009) in that while the L858R appears to have a
deeper energy minima in the “semi-closed” conformation (with an inactive C-helix
conformation, but an A-loop conformation unlike the inactive crystal structure) than
the active conformation, the L858R is unable to visit the inactive conformation as
exhibited by in the inactive crystal structures[42]. Additionally, the T790M was found
to promote an active conformation, and when introduced into the L858R to produce a
double mutant, the active conformation had a deeper minimum than with the L858R
alone[42].

As stated previously, recent μs timescale MD studies into EGFR kinase by Shan et al.
(2012) have shown that the C-helix exhibits disorder over long timescales. As well as
elucidating the role of this disorder in the WT, they found that activating mutants act
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to reduce the intrinsic disorder of the C-helix. Backed up with wet-lab experiments,
they demonstrated that this stabilisation of the C-helix allowed for dimerisation to
occur more readily, and proposed that this is one of the primary mechanisms of the
activating mutants, based on their simulations of the deletion, L861Q, G719S, and S768I
mutants[43].

Interestingly, Shan et al. (2012) does not cite Wan (2011), and these papers effectively
contradict each other directly, with the former arguing for a stabilising effect of the
L858R on the active conformation, and the latter noting a destabilisation. Nonetheless,
Shan et al. (2012) have scrutinised the stability of the active conformation,
demonstrating the L858R mutant to maintain its K745-E762 salt bridge for between 230 μs.

Another interesting finding of Shan et al. (2012) was that the L858R mutant was well
accommodated by the inactive conformation, and actually helps stabilise the inactive
conformation, contrary to the orthodoxy, which predicted destabilisation.

To summarise the current literature on simulations of the EGFR kinase mutants, earlier
studies appear to have favoured the simpler view of mutations stabilising the active
conformation and destabilising the inactive conformation. More recent studies
(utilising longer time scale simulations) propose a more complicated situation, with the
identification of new minima corresponding to disordered C-helix configurations and a
“semi-closed” conformation, with the mutants having a significant impact on the
frequency with which these minima are visited. However, there is also inconsistency
among these newer studies, with studies suggesting that either the L858R mutation
destabilises or stabilises the active conformation.
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2.5.3

Prediction of EGFR inhibitor binding affinity

There is a large body of literature for the prediction of EGFR inhibitor binding affinity,
including QSAR[67][68], and docking [69],[70]–[72], often alongside wet-lab
experiments. Liu et al. (2006) created a computational descriptor to predict the impact
of mutation on binding affinity by computing the volume of a tetrahedron residing in
the binding site: Each vertex of the tetrahedron lay on the midpoint of the line between
two different residues[7]. In effect, the volume of the tetrahedron is proportional to the
volume of the binding site, and so it seems that the degree to which mutants close the
pocket impacts greatly on the binding affinity of inhibitors.

Particularly striking in the above study was the tendency for gefitinib to leave the
pocket during 9 ns MD simulations of the T790M mutants[7]. Balius and Rizzo (2009)
also investigated the impact of EGFR mutation on inhibitor binding affinity, and
predicted an enhanced binding affinity due to the L858R activating mutation [6].
However, Balius and Rizzo went further, examining the effect of 4 mutants on 3
inhibitors with respect to the WT, using MM/GBSA on 5 ns of MD simulation, and
were able to calculate the fold resistance (the factor by which inhibitor binding affinity
is reduced by a resistance mutation) of most mutations to within approximately 1 kcal
mol-1 of the experimentally determined value. Intriguingly, Balius and Rizzo do not
observe the movement of the ligand out of the pocket as in Liu et al’s (2006) study, and
note the impact of the mutation on the binding pocket waters and electrostatics rather
than in terms of steric hindrance.

2.6

Conclusions
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Despite the large body of computational work described briefly above, there is much
still to learn of EGFR kinase dynamics. Is the sole effect of the mutations one of
counteracting EGFR kinase's intrinsic disorder, or is there a noticeable impact of these
mutations on the active and inactive conformations, as earlier studies suggest? Longer
timescale simulations of the inactive conformation, combined with new analytical
techniques may provide additional insight. The possibility of using new techniques for
accelerating dynamics is another relatively unexplored option in the context of EGFR
kinase.

A clear problem in simulating EGFR is accessing the long time scales of its dynamics,
which have been largely out of the grasp of even the longest MD simulations of
specialist supercomputers such as ANTON[43], until very recently[5]. To combat this, a
number of studies have implemented enhanced sampling methods, however these
have only been carried out at relatively short time scales (less than 100 ns) or by
directing the system along reaction coordinates (as in the extensive TMD simulations
of EGFR) that risk failure to sample important states, though metadynamics has been
shown capable of sampling the disordered C-helix state[42].

Discussion of the role of each of the key structural features of EGFR kinase in
activation, and the ability of mutations to perturb them, has yet to reach a consensus.
Consequently, any MD techniques that can be used to target either the individual
structures or simply to simulate a wider region of conformational space seem likely to
provide additional insight. In fact, the above discussion shows that disagreement is
still ongoing as to whether the activating mutants destabilise the inactive
conformation[65],[42] or not[43], and whether the mutants stabilise the active
conformation[43] or some conformation close by [42],[65].
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The present study focuses on utilising new analysis techniques and enhanced sampling
methods that do not require knowledge of the activation pathway, and in doing so
investigate the ability of the current software, hardware and data available to most
computational scientists to elucidate the impact of mutations on long timescale
dynamics.

In addition, although EGFR inhibitor binding affinity has been widely investigated (as
discussed above), no rigorous free energy calculations have been performed to date.
Thus, there is still much scope for applying rigorous techniques to the system, not only
to get a more detailed picture of the binding site of EGFR kinase, but also to investigate
how binding is affected by mutation, and to test the plausibility of using such
calculations in drug discovery.

2.6.1

Implications on the experimental design

As previously discussed, approximate methods for the prediction of inhibitor binding
affinities have been widely applied to EGFR kinase; however, as of yet rigorous
comparison of EGFR kinase inhibitors by techniques such as thermodynamic
integration and free energy perturbation are lacking. Thus the question of whether
these more rigorous techniques are of use in the context of EGFR kinase remains open,
and the present study aims to help fill this gap by carrying out replica exchange
thermodynamic integration on EGFR kinase inhibitors. The primary aim of
experiments outlined in chapter 4 was the robust prediction of EGFR kinase inhibitor
binding affinities.
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Additionally, while work has begun on the prediction of the effect of EGFR kinase
mutations on binding affinity[6],[7], no rigorous approaches have been attempted. A
secondary aim of the experiments was to reproduce and extend this work using
rigorous methods; however, successful prediction of EGFR kinase inhibitors was a
prerequisite for initiation of this work.

The previous discussion also outlines several gaps in our understanding of EGFR
kinase dynamics. The aim of the experiments in chapter 5 was to attempt to fill these
gaps using freely available or cheap computational resources, and to determine how
useful a range of enhanced sampling methods are in building a picture of kinase
dynamics. Specifically, the analyses presented in chapter 5 aim to address the issue of
intrinsic disorder as a method of EGFR kinase regulation and its counteraction by
mutation (as set out by Shan et al. (2012)[43]) , and the issue of whether activating
mutations have a stabilising/destabilising effect on the active/inactive conformations.

To achieve the above aim, molecular dynamics simulations were performed. To
validate these simulations, as well as provide possible insight, RMSD and RMSF
analyses were employed, which provide a quick means of comparing the
characteristics of the sampling between simulations, and how differences in sampling
is related to specific structures within the kinase domain. To complement these
analyses dimensionality reduction techniques have been employed in an effort to map
out the sampling of the protein with respect to A) the differences between the active
and inactive conformations and B) the most important motions of the protein, if
possible. These dimensionality reduction techniques also have the advantage of
identifying which motions are most dominant in a subset of trajectories, depending on
how they are implemented. Investigating the issue of disorder in the C-helix requires
analysis of protein secondary structure, which was also carried out. In addition to these
analyses, trajectory visualisation, particularly when guided by the other analyses, has
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been employed to gain understanding into the conformational dynamics of EGFR
kinase.

Another important aim of the experiments in chapter 5 was the evaluation of enhanced
sampling methods, particularly the degree to which those methods could increase the
amount of sampling while avoiding unrealistic sampling. To this end, a comparison of
each of the MD analyses mentioned above in addition to clustering analysis was
carried out, primarily for comparison with conventional MD.
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Chapter 3:

Computational methods

As discussed in the previous chapter, computational methods can provide atomistic
insight into protein systems. However, it is important to ensure that whatever models
are produced are sufficiently grounded in reality to provide meaningful insights.
Additionally, once a model is obtained, it is necessary to apply suitable analyses to
them; otherwise no insight can be gained at all.

This chapter will discuss the theory of the methods applied in the present study,
particularly Molecular Dynamics (MD) and Monte Carlo (MC), and the statistical
mechanics from which both of these methods gain their utility. Extensions to both of
these methods will also be discussed including Quantum Mechanics/Molecular
Mechanics hybridisation (QMMM) of MC, and enhanced MD sampling methods.

The analytical methods will also be discussed, most prominently dimensionality
reduction techniques, due to their utility in guiding the understanding of large datasets
such as those produced in the present study.

3.1

Statistical mechanics

It goes without saying that drug binding and mutation can have dramatic macroscopic
effects, but these effects are somehow propagated on the atomistic level. Statistical
mechanics provides a route for bridging macroscopic observation with atomistic
reality, and is the basis of all the simulations discussed in this thesis.
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Essentially, statistical mechanics is an application of our understanding of probability
to atomistic systems, much of the following portrayal and equations are derived from
Chang’s Physical Chemistry for the Chemical and Biological Sciences[73]. To illustrate, we
can imagine a box containing a gas of N particles. There is no physical law to prevent a
state where all N particles reside in the left side of the box, in fact if N=1, this would
occur half the time, with the other microstate (with the particle in the right of the box)
occurring the rest of the time. If we increase N to 2, then we create a new state where
one particle is in the left side, and one in the right side. However, the new state can be
arrived at by either the first particle being in the right side and second particle in the
left side or visa versa, thus the new macrostate is formed of two microstates. This new
macro state is more likely to occur than the other states, which each require having
both particles in a particular side of the box, simply because it has more microstates.

As N increases, not only does the number of microstates increase, but the number of
microstates within the most probable macrostates increase, due to the following
principle, first derived by Boltzmann:
𝑊=

𝑁!
∏ 𝑖 𝑛𝑖

( 3.1 )

Where W is the number of microstates in a macrostate, N is the number of particles, ni
is the number of particles occupying a specific region (i) of the box, and 0! = 1

Evidently, W reaches a minimum when all the particles occupy the same region of the
box, and a maximum when the particles are spread evenly through all regions of the
box. Of course, this simple view of the particles in a box is not sufficient for describing
realistic problems as it does not account for interactions within the system, however it
does indicate that there is some set of configurations that have a greater contribution to
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the properties of the system, implying that simulations need to take this tendency into
account.

From the above, we are interested in finding the most probable configurations of the
system (that is, those which contribute the most to the properties of the system). The
logarithm of equation 3.1 (being monotonic with that equation) can be used to explore
this problem better than equation 3.1 itself:
ln 𝑊 = ln 𝑁! − ln ∑ ln 𝑛𝑖 !

( 3.1 )

𝑖

Which can be expressed using Stirling’s approximation (since ni is a large number) to
give:
ln 𝑊 = 𝑁 ln 𝑁 − 𝑁 − ∑(𝑛𝑖 ln 𝑛𝑖 − 𝑛𝑖 )

( 3.2 )

𝑖

Assuming our toy system is comprised of a constant number of particles:
∑ 𝑛𝑖 = 𝑁

( 3.4 )

𝑖

Also, since we are interested in finding the maximum of ln W its derivative is 0, and
equation 3.3 can be expressed as:
𝑑 ln 𝑊 = − ∑ ln 𝑛𝑖 𝑑𝑛𝑖 = 0

( 3.5 )

𝑖

Equally, if each particle i has an energy εi such that the total energy E is the sum of the
energy of each particle:
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∑ 𝑛𝑖 𝜀𝑖 = 𝐸

( 3.6 )

𝑖

Bearing in mind the derivative of a constant is 0, it can be subtracted from the other
terms of equation 3.5, thus incorporating the energetics of the system. However, is
necessary to use Lagrange’s method of undetermined multipliers with the constraints
(equations 3.6 and 3.4), which produces the following equation:
∑ −(ln 𝑛𝑖 𝑑𝑛𝑖 + 𝛼 − 𝛽𝜀𝑖 )𝑑𝑛𝑖 = 0

( 3.7 )

𝑖

Or:

ln 𝑛𝑖 = 𝛼 − 𝛽𝜀𝑖

( 3.8 )

𝑛𝑖 = 𝑒 𝛼−𝛽𝜀𝑖

( 3.9 )

We can substitute equation 3.9 into equation 3.4 to attain

∑ 𝑒 𝛼−𝛽𝜀𝑖 = 𝑁

( 3.10 )

𝑖

Thus we arrive at the Boltzmann distribution:
𝑛𝑖
𝑒 𝛽𝜀𝑖
=
𝑁 ∑𝑖 𝑒𝛽𝜀𝑖

( 3.11 )

It should be noted that while β has been referred to only in terms of its role as a
Lagrange multiplier, here β takes the form 𝑘

1
𝐵𝑇
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and that the temperature (T) has been considered constant throughout. Under these
conditions, equation 3.11 expresses the probability of finding the system in state ni.

3.1.1

Statistical ensembles

A representative subset (or all) of the possible configurations of a system is collectively
called an ensemble. In the previous section, the Boltzmann distribution was outlined for
a system under constant volume, temperature and number of particles, this
corresponds to the canonical ensemble.

However, there are systems for which we might not wish to apply these specific
restrictions, and thus we can look to the grand canonical, microcanonical or more
generalised ensembles.

The grand canonical ensemble fixes the chemical potential of a system, rather than the
number of particles, thus allowing the investigation of adding or removing particles;
however this also necessitates modification of the partition function to take into
account the relative ease of introducing new particles.

The microcanonical ensemble (also NVE ensemble) keeps the total energy of the
system fixed along with the number of particles and volume. It is appropriate for
looking at isolated systems, and is useful for determining a number of thermodynamic
properties, or when a system’s density requires equilibration (as is impossible in the
canonical ensemble).

Additional ensembles can also be constructed: For example, parallel tempering (PT)
utilises multiple NPT simulations at different temperatures while allowing periodic
39

Chapter 3: Computational methods
(and conditional) exchange of the systems. This allows the higher temperature
simulations to cover a large conformational space without being caught in the minima
dominating the lower temperatures, while at the same time allowing the hightemperature configuration to exchange to lower temperatures which are likely to be of
more interest.

3.1.2

Assumptions

The power of statistical mechanics relies on two main assumptions: The postulate of a
priori probabilities and the postulate of ergodicity[74].

The postulate of a priori probabilities states that there is an equal probability of reaching
any given microstate with an equal energy. In other words, if Ei=Ej, then probability
Pi=Pj.

The postulate of ergodicity states that the time average of quantities of a system is equal
to the ensemble average quantities of the system, because a system evolving over an
infinite time scale will theoretically explore all possible microstates.

3.1.3

The partition function

From a probabilistic viewpoint, with the above assumptions, we are now in a good
position to attempt to extract properties from a system. The partition function is a
mathematical tool that can be used to do so. If the number of particles, volume and
temperature are constant, the partition function (Z) is:
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𝑍 = ∑ 𝑒 −𝛽𝜀𝑖
𝑖

( 3.12 )

This is an integral part of the Boltzmann distribution (see equation 3.11), and can be
used directly to obtain properties from a system. For example, the total energy of a
system under constant number of particles, temperature (T), and volume (V) would be
calculated like so:
𝐸=

𝑘𝐵 𝑇 𝛿𝑍
( )
𝑍 𝛿𝑇 𝑉

( 3.13 )

However, while this relationship holds true for quantum systems, which can take
discrete energy states, a classical treatment requires continuous properties for the
particles, effectively producing an infinite set of microstates. The classical partition
function overcomes this problem via integration:

𝑍=

1
𝑁 𝑁
∬ 𝑑𝒑𝑁 𝑑𝒓𝑁 𝑒 [−𝛽𝐸(𝒑 𝒓 )]
𝑁! ℎ3𝑁

( 3.14 )

Where h is the Planck length, p is momentum, and r positions of the particles. The
denominator originates in part from both the indistinguishability of the particles, and
as a whole ensures comparability between classical and quantum calculations.

An experimental measurement (Aave) can be expressed as a function of the positions
and momenta of all the particles over the time the measurement was made:
𝑡=1

𝐴𝑎𝑣𝑒 = ∫

𝐴(𝒑𝑁 (𝑡), 𝒓𝑁 (𝑡))𝑑𝑡

𝑡=0
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According to the postulate of ergodicity, as t approaches infinity, the observable property
approaches the ensemble average. This ensemble average can be calculated from the
following:
𝐴𝑜𝑏𝑠 = ∬ 𝑑𝒑𝑁 𝑑𝒓𝑁 𝐴(𝒑𝑁 , 𝒓𝑁 )𝜌(𝒑𝑁 , 𝒓𝑁 )

( 3.16 )

Where the probability density, 𝜌(𝒑𝑁 , 𝒓𝑁 ), is the probability of finding a configuration of
the system with the given momenta and positions, and is given by the Boltzmann
distribution:
𝜌(𝒑𝑁 , 𝒓𝑁 ) =

1 −𝛽𝐸(𝒑𝑁,𝒓𝑁)
𝑒
𝑍

( 3.17 )

So long as the simulation samples with a probability density such as that above, it is
possible to simply derive properties as the average of observations made during the
simulation. In the case of the internal energy:
𝑀

1
𝑈 = 〈𝐸〉 = ∑ 𝐸𝑖
𝑀
𝑖=1

Where M is the number of observations made during the simulation.
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3.2

Molecular dynamics

Molecular dynamics (MD) generates an ensemble of configurations by allowing the
system to evolve through time. Given sufficient time, the system will produce an
ensemble from which meaningful thermodynamic properties can be extracted as
discussed previously (equation 3.18). Additionally, because MD explores
configurations of the system as a function of time, it is possible to elucidate dynamics
such as conformational change due to activation events or inhibitor binding etc. As
such MD has become a useful tool for investigating a variety of systems.

3.2.1

Newton’s second law

Molecular dynamics can be thought of as solving Newton’s laws of motion for a
system. Newton’s second law states:

𝑭 = 𝑚𝒂

( 3.19 )

Where F is the vector force acting on a particle, m is the particle’s mass, and a is the
vector acceleration provided by the force. Given the atomic coordinates of a system, an
approximation for the force acting on a particle can be found using the classical
potential (discussed later), which can then give the corresponding acceleration of the
particle. With this information, it is possible to calculate the positions of the atoms after
a period of time δt has elapsed by integration of the acceleration. Specifically, the
majority of the present study utilises the leapfrog algorithm (as implemented in the
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sander program of the AMBER package). The leapfrog algorithm calculates the new
positions of the particles like so:
𝐫(t + δt) = 𝐫(t) +

1
1
δt𝐯(t + δt)
2
2

( 3.20 )

Where r is the position of a particle, v is the velocity of the particle, which is calculated
1

at t + 2 δt as follows:
1
1
𝐯(t + δt) = 𝐯(t − δt) + δt𝐚(t)
2
2

( 3.21 )

Where a is the acceleration of the particle.

The above equations allow the system to evolve over time, by alternately calculating
the velocities then positions (hence the name “leapfrog”). Evidently this scheme
requires some initial velocities, which are generated randomly to correspond with the
desired temperature of the system.

The current work also utilises the velocity Verlet algorithm (for those simulations using
NAMD), which calculates the new positions of the particles like so:

𝐫(t + δt) = 𝐫(t) + δt𝐯(t) +

1
δt𝐚(t)
2

( 3.22 )

Evidently, to implement the above equation, it is necessary to calculate the velocities
for each step, which is done by first calculating the velocities after a half timestep:
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1
1
𝐯(t + δt) = 𝐯(t) + δt𝐚(t)
2
2

( 3.23 )

Then the final velocity is calculated like so:

1
1
𝐯(t + δt) = 𝐯(t + δt) + δt𝐚(t)
2
2

( 3.24 )

The velocity Verlet approach is useful as it calculates the velocities at the same time step
during which the positions are calculated, unlike the leapfrog algorithm, which requires
extra calculation if the velocities at a particular time step are required.

3.2.2

Timesteps

Evidently, while the force acting on the particle will be dependent on the potential
discussed earlier, it is necessary to choose an appropriate time step for the system in
question. A low time step may be computationally wasteful if the time step is much
less than the rate at which acceleration varies between time steps. A high time step
may also lead to problems associated with particles travelling in areas where they may
experience large discontinuous forces, leading to a loss of conservation of energy.

In the current work a time step of 2 fs is used unless otherwise stated, which is made
possible by using the SHAKE algorithm to constrain bonds involving hydrogen, as
these fluctuate at a very high frequency while contributing little to the longer timescale dynamics of the system. Including the high frequency motions of hydrogen
would require a smaller time step, leading to a reduction in the ability to sample the
longer time scale dynamics of the system in which we are generally interested.
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3.2.3

Thermodynamic conditions

Because the current work aims to gain insight into biological processes, it is necessary
to adjust the simulation parameters such that they best represent the system in a
natural environment. Temperatures of 300 K have been used with 1 atm of pressure,
however the maintenance of these conditions deserves some explanation.

Various methods for controlling temperature exist. The simplest is velocity scaling,
where particle velocities are scaled in to correct the deviation of the system
temperature to the reference temperature. Other methods include those utilising heat
baths such as the Berendsen thermostat, Andersen thermostat and Nosé-Hoover
thermostat.

In the current work temperature has been regulated using a Langevin thermostat. This
introduces additional acceleration randomly to particles in the system to simulate
collisions with a heat bath. These accelerations are provided by forces randomly
generated from a Gaussian distribution appropriate for the desired temperature.
Additionally a damping constant is introduced to simulate a friction force (Ffriction):
𝑭𝑓𝑟𝑖𝑐𝑡𝑖𝑜𝑛 = −𝜉𝒗

( 3.25 )

Where v is the velocity of a particle, and ξ is a frictional constant, which is proportional
both to the collision frequency and the mass of the particle. This frictional force
dampens the impact of higher velocity collisions over normal simulation time scales,
and thus ensures the system is maintained at a particular temperature; however, the
possibility of higher velocity particles provided by Langevin dynamics increases
jostling of the solute, which may enhance barrier crossing[75].
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Except for some short time scale fluctuations, the above scheme should maintain a
constant temperature; however, it is particularly important to be able to monitor the
temperature, especially for ensembles like the NVE ensemble, where temperature can
fluctuate over time. The temperature is a function of the total kinetic energy of the
system (Ekin):
𝑇=

2 𝐸𝑘𝑖𝑛
3 𝑁 𝑘𝐵

( 3.26 )

𝑁

( 3.27 )

𝐸𝑘𝑖𝑛 = ∑ 𝑚𝑖 𝑣𝑖 2 /2
𝑖=1

Where vi is the magnitude of the velocity vi of particle i, and mi is the mass of particle i.

When a fixed pressure is required a barostat is used whereby the volume of the system
is scaled along with the positions of the particles. In the current work, this is achieved
using a weak-coupling Berendsen barostat[76]. A scaling factor (𝜆) is used to scale the
positions of the molecules in the simulation at each time step:

𝜆 = {1 +

1/3
𝛿𝑡
(𝑃(𝑡) − 𝑃𝑏𝑎𝑡ℎ )}
𝜏𝑃

( 3.28 )

Where τp is a relaxation constant, and P(t) is the pressure at time t, and Pbath is the
pressure of the pressure bath.

Regulation of pressure is requires a reliable method of calculating the pressure. In an
ideal gas, this is can be obtained from the ideal gas law; however, the interactions
between the particles cause a significant deviation from the ideal gas law. Instead, the
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pressure must be calculated as a function of the positions of the particles and the forces
acting on them:
𝑁

𝑁

1
1
𝑃 = [𝑁𝑘𝐵 𝑇 − ∑ ∑ 𝑟𝑖𝑗 𝒇𝑖𝑗 ]
𝑉
3

( 3.29)

𝑖=1 𝑗=𝑖+1

3.3

Monte Carlo

Unlike MD, Monte Carlo (MC) simulations do not follow the evolution of a system
through time, instead progressing in a stochastic manner. In brief, the system is
allowed to undergo random changes in configuration along predetermined degrees of
freedom to produce an ensemble from which thermodynamic properties can be
determined.

3.3.1

The Metropolis test

While it is possible to make random changes to a system to generate new
conformations, then weight these conformations by the Boltzmann factor (exp(E/kBT)),
this will lead to a large number of unfavourable, heavily weighted configurations that
do not contribute significantly to the dataset.

Metropolis et al (1953) developed a method whereby each configuration could be
weighted evenly by preferentially sampling the more favourable regions of phase
space. In a Metropolis MC simulation the energy of new conformations is tested; if the
energy of the new conformation is lower than the current conformation, it is always
accepted. Otherwise, the following condition is required for acceptance:
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𝜉𝑎 < 𝑒 −Δ𝐸/𝑘𝐵𝑇

( 3.30 )

Where ξa is a random number between 0 and 1, and is regenerated for each
configuration. If the above condition is not met, then the new configuration is
discarded.

In this way, a Metropolis MC simulation samples those regions of phase space with the
greatest contribution to the integral, and thus converged results can be obtained in
much shorter time scales.

3.3.2

Observing detailed balance

According to the principle of detailed balance, at equilibrium, a system should be able
to transition from the arbitrary equilibrium configuration m to the equilibrium
configuration n and vice versa[74]:
πmnpm = πnmpn

( 3.31 )

Where πmn is the probability of making a transition from configuration m to
configuration n, πnm is the reverse transition, Pm is the probability of the system being in
configuration m, Pn is the probability of the system being in configuration n.

Despite the constraint applied to the acceptance of MC simulations by the Metropolis
test, it is possible to demonstrate that Metropolis MC still obeys detailed balance by
rearranging the above equation, and substituting π for the Metropolis acceptance
probability:
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pn πmn
e(−En/k𝐵T)
(−E𝑛−Em/k𝐵T)
pm = πnm = e(−Em/k𝐵T) = e

( 3.32 )

If e(−En/k𝐵 T) > e(−Em/k𝐵 T) then
πmn
e(−En−Em/k𝐵T)
= e(−E𝑛−Em/k𝐵T)
πnm =
1

( 3.33 )

If e(−En/k𝐵 T) < e(−Em/k𝐵 T) then
πmn
1
(−E𝑛−Em/k𝐵T)
πnm = e(−Em−En/k𝐵T) = e

( 3.34 )

Thus the ratio of the probabilities of sampling between two specific configurations is
independent of how favourable either configuration is.

3.3.3

Generating configurations

To generate configurations as outlined above, it is necessary to specify degrees of
freedom to alter during each iteration of MC. MC moves can include molecular
rotations and translations as well as internal flexing: bond stretching, angle bending
and torsion of dihedrals.

It is desirable to avoid very large changes each iteration, as this will lead to the
majority of configurations being discarded (due to high-energy atomic overlaps), and
thus less phase space will be explored. Equally, flexing by too little will lead to less
efficient sampling of phase space. An additional complication arises for larger
molecules, where a small change in dihedral may lead to downstream atoms moving a
large distance. The amount by which each degree of freedom should be allowed to
change each iteration can be probed by analysing move acceptance rates using short
test runs.
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3.3.4

Grand Canonical Monte Carlo

Grand Canonical Monte Carlo (GCMC), with its ability to insert or remove waters from
a simulation, is useful in determining the hydration of protein binding pockets[77][78],
which is the capacity in which it has been used in the present study.

GCMC samples the Grand Canonical ensemble, where the number of particles (N) is
allowed to fluctuate, while the chemical potential (μ), volume (V), and temperature (T)
are kept constant. To enable changes in N, two new types of move are introduced:
insertions and deletions. The chemical potential scales with the chemical activity z like
so:

𝑧=

𝑒 𝜇/𝑘𝐵𝑇
Λ3

( 3.35 )

Where Λ is the de Broglie wavelength. The acceptance tests for an insertion and
deletion (respectively) are[79]:

𝜉 < (1 +

𝑁 + 1 Δ𝐸/𝑘 𝑇 −1
𝐵 )
𝑒
𝑧𝑉

( 3.36 )

𝑧𝑉 Δ𝐸/𝑘 𝑇 −1
𝐵 )
𝑒
𝑁

( 3.37 )

𝜉 < (1 +

Where ΔE is the change in energy due to the insertion or deletion, and ξ is a random
number between 0 and 1. In the present work, the Adams parameter (B) is used instead
of z. This parameter is related to the excess chemical potential (μex) like so[80]:
𝐵=

𝜇𝑒𝑥
+ ln 𝑛̅
𝑘𝐵 𝑇
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Where 𝑛̅ is the expected number of particles in the simulated region:
𝑛̅ = 𝑝̅ 𝑉

( 3.39 )

Here, 𝑝̅ is the number density of the particles. Because B scales with the excess
chemical potential, a simulation of constant B is equivalent to a simulation with
constant z[79].

By simulated annealing of B values, it is possible to calculate the binding free energy
(Δ𝐺𝑏𝑖𝑛𝑑 ) of water (or other particles) using the following relationship[81]:
Δ𝐺𝑏𝑖𝑛𝑑 = Δ𝐺ℎ𝑦𝑑 + 𝑘𝐵 𝑇(𝐵 − ln 𝑛̅)

( 3.40 )

Where Δ𝐺ℎ𝑦𝑑 is the hydration free energy of the water. The value of B that provides an
occupancy of 0.5 for a water will thus provide the binding free energy.

3.3.5

Just Add Water Molecules

Just Add Water Molecules (JAWS) is a technique first described by Michel et al
(2009)[82]. A JAWS simulation, like a GCMC simulation can be used to investigate the
free energy associated with the insertion/deletion of a particle; however, instead of
inserting and deleting water molecules, water molecules are allowed to sample a new
degree of freedom, θ. This scaling factor linearly interpolates the water’s intermolecular interactions, such that a θ=0 water does not interact with the system, and a
θ=1 water interacts fully with the system.
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Putative water sites can be identified by letting these θ-waters sample around a grid
that corresponds to the region of interest. This sampling consists of rotations,
translations and changes in θ. The probability density of θ-waters sampling high
values of θ (above 0.95) across the grid provides a map of where waters can interact
favourably, and where they cannot.

The binding affinity of waters at these putative water sites can be estimated by
separate simulations whereby a θ –water is inserted into the site, and restrained in a 3
Å3 portion of the site. This θ–water is then allowed to sample as previously, but only
within the putative site. The final binding free energy of the water at this site is
calculated by computation of the ratio of frames for which the water was “off” or “on”,
as follows:
Δ𝐺𝑏𝑖𝑛𝑑 = −𝑘𝐵 𝑇 ln (

𝑃(𝜃 > 0.95)
)
𝑃(𝜃 < 0.05)

( 3.41 )

Where 𝑃(𝜃 > 0.95) is the probability of the water having a θ value of above 0.95, and
𝑃(𝜃 < 0.05) is the probability of the water having a θ value of below 0.05. However, in
the above implementation the water is introduced from the gas phase, and so a biasing
potential V(θi) is applied which not only accounts for the free energy of hydration (to
get a true estimate binding affinity), but also accounts for the energy required to
restrain the water in the volume Vconstr:
𝑉(𝜃𝑖 ) = (−Δ𝐺ℎ𝑦𝑑 + Δ𝐺𝑐𝑜𝑛𝑠𝑡𝑟 )𝜃𝑖

( 3.42 )

Where 𝜃𝑖 is the θ value of water i, Δ𝐺ℎ𝑦𝑑 is the free energy of hydration of a water
molecule (+6.4 kcal/mol) and Δ𝐺𝑐𝑜𝑛𝑠𝑡𝑟 is as follows:
Δ𝐺𝑐𝑜𝑛𝑠𝑡𝑟 = −𝑘𝑇 ln (
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Where V 0 is the volume which the water would be able to access in the bulk solvent,
which is taken to be 55.55 mol/L.

3.4

Modelling interactions of a system

Molecular Dynamics and Monte Carlo methods both require accurate modelling of the
interactions of the system. This section will introduce those aspects of this modelling
which applies to both these methods.

3.4.1

Force fields

Force fields are central to the production of a system’s ensemble, as they provide a
route to estimating the energy of a given configuration, allowing us to weight a given
configuration, prevent the simulation from producing impossible configurations,
and/or follow the time-dependent evolution of the system.

In a classical potential, the energy of the system is taken to be the addition of the sum
of the (bond, angle and dihedral) stretching and electrostatic terms. The bond
stretching term is often a simple harmonic function dependent on the deviation
between a reference bond length and the distance between atoms, as well as the bond
force constant. Similarly, the bond angle is also harmonic, with its own force constants
specific to the atoms involved. Dihedral angle stretching terms are modelled using a
Fourier series (and may also include scaled non-bonded interactions). The electrostatic
terms are divided into the Lennard Jones potential to describe the van der Waals forces
(repulsion and dispersion) and a Coulombic potential that describes long ranged
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electrostatics. The general form of such a potential is shown below:

𝑉(𝑟 𝑁 ) = ∑
𝑏𝑜𝑛𝑑𝑠

𝑘𝑖
𝑘𝑖
(𝑙𝑖 − 𝑙𝑖,0 )2 + ∑
(𝜃 − 𝜃𝑖,0 )2
2
2 𝑖

( 3.44 )

𝑎𝑛𝑔𝑙𝑒𝑠

+

∑
𝑡𝑜𝑟𝑠𝑖𝑜𝑛𝑠
𝑁

𝑉𝑛
(1 + cos(𝑛𝜔 − 𝛾))
2

𝑁

12

𝜎𝑖𝑗
+ ∑ ∑ (4𝜀𝑖𝑗 [( )
𝑟𝑖𝑗
𝑖=1 𝑗=𝑖+1

6

𝜎𝑖𝑗
𝑞𝑖 𝑞𝑗
−( ) ]+
)
𝑟𝑖𝑗
4𝜋𝜀0 𝑟𝑖𝑗

Where ki is the force constant for the bond/angle i, li is the bond length, and li,0 is the
reference bond length. The angle magnitude is represented by θi, with θi,0
corresponding to the reference angle. The periodicity of the force constant of a dihedral
is determined by n, with Vn being the force constant for the dihedral, ω the magnitude
of the torsion, and γ the phase angle for the torsion.

The final term expresses the non-bonded interactions, and itself is comprised of two
terms, the first is a Lennard-Jones potential with a “well depth” parameter εij (that
functions like the force constants in the previous terms to determine the strength of the
potential), and a collision diameter σij that corresponds to the separation at which the
van der Waals interaction energy is 0. The parameter rij corresponds to the separation
of atoms i and j. The second term of the non-bonded interactions is the Columbic term,
describing the interaction of the atomic partial charges (qi and qj) given their separation
(rij) according to the permittivity of free space (ε0).

A number of other potentials exist with a wide range of applications. Non-atomistic
potentials attempt to increase computational efficiency by unifying adjacent atoms into
beads which may interact in a repulsive/attractive manner as in the Go model, or via
elastic constraints as in the elastic network model. Since a bead may negate the
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requirement to calculate the interactions of several atoms, such methods are much
faster; however, atomistic insight into the dynamics of such models is lost, and their
dynamics is biased towards the configuration they were parameterized for[83].
Polarisable force fields allow the charge distributions to change during a simulation.
The fluctuating charge method utilises partial point charges, but these charges are
variable, and change according to their surroundings. The inducible point dipole
calculates induced dipoles that are iteratively minimised (interacting with other
induced dipoles and fixed charges) until self-consistency is attained[84]. Chemical
reactions can be modelled using modified forcefields[85] or using QM/MM
methods[86]. The current work, however, utilises classical potentials, and is restricted
to atomic representations that treat atoms as having fixed partial point charges.

3.4.2

Periodic boundary conditions

One problem with the forcefield as set out above is that it is constructed only to take
into account particles within the system. In reality a protein system, such as we have
studied here, would be surrounded by a comparatively vast volume of water and other
molecules. The existence of a wider environment is not such a problem for the Van der
Waals forces, which decay very rapidly over distance (and for which cutoffs can be
implemented), but for the Coulombic interactions, this is problematic[87].

To emulate this environment, periodic boundary conditions are used, whereby the
system is replicated into images. These images then tessellate through the space,
extending outside of the original system. Theoretically, the long range interactions of
particles in a box separated by rbox can be accounted for like so:
𝑁

𝑁

𝑉 = ∑∑
𝑖=1 𝑗=1

𝑞𝑖 𝑞𝑗
4𝜋𝜀0 |𝑟𝑖𝑗 + 𝑟𝑏𝑜𝑥 |
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Where V is the energy contribution of the interaction between particles i and j where j
is an image in a box separated by rbox from the central simulation box. The calculation
could be reproduced for a finite number of simulation images; however, this does not
sufficiently converge as r increases. A better approximation of the long range
interactions utilises Ewald summation that can account for an infinite number of
images[88].

Unfortunately the computational expense of calculating the long range interactions
increases with the square of the number of particles, even using Ewald summation. To
compensate, the particle mesh Ewald (PME) method is employed[88], which simplifies
the problem by distributing the charges in the simulation onto a grid. In doing so, not
only is the number of interactions that need to be calculated reduced, but the problem
also becomes more amenable to fast Fourier transforms, providing even greater
computational efficiency, scaling N log N, as opposed to N2.

3.4.3

Water models

Since the classical potential does not incorporate polarisation effects explicitly, the
modelling of water is problematic. The most extensively used water models simply
utilise point charges, and in the TIP3P model of water, this provides a reasonable
model of the structural properties of water, with little computational cost. However,
for reproducing the energetics of water, a more complicated model is required. TIP4P
uses an extra site displaced from the position of the oxygen away from the hydrogens,
in the direction of the normal of the angle, which leads to modest improvements in its
thermodynamic properties. In the current work, in cases where increased accuracy is
desired, as in rigorous free energy calculations, TIP4P is used[89].

57

Chapter 3: Computational methods
3.4.4

Energy minimisation

Configurations in energy minima (especially global energy minima) correspond to
important states of the system, additionally, identification of minima and the lowestenergy pathway between them can be used to identify transition states[90]. In the
present study, however, the systematic location of energy minima is most useful in
providing a realistic configuration from which to commence simulation by alleviating
steric clashes from the crystal structure as well as relaxing the structure in its new
simulation environment (having previously been determined from its crystal
environment). In the present study two techniques have been utilised: the steepest
descents method, and the conjugate gradients method.

The steepest descents method perturbs the N degrees of freedom in the system along a
vector s corresponding to the net force acting on those degrees of freedom, which also
happens to correspond to the gradient of the energy landscape. It is then possible to
find the minimum along this vector by searching along this vector. This process can be
repeated until a minimum is found; however, where the energy landscape has a
narrow valley the steepest descents method may become inefficient, as each iteration is
orthogonal to the last, leading to an inefficient zigzagging across the energy landscape.

The conjugate gradients method does a line search along a different vector 𝒗𝑖 , which is
related to the previous vector 𝒗𝑖−1 like so:
𝒗𝑖 = −𝒈𝑖 + 𝛾𝑖 𝒗𝑖−1

Where 𝒈𝑖 is the gradient at the start of iteration i, and 𝛾𝑖 is a constant:
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𝛾𝑖 =

𝒈𝑖 ∙ 𝒈𝑖
𝒈𝑖−1 ∙ 𝒈𝑖−1

( 3.47 )

The conjugate gradients method is more efficient at low gradients, but at steeper
gradients the steepest descent method is more efficient. Thus, steepest descents
minimisation is usually performed before conjugate gradient minimisation[74].

3.5

Calculation of binding free energies

Binding free energies are highly valuable data that allow us to differentiate poor drug
candidates from promising ones, and as such are important in the field of molecular
simulation. Theoretically a binding free energy can be obtained by running a
simulation where a drug molecule is allowed to bind spontaneously to its target, and
while this has been accomplished[43], it requires exceptionally long simulation times
for each drug candidate.

3.5.1

Relative binding free energies

Figure 3.1: Thermodynamic cycle for the binding of ligands L1 and L2 to protein P
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An alternative to evaluating ligands by comparing their absolute binding free energies
(ΔG1 and ΔG2 in figure 3.1), is to calculate their relative binding free energy. Since ΔG2
- ΔG1 = ΔG4 - ΔG3, it is not necessary to calculate the time-consuming processes that
provide ΔG1 and ΔG2. Instead, the ligand can be mutated both in protein and in solvent
to produce a rigorous and quick method of obtaining the relative binding free energy.

The free energy difference (𝛥𝐺) between two states (A and B) can be expressed as:
𝛥𝐺 = 𝑘𝐵 𝑇 ln〈𝑒 −𝐻(𝐴,𝐵)/𝑘𝐵 𝑇 〉𝐴

( 3.48 )

Where 𝐻(𝐴, 𝐵) is the difference in the free energy between state A and B. 〈 〉𝐴 denotes
that the ensemble average is taken over state A. However, calculation of the free
energy of state A and B separately may not lead to converged results, as the phase
space between states A and B may lack significant overlap.

Alternatives exist, including the free energy perturbation method, however in the
present study thermodynamic integration (TI) has been utilised. In TI the above
equation is expressed as the integral of the rate of change in free energy with respect to
𝜆[91]:
𝜆=1

𝛿𝐺
𝛥𝐺 = ∫ 〈 〉𝜆 𝑑𝜆
𝛿𝜆

( 3.49 )

𝜆=0

Where 𝜆 is a linear interpolation factor which is applied to the forcefield parameters,
scaling them between those of state 1 and those of state 2. One convenience of this
relationship is that it is possible to utilise numerous 𝜆 values, each consisting of a
separate free energy calculation. The phase space overlap will be correspondingly
improved as the number of 𝜆 windows is increased, leading to better convergence of
the calculations.
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In the present study, these λ windows have been allowed to undergo replica exchange,
such that after a given number of iterations λ adjacent windows are allowed to
exchange configurations. This allows for the individual λ windows to exchange atomic
coordinates (subject to a Metropolis test), and thus increase their phase space overlap,
and further increasing the accuracy.

By performing small perturbations from one ligand into consecutive ligands, the
relative free energy of binding of a whole dataset of ligands can be compared. While
this does not provide specific binding affinities for a given ligand, it does allow for the
identification of promising drug-like molecules from the dataset.

3.6

Hybrid Quantum Mechanics/Molecular Mechanics

Hybrid Quantum Mechanics/Molecular Mechanics (QM/MM) methods arise from the
dual requirement for speed and accuracy: MM, being computationally very efficient,
allows for the very fast generation of an ensemble of structures, whereas QM, by
incorporating the electronic structure of the system we are interested in, provides extra
detail and allows for the explicit treatment of phenomena such as polarisation. MM has
been described previously (see sections 3.1 to 3.4), and so this section will cover the
basics of QM theory as applied in the present study, as well as how QM and MM can
be meaningfully unified.

3.6.1

The Schrödinger equation

The following discussion on Quantum mechanics and equations are derived from
Leach’s Molecular Modelling Principles and Applications[74], and a more detailed
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introduction can be found therein. The Schrödinger equation describes the motion of a
particle through space over time:
ℏ2 𝛿 2
𝛿2
𝛿2
𝛿Ψ(𝒓, 𝑡)
{−
( 2 + 2 + 2 ) + 𝒱} Ψ(𝒓, 𝑡) = 𝑖ℏ
2𝑚 𝛿𝑥
𝛿𝑦
𝛿𝑧
𝛿𝑡

( 3.50 )

Where ℏ is Planck’s constant divided by 2π, m is the mass of the particle in the external
field 𝒱, and r its position. The square root of -1 is represented as i, and the
wavefunction of the particle is Ψ.

By assuming the potential to be independent of time we arrive at:
ℋΨ(𝒓) = 𝐸Ψ(𝒓)

( 3.51 )

Where ℋ is the Hamiltonian operator:
ℏ2 𝛿 2
𝛿2
𝛿2
ℋ=−
+
+
(
)+𝒱
2𝑚 𝛿𝑥 2 𝛿𝑦 2 𝛿𝑧 2

( 3.52 )

It is possible, from the above to determine atomic orbitals for monoelectronic systems
such as the hydrogen atom; however, the exact calculation of multi-electronic systems
is not possible. To address this, the Born-Oppenheimer approximation was produced;
which constrains the positions of the nuclei. This approximation is based on the
assumption that the nuclei (being at least 1836 times heavier than the electrons) are not
significantly perturbed by the motions of the electrons, and the electrons adapt almost
instantaneously to changes in the nuclear positions. This provides the possibility of
solving the Schrödinger equation for a molecule with only one electron, but not for
multi-electronic systems, where the electrons may interact with each other.

The Hartree-Fock method attempts to solve this problem by treating each electron as
existing in a fixed field (determined by the nuclei and other electrons), and then
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examining the electrons individually. A solution to one electron will affect the
solutions to the remaining electrons; however, continued iteration will ideally result in
convergence.

Accurate representation of molecules require the construction of molecular orbitals.
The Hartree-Fock equations are not suitable for application directly to molecules, and
so molecular orbitals are constructed as the linear combination of atomic orbitals
(LCAO). The atomic orbitals may be represented using Slater type orbitals (STO), or
Gaussian orbitals, the latter being an approximation of the former (STO being more
computationally demanding). The set of functions used to calculate these molecular
orbitals are called basis sets.

A minimal basis set contains only those orbitals required for the number of filled
orbitals in all the atoms; however, since the molecular orbital is constructed using the
LCAO approximation the asymmetry introduced by the presence of other nuclei in the
molecule is not accounted for. To address this, polarisable basis sets incorporate p-type
orbitals with symmetrical orbitals such as s orbitals to approximate this asymmetry.
However, the change in shape of an orbital due to containing more than 1 electron also
needs to be accounted for. This can be achieved by expressing the orbital as a
combination of a “contracted” orbital and a “diffuse” orbital, the diffuse orbital
allowing a change in the overall shape of the orbital according to the number of
electrons it contains. Another problem with minimal basis sets are their inability to
appropriately describe deviations of orbitals from a spherical electron distribution. To
address this extra functions can be added; however, this is often omitted for the inner
orbitals of an atom, which contribute far less to the properties of the molecule. These
are called split valence basis sets. In the present study the 6-31G* basis set was used: this
corresponds to utilising 6 Gaussian functions to represent the core orbitals, and 4
Gaussians (3 for the contracted and 1 for the diffuse functions) for the valence orbitals,
The asterisk denotes that the basis set also includes polarisation functions.
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3.6.2

Density functional theory

Density Functional Theory (DFT) relies on the existence of a relationship between the
electronic energy and electron density, such that the energy E is:
𝐸[𝜌(𝒓)] = ∫ 𝑉𝑒𝑥𝑡 (𝒓)𝜌(𝒓)𝑑𝒓 + 𝐹[𝜌(𝒓)]

( 3.53 )

Where 𝑉𝑒𝑥𝑡 is an external potential acting on the electrons, 𝜌(𝒓) is the electron density,
and 𝐹[𝜌(𝒓)] is the sum of the kinetic energy of the electrons and the inter-electron
interaction energy[92]. Minimisation of this function gives the ground state electron
density, under the condition:
𝑁 = ∫ 𝜌(𝒓)𝑑𝒓

( 3.54 )

Since there is a fixed number of electrons (N). By applying a Lagrange multiplier (-μ)
we get:
𝛿
[𝐸[𝜌(𝒓)] − 𝜇 ∫ 𝜌(𝒓)𝑑𝒓] = 0
𝛿𝜌(𝒓)

( 3.55 )

However, it is still necessary to calculate 𝐹[𝜌(𝒓)]. To do this, the kinetic energy
(𝐸𝐾𝐸 [𝜌(𝒓)]), electron-electron Coulombic energy (𝐸𝐻 [𝜌(𝒓)]) and exchange and
correlation energies (𝐸𝑋𝐶 [𝜌(𝒓)]) are summed[93]:
𝐹[𝜌(𝒓)] = 𝐸𝐾𝐸 [𝜌(𝒓)] + 𝐸𝐻 [𝜌(𝒓)] + 𝐸𝑋𝐶 [𝜌(𝒓)]

( 3.56 )

For brevity, the precise form of the terms in equation 3.56 will not be discussed here
(see ref. [93]); however, it is worth noting that 𝐸𝑋𝐶 [𝜌(𝒓)] was originally defined by this
equation. By making an additional guess at the electron density, and deriving a set of
one-electron orbitals from this, an improved electron density can be obtained
repeatedly until self consistent.
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The local density approximation (LDA) and local spin density approximation (LSDA)
assume that the electron density is constant around the point r, the exchangecorrelation energy is then calculated by integrating the exchange-correlation energy
per electron over all space. However, to improve the accuracy of the DFT method, a
number of techniques have been employed to effectively calculate Exc, including
gradient corrections, which take into account the gradient of the electron density at
point r as well as its magnitude. Additionally, the Hartree-Fock theory can calculate
the exchange energy precisely, though the exchange-correlation term can be
constructed in a variety of ways. The present work uses the Becke 3 parameter LeeYang-Parr (B3LYP) hybrid functional, that gives Exc as the following approximation:
𝐿𝑆𝐷𝐴
𝐸𝑋𝐶 = 𝐸𝑋𝐶
+ 𝑎0 (𝐸𝑋𝑒𝑥𝑎𝑐𝑡 − 𝐸𝑋𝐿𝑆𝐷𝐴 ) + 𝑎𝑋 Δ𝐸𝑋𝐵88 + 𝑎𝐶 Δ𝐸𝐶𝑃𝑊91

( 3.57 )

𝐿𝑆𝐷𝐴
Where 𝐸𝑋𝐿𝑆𝐷𝐴and 𝐸𝑋𝐶
are the exchange energy and exchange-correlation energy as

calculated using the local spin density approximation , respectively. 𝐸𝑋𝑒𝑥𝑎𝑐𝑡 is the
exchange energy, Δ𝐸𝑋𝐵88 is Becke’s 1988 gradient correction for the exchange energy,
and Δ𝐸𝐶𝑃𝑊91 is Perdew and Wang’s 1991 correction for the correlation energy. The
coefficients a0, aX and aC are semiempirical and fitted to experimental data[94].

3.6.3

QM/MM rescoring of MM free energies

The QM techniques explained thus far have exceptionally broad applications; however,
in this section only the application in rescoring of MM free energies will be considered.
The advantage of using QM in the context of rescoring MM free energies is that the
MM representation of the system can be produced very rapidly compared to QM, and
polarisation effects that are not accounted for in MM simulations can be quantified
using QM.
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There are problems associated with combining the QM and MM systems: MM
geometries may result in over/under polarization of the QM/MM system due to the
simpler MM representation producing slightly incompatible configurations[95].
Additionally, if a cutoff is used for the QM region that cuts through an MM bond it
will lead to half-filled orbitals, a problem that can be circumvented by dummy “link”
atoms or using a hybrid sp2 orbital with one electron[74]. Additionally sampling of the
QM region is still considerably expensive.

MM

QM/MM
ΔG1
L1 + P

QM/MM

MM
ΔG2

ΔG3

L1 + P

L2 + P

L2 + P

ΔG8

ΔG4
L1

L1
ΔG7

L2
ΔG6

L2
ΔG5

Figure 3.2: Thermodynamic cycle including the MM legs (ΔG2 and ΔG6) and the
QM/MM legs (ΔG1, ΔG3, ΔG5, and ΔG7) from which the relative QM/MM energy of
binding (ΔG4 - ΔG8) is calculated.

The calculation of MM relative binding affinities has already been discussed; similarly,
QM/MM methods can be applied to this problem through the construction of
thermodynamic cycles (see section 3.5.1). The present work draws on thermodynamic
cycles designed only to incorporate the effect of polarization on the ligand. To achieve
this, QM/MM simulations are constructed using the configurations generated during
the perturbation from 𝜆0 and 𝜆1 (which results in ΔG2 and ΔG6 from figure 3.2).
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Specifically, the MM configurations at 𝜆0 and 𝜆1 are used to construct a system with a
QM ligand suspended in a sea of MM point charges.

The difference in free energy between the QM/MM system and MM system can be
calculated using the Zwanzig equation (see equation 3.48) like so:
𝑐ℎ𝑎𝑟𝑔𝑒𝑠
𝑣𝑎𝑐
Δ𝐺𝑀𝑀→𝑄𝑀/𝑀𝑀 = 𝑘𝐵 𝑇 ln 〈exp(−(𝑈𝑄𝑀/𝑀𝑀 − 𝑈𝑄𝑀
− 𝑈𝑀𝑀

( 3.58 )

𝐶𝑜𝑢𝑙
− 𝑈𝑠𝑜𝑙𝑢𝑡𝑒−𝑠𝑜𝑙𝑣𝑒𝑛𝑡,𝑀𝑀
)/𝑘𝐵 𝑇)〉

Where 𝑈𝑄𝑀/𝑀𝑀 is the energy calculated from a QM/MM calculation of the system with
𝑐ℎ𝑎𝑟𝑔𝑒𝑠

𝑣𝑎𝑐
point charges, 𝑈𝑄𝑀
is the single point energy of the solute in vacuum, 𝑈𝑀𝑀

is the

sum of all Coulombic interaction energies between the point charges, and
𝐶𝑜𝑢𝑙
𝑈𝑠𝑜𝑙𝑢𝑡𝑒−𝑠𝑜𝑙𝑣𝑒𝑛𝑡,𝑀𝑀
is the solute-solvent Columbic interaction energy.

The above calculation can be applied to obtain ΔG1, ΔG3, ΔG5, and ΔG7 in figure 3.2,
and thus obtain the corrected relative free energy of binding:
Δ𝐺4 − Δ𝐺8 = −Δ𝐺1 + Δ𝐺2 + Δ𝐺3 − Δ𝐺5 − Δ𝐺6 + Δ𝐺7

3.7
3.7.1

( 3.59 )

Analysis methods
Secondary structure prediction

The secondary structure of a protein has important implications for its functional role.
In the present study the STRIDE algorithm has been used to analyse secondary
structure. The STRIDE algorithm utilises both hydrogen bonding patterns and
backbone torsions to assign a secondary structure to a given set of amino acids, this is
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implemented in such a way that a poor score for torsion angles for a given type of
structure can be offset if the hydrogen bonding score is appropriately high[96]. Other
software exists, including the Dictionary of protein secondary structure (DSSP)[97],
which is used extensively in secondary structure prediction, and DSSP and STRIDE
were shown to agree well on the assignment of secondary structure[98].

3.7.2

Dimensionality reduction

Protein dynamics are often difficult to understand, since even small proteins will likely
have upwards of 100 atoms, with each atom moving differently to its neighbours.
Combining all this information and discarding noise from these movements is
evidently impossible to do without computational effort.

Dimensionality reduction techniques are used increasingly to discern the main longtimescale motions involved in conformational change, to eliminate noise, and identify
minima in terms of just a handful of collective variables.

3.7.3

Principal Component Analysis

At its simplest, Principal Component Analysis (PCA) reduces the dimensionality of a
dataset by generating a matrix of the covariance between each datapoint (or, in the case
of the present study, each trajectory snapshot). For a protein system the covariance
matrix can be produced like so[99]:
𝑪𝑖𝑗 = 〈(𝑥𝑖 − 〈𝑥𝑖 〉)(𝑥𝑗 − 〈𝑥𝑗 〉)〉
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Where x comprises all the degrees of freedom, i and j are frames in a trajectory, and 〈𝑥𝑖 〉
is the average positions of the coordinates. Diagonalisation of this matrix provides a set
of eigenvectors which are comprised of the coefficients of the principal
components[74].

The PCs are ranked by the amount of the variance in the data they account for, with
PC1 being the eigenvector accounting for the most variance. As a consequence, the first
PCs have the property of corresponding to large, slow motions in proteins, and
subsequent PCs corresponding to less variance, and due more to noise than
conformational change[99].

By projecting the data into PC space, and visualising its distribution on the first PCs it
is possible to map the sampling of a trajectory based on just a few low frequency
motions. In this way, it was hypothesised that the effects of the activating mutations of
EGFR kinase would be discernable from their impact on these low frequency motions,
as has been recognised in a previous study on the L858R mutation of EGFR[65].

3.7.4

Multidimensional scaling

In Multidimensional scaling (MDS) dimensionality is reduced such that the
information is rearranged into N dimensions (where N is specified by the user). MDS
attempts to arrange the data points across these N dimensions using a matrix of
similarities/differences, and in such a way as to preserve the original data as much as
possible[100].

In the present study, MDS has only been used to perform processing on data during
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the diffusion map analysis[101].

3.7.5

Diffusion map analysis

Diffusion map analysis is similar to PCA, but rather than construction of a matrix of
covariance, the analysis stems from a matrix K derived from pairwise RMSDs:

𝐾(𝑥𝑖 , 𝑥𝑗 ) = exp (−

‖𝑥𝑖 − 𝑥𝑗 ‖
)
2𝜀𝑖 𝜀𝑗

( 3.61 )

Where x are configurations of the system, and ‖𝑥𝑖 − 𝑥𝑗 ‖ represents the RMSD between
configurations i and j. The ε parameters are the local scale parameters, which
traditionally have been constants across all values of i and j. In a conventional diffusion
map, the constant local scale would be chosen to be slightly larger than the proportion
of the RMSD due to noise[101].

As in PCA, eigenvectors can be extracted from the matrix K by diagonalisation, and the
eigenvector with the largest eigenvalue will be the one that correlates with whichever
motion of the protein involves the greatest change in diffusion space. The theoretical
advantage of the diffusion map over PCA is that diffusion maps approximate the
Fokker-Planck equation (which describes how a probability distribution of a system
evolves over time), and so the diffusion coordinate (DC) of a snapshot relates to how
accessible a configuration with a similar/dissimilar DC is rather than simply how
similar the snapshots are with respect to a given motion (as with a PC).

In other words, inclusion of the local scale parameters means that configurations are
considered in their local environment; data points will cluster more tightly where there
is more accessibility between similar configurations. This is in contrast to PCA, which
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plots points proportionately to their interatomic distances.

A significant disadvantage with previous diffusion map implementations was the
choice of the local scaling parameter, since the sampling of configurations of a
molecular system involves motions occurring over multiple time scales. The current
work utilises locally scaled diffusion maps, which employ multidimensional scaling to
estimate ε for each configuration, in this way the multiple time scales over which
motions occur is automatically included in the analysis. In this way, the local scale is
small enough that accessibility is not erroneously inferred between highly different
structures, and yet large enough that accessibility is inferred to important, local
conformations that do not differ only due to noisy motions.

3.8

Enhanced sampling techniques

The present study aims to investigate the impact of mutations on the conformational
dynamics of EGFR kinase; however, it has been demonstrated both experimentally and
computationally that the time-scales of kinase dynamics (in the millisecond to
microsecond time scale[102]) are too long to elucidate the complete repertoire of EGFR
sampling with conventional MD (cMD).

A number of techniques for enhancing the sampling of MD have been produced to
date. Here, we will examine in detail the enhanced sampling methods employed in the
present study.
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3.8.1

Accelerated Molecular Dynamics

In the present study, Accelerated Molecular Dynamics (AMD) refers to the method
developed by Hamelberg et al.(2004)[103]. AMD introduces two boost potentials, one
to the dihedral energy, and another to the potential energy. The boost is applied while
the energy is below a given level, and acts to reduce the conformational trapping in a
similar manner to umbrella sampling[104].

The method introduces the following bias potential:
(𝐸 − 𝑉(𝒓))2
Δ𝑉(𝒓) =
𝛼 + (𝐸 − 𝑉(𝒓))

( 3.62 )

Where ΔV(r) is the boost potential, V(r) is the true potential, E is the boost threshold,
and α is a weighting factor. The bias potential is only applied when E > V(r), where it is
added to the true potential. Clearly, any increase in energy allows the system to sample
over energy barriers that are particularly difficult for cMD to overcome; however,
simply preventing V(r) from dropping below E is problematic for two main reasons.
Firstly, if V(r) is not allowed to drop below E the system will undergo a random walk
over the energy surface until it reaches a region of phase space where E < V(r). Such a
random walk will lead to a non-Boltzmann distribution of configurations, and while
reweighting of results can assist in obtaining meaningful observables from the
simulation, the isoenergetic surface must be well sampled to do so. Secondly, if the
modified potential (ie. ΔV(r) + V(r)) is constant when E > V(r), then at points where the
modified potential intersects the true potential (ΔV(r) + V(r) = E), the free energy
landscape will be discontinuous, and integrating the equations of motion across them
becomes problematic[103].
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Figure 3.3: Effect of AMD bias potentials with a threshold of 8 and varying α
parameters on a hypothetical energy surface.

AMD avoids the above problems by reducing the depth of minima while maintaining
their general shape. The intersection between the true potential and the bias potential is
continuous, because the effect of the bias potential is increasingly less profound as the
difference between the actual energy of a configuration and the threshold energy
decreases (see equation 3.61 and figure 3.3). Meanwhile, by maintaining the shape of
the minima, a larger proportion of relevant configurations are explored.

Nonetheless, high energy thresholds with low α parameters still leads to isoenergetic
regions of phase space (see figure 3.3), and so some care is required when assigning
these parameters.

Experiments using AMD on test systems have shown that while applying such a boost
to the torsional terms increases conformational change, in large protein systems the
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relative immobility of the solvent becomes problematic. To account for this, Hamelberg
et al (2007) developed the method to apply two bias potentials, one to the overall
potential energy, and one to the torsional terms. This dual boosting technique was
found to be effective not only in increasing the sampling of the system and
convergence of results, but also produced distributions of configurations that would be
expected from long time-scale cMD of the same system[104].

AMD has been shown to have a clear potential to increase the sampling of a system in
a manner that mimics the sampling of long time-scale cMD[105]. The present study
aims to utilise the AMD results directly in the elucidation of the effects of mutation on
EGFR kinase sampling, as well as comparing it with other enhanced sampling
methods.

3.8.2

Diffusion Map Directed Molecular Dynamics

Diffusion Map Directed Molecular Dynamics (DMDMD) is a method of increasing the
range of sampling by favouring conformations that exist further away from energy
minima than its neighbours, thus making the crossing of energy barriers more likely,
and speeding up conformational change.

To identify those points furthest from the minima (frontier points), a diffusion map is
constructed using snapshots from a short MD run. By the nature of diffusion maps (see
section 3.7.5), the first diffusion coordinate (DC) will correspond to the slowest
timescale motion occurring in the simulation. Since snapshots will tend to be spaced
closer together towards the centre of a minimum, those snapshots with the greatest
(negative or positive) DC1 value will be the snapshots furthest from a minimum. By
restarting the system from such a snapshot, and repeating the process, the amount of
phase space explored is increased.
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If the length of the DMDMD iterations is too short, not only does DMDMD become
inefficient because more time is spent calculating the diffusion map, but also the
simulation may not sufficiently sample its current minimum to identify which
snapshots are furthest from the centre of the minimum. This is manifested in the
difference between each eigenvalue: The difference between the first and second
eigenvalues should be much larger than the difference between the lower ranked
eigenvalues. Simulations sampling too short a timescale will have very little difference
between the first and second eigenvalues. Thus, the initial parameterisation of
DMDMD can be performed by investigating the impact of the time covered by an
iteration on the difference between the eigenvalues: ideally a diffusion map should
produce a clear spectrum of eigenvalues (private correspondence with Wenwei Zheng,
Rice University, 2012).

Since the snapshots contained within a diffusion map are taken from a period of time
chosen such that no conformational change is likely to have occurred, instead of locally
scaling the diffusion map, a constant local scale is applicable. This is useful because it
reduces error from calculating the local scale (which is particularly high with a small
number of snapshots), and decreases calculation time[106].

Although DMDMD increases the amount of conformational space explored, since it
biases against sampling of minima, it does not produce a Boltzmann distribution of
conformations, with less favourable conformations being more likely. Thus extra
computational effort is required to generate a Boltzmann distribution from the frontier
points collected during the DMDMD simulation before drawing quantitative
conclusions from the data[107].

Being among the latest enhanced sampling techniques, DMDMD has only been applied
to one protein system previously[107]. In the present study it has been utilised to probe
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the conformational dynamics of EGFR kinase, to test whether it can explore similar
conformations to long time-scale cMD and AMD, and to identify differences between
DMDMD’s unique method of sampling with that of the other methods employed.

3.8.3

Reversible Digitally Filtered Molecular Dynamics

Reversible Digitally Filtered Molecular Dynamics (RDFMD) is a method for
accelerating low frequency motions (that is, those motions correlated with
conformational change) of a protein. To achieve this, RDFMD must first filter out the
“noisy” higher frequency motions using digital filters. The resulting isolated low
frequency motion can then be amplified. In practice, this is realised using a digital filter
that amplifies the low frequency motions while leaving the other frequency motions
untouched. Additionally, the technique can be applied to specific regions of the
protein, and has been used previously to promote the opening and closing of the
catalytic loops of the Escherichia coli dihydrofolate reductase (DHFR)[108].

To ensure that the protein remains stable during the RDFMD simulation a delay is set
between filter applications to allow energy to dissipate, the filter applications are
additionally separated by 40 ps of NVT cMD, and a temperature cap is employed such
that if possibly destabilising temperatures are reached, subsequent filter applications
are abandoned until after the next NVT simulation. In particular, this temperature cap
is employed to prevent cis-trans isomerisation of the protein backbone.

In RDFMD and digitally filtered molecular dynamics (DFMD), the filter itself is a
collection of coefficients (c) that has been designed specifically to boost low frequency
signals in the input data. The final velocity (𝒗′𝑛,𝑡 ) given to an atom is:
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𝑚

𝒗′𝑛,𝑡 = ∑ 𝑐𝑖 𝒗𝑛,𝑡−𝑖

( 3.63 )

𝑖=−𝑚

Where 2m+1 is the total number of coefficients, and 𝒗𝑛,𝑡−𝑖 is the velocity of atom n at
time step t.

Since the filter application process requires the same number of snapshots as
coefficients in the filter, in DFMD, filters with a large number of coefficients lead to
simulations with more snapshots. The longer simulation times used to generate these
snapshots leads to the energy provided by the filter application to be lost during the
next filter application.

RDFMD circumvents the problems of DFMD by running both a forward and reverse
simulation, such that the user can specify a desired time delay (known as the filter
delay) between the input structure and output structure or the digital filtering process.
Thus, a filter delay can be specified that allows the energy of filter applications to build
up over time, without dissipating, and without overheating[109].
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Figure 3.4: Comparison of DFMD and RDFMD methods, taken from ref. [109]

Evidently it is necessary to parameterise RDFMD for the specific system and
amplification targets of interest. Inappropriate parameters may lead to inefficient
sampling of the system, since several filter applications are required to effectively boost
sampling, and exceeding the temperature cap results in a reduction in filter
applications.

The ability of RDFMD to produce Boltzmann distributed configurations has not been
thoroughly explored to date; however, it has been shown to be capable at inducing
conformational change[108], [109], making it of particular interest in the present study,
where the changes between the active and inactive conformations are predicted to
occur over very long time-scales.
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3.9

Summary

This chapter has described the basis behind the methods utilised in the present study.
The entire work is essentially underpinned by statistical mechanics, and the
assumptions that allow the extrapolation between experimental observations and
computer models.

Monte Carlo provides a convenient method for the efficient sampling of systems where
we are not interested in evolution over time, but still wish to accurately (and, where
possible, quickly) determine the properties of the system. In the present study, MC was
employed in the calculation of relative binding free energies. To supplement this, the
water prediction methods GCMC and JAWS were also implemented, as the hydration
of binding pockets has a significant impact on the binding free energy of
inhibitors[110]. Polarisation effects in this investigation were also accounted for using
QM/MM methodologies.

To attempt to elucidate the conformational dynamics of EGFR kinase, MD was utilised.
Since MD simulates the time-dependent evolution of a system, it is a logical choice for
this task; however, the long time scales over which conformational change occurs in
kinases[4] renders simulation by MD less practical. To address this issue, several of the
enhanced sampling methods mentioned in this chapter have been applied, both to gain
more insight into the dynamics of EGFR kinase, and to compare those methods.
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Chapter 4:

Prediction of relative binding free

energies
4.1

Introduction to azoquinazoline inhibitors

The present work utilises experimental data summarised in Vema (2003)[67], drawn
from two experimental studies[111], [112]. The ligands used in the present work are all
azoquinazolines (see figure 4.1) of the “Family A” pyrido[3,2-d]pyrimidines described
in Vema (2003), and were chosen for their pharmacological interest (the quinazolines
include prominent EGFR inhibitors such as erlotinib and gefitinib), wide range of
pIC50 values, and their well determined binding modes.

Figure 4.1: Representation of the azoquinazoline structure
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Hinge region
T790
M793

K745

T854
E762
P-loop

C-helix

Figure 4.2: Interactions of Erlotinib (ball and stick representation) with EGFR residues,
with important hydrogen bonds shown, as found in the crystal structure 1M17.

Selectivity pocket

Figure 4.3: Erlotinib (ball and stick representation) in the EGFR kinase binding pocket
(surface representation), with important hydrogen bonds shown, as found in the
crystal structure 1M17.
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Ligand

R1

R2

R3

pIC50

1

H

H

H

6.46

2

Me

H

H

6.04

3

Cl

H

H

7.63

4

Br

H

H

7.56

8

Br

OMe

H

6.45

10

Br

H

OMe

8

14

H

OMe

H

7.25

23

H

OMe

OMe

7.53

25

Cl

OMe

OMe

9.5

28

Br

NHMe

H

8.39

29

Br

N(Me)2

H

7.07

Table 4.1: Experimentally determined pIC50s of the compounds examined in the
present study[67].

4.2

System setup and protocols

Starting coordinates for EGFR protein were taken from the crystallographic structure
1M17, since it already contains an azoquinazoline (erlotinib). This may bias the results
to favour ligands that mimic the crystallographic ligand’s interactions; however, by
superimposing the ligands in table 4.1 onto the crystallographic positions, it provides a
binding mode without using docking software or positioning manually, and thus
hopefully removes an extra source of error. The crystallographic waters of this
structure were kept throughout the following process.
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The protein structure was passed into the WHAT_IF program[113], using the
HBONDS module to predict the positions of polar hydrogens throughout the protein.
Asn, His and Gln residues were inspected by eye to check that the orientation of these
residues were correct, and that flips of these residues performed by WHAT_IF were
reasonable (Gln849 and His988 were flipped by WHAT_IF, and were retained). The
partially protonated protein was then run through AMBER's tleap software[114] using
the AMBER99FFSB forcefield[115], adding the remaining (non-polar) hydrogens. The
protein was then subjected to 300 steps of steepest descent and 1200 steps of conjugate
gradients minimisation.

The quinazoline structure from the ligand present in 1M17 was used as the base from
which to construct the ligands presented in table 4.1. This was achieved using Accelrys
Discovery Studio Visualizer[116]. The resulting pdb was passed to the antechamber
program from the AmberTools software suite, which was used to assign charges (to a
net charge of 0) using the AM1BCC method, and generate parameters from the General
Amber Forcefield (GAFF)[117]. Protonation states were assigned according to advice
from Richard Ward (Astra Zeneca, private correspondence, 2010). Missing parameters
were checked using the parmchk program, also of the AmberTools suite. A Z-matrix
for each molecule was then produced by hand, and flexibility of each relevant degree
of freedom defined to ensure realistic flexibility of the ligand.

Ligand 1 was then placed into the protein structure, and a scoop was produced 15 Å
around the ligand, such that residues that had no atoms closer than this threshold were
discarded, and residues with no atoms closer than 10 Å around the ligand were made
rigid. However, to maintain neutrality of the protein, peripheral residues E749, E829
and E906 were added and K757, K860 and K875 were removed.

Ligand 1 was then substituted within the protein for another ligand in table 4.1, and
the protein scoop was placed in a sphere of TIP4P waters with a radius of 27 Å.
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Crystallographic waters were converted into TIP4P waters, and everything was
subjected to Monte Carlo equilibration using a residue-based cutoff of 10 Å, with a
feather of 0.5 Å, and imposing a half-harmonic restraint force of 1.5 kcal mol-1 on water
molecules moving further than 27 Å from the simulation centre. The equilibration was
run initially on only the water molecules, keeping the protein and ligand rigid for
40,000 steps to allow the water to relax. 160,000 steps were then performed on the
entire system to equilibrate the protein, ligand and waters.

All equilibration and production runs were performed using protoMS[118]. Production
simulations used single topology replica exchange thermodynamic integration (RETI),
with 16 lambda windows (0.00, 0.06, 0.12, 0.19, 0.26, 0.33, 0.40, 0.47, 0.54, 0.61, 0.68, 0.75,
0.82, 0.88, 0.94, 1.00), and a replica exchange was attempted every 200000 moves. For
every solute move, there were 9 protein moves, and 60 solvent moves. The solute and
solvent were allowed to make rotations and translations, and the solute torsions and
bond angles were allowed to flex, as were those protein sidechains not specified as
rigid (as discussed above). A temperature of 300K was used. Bonds to dummy atoms
were given a minimum length of 0.2 Å, and interpolation of the charge and other
parameters between lambda windows was linear.

Simulations were run both bound (as described above) and free (in solvent), with the
free simulations constructed similarly to the bound simulations, except with the
protein excluded.

With 3 repeats for each perturbation listed in table 4.3, the protein, solvent and ligand
of each lambda window was equilibrated for 20 M steps. Finally at least 80 M moves
were performed at each value of lambda until the calculated free energy change
converged, and the calculated average free energy change of the thermodynamic cycles
(see figure 4.6) converged.
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Figure 4.4: Schematic of ligand 4 in the binding pocket of EGFR. “SB” denotes the
position of the K745-E762 salt bridge. A) The initial conformation corresponding to that
found in the crystal structure 1M17 B) conformation of ligand 4 with the halophenyl
group flipped approximately 180° (4f)

Owing to the ability of the phenyl group to rotate, it is possible that ligands 2, 3, 4, 8,
10, 25, 28, and 29 can bind the protein with the phenyl group in one of two orientations
(for ligands with R1=H, the flipped orientation is indistinguishable). Though the crystal
structures suggest the R1 group extends into the selectivity pocket, it is impossible to
rule out the other alternative. Thus, to investigate the effect of this orientation change,
an additional set of simulations were set up in an identical manner to those above,
except that the halogen was removed from one side of the phenyl ring, and grown into
the equivalent position on the other side (see figure 4.4), both in the bound and free
legs.

4.3

Initial results

The perturbations and their resulting calculated relative binding free energies are
presented alongside experimentally determined relative binding free energies in table
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4.3, and plotted in figure 4.5. The method for estimating the relative binding free
energies from the pIC50s provided in Vema 2003 proceeds from the Cheng-Prusoff
equation[119]:

𝐾𝑖 =

𝐼𝐶50
[𝑆]
1+
𝐾𝑚

( 4.1 )

Where Ki is the inhibition constant, which should equal the binding constant of the
inhibitor. IC50 is the concentration required to reduce enzymatic function by 50%, [S] is
the concentration of the enzyme’s substrate, and Km is the value of [S] where the
enzyme activity is half its maximum.

Ki is related to free energy of binding by the following equation[120]:
ΔG = −𝑅𝑇 ln 𝐾𝑖

( 4.2 )

Where R is the ideal gas constant, T is the temperature, Ki is the inhibition constant. We
can use the above to relate relative binding free energies to IC50 like so:

ΔΔG𝐴𝐵 = G𝐵 − G𝐴 = (−𝑅𝑇 ln 𝑘𝑖𝐵 ) − (−𝑅𝑇 ln 𝑘𝑖𝐴 ) = −𝑅𝑇 ln
= −𝑅𝑇 ln

𝑘𝑖𝐵
𝑘𝑖𝐴

( 4.3 )

𝐵
𝐼𝐶50
𝐴
𝐼𝐶50

Because the data provided in Vema et al. was derived from the same assay method it
was assumed that the same substrate and enzyme were used to measure the IC50 of
each compound, and thus the ratio of the inhibition constants is equal to the ratio of
IC50 values. The Cheng-Prusoff equation also assumes that the mechanism of
inhibition is the same for all inhibitors, given that the predicted binding mode involves
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the conserved hydrogen bond to the hinge region[34], [35], [41]. A more likely
limitation is the fact the Cheng-Prusoff equation becomes decidedly less accurate at
low agonist concentrations[121]. Given that the concentration of EGFR was 0.05 ng mL1

and the concentration of EGF was 2 μg mL-1, this limitation also seems unlikely to be a

problem.

Errors were calculated as per the following equation:
𝑆𝐸𝑖 =

𝜎

( 4.4 )

√𝑁

Where SEi is the standard error for a simulation, i. σ is the standard deviation in results
across the results from the simulations, and N is the number of simulations utilised in
the calculation of the free energy (in the present study, N=3). Because calculation of
binding affinity requires the summation of the results of two simulations, the errors
calculated for each simulation were then combined like so:

𝑁=2

( 4.5 )

SEΔΔG = √ ∑ 𝑆𝐸𝑖 2
𝑖=1

Additionally, predictive indices (PI) were calculated for the whole dataset using
the following equation[122]:

𝑃𝐼 =

∑𝑗=𝑖+1 ∑𝑖=1 𝑤𝑖𝑗 𝑐𝑖𝑗
∑𝑗=𝑖+1 ∑𝑖=1 𝑤𝑖𝑗

( 4.6 )

Where:

𝑤𝑖𝑗 = |𝐸(𝑗) − 𝐸(𝑖)|
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and

𝑖𝑓

𝐸(𝑗) − 𝐸(𝑖)
< 0 𝑡ℎ𝑒𝑛 𝐶𝑖𝑗 = −1
𝑃(𝑗) − 𝑃(𝑖)

𝑖𝑓

𝐸(𝑗) − 𝐸(𝑖)
> 0 𝑡ℎ𝑒𝑛 𝐶𝑖𝑗 = 1
𝑃(𝑗) − 𝑃(𝑖)

( 4.8 )

𝑖𝑓 𝑃(𝑗) − 𝑃(𝑖) = 0 𝑡ℎ𝑒𝑛 𝐶𝑖𝑗 = 0

E(x) is the experimental value for ΔΔGbind of the xth perturbation, whereas P(x) is the xth
perturbation as calculated by the simulations detailed above. A PI of 0 corresponds to a
random distribution of data, whereas values of 1 and -1 correspond to consistently
correct predictions and consistently incorrect predictions, respectively. An additional
point of note is that the weighting factor wij is proportional to the difference between
the experimental binding free energies; thus the incorrect prediction of relative binding
free energies for compounds with drastically different binding affinities will lead to
greater penalty than for compounds with similar binding affinities.

Perturbation

ΔGfree (kcal mol-1)

ΔGbound (kcal mol-1)

ΔΔGbind (kcal mol-1)

4→4f

0.31 ± 0.32

0.85 ± 0.85

0.54 ± 0.91

8→8f

-2.82 ± 0.25

-0.75 ± 0.31

2.06 ± 0.40

28→28f

-0.97 ± 0.21

0.82 ± 0.37

1.79 ± 0.43

3→3f

4.32 ± 0.04

7.54 ± 0.06

3.22 ± 0.07

2→2f

7.64 ± 0.14

8.66 ± 0.09

1.02 ± 0.17

Table 4.2: Free energy change for flipping the halophenyl group bound to EGFR and in
solution. The suffix “f” denotes the halophenyl group of the ligand is flipped 180
degrees (see figure 4.4).
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Perturbation

ΔΔGbind

Expa

ΔGfree

ΔGbound

(kcal mol-1)

(kcal mol-1)

(kcal mol-1)

(kcal mol-1)

4→1

−3.04 ± 0.07

1.50

0.60 ± 0.04

-2.44 ± 0.05

4→8

0.45 ± 0.17

1.51

4.59 ± 0.03

5.04 ± 0.17

1→2

1.74 ± 0.15

0.57

-4.51 ± 0.07

-2.77 ± 0.13

3→2

3.93 ± 0.09

2.17

5.77 ± 0.08

9.70 ± 0.02

3→8

4.57 ± 0.32

1.61

14.75 ± 0.10

19.31 ± 0.31

8→28

−1.60 ± 0.05

-2.64

-11.13 ± 0.03

-12.73 ± 0.04

28→29

−0.16 ± 0.32

1.80

8.23 ± 0.22

8.08 ± 0.23

8→25

−3.97 ± 0.21

-4.16

-8.59 ± 0.11

-12.56 ± 0.18

4→10

−0.16 ± 0.21

-0.60

-34.37 ± 0.06

-34.53 ± 0.20

1→14

−0.28 ± 0.21

-1.08

0.72 ± 0.09

0.44 ± 0.19

14→23

−0.74 ± 0.25

-0.38

-3.15 ± 0.18

-3.89 ± 0.17

4→2

−1.16 ± 0.32

2.07

-4.14 ± 0.05

-5.30 ± 0.32

1→3

−1.38 ± 0.23

-1.59

-10.41 ± 0.08

-11.79 ± 0.21

Table 4.3: Relative binding free energies compared with experimental values. a) errors
were around ± 15% of original IC50 values[112], which corresponds to ± 0.21 kcal mol-1

To check consistency, thermodynamic cycles were constructed from the perturbations
(see figure 4.6). The thermodynamic cycles would be expected to close to 0 kcal mol-1 in
a real system, with any deviation due to inconsistencies in the simulation.

Table 4.2 shows the relative binding free energy (calculated by subtracting the free
energy change in the free leg from the same of the bound leg) for systems that undergo
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a flip of the phenyl group. Flipping of the ring away from the orientation found in the
crystal structure is universally unfavourable for the binding of the examined ligands,
and thus only the results for the non-flipped simulations were used. The results also
show a non-zero value for the free energy change in the free leg; which indicates that
the ring does not rotate freely during the MC simulations.

The thermodynamic cycles for the calculations close appreciably well to zero (see
figure 4.6), indicating consistency among the simulations, and a predictive index of
0.71 was obtained, suggesting that the calculations are more likely to rank
perturbations in order of relative binding affinity than at random; however, the
correlation coefficient was determined to be just 0.26, which is not statistically
significant (to within 95% certainty).
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Figure 4.5: Experimental relative binding free energies versus the initial calculated
binding free energies.

Thermodynamic cycles constructed from the free legs of the perturbations close to
within 1 kcal mol-1 of zero (see figure 4.6, and appendix 4), indicating that the
simulations are relatively well behaved; however, it appears that simulations including
the loss/gain of an OMe group concurrently with a halogen perturbation produce less
reliable results, and this may account for the relatively large deviation of 0.79 kcal mol-1
for one of the perturbation cycles. The bound legs are somewhat less well behaved. To
some extent, this is expected due to the longer convergence times required for protein
systems; however, considering the relatively small deviations from 0 for the other
bound thermodynamic cycles, there may be some systematic problem. Additionally,
from similar work, closure in the range of 0.4-0.9 kcal mol-1 would seem more
reasonable[123]. Causes for this problem were investigated. Lack of sampling was
investigated by extending the calculation by 80 M moves. The free energy gradients
appeared clear of inconsistency, no inconsistencies were found in the assigned flexes
and point charges, and inconsistencies in sampling were investigated by visualisation;
however, no causes for the bad closure of the thermodynamic cycles were found.
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Figure 4.6: Closure of thermodynamic cycles: calculated relative free energy change for
the free leg (blue) and calculated relative free energy change for the bound leg (red).
Totals in bold, in the centre of each cycle. All quantities are in kcal mol-1.
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A

B
Figure 4.7: The change in free energy with the λ coupling parameter for (A)
perturbation 8 to 28 (B) perturbation 4 to 2. Solid line represents the change when
bound to EGFR kinase, the dashed line represents the change in water.

Figure 4.7 shows the free energy profiles of perturbations from 8 to 28 and 4 to 2. The
profiles appear smooth, and thus do not indicate significant problems with the system.
The profile for 8 to 28 suggests that the NHMe group interacts more favourably than
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the OMe group both in the protein and in water, which may be expected since amines
can both donate and accept protons. The amine group of ligand 28 projects into the
solvent when bound to EGFR kinase, which appears to be responsible for the similarity
of the profiles for the perturbation in protein and water. The profile for 4 to 2 shows a
markedly more favourable free energy change in the protein, which is likely to be due
to the reduced electronegativity of the Me group of ligand 2 versus the Br of ligand 4
(which will better accommodate solvation). However, from the experimental results, it
was expected that ligand 2 would bind poorly compared to ligand 4, and the reason for
the opposite being seen in the calculated results is not clear from the data presented
thus far.

The primary conclusion of the initial results is that it has not been possible to predict
the relative binding free energies of the inhibitors with certainty. The relatively well
behaved free energy profiles and closed thermodynamic cycles suggest that the system
has been adequately sampled, thus it appears that some systematic error is present.
This could be a limitation of the force field, a problem with the system’s configuration,
or a sampling problem, such as the lack of rotation around the phenyl group in the free
legs.

Particularly worrying were the incorrect sign of predictions for the perturbations 4→1
and 4→2. Visualisation of the trajectory of perturbation 4→1 revealed that the smaller
ligand 1 was able to move into the selectivity pocket (see figure 4.8), at the expense of
its hydrogen bond to the hinge region. The loss of this hydrogen bond is particularly
problematic as the consensus binding mode requires a hydrogen bond to the hinge
region[124]. Additionally, since ligands containing large R1 moieties cannot adopt the
same conformation as ligand 1, this to some degree lessens the phase space overlap
required to produce useful data.
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Figure 4.8: The binding pocket of EGFR with erlotinib and ligand 1 bound (PDB:
1M17). Final position of ligand 1 shown in red, the hydrogen bonding interaction with
the hinge region is circled in yellow (A). Erlotinib is coloured by atom.

Analysis of all crystal structures revealed that a water molecule may exist in the
selectivity pocket (PDB: 1M14, 2ITV, ITW). The absence or presence of this water with
small inhibitors such as ligand 1 has not been determined in the literature, and would
likely have a significant effect on the position of ligand 1 in the binding pocket. Thus,
an evaluation of water sites within the binding pocket of EGFR was carried out.

4.4

Water site prediction

In an effort to identify the cause of the poor correlation to experiment found in the
previous section, the binding pocket waters were investigated. From studies by Balius
and Rizzo (2009)[6], and Michel et al. (2009)[110], it seems that the binding pocket
waters have a structure more complicated than suggested by the crystallographic
structure 1M17. This can conceivably cause large errors in the above results due to the
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lack of interactions of waters which should be present, and the large free energies that
may be involved in adding or removing waters from the binding site[82]. Additionally,
as mentioned previously (see section 4.3), it was found that without a halogen to fit
into the selectivity pocket, ligand 1 was able to move its phenyl group into the
selectivity pocket, resulting in the loss of ligand hydrogen bonding to the hinge region.

Since the crystal structures do not provide a consensus for the number of present water
molecules, it has been necessary to utilise techniques that can systematically elucidate
probable water sites. For this purpose, the Grand Canonical Monte Carlo (GCMC) and
Just Add Water molecules (JAWS) techniques have been applied.

4.4.1

System setup

To maintain consistency, the same protein, water cap and ligands were used as those
produced in section 4.2, with the exception that the crystallographic waters were
removed to confirm that the methods were sensitive enough to identify those known
waters. The prediction of water sites was carried out with ligand 1,2,3 and 4 to
ascertain whether changes in the R1 group lead to a change in hydration pattern,
ligands 8, 10 and 28 were included in the analysis to ascertain the same for changes to
the R1 and R2 group.

4.4.2

GCMC protocol

For ligands 1-4, 8, 10 and 28, a box of dimensions 16 x 14 x 16 Å was defined to
incorporate the binding site. These dimensions did not extend into the solvent exposed
region, as waters are freely able to sample that region by diffusion during the MC
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production runs. Apart from the normal moves available to the Monte Carlo
simulation, the system was allowed to attempt to add or remove waters within the box
such that for every solute move 3 attempts were made to insert and delete TIP4P
waters into the box. Each system was run for 40 million moves with a B factor of -2, -4,
-6, -8, -10, -12, and -14. The B factor is defined as follows:
𝐵=

𝜇𝑒𝑥
+ ln 𝜌̅ 𝑉
𝑘𝐵 𝑇

( 4.9 )

Where T is temperature, 𝑘𝐵 is the Boltzmann constant, 𝜇𝑒𝑥 is the excess chemical
potential. 𝜌̅ is the number density of water in the bulk (corresponding to a value of
0.0334), and V the simulation volume.

These simulations were used to search for water sites. Upon their identification, an
additional set of simulations was run using a 3 x 3 x 3 Å box around each water site,
with other parameters the same as above. This allows for a more rigorous investigation
of the binding free energy of waters at each site.

To investigate water sites in more detail, GCMC can be used to determine the binding
free energy of a water molecule in the particular site using the following equation:

Δ𝐺𝑏𝑖𝑛𝑑 = −Δ𝐺ℎ𝑦𝑑 + 𝑘𝐵 𝑇(𝐵 − ln 𝜌̅ 𝑉 )

( 4.10 )

Where Ghyd is the hydration free energy of water (taken to be -6.4 kcal mol-1, from
previous experiments within the laboratory). In this instance V is taken to be a volume
of 16 x 14 x 16 Å for the water site search, and 3 x 3 x 3 Å for more rigorous estimates at
each high occupancy site.
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Because the GCMC simulations produce very noisy results, 3 separate runs were
performed for each ligand to produce better statistics. Initial analysis is performed
using the results from the 16 x 14 x 16 Å box: MC snapshots were examined using the
Visual Molecular Dynamics software[125] to identify where waters were inserted
during the simulation. The occupancy of these water sites over the course of the
simulation was measured, and sites with an occupancy within standard error of 0.5 at a
B factor corresponding to a negative free energy of binding were used for further
investigation. This further investigation involved encasing the water sites in 3 x 3 x 3 Å
boxes and repeating the simulation at each water site to estimate the binding free
energy of the waters at these sites. This estimation was achieved by extrapolating the B
factor at which the occupancy at each site reaches 0.5, this B factor is then used to
calculate the binding free energy (see equation 4.10).

4.4.3

GCMC results

Initial GCMC results are presented in figure 4.9 and appendix 5. As seen in figure 4.9,
water W1 clearly has a favourable binding free energy, being occupied at all ranges of
B value tested. W2 and W3 are more ambiguous, with consistently lower occupancy.
From these results it seems that W2 and particularly W3 may have a lower binding
affinity, however even W3, which appears to have a less favourable binding affinity
that W2, has a tendency to remain within error of the critical 0.5 occupancy for a range
of B-factors. Since the GCMC results over the whole pocket were noisy, it was decided
to investigate sites W2 and W3 further, in addition to W1.
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Figure 4.9: GCMC derived occupancy of waters in the binding site with ligand 10
bound, calculated at different B-factors corresponding to the binding free energies on
the X-axis

W2 corresponds to the crystallographic water seen in 1M17 (see figures 4.10 and 4.11),
W1 and W3 are seen in some crystal structures, including 2ITP, 2ITQ and 2ITV. The
presence of W1 and W2 are also described in the literature, both in Balius & Rizzo
(2009)[6] and the study of kinase binding site waters by Michel et al (2009)[110]. W3,
however is not mentioned in either study. It is possible that the latter study defined a
smaller binding pocket, indeed site W3 was only found on extension of the defined
binding pocket to include the region of the K745-E762 salt bridge. Additionally values
for the occupancy of W3 are very noisy (see figure 4.9 and appendix 5), but generally
close enough to 0.5 to warrant further investigation, and thus was subjected to the
second stage of GCMC (see figure 4.15).
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Figure 4.10: Ligand 4 bound to EGFR, GCMC waters with a binding free energy within
error of 0 kcal mol-1 are labelled W1-3, with possible hydrogen bonds highlighted in
grey.

Q791
Hinge region

T790

M793
W1
W2

K745

E762

W3
T854

P-loop
Figure 4.11: Erlotinib (ball and sticks) in the binding pocket. The positions of predicted
waters (green) are shown alongside the crystal structure water of 1M17 (red)
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Separate GCMC simulations on 3 x 3 x 3 Å boxes around each water described above
produced better statistics (see figures 4.12, 4.13, 4.14, and 4.15), with a clear titration
curve in occupancy as the B factors (and thus free energies) are decreased. The
reduction in noise is likely due to the insertions being concentrated in the vacant areas
of the pocket defined by the smaller box, rather than the entire pocket.

Figure 4.12: Occupancy of water 1 in GCMC simulations for a range of ligands and B
factors corresponding to the free energy of binding (x-axis).
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Figure 4.13: Occupancy of water 2 in GCMC simulations for a range of ligands and B
factors corresponding to the free energy of binding (x-axis).

Figure 4.14: Occupancy of water 2 in GCMC simulations for ligand 1 and a range of B
factors corresponding to the free energy of binding (x-axis).
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Figure 4.15: Occupancy of water 3 in GCMC simulations for a range of ligands and B
factors corresponding to the free energy of binding (x-axis).

GCMC predicts waters at site 1 to have a binding free energy of between -5 and -7 kcal
mol-1, and between -6 and -7 kcal mol-1 for site 2, with waters at site 3 having a binding
free energy of between -3 and -5 kcal mol-1. These figures are different to those
obtained during the water site search, since the larger box area would have been
partially occluded by ligand and protein, resulting in a reduction in insertion moves.

Despite some differences between the calculated binding free energies of the waters
between ligands the results indicate that all of the identified waters have favourable
binding free energies. It is interesting to note that water 2 has a markedly less
favourable binding free energy (approximately -3.6 kcal mol-1) when ligand 1 is
present, as indicated by a shift towards higher B factors (see figure 4.14). Since ligand 1
was found to sample configurations closer to the back of the selectivity pocket in the
initial simulations, it may be that the increased mobility of ligand 1 is associated with
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the reduced binding free energy of this water. This indicates that some significant
proportion of the difference in binding free energies of ligand 1 compared to the other
ligands is due to the ligand’s interactions with binding pocket water 2.

4.4.4

JAWS protocol

For ligands 1-4, 8, 10 and 28, a 16 x 14 x 16 Å 3D grid was defined in the binding site of
EGFR, with a spacing of 1 Å, as with the GCMC setup; these dimensions did not
extend into the solvent exposed region. A biasing potential of 6.4 kcal mol-1 was used to
ensure sufficient sampling of the on and off states. 40 θ-waters were injected into the
binding site and allowed to sample without interacting for 1 million MC moves. Then,
to discover water sites, 20 million MC moves were performed. During these moves, as
well as sampling the solvent, protein and ligand, the waters were allowed to sample an
interaction scaling factor, θ, between 0 and 1 (inclusive), with 13 θ moves performed
for each 6 physical (ie translation or rotation) θ-water move. Each grid point is
associated with an array element that is incremented when a nearby water samples a θ
value greater than 0.95. Cumulative data regarding the presence of interacting θwaters within the binding site was viewed as a density plot using the Open Astex
Viewer[126]. Putative water sites were then examined by introducing a θ-water into
them and placing the grid centred on the water site. In each case a hardwall potential
was introduced to prevent waters leaving the grid. The system was once again allowed
to sample as previously for 40 million MC moves, and the binding affinity estimated
(see section 3.3.5).
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4.4.5

JAWS results

K745

E762
W3
W2
W1
M793

T854

Figure 4.16: Representative JAWS results. Ligand 1 shown with important surrounding
residues. Water sites predicted by JAWS shown as translucent blue spheres, labelled
with the prefix W.

The initial JAWS simulations predict several water sites within the binding pocket (see
figure 4.16). All the sites shown in figure 4.16 have an approximate probability of
containing a water of greater than 0.5. Sites W1, W2 and W3 correspond to the GCMC
determined sites (labelled identically in figure 4.10).
Water

Binding Free Energy (kcal mol-1)

W1

-6.00 ± 0.28

W2

-5.50 ± 0.26

W3

-4.76 ± 0.21
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Table 4.4: Binding free energies of waters in sites elucidated by GCMC and JAWS stage
1, calculated using the JAWS stage 2 method. Results shown as an average of the
values across 7 ligands.
The binding free energies were well conserved between ligands, as shown by the low
error produced when averaging values over all the ligands simulated in JAWS (see
table 4.4). Table 4.4 shows the predicted free energy of binding for waters W1, W2 and
W3. Each of the waters has a favourable binding free energy. However, there is a
possibility that the binding free energies have been overestimated, as the ratio of
sampling between “on” and “off” waters was around 8000:1. Nonetheless, with the
applied bias of 6.4 kcal mol-1, these ratios indicate a highly favourable binding free
energy, which is also in agreement with the GCMC results.
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4.4.6

Context of identified water sites

A
Selectivity
pocket

Distal protein
surface

Solvent
exposed
Sites of W1
and W2

B
E762-K745 salt bridge

Solvent
exposed

Site W3
Sites of W1
and W2

Figure 4.17: Cross sections of the binding pocket of EGFR kinase with Ligand 1 (the
smallest of the ligands examined; represented by VDW spheres) bound.
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Figure A shows cross section of the ATP binding pocket of EGFR with ligand 1 bound.
Cross section A (figure 4.17(A)) clearly shows the selectivity pocket, as well as the
space where W1 and W2 are found. This space is comprised of a channel that extends
to the distal surface of the kinase; however no waters are found to diffuse into the
binding pocket from the bulk in any of the simulations, and there are no reports in the
literature where waters were found to utilise this channel. It seems likely that diffusion
through the channel requires far more sampling than is obtained in the MC simulations
presented here.

Bulk water is additionally obstructed from diffusing into the pocket by the positioning
of the ligand; even the smallest ligand prevents water from entering sites W1 and W2
(see figure 4.17(A)). Site W3 appears more open to the solvent (see figure 4.17(B)), and
there is some flexibility in the side chains of the salt-bridge, which suggests that
sufficient sampling might allow bulk waters to enter site W3 if the salt-bridge moves
enough; however, in the simulations of the present study no waters were seen to move
to or from site W3.

4.5

Results with predicted waters

To investigate the effect of including the waters as predicted in the previous sections,
the systems were set up as before (see section 4.2), except the crystallographic water in
the binding site was replaced with W2 from the GCMC simulations, and W1 and W3
were included too.

Figure 4.18 shows that the simulations incorporating the waters predicted with GCMC
and JAWS produces a moderately improved correlation with experiment compared to
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the results obtained with 1M17’s crystallographic water, although the correlation is still
not statistically significant (p > 0.05). Additionally, a PI of 0.78 was calculated for the
dataset, when compared with the PI of 0.71 in the original dataset, this suggests that
the addition of the predicted waters had a mild effect on the calculated binding free
energies.
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Perturbation

ΔΔGbind

Expa

ΔGfree

ΔGbound

(kcal mol-1)

(kcal mol-1)

(kcal mol-1)

(kcal mol-1)

4→1

−2.23 ± 0.05

1.50

0.60 ± 0.04

−1.63 ± 0.02

4→8

0.36 ± 0.07

1.51

4.59 ± 0.03

4.95 ± 0.06

1→2

1.81 ± 0.14

0.57

−4.51 ± 0.07

−2.71 ± 0.12

3→2

3.74 ± 0.10

2.17

5.77 ± 0.08

9.50 ± 0.06

3→8

4.24 ± 0.53

1.61

14.75 ± 0.10

18.99 ± 0.52

8→28

−1.76 ± 0.14

-2.64

−11.13 ± 0.03

−12.89 ± 0.14

28→29

0.03 ± 0.57

1.80

8.28 ± 0.22

8.31 ± 0.53

8→25

−3.24 ± 0.24

-4.16

−8.59 ± 0.11

−11.83 ± 0.21

4→10

0.13 ± 0.14

-0.60

−34.37 ± 0.06

−34.24 ± 0.12

1→14

0.05 ± 0.09

-1.08

0.72 ± 0.09

0.77 ± 0.01

14→23

−0.12 ± 0.27

-0.38

−3.15 ± 0.18

−3.27 ± 0.20

4→2

−0.68 ± 0.18

2.07

−4.14 ± 0.05

−4.82 ± 0.17

1→3

−1.38 ± 0.10

-1.59

−10.41 ± 0.08

−11.80 ± 0.06

Table 4.5: Relative binding free energies compared with experimental values. a) errors
were around ± 15% of original IC50 values[112], which corresponds to ± 0.21 kcal mol-1
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Figure 4.18: Experimental relative binding free energies versus the calculated binding
free energies with predicted waters included.
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Figure 4.19: Thermodynamic cycles for perturbation simulations. Numbers
accompanying arrows indicate the free energy change of a perturbation (blue for
solvent leg, red for bound leg). Numbers in the middle of a cycle denote the sum of all
steps in a cycle (blue for solvent leg, red for bound leg).
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Figure 4.20: The binding pocket of EGFR with erlotinib bound (PDB: 1M17). Final
position of ligand 1 when additional waters a present is shown in red, the hydrogen
bonding interaction with the hinge region is circled in yellow (A).

The addition of the predicted waters has not prevented ligand 1 from moving into the
back of the selectivity pocket pocket (see figure 4.20); however, it appears that the
ligand is rotating to fill the pocket in such a way as to maintain the conserved
hydrogen bond to the hinge region. The bound leg thermodynamic cycles also
converge well to 0 (see figure 4.21, and appendix 4. Also, refer to section 4.3 for a
discussion on the free legs, which remain unchanged), suggesting that the proteinligand system is relatively self-consistent. This closure is better than the results without
the predicted waters, which may suggest that the reduced ability of the ligand to move
in the pocket allows for better phase space overlap. If so, this may explain why no
cause for the poor closure in the previous simulations was found.

Taken together, it appears that the inclusion of the predicted waters does make some
difference to the quality of the simulations and the results; however, the correlation is
still considerably weak, and it therefore seems likely that some of the remaining
deviation in the calculated results from the experimentally determined values stems
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from either some other aspect of the system setup, or from the forcefield itself. The
possibility of the the phenyl group flipping is countered by the new hydration state:
water W3 would need to be displaced, and this would incur a considerable penalty. Of
particular interest is the fact that many of the outliers in the dataset appear to involve
perturbations of the halogen group.

A possible cause for the poor scoring of perturbations involving halogens is how
halogens are handled by the GAFF forcefield. The high electronegativity of halogens
makes them particularly susceptible to polarisation effects, which also relates to the
ability of halogens to make noncovalent halogen bonds[127]. Interestingly, QM/MM
computational studies have identified halogen bonding of inhibitors with protein
residues, including halogen bonding to backbone carbonyl groups[128][129]. In the
case of EGFR kinase, the hydrogen bond donor groups of the selectivity pocket are all
sequestered in the  sheet, so a halogen bond directly to the protein seems unlikely.
Nonetheless, the halogen bonding may be of importance in the free simulations, and so
further simulations were performed to attempt to probe this effect, as detailed in the
following section.

4.6

QM/MM corrections

To investigate the possibility of the AMBER treatment of halogens being a weak link in
the simulation protocol, hybrid QM/MM simulations were run for those perturbations
involving halogens.
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4.6.1

System setup

Two sets of systems (ligand in water, and ligand in protein) were produced as
previously described (see section 4.2), except using the GCMC predicted waters for the
bound leg. Notable exceptions include that only the lambda 0 and lambda 1 states were
subjected to MC simulation, as the intermediate states are not required to produce the
correction. Additionally, 100 million MC moves were performed for both these lambda
windows of the perturbations listed in table 4.6, with snapshots produced every 20000
moves to produce 5000 snapshots.

The snapshots were then used to produce input for the Gaussian 09 rev A.02 program.
This input consisted of a conversion of the ligand into a Gaussian-compatible format,
as well as the conversion of other atoms within 15 Å into point charges. Additionally, a
ligand in vacuum system was produced from each snapshot.

Gaussian 09 rev A.02 was then used to calculate the single point QM energies of each
snapshot, both surrounded by point charges and in vacuum, using B3LYP density
functional with the 6-31G* basis set, with no symmetry constraints.

4.6.2

Results

The QM/MM corrected binding free energies are overall closer to the experimental
values than the MM calculations (see figure 4.21); however, even when the differences
between the experimental and QM/MM results are summed, the total is just 0.65 kcal
mol-1 closer to experiment than the MM calculations. Given that the average error for
the QM/MM calculations are greater than this, it is not possible to say with any
certainty that the QM/MM corrections actually have any utility.
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Perturbation QM/MM corrected ΔΔGbind (kcal

MM ΔΔGbind (kcal

Expa (kcal

mol-1)

mol-1)

mol-1)

4→1

-0.76 ± 0.45

−3.04 ± 0.07

1.50

3→2

3.53 ± 0.81

3.93 ± 0.09

2.17

3→8

3.02 ± 1.18

4.57 ± 0.32

1.61

8→25

-1.34 ± 1.18

−3.97 ± 0.21

-4.16

4→2

-0.50 ± 0.82

−1.16 ± 0.32

2.07

1→3

-2.33 ± 0.64

−1.38 ± 0.23

-1.59

Table 4.6: QM/MM corrections to the binding free energy. a) errors were around ± 15%
of original IC50 values[112], which corresponds to ± 0.21 kcal mol-1

Figure 4.21: Experimental relative binding free energies versus the calculated binding
free energies with predicted waters. MM (blue) and QM/MM corrected (red) results are
included.
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When plotting the QM/MM corrected energies against the experimentally determined
values, the regression coefficient remains at 0.33 (compared to 0.34 for the MM
calculations). The PI was calculated as 0.81, which represents a mild improvement
(MM alone resulted in 0.78), though such an improvement is unlikely to be significant
given the increase in error associated with QM/MM.

The lack of improvement due to the inclusion of polarization effects by QM/MM makes
it impossible to rule out some unknown deficiency in the system setup, or
experimental values, or to comment further on whether the treatment of halogens is a
limiting factor in the prediction of binding affinities in the present study. Nonetheless,
while the QM/MM corrections do not have a significant effect on the dataset,
considering the corrections are relatively simple, it is encouraging that the method
performs about as well as MM. It may be that future refinements of this QM/MM
methodology will result in increasingly accurate free energy predictions.

4.7

Conclusions

The present study has investigated the potential of widely available, cheap, and
rigorous free energy techniques in the prediction of the relative binding free energies of
inhibitors of EGFR kinase. In the process, a number of potential pitfalls of these
methods have been highlighted, including the hydration state of the pocket (as has also
been highlighted by Balius & Rizzo (2009)[6] and Michel et al. (2009)[110]), and the
possible error introduced by the lack of polarization in the MM forcefield.

The correlation between calculated and experimental relative binding free energies was
shown to be poor for the techniques implemented, the cause of which remains unclear.
Nonetheless, reasonable predictive indices were obtained, suggesting that the ranking
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of the inhibitors is generally good. Additionally, given that the QM/MM corrections
maintained the correlation and predictive indices, in the future, further refinement of
these relatively naïve QM/MM techniques may help in systems where polarization is
important
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Chapter 5:

Conformational dynamics of EGFR

As discussed previously (see section 2.2), there are large conformational changes
involved in the activation of EGFR kinase, and a number of theories regarding the
mechanism by which mutations activate the protein have suggested the stabilisation of
the active conformation and/or destabilisation of the inactive conformation[35], [62],
[63]. Other theories suggest mutation perturbs the kinase into mutant-specific
conformations[65], or limits the accessibility of important WT conformations (for
example, the disordered C-helix conformation[43], and the inactive A-loop helix
formation[62]).

Intuitively, one could test these theories by examining the mechanism by which
mutations introduced in silico into the inactive structure promote activation, and by
examining the relative stability of the active and inactive mutant structures relative to
the WT.

Unfortunately, it is very difficult to sample the activation pathway due to the long time
scales upon which activation occurs (estimated to be on the microsecond-millisecond
time scale, based on studies on ABL kinase)[102]; until recently[5], even the longest MD
simulations failed to sample the entire pathway[43], and such sampling is only feasible
with exceptional computing resources. Nonetheless, even in much shorter time scale
simulations, a number of studies have noted differences in the sampling of EGFR
kinase between mutants[62], [63], [65], confirming that much can be learned even
through comparatively short simulations.

In this chapter, the results of various MD techniques will be used to evaluate the effect
of activating mutations on EGFR kinase dynamics, and attempt to relate these back to
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the nature of the mutation. Additionally, since the enhanced sampling techniques
trialled in the present study have not been compared previously, the relative
performance of each MD technique will be discussed.

5.1

System setup

System

Conformation

template PDB structure

Residues utilised

WT

Active

1M17

672-962*

WT

Inactive

2GS7

672-958*

G719S

Active

2ITP, 2ITQ

671-981*

G719S

Inactive

2GS7

672-957*

L858R

Active

2ITV

701-987

L858R

Inactive

2GS7

678-958*

ELREA deletion

Active

1M17

672-958*

ELREA deletion

Inactive

2GS7

678-958*

Table 5.1: PDB structures and residues utilised for each system of the present study.
Note that the numbering system differs between PDB files. *these structures use an
alternate numbering system to the one used in the present study, which is 24 amino
acids shorter[29], [35], [34]

The PDB structures in table 5.1 were used to create models of the WT and mutant
EGFR kinase monomers. The decision to utilise only the monomers was made for a
number of reasons: Firstly, the literature is abundant with studies on EGFR kinase
monomers, making comparison of observations relatively straightforward. Secondly, at
the time the present study was commenced, it was suggested that activating mutants of
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EGFR were active in their monomeric form[29]; however, more recent studies cast
doubt upon this assumption [32], [43]. Thirdly, simulation of the dimer is considerably
more demanding, and would have provided less data regarding the ability of the
mutations to perturb the WT dynamics.

The choice of using only the kinase domains of EGFR was made similarly: The kinase
region alone was predicted to be activated in the mutants and inactive in the WT[29],
and modelling of the entire EGFR protein would have required more computational
resources than were available at the commencement of the study (however, such
modelling has been recently accomplished by Arkhipov et al. (2013)[32]).

Since no inactive mutant structures exist, and there are missing residues in all but the
1M17 structure, modelling of the mutant structures and missing residues is necessary,
the procedure was as follows:

The Ensembl database[130] was used to extract the WT amino acid sequence to use as a
template for MODELLER[131], and mutant sequence templates were adapted from the
Ensembl sequence by hand, comparing with the sequences in the PDB files where
available (see table 5.1). These amino acid sequences and PDB structures were used as
the inputs for the MODELLER program, which was used to produce 20 models per
mutant in both the active and inactive conformation. Models were then validated using
the program WHAT_CHECK[132]. Four models were chosen for each system (with 3
mutants and the WT in both the inactive and active conformations, this totalled 32
models) on the basis of their Ramachandran plots, WHAT_CHECK Ramachandran Zscore and chi-1/chi-2 rotamer normality scores. Structures were also visualised in VMD
to ensure the structures conformed to the current structural knowledge of EGFR
kinase. All these models were utilised in the cMD simulations, and half of the models
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were used for the enhanced sampling methods (of the 4 models for each system, 2 were
taken at random).

Crystallographic waters were retained, and all other molecules discarded. Only the
main chain of the protein was used, and for 1M17 structures, a C-terminal extension
(residue numbers 959+) was also discarded since its conformation (extended away
from the protein) was not in the expected conformation (where it should wrap up
beyond the hinge region to interact with the N-lobe[38]), and is therefore a possible
crystallographic artefact.

These proteins were then protonated on polar hydrogen sites using the HBONDS
module of the WHATIF program[113]. Due to the challenging nature of assigning
histidine, glutamine and asparagine protonation[133], the WHATIF program calculates
the hydrogen bonding network of the protein, and may flip side chain residues based
on this network. To ensure these flips were indeed reasonable, the resultant structures
were examined by eye. In each case, the flips were retained. The system was then run
through the tleap module of the AMBER Tools package[114] to add the non-polar
hydrogen atoms and solvate the system with a box of TIP3P waters extending 10Å
from the surface of the protein. At this stage, Cl- ions were also added to neutralise the
system (the number of Cl- ions was different between mutants and conformational
states due to the differences in charge introduced by mutants, as well as differences in
the number of residues in the models. 3 were required for the active L858R , 4 for the
inactive L858R, 1 for the active G719S, 2 for the inactive G719S, 2 for active deletion, 3
for the inactive deletion, 1 for the active WT, 2 for the inactive WT).

A WT crystal structure (1XKK) exists for the inactive conformation, however it contains
a number of missing residues (residues 750-753 and 867-876); in an effort to eliminate
the introduction of errors by modelling in so many missing residues, the crystal
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structure 2GS7 was used. Since the 2GS7 crystal structure contains a V924R mutation,
reverse mutants were produced to which activating mutations were modelled later
(with the exception of the WT system).

All molecular dynamics trajectories (both production and equilibration) were
produced using the sander program from the AMBER simulation package[114], and
the AMBER99 Stony Brook forcefield[115].

The solvated system was equilibrated first by two rounds of minimisation. First a
minimisation was performed with a restraint of 1000 kcal mol-1 Å-2 on all non-hydrogen
atoms, with 5000 steepest descent and 5000 conjugate gradient steps. Next, a similar
minimisation was performed with restraints only on the protein heavy atoms. The
system was then heated to 300 K over 500 ps, maintaining the protein restraints, and
using the NVT ensemble. In this way, the waters were able to become disordered. To
equilibrate the pressure, the NPT ensemble was then used, allowing the volume to
adapt to the new configuration for another 500 ps. The system was then cooled to 100 K
using the NVT ensemble in preparation for 6 rounds of minimisation (1000 steepest
descent, 1000 conjugate gradients), reducing the restraints by 80% each round, with the
6th round having no restraints. The system was then heated in 10 ps steps by 80 K until
the temperature was at 300 K. Finally, the system was run using the NPT ensemble for
200ps until the total energy appeared equilibrated.

The deletion models were subjected to an additional, initial round of minimisation, to
alleviate possible steric clashes arising from the modelling of the 5 amino acid deletion.
This consisted of restraining all the residues with a force of 1000 kcal mol-1 Å-2, except
for 4 residues in the immediate vicinity of the ELREA deletion, and performing 1000
steepest descent, and 4000 conjugate gradient minimisation steps.
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Thus 4 models of each system in each mutational state (WT, L858R, G719S, deletion)
were run in both the inactive and active conformations (total of 32 models) for 1 μs at
300 K at 1 atm using the PMEMD module of the AMBER software suite. A timestep of
2 fs was used with SHAKE constraints, a cutoff of 10 Å. A Langevin thermostat was
employed (a collision frequency of 5 ps-1) with a Berendsen barostat to maintain the
NPT ensemble. Periodic boundary conditions were maintained throughout using the
particle mesh Ewald (PME) method.

5.2

Setup of enhanced sampling methods

All the enhanced sampling methods employed in the present study require some
degree of parameterisation. The process of parameterising the sampling methods is
relatively straightforward; however, reckless assignment of parameters can easily lead
to an inefficient boost to sampling, or an excessive boost that causes the system to
become unstable.

It is important to note that the parameterisation of all the enhanced sampling methods
is dependent to some degree on the size of the system in question. For AMD and
RDFMD, a boost in potential is given that increases the energy of the system in
proportion to the number of protein residues receiving a boost. In DMDMD, the local
scale parameter is roughly proportional to the system size. To overcome these obstacles
a systematic parameterisation was carried out for each method, as described below.
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5.2.1

AMD

The parameterisation process is outlined in the AMBER manual[134]. Briefly, an
overall energy threshold (EthreshP), a torsion term energy threshold (EthreshD) and
weighting factors for each of the boost potentials (alphaP and alphaD, respectively)
must be chosen (see section 3.8.1).

The AMBER manual states that a value of EthreshD should correspond to the average
dihedral energy of a test simulation of the system, plus 3.5 kcal mol-1 residue-1. AlphaD
should have a value of 0.7 kcal mol-1 residue-1. AlphaP should have a value equal to a
fifth of the number of atoms. EthreshP should correspond to the average potential
energy of a test simulation of the system, plus a fifth of the value of Alpha P. However,
the manual also states that these value can be increased or decreased depending on
how mild or severe a boost is desired, giving recommendations for the lower limits of
values, but not the upper limits.

In the present study, a test simulation was run from the equilibrated inactive WT
protein, using the average total energy (instead of the average potential energy) to
investigate the effects of an increased boost potential. This represented an increase of
approximately 30000 kcal mol-1 compared to the average potential energy.
Visualisation of the resulting trajectory showed immediate unwinding of helices in the
C-lobe, which seems likely due to the excessive boost provided by the AMD potential,
since no evidence of this kind of motion in the protein has been reported to date.

Given the propensity of the system to sample unreasonable configurations during
AMD, a gentle approach was taken using the guide to parameters given in Hamelberg
et al. (2007)[104]. Essentially, the overall boost parameters are the same as those
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suggested in the AMBER manual (the calculation of EthreshP and AlphaP is described
above); however, the dihedral boost (EthreshD) is calculated as the average dihedral
energy of the system during a normal cMD run multiplied by 1.3, whereas AlphaD is
simply the difference between EthreshD and the average dihedral energy. The effect of
this should be (on average) to maintain a dihedral energy half way between the boost
potential and the real energy surface. These parameters were not found to lead to the
destabilisation of the C-lobe helices for the duration of the 1 ns test simulation.

Production runs were run using 2 models of each system (total 16 models) for 1 μs with
all other parameters as per the cMD simulations.

5.2.2

DMDMD

In DMDMD, there are effectively three parameters: the local scale parameter and the
number and timing of snapshots. The local scale parameter in a diffusion map is
usually calculated using multidimensional scaling, however, over the short time scales
examined using the diffusion map method in DMDMD, it is assumed that the local
scale does not significantly vary in each DMDMD iteration. The number of snapshots
utilised in each iteration is important as the diffusion map is constructed using the αcarbon positions of these snapshots, and DMDMD is more accurate as the number of
snapshots increases. Additionally, the total time spanned by one DMDMD iteration
must be enough to adequately sample the local minima such that DMDMD can
recognise which snapshot is furthest away from that local minima in phase space[106].

To check how effectively the diffusion map is identifying these leading snapshots, the
largest output eigenvectors (corresponding to the sampling along the slowest motions
of the protein) can be used to rate a given combination of input parameters: a useful
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combination of parameters should result in a sizeable difference between the first and
second largest eigenvectors. However, assuming sufficient sampling is performed, the
choice of local scale parameter does not appear to be critical, with a variety of ranges
providing robust results (see section 3.8.2).

In the present study, it was found that where each iteration produced 100 snapshots
spaced by 20 ps, with a local scale parameter of 0.9, a separation of around 0.2 was
produced between the first and second eigenvectors (with each eigenvector having a
range between 0 and 1). The production DMDMD simulations used these parameters
for 500 iterations, corresponding to approximately 500 ns of simulation time (however,
it should be noted that since each iteration does not necessarily start from the final
snapshot of the previous iteration, so the trajectories do not represent 500 ns of
accumulated simulation time. This also results in simulations having a different
number of snapshots).

5.2.3

RDFMD

In RDFMD a target frequency and target atoms must be specified, as well as the scale
of the applied boost. The target atoms were taken to be all the heavy atoms of the
residues of the A-loop (residues 855-877), C-helix (residues 753-769) or P-loop (residues
720-725). These targets were chosen due to their roles in the activation process: The Aloop and C-helix undergo considerable conformational change during activation (see
2.2), and the flexibility of the P-loop has been suggested to be important in the
conformational transition between the inactive and active states[35]. Additionally, each
structure contains or is close to the site of an activating mutation.
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Since the boost is applied to all the specified atoms of the targeted region, the different
size of these regions requires that they be given boosts of a different scale. In particular,
the A-loop (being the longest section to receive a boost) was particularly prone to
exceeding the temperature cap (hereafter referred to as “overheating”). The
temperature cap, itself a parameter, was set to 800K, as was found to prevent cis-trans
isomerisation of the protein backbone in a previous RDFMD study[135]. Using the
paper on parameterisation of RDFMD[108] as a guide, a filter of 201 coefficients was
used with a 0-100 cm-1 response range; however, the other parameters must be
assigned by trial and error as described below.

To avoid structural instability, overheating automatically terminates the digital
filtering, requiring the system to undergo the next iteration of NVT simulation to allow
it to cool down. It has been shown that to obtain the best sampling, several digital
filtering steps are necessary[108]; however, an excessive boost in an RDFMD
simulation can lead to overheating after just one application of digital filtering, and
thus inadequate sampling. Thus, in the present study, each target region was tested on
the WT active structure using 100 RDFMD iterations (as per a production run). A range
of filter scale and filter frequency parameters were tested and evaluated on how many
rounds of digital filtering (out of a total of 5) were applied without overheating, and on
how the average RMSD of the affected region was affected. Only those combinations of
parameters that lead to a probability of greater than 0.2 of completing all 5 rounds of
digital filtering per iteration were considered, and among the considered combinations,
those resulting in the greatest RMSD in the target region were chosen for production
runs. All these test runs were visualised to ensure the given parameters did not lead to
structural instability.
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Target (number of

Filter scale

Filter delay (fs)

P-loop (6)

1.25

50

C-helix (16)

0.75

50

A-loop (21)

0.75

50

residues)

Table 5.2: Filter parameters used for each target in the RDFMD simulations.

The parameters used in the RDFMD simulation are shown in table 5.2. Additionally, a
filter delay of 50 steps was used alongside a 201 coefficient filter (see section 3.8.3 for
further explanation of these parameters). The AMBER99 Stony Brook forcefield[115]
was used with NAMD[136] to perform the RDFMD simulations. To maintain
consistency, the equilibrated structures from the other MD simulations were utilised,
and to mitigate against possible inconsistencies between the NAMD and PMEMD
calculations, an initial equilibration stage of 150 ps was run in NAMD. RDFMD was
run for 100 filter applications each spaced by 4 ps steps of conventional NVT MD on all
structures.

5.3

RMSD results

The RMSD of the C-helix and A-loop backbone Cα atoms were calculated with respect
to the active and inactive crystal structures (1m17 and 2gs7, respectively). These
RMSDs were used to produce box and whisker plots (figures 5.1 to 5.19), which show
the minimum and maximum RMSD in a given simulation as vertical bars terminating
in a horizontal cap. The box represents the range of RMSDs spanned between the 1st
and 3rd quartiles, with the median represented as a horizontal line intersecting this box.
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For cMD, AMD, and DMDMD each simulation was treated separately; however, due
to the problems with representing the hundereds of RDFMD simulations individually,
a supertrajectory of the RDFMD simulations was constructed before performing the
analysis. While this comes at the cost of losing the ability to visualise the RMSD
behaviour of each individual simulation, the plots are included to provide insight into
the combined sampling of the RDFMD trajectories compared to that of the other
enhanced sampling methods.

Active A-loop RMSDs

RMSD (Å)

5.3.1

Simulation

Figure 5.1: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the active crystal structure (1m17) for the active cMD simulations.
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Figure 5.1 shows a trend for the A-loop of mutants to spend a greater proportion of
their time further from the active conformation than does the WT; however, this
difference appears modest in most of the systems, and exceptions also exist: one of the
deletion mutants exhibits sampling unusually close to the active conformation, and one

RMSD (Å)

of the WT simulations exhibits the opposite.

Simulation
Figure 5.2: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the inactive crystal structure (2gs7) for the active cMD simulations.

Figure 5.2 shows a trend for the mutant A-loops to more closely resemble the A-loop of
the inactive crystal structure (2gs7) than does the WT. While the trend is only present
in the mutants, it is not entirely conserved between simulations of the same system,
and is of only a very small magnitude (a difference in medians of approximately 0.3 Å
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at most). Nonetheless, the trend is also reflected in the minimum RMSD to the inactive
A-loop

B

RMSD (Å)

A

Simulation

Figure 5.3: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the active crystal structure (A; 1m17), and the inactive crystal structure
(B; 2gs7) for the active AMD simulations.

In the AMD results (figure 5.3) the A-loop of the point mutants appears to be able to
maintain conformations much further from the active crystal structure than the WT,
particularly for the L858R mutant. Additionally, the L858R (and one of the G719S
simulations) appears to more readily access A-loop configurations more similar to the
inactive conformation than the WT. The deletion on the other hand appears to be the
least inclined to follow this behaviour, even in comparison to the WT; albeit by a very
small margin (with a difference in medians of approximately 0.6 Å for figure 5.3(A)).
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B

RMSD (Å)

A

Simulation

Figure 5.4: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the active crystal structure (A; 1m17), and the inactive crystal structure
(B; 2gs7) for the active DMDMD simulations.

The A-loop of the L858R also appears, in one simulation, to be able to move
considerably away from the active crystal structure (figure 5.4(A)); however, one of the
WT simulations also appears able to exhibit this behaviour. Additionally, the RMSD
with respect to the inactive crystal structure does not appear to follow any previously
identified trend, with the possible exception of the G719S mutant, which appears to
have a marginally reduced RMSD (figure 5.4(B)).
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B

RMSD (Å)

A

Simulation

Figure 5.5: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the active crystal structure (A; 1m17), and the inactive crystal structure
(B; 2gs7) for the active RDFMD simulations. Note that each box in the diagram
represents the combined data of 30 RDFMD simulations.

In the RDFMD simulations, the A-loop exhibits some of the aforementioned trends,
with the L858R exhibiting greater RMSDs with respect to the active structure (figure
5.5(A)), and lower RMSDs with respect to the inactive structure (as does the G719S; see
figure 5.5(B)).

Taken together, with the active conformation as a starting point, it appears that the
point mutants have a tendency towards higher A-loop RMSDs with respect to the
active crystal structure, and (more tentatively) lower A-loop RMSDs with respect to the
inactive crystal structure, when the mutants are compared to the WT. Nonetheless, this
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difference is often quite small, and possibly not significant in most cases. Additionally,
the analyses do not suggest that the WT is completely incapable of similar behaviour to
the mutants (in figures A,B and D at least one WT simulation has a similar range of
RMSDs in its 1st to 3rd quartiles, in comparison to the point mutants with the most
extreme RMSD values). Nonetheless, the data suggests that the configurations of the Aloop away from the active crystal structure, and closer to the inactive crystal structure
seem to be more accessible for the point mutants; possibly due to the point mutants
transitioning out of the active conformation (this will be discussed in more detail in the
following sections). The role of the deletion mutant, however, appears no clearer from
the analysis of the A-loop RMSDs.

Inactive A-loop RMSDs

RMSD (Å)

5.3.2

Simulation
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Figure 5.6: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the inactive crystal structure (2gs7) for the inactive cMD simulations.

Figure 5.6 shows a much larger spread in median RMSD amongst the simulations (in
comparison to figure 5.1), which is probably due to the mobile nature of the inactive Aloop allowing for a much larger range configurations. Interestingly, the G719S mutant
appears to remain the closest to the inactive crystal structure on average; however, no

RMSD (Å)

other trends amongst the simulations are apparent.

Simulation
Figure 5.7: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the active crystal structure (1m17) for the inactive cMD simulations.
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Figure 5.7 shows that the RMSD of the A-loop of the inactive cMD simulations with
respect to the active crystal structures also has a large RMSD spread amongst the
simulations. It appears that the L858R is the most likely to adopt A-loop conformations
with a lower RMSD with respect to the active conformation; however both the deletion
and the WT have one simulation each which shows a similar spread of RMSDs, so the
lowering of RMSD with respect to the active crystal structure does not seem to be
limited to any one mutant. It is perhaps unsurprising that the G719S mutant, which
exhibited the least difference in RMSD from the inactive crystal structure, also shows
fairly high RMSDs with respect to the active crystal structure (although not remarkably
different from the RMSDs of a number of mutant and WT simulations).

B

RMSD (Å)

A

Simulation

Figure 5.8: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the active crystal structure (A; 1m17), and the inactive crystal structure
(B; 2gs7) for the inactive AMD simulations.
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As with the results from cMD (figure 5.6 and 5.7), the AMD elucidates very little in the
way of trends amongst the mutants, the only exception being one of the deletion
mutants, which appears to be able to sample a very wide range of RMSDs (figure 5.8).
The DMDMD simulations produced even less difference between the simulations
(figure 5.9).

B

RMSD (Å)

A

Simulation
Figure 5.8: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the active crystal structure (A; 1m17), and the inactive crystal structure
(B; 2gs7) for the inactive DMDMD simulations.

The RDFMD simulations (figure 5.9) show a unique trend in RMSD, where an elevated
RMSD dominates in the deletion (the median being approximately 1 Å greater than the
WT for the deletion).
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B

RMSD (Å)

A

Simulation
Figure 5.9: Box and whisker plot showing the RMSD of the A-loop backbone Cα atoms
with respect to the active crystal structure (A; 1m17), and the inactive crystal structure
(B; 2gs7) for the inactive RDFMD simulations. Note that each box in the diagram
represents the combined data of 30 RDFMD simulations.

Overall, the AMD and RDFMD results suggest that the deletion has a tendency
towards accessing configurations with a higher RMSD; however, this tendency is not
clear in the DMDMD or cMD results. There also appears to be a tendency for the WT
simulations to sample a smaller RMSD range than the mutants in the AMD and
DMDMD simulations.

Taken together, it appears that, in the inactive conformation, the A-loop is more liable
to produce conflicting RMSD results; none of the above trends are consistent through
more than two sampling methods. This could be due to the more mobile nature of the
A-loop, as discussed previously, or a lack of repeats.
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Active C-helix RMSDs

RMSD (Å)

5.3.3

Simulation
Figure 5.10: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the active crystal structure (1m17) for the active cMD
simulations.

Figure 5.10 shows the RMSD of the C-helix backbone Cα atoms with respect to the
active crystal structure, the deletion appears to have the most tightly constrained
RMSDs, with the point mutations exhibiting large fluctuations in RMSD, in
comparison to the WT. The same simulations with their RMSD calculated with respect
to the inactive crystal structure (figure 5.11) show almost the opposite, with the point

140

Chapter 5: Conformational dynamics of EGFR
mutants again able to sample RMSDs over a much wider range than the WT, and

RMSD (Å)

critically, much closer to the inactive conformation.

Simulation

Figure 5.11: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the inactive crystal structure (2gs7) for the active cMD
simulations.

The AMD results (figure 5.12) are in general agreement with the cMD results; however,
it appears that for the AMD simulations, the L858R had a greater impact than did the
G719S. Additionally, the WT appears much more mobile in the AMD simulations than
in the cMD simulations.
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Figure 5.12: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the active crystal structure (A; 1m17), and the inactive crystal
structure (B; 2gs7) for the active AMD simulations.

The DMDMD simulations (figure 5.13) show a greater range of sampling by the point
mutations between the 1st and 3rd quartiles; however, this sampling is not necessarily
further from the active crystal structure or closer to the inactive structure, as was
observed for the cMD and AMD simulations. Additionally, the deletion simulations do
not appear to sample closer to the active crystal structure than the point mutants;
however the range of RMSDs sampled by the deletion is reduced in the DMDMD
simulations.
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Figure 5.13: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the active crystal structure (A; 1m17), and the inactive crystal
structure (B; 2gs7) for the active DMDMD simulations.

The RDFMD simulations (figure 5.14) show none of the features identified previously;
the only characteristic consistent with the results from the other sampling methods is
the tendency for the deletion to sample higher RMSDs with respect to the inactive
conformation.

The lack of consistency between the RDFMD results and the other sampling methods
may be due to the large timescales over which C-helix motions occur (unlike motions
of the more mobile A-loop), which would suggest that RDFMD has not been successful
in sufficiently boosting the sampling of the regions we are most interested in.
Nonetheless, it is also possible that the analysis of the RMSD of the RDFMD
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simulations, in being constructed differently to the other sampling methods, is not
conducive to comparison with the other results.

B

RMSD (Å)

A

Simulation

Figure 5.14: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the active crystal structure (A; 1m17), and the inactive crystal
structure (B; 2gs7) for the active RDFMD simulations. Note that each box in the
diagram represents the combined data of 30 RDFMD simulations.

Taken together, the cMD, AMD and DMDMD results show that there is a remarkably
large range of RMSDs accessible to the point mutants, and the deletion mutant appears
to sample only a very narrow RMSD range, albeit further from the active crystal
structure than the WT. The cMD and AMD results suggest the larger range of sampling
of RMSDs for the C-helix in the active point mutants leads to decreased RMSDs with
respect to the inactive crystal structure, suggesting that the C-helix has become more
“inactive-like” in the point mutant simulations, although these findings are not clear in
the DMDMD results.
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The lack of consistency between the RDFMD results and the other sampling methods is
not encouraging, as outlined previously, and further analysis is required to gain an
understanding of how the RDFMD simulations differed from the other sampling
methods.

Inactive C-helix RMSDs

RMSD (Å)

5.3.4

Simulation

Figure 5.15: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the inactive crystal structure (2gs7) for the inactive cMD
simulations.
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The trends of the C-helix in the active conformation simulations disappears in the
inactive simulations, with the point mutations exhibiting low RMSDs in comparison to
the WT and deletion. The deletion mutant C-helix appears to be more mobile in the
inactive conformation (compare figure 5.15 with figure 5.10). The deletion mutant also
appears to sample slightly closer to the active conformation than the other simulations

RMSD (Å)

on average (see figure 5.16), a trend which is not seen in the point mutants.

Simulation

Figure 5.16: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the active crystal structure (1m17) for the inactive cMD
simulations.

In the AMD simulations, the trends with respect to the active crystal structure seen in
the cMD simulations are lost; however, the tendency for the deletion to exhibit higher
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RMSDs with respect to the inactive crystal structure is greatly increased. Additionally,
the G719S appears also appears to access higher RMSDs relative to the inactive
conformation (see figure 5.17).
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Figure 5.17: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the active crystal structure (A; 1m17), and the inactive crystal
structure (B; 2gs7) for the inactive AMD simulations.

As with the AMD simulations (figure 5.17), the DMDMD simulations (figure 5.18) do
not exhibit the RMSD trends of the inactive simulations with respect to the active
crystal structure; however, there appears to be little agreement between DMDMD and
cMD with respect to the inactive crystal structure either (compare figure 5.18(B) with
figure 5.15), although it could be argued that, on average, the point mutations have a
lower RMSD than the deletion, this is not the case for all the simulations.
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Figure 5.18: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the active crystal structure (A; 1m17), and the inactive crystal
structure (B; 2gs7) for the inactive DMDMD simulations.

The RDFMD results appear in agreement with the cMD results, with the deletion
having the lowest RMSD with respect to the active crystal structure, and the highest
RMSD with respect to the inactive crystal structure.
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Figure 5.19: Box and whisker plot showing the RMSD of the C-helix backbone Cα
atoms with respect to the active crystal structure (A; 1m17), and the inactive crystal
structure (B; 2gs7) for the inactive RDFMD simulations. Note that each box in the
diagram represents the combined data of 30 RDFMD simulations.

When all the sampling methods are taken together, it appears that the deletion
promotes higher C-helix RMSDs with respect to the inactive crystal structures, in many
cases concurrently reducing the RMSD of the C-helix with respect to the active crystal
structure. For the AMD and DMDMD simulations, the G719S mutant also had a
greater RMSD on average with respect to the inactive crystal structure; however, this
observation was poorly conserved even between the AMD and DMDMD simulations.

Nonetheless, it appears fairly clear that the deletion has some impact on the C-helix,
and is pulling the C-helix into a more active conformation in the majority of inactive
simulations.
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5.3.5

RMSD summary

In summary, the RMSD analysis, albeit a simple approach, successfully elucidates a
number of interesting features of the sampling of EGFR. Firstly, with regards to the Aloop, the point mutants simulated from the active conformation sample configurations
much further from the active crystal structure than is typical for the WT or deletion, a
trend that is sometimes accompanied (seemingly dependent upon which sampling
method is employed, although this could be due to the lack of repeats) with the
sampling of configurations closer to the inactive crystal structure. Secondly, the active
point mutants exhibit higher RMSDs for the C-helix with respect to the active crystal
structure, once again, possibly sampling closer to the inactive crystal structure. Finally,
the inactive deletion appears to result in elevated RMSDs with respect to the inactive
structure relative to the other inactive simulations.

Overall, this hints at the point mutations destabilising the active conformation, a
possibility that has been raised previously by Wan et al. (2011)[65] The other finding,
which fits more easily into the orthodox, is that the deletion appears to destabilise the
inactive conformation of the C-helix. These two points will gain further examination in
the following sections.

Another interesting feature of the RMSD analyses is the ability to observe differences
in sampling between the sampling methods. It is particularly interesting that, where a
trend is identified, it is usually identifiable in the AMD and DMDMD simulations, with
the AMD usually being the most distinct. In this respect, RDFMD performed relatively
poorly, and in one instance produced very contradictory results to the other methods
(compare figure 14 to figures 10, 11, 13, and 13).
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It is unclear to what extent the inconsistency and insensitivity of the RDFMD results is
due to the short time scales employed, the sampling method itself or the handling of
data. Further discussion on this will appear through the more advanced analyses of
later sections.

5.3.6

RMSF results

RMSFs were calculated for the backbone α carbons over the course of the entire
trajectory for all simulations. To investigate the impact of mutations on the RMSF
profile of EGFR kinase, the WT RMSF profile and the difference between each mutant
and the WT RMSF profile was calculated. Additionally, to quantify the significance of
the calculated difference in RMSF values between the WT and each mutant, an
unpaired t-test was performed.
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5.3.7

Active RMSFs

C-helix
P-loop

RMSF (Å)

A-loop

Residue
Figure 5.20: Average RMSF of the α-carbons of the backbone for the WT active cMD
simulations, with the standard error shown as red error bars.

For the cMD simulations, the active WT RMSF profile is shown in figure 5.20.
Compared to the rest of the protein, the C-helix, P-loop and A-loop (also the loop
downstream of the P-loop and upstream of the C-helix) have very high RMSF values,
with the error bars greatest for the C-helix and A-loop, suggesting these structures
differ more substantially between repeats.
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C-helix
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P-loop
A-loop

Residue
Figure 5.21: Average RMSF of the α-carbons of the backbone for the WT active AMD
simulations, with the standard error shown as red error bars.

The AMD simulations show a similar RMSF profile (figure 5.21), but with much greater
error in the region of the C-helix; this could be due to greater variation between
repeats; however, there were only 2 AMD simulations for starting configuration of
each system, compared to 4 for the cMD, and so the increase in error likely derives
greatly from the lack of repeats.
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Figure 5.22: Average RMSF of the α-carbons of the backbone for the WT active
DMDMD simulations, with the standard error shown as red error bars.

The DMDMD simulations of the active WT (figure 5.22) produce a similar profile as
before, with the exception of a greater increase in the magnitude of the errors for the Chelix and A-loop. Since this increase in the errors not only occurs with respect to the
cMD simulations, but the AMD simulations (which also had only 2 simulations per
starting conformation), it indicates a greater degree of variation between the repeats, in
comparison to the AMD simulations.
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Figure 5.23: Average RMSF of the α-carbons of the backbone for the WT active RDFMD
simulations, with the standard error shown as red error bars.

The RDFMD simulations show a slightly different pattern (figure 5.23) than before,
with the peaks having generally a much lower magnitude than previously, presumably
due to the short time scales of the RDFMD simulations, as highlighted in the discussion
on the RDFMD RMSDs. There is also a reduction in standard error due to the large
number of repeats employed for the RDFMD simulations.

Overall, the sampling methods all produce similar RMSF profiles, qualitatively, it
appears that the sampling methods are all sampling similarly; however, from the
RMSD results it is already apparent this is not entirely the case, and so the results
should be considered with caution. Interestingly the RDFMD results, which were the
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most inconsistent in terms of RMSDs with respect to the other sampling methods, also
appear the least consistent in this RMSF analysis. However, as discussed above, this
may be simply due to the short time-scales employed in this instance.
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Figure 5.24: Difference in average RMSF of the α-carbons of the backbone between the
deletion and WT active cMD (A), AMD (B), and DMDMD (C) simulations. Statistically
significant differences (p < 0.05) are highlighted in yellow.
P-loop
C-helix

RMSF (Å)

A-loop

Residue

Figure 5.25: Difference in average RMSF of the α-carbons of the backbone between the
deletion and WT RDFMD simulations. Statistically significant differences (p < 0.05) are
highlighted in yellow.

The difference between the RMSF of the deletion mutant and the RMSF of the WT
deletion mutant is shown for each sampling method in figures 5.24 and 5.25. Very little
of the profile is conserved between sampling methods, with the only real exception
being the region of the C-helix just following the deletion, which is shown to be
considerably less mobile for all sampling methods (though not statistically significantly
for the RDFMD simulations). This observation correlates well with the previous
observation of the deletion reducing the range of RMSDs accessible to the deletion
mutant’s C-helix, relative to the WT.
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Figure 5.26: Difference in average RMSF of the α-carbons of the backbone between the
L858R and WT active cMD (A), AMD (B), and DMDMD (C) simulations. Statistically

RMSF (Å)

significant differences (p < 0.05) are highlighted in yellow.
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Figure 5.27: Difference in average RMSF of the α-carbons of the backbone between the
L858R and WT RDFMD simulations. Statistically significant differences (p < 0.05) are
highlighted in yellow.

The active conformation of the L858R mutant has increased RMSFs for the C-helix
across the cMD, AMD and DMDMD simulations and an increased A-loop RMSF for all
the enhanced sampling methods (figure 5.26 and 5.27),. Unlike the RMSF profile for the
deletion, the profile for the L858R shows a much higher level of significance
throughout. This observation correlates well with the RMSD results, which also
showed the L858R to increase C-helix and A-loop RMSDs in a number of simulations.
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Figure 5.28: Difference in average RMSF of the α-carbons of the backbone between the
G719S and WT active cMD (A), AMD (B), and DMDMD (C) simulations. Statistically
significant differences (p < 0.05) are highlighted in yellow.

A-loop
C-helix

RMSF (Å)

P-loop

Residue
Figure 5.29: Difference in average RMSF of the α-carbons of the backbone between the
G719S and WT RDFMD simulations. Statistically significant differences (p < 0.05) are
highlighted in yellow.

For the G719S, there is very little in the way of significant differences from the WT that
are conserved through the different sampling methods (figure 5.28 and 5.29). There is a
tendency for a peak to exist at the A-loop and C-helix; however, these peaks are not
always statistically significant, particularly in the case of the C-helix. Nonetheless, this
would correspond with the RMSD results which seem to suggest a similar role for
G719S to the L858R mutant, and that the impact of the G719S was not as great as the
L858R.

Taken together, the RMSF profiles of the active conformation mutants in comparison to
the WT appear to show a similar picture to the RMSD analysis: the deletion appears to
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reduce the mobility of the C-helix, while the point mutants appear to increase it, as
well as increasing A-loop fluctuations.

5.3.8

Inactive RMSFs
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P-loop

Residue

Figure 5.30: Average RMSF of the α-carbons of the backbone for the WT inactive cMD
simulations, with the standard error shown as red error bars.

As per the active simulations (figure 5.20), the inactive simulations (figure 5.30) have
prominent peaks for the P-loop, C-helix and A-loop structures.
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Figure 5.31: Average RMSF of the α-carbons of the backbone for the WT inactive AMD
simulations, with the standard error shown as red error bars.

The RMSF profile for the WT in the AMD simulations (figure 5.31) has a similar
arrangement of peaks, particularly for the A-loop, C-helix and P-loop; however the
RMSF of the P-loop appears to vary considerably between the AMD repeats.
Additionally, the peaks are somewhat higher compared to the cMD simulations,
possibly indicating that more conformational space has been sampled.
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Figure 5.32: Average RMSF of the α-carbons of the backbone for the WT inactive
DMDMD simulations, with the standard error shown as red error bars.

The DMDMD simulations (figure 5.32) show a slightly different WT RMSF profile to
the other sampling methods, with a higher peak for the A-loop, and lower peaks for
the P-loop and C-helix.
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Figure 5.33: Average RMSF of the α-carbons of the backbone for the WT inactive
RDFMD simulations, with the standard error shown as red error bars.

The RDFMD simulations (figure 5.33) show a similar inactive WT RMSF profile to the
cMD simulations, with the exception of the loop downstream of the P-loop and
upstream of the C-helix, which appears to have a higher RMSF. The magnitudes of the
RMSFs for the RDFMD simulations appear to be much lower than the other sampling
methods.

As with the active simulations, all of the sampling methods appear to show peaks
where expected for the A-loop, C-helix, and P-loop, and while the magnitude of the
RMSF for these peaks is not always consistent between the methods, it seems that the
sampling is being performed by the same regions for each sampling method; however,
as discussed previously, the RMSDs show the sampling can be very different between
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sampling methods, and so it is not necessarily the case that the simulations are
sampling similar configuration space.

There is a consistent trend for the deletion to increase the RMSF of the A-loop with
respect to the WT (figure 5.34), with this change being statistically significant for at
least one point on the peak. There is also a significant increase in C-helix RMSFs for the
AMD and DMDMD simulations, which appears to be accompanied by an RMSF
increase across much of the N-lobe.
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Figure 5.34: Difference in average RMSF of the α-carbons of the backbone between the
deletion and WT inactive cMD (A), AMD (B), and DMDMD (C) simulations.
Statistically significant differences (p < 0.05) are highlighted in yellow.
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Figure 5.35: Difference in average RMSF of the α-carbons of the backbone between the
inactive deletion and WT RDFMD simulations. Statistically significant differences (p <
0.05) are highlighted in yellow.
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Figure 5.36: Difference in average RMSF of the α-carbons of the backbone between the
L858R and WT inactive cMD (A), AMD (B), and DMDMD (C) simulations. Statistically
significant differences (p < 0.05) are highlighted in yellow.
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Figure 5.37: Difference in average RMSF of the α-carbons of the backbone between the
inactive L858R and WT RDFMD simulations. Statistically significant differences (p <
0.05) are highlighted in yellow.

With the exception of the DMDMD simulations, there appears to be a tendency for the
L858R to reduce RMSF in the region of the C-helix (figures 5.36 and 5.37). Interestingly,
most of the sampling methods show an RMSF peak at the beginning of the A-loop
(where the L858R is situated); however this is only statistically significant in the AMD
and DMDMD simulations. Additionally, the magnitude of the peaks is generally quite
small, suggesting that for the most part, the L858R does not have a very significant
impact upon RMSFs in comparison to the WT.
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Figure 5.38: Difference in average RMSF of the α-carbons of the backbone between the
G719S and WT inactive cMD (A), AMD (B), and DMDMD (C) simulations. Statistically
significant differences (p < 0.05) are highlighted in yellow.
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Figure 5.39: Difference in average RMSF of the α-carbons of the backbone between the
inactive G719S and WT RDFMD simulations. Statistically significant differences (p <
0.05) are highlighted in yellow.

The G719S (figures 5.38 and 5.39) has a statistically significant increase to C-helix
RMSD in comparison to the WT for all sampling methods except cMD (which exhibited
a reduced RMSF, and was not statistically significant).There is also a tendency for an
increase to the P-loop RMSF; however this was only statistically significant in the
DMDMD simulations, and the opposite was observed for the RDFMD simulations. A
statistically significant increase was also observed for the A-loop in the enhanced
sampling methods; however, a significant reduction was seen in the cMD simulations,
and the RDFMD simulations show a significant reduction in RMSFs for the first half of
the A-loop (with the latter residues being significantly higher) with respect to the WT

The RMSF results for the inactive simulations show a picture complementary to the
RMSD results: with the deletion increasing C-helix RMSFs in the AMD and DMDMD
simulations. Similar results for the G719S helps corroborate the finding that some
G719S simulations appeared to exhibit higher C-helix RMSDs (see section 5.3). The
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relatively low L858R RMSFs also corroborate with the tendency for lower C-helix
RMSDs for that mutant.

5.3.9

RMSF summary

Overall, the RMSF results corroborate well with the RMSD analysis, and help to
highlight how the mutants impact the sampling of EGFR kinase. As with the RMSD
analysis, some differences become apparent when comparing between sampling
methods; however exploration into how the sampling differs between sampling
methods will require more advanced analysis, as discussed in the later sections of this
chapter.

5.4

Secondary structure analysis

The secondary structure of proteins is critical to their function; indeed discussion of
EGFR in the present study has been made mostly in terms of the sampling of the Aloop and C-helix. An understanding of how these structures evolve over time has been
shown to be important in a number of studies [5], [43], [62], and here the secondary
structure assignment algorithm STRIDE[96] has been applied to the cMD, AMD, and
DMDMD trajectories. As with the RMSDs, the RDFMD simulations have been
excluded for expediency.

Each trajectory was used as input for version 1.9.1 of the VMD program[125], which
utilises the STRIDE algorithm in the secondary structure prediction function of the
timeline plugin (a default plugin included with VMD version 1.9.1).
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Secondary structure analysis of EGFR kinase is only performed in one report of
simulations on EGFR kinase in the literature. The report, by Shan et al. (2012)[43],
limited this analysis to the C-helix, which they predicted to lapse into disorder in the
active WT, and be stabilised by the activating mutants. In the present study, a
secondary structure analysis was performed on the A-loop and C-helix of both the
active and inactive conformations.

5.4.1

Active conformation structure

The results of the secondary structure analysis on the active C-helix of the cMD
simulations is shown in figure 5.40. There are significant fluctuations in the L858R
simulations, such that differentiation of the WT from the L858R is very difficult. Only
the C-helix of the deletion appears to be significantly stabilised compared to the WT. A
similar picture emerges from the AMD simulations (see figure 5.41); however, the
DMDMD simulations appear to be in closer agreement with Shan et al. (2012)[43] in the
degree of disorder (see figure 5.42).
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Figure 5.40: STRIDE secondary structure analysis of the C-helix over the course of the
active cMD trajectories. Purple indicates the presence of a helix, blue represents a turn,
and pale blue an isolated bridge structure.
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Figure 5.41: STRIDE secondary structure analysis of the C-helix over the course of the
active AMD trajectories. Purple indicates the presence of a helix, blue represents a turn,
and pale blue an isolated bridge structure.

In the active DMDMD simulations there appears to be a considerable level of disorder
in the WT C-helix, with the mutants exhibiting more stability. It may be that the
increased propensity for DMDMD to sample conformations away from local minima
leads to an increased sampling of disordered conformations, and it is encouraging that
the WT appears to have the most readily perturbed C-helix; however, the DMDMD
results (see figure 5.42) only show significant disorder in one of the two simulations,
and do not help explain the observations from the other sampling methods.
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Figure 5.42: STRIDE secondary structure analysis of the C-helix over the course of the
active DMDMD trajectories. Purple indicates the presence of a helix, blue represents a
turn, and pale blue an isolated bridge structure.

Analysis of the A-loop over the course of the cMD (see figure 5.43) and DMDMD (see
appendix 1) simulations found little change in the secondary structure over time;
however, the AMD simulations show a significant change in the A-loop of the L858R
mutant (see figure 5.44).
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Figure 5.43: STRIDE secondary structure analysis of the A-loop over the course of the
active cMD trajectories. Purple indicates the presence of a helix, blue represents a turn,
and pale blue an isolated bridge structure.
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Figure 5.44: STRIDE secondary structure analysis of the A-loop over the course of the
active AMD trajectories. Purple indicates the presence of a helix, blue represents a turn,
and pale blue an isolated bridge structure.

5.4.2

Inactive conformation structure

The secondary structure of the inactive C-helix is fairly noisy, however it appears that
the L858R has a mild stabilising effect on the C-helix, and the deletion seems to have
the opposite effect. In general the G719S has a similar C-helix structure to the WT,
although one of the WT simulations exhibits considerable reorganisation of the C-helix
(see figure 5.45). As might be expected from increasing the sampling using AMD,
instabilities of the inactive A-loop helix occur more frequently. This is especially true
for the deletion mutant and G719S, whereas the WT and L858R mutants appear as
stable in this region as in the cMD (see figure 5.46), moreover, these observations are
consistent with the DMDMD results (see figure 5.47).
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Figure 5.45: STRIDE secondary structure analysis of the C-helix over the course of the
inactive cMD trajectories. Purple indicates the presence of a helix, blue represents a
turn, and pale blue an isolated bridge structure.
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Figure 5.46: STRIDE secondary structure analysis of the C-helix over the course of the
inactive AMD trajectories. Purple indicates the presence of a helix, blue represents a
turn, and pale blue an isolated bridge structure.

182

Deletion

G719S

L858R

WT

Chapter 5: Conformational dynamics of EGFR

0

Snapshot number

2900

Figure 5.47: STRIDE secondary structure analysis of the C-helix over the course of the
inactive DMDMD trajectories. Purple indicates the presence of a helix, blue represents
a turn, and pale blue an isolated bridge structure.

To investigate the impact of the mutational status of EGFR on the A-loop helix, a
STRIDE secondary structure analysis was performed on the region for all simulations.
The results (see figure 5.48) show that all the deletion simulations have at least some
destabilisation of the helix (though in the case of the cMD simulations this
destabilisation only leads to unwinding in the above example). Interestingly, this
destabilisation is not consistent throughout the mutant trajectories, suggesting that the
mutants do not necessarily induce activation by destabilising the A-loop helix. Even
more curious is the effect of the L858R to apparently incorporate more residues into the
A-loop helix, and the fact that both the L858R and G719S appear to have a more stable
A-loop helix than the WT.
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Figure 5.48: STRIDE secondary structure analysis of the A-loop helix over the course of
the inactive cMD trajectories. Purple indicates the presence of a helix, blue represents a
turn, and pale blue an isolated bridge structure.
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Figure 5.49: STRIDE secondary structure analysis of the A-loop helix over the course of
the inactive AMD trajectories. Purple indicates the presence of a helix, blue represents
a turn, and pale blue an isolated bridge structure.
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Figure 5.50: STRIDE secondary structure analysis of the A-loop helix over the course of
the inactive DMDMD trajectories. Purple indicates the presence of a helix, blue
represents a turn, and pale blue an isolated bridge structure.

The increased stability of the A-loop helix for the L858R is surprising, since theories to
date have mostly rationalised the L858R as destabilising the inactive A-loop helix. It
may be that this is not the case, but that the energy barriers for forming the inactive Aloop helix in the L858R mutant from the active conformation are prohibitively high:
The TMD study by Papakyriakou et al. (2009) demonstrated that even using a 2 kcal
mol-1 Å-2 force constant, it was not possible to force the active A-loop into an inactive
conformation[62].
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5.5
5.5.1

Dimensionality reduction
PCA results

As described previously (see section 3.7.3), principal components analysis (PCA) is a
useful tool for reducing the dimensionality of a dataset based on the covariance of data.
In the present study, these aspects of PCA are doubly useful: the reduction in
dimensionality makes rationalising the results simpler and the grouping of structures
by similarity aids in the identification of the differential sampling between the mutants
and WT, as we shall see later.

Supertrajectories were constructed by concatenating all trajectories of the same
sampling method; additionally, the atoms of the deletion region were removed from
the non-deletion snapshots to ensure that the number of α-carbon atoms included from
each simulation was consistent. These trajectories were aligned by RMSD fitting of
backbone α-carbon positions to those of the first frame of the supertrajectory (which
corresponded to the deletion model) using the ptraj program from the AMBER tools
software suite[114]. Since the main purpose of the analysis was to identify backbone
motions, only the backbone α-Carbons were kept for the PCA.

PCA was carried out using the bio3D module[137] (an extension to the R
program[138]). It is important to note that only the first two principal components
were analysed in detail, since initial investigation suggested that these would be the
most useful in categorising the different sampling that occurs between the mutant
simulations, with higher ranking PCs showing little ability to differentiate between the
sampling of different mutations. Nonetheless, as the first two PCs account for between
40.7-68% of the variance in the datasets, this does represent a considerable
approximation.
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As can be seen from figure 5.51 the first principal component (PC) differentiates
between the active and inactive trajectories. Indeed, the first PC corresponds roughly to
the difference between the active and inactive conformations (see figure 5.52a), a trend
that is consistent regardless of the sampling method used in the present study.
Considering the large difference between the inactive and active conformations, this is
unsurprising, and has been seen a previous study on EGFR[65]. PC2 appears to
correlate with a torsional motion accompanied by some closure of the N-lobe
(particularly the P-loop) against the C-lobe (see figure 5.52b).

Figure 5.51: Snapshots from all cMD simulations projected onto PC1 and PC2 of the
supertrajectory PCA with the mutant status of the snapshots differentiated by colour.
Where two or more snapshots with different mutant status occupy the same PC1/2
space the colours are merged additively (see legend), with the exception of the WT,
which is represented in black encased in a dark grey outline. The final frames of the
active L858R model 3 simulation are circled.
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Interestingly, the active deletion mutation appears highly stabilised with barely any
sampling across the first two PCs, compared to the other mutants and WT (see figure
5.51), a feature which is present in all the sampling methods (see figures 5.53 5.54)
except RDFMD (where the active G719S appeared to sample less; see figure 5.58).
Conversely, the deletion appears to be the most capable mutant at sampling PC1 in the
inactive conformation. Thus, when limiting discussion to the sampling across PC1, the
deletion appears to conform entirely to the notion of activating mutants stabilising the
active conformation, and destabilising the inactive conformation.

Figure 5.52: Representations of the backbone atomic displacements captured in PC1 (A)
and PC2 (B) of the cMD supertrajectory. In (B), the protein has been rotated
approximately 90 degrees along the horizontal axis of the page, relative to (A), in order
to better show the torsional motion.

While the remaining simulations are each able to sample different PC1/PC2 space, it is
difficult to draw any convincing conclusions from this PCA data alone. Nonetheless,
on closer inspection, some of these differences are correlated with seemingly relevant
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conformations. The most prominent difference is perhaps the exceptional sampling of
the active L858R mutant compared to the other simulations, particularly where the PC
score becomes close to that of the inactive trajectories (see figure 5.51, circled), which
will be discussed later. Again, the greater propensity for the active L858R mutant to
sample PC1 and PC2 is an observation that is consistent across the sampling methods,
with the exception of RDFMD (see figures 5.54, 5.56, and 5.58).

Applying PCA to the AMD supertrajectory, it was found that PC1 is consistent with
the cMD simulations, but that PC2 corresponds to an opening/closing of the N-lobe
(see figure 5.53). On closer inspection, it seems that this opening/closing is also a
feature of the cMD simulations, but is incorporated into PC1 (see figure 5.52a)
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Figure 5.53: Representations of the backbone atomic displacements captured in PC1 (A)
and PC2 (B) of the AMD supertrajectory. The P-loop is indicated by a black arrow, the
C-helix by a green arrowhead, and the A-loop is circled in black.
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Figure 5.54: Snapshots from all AMD simulations projected onto PC1 and PC2 of the
supertrajectory PCA with the mutant status of the snapshots differentiated by colour.
Where two or more snapshots with different mutant status occupy the same PC1/2
space the colours are merged additively (see legend), with the exception of the WT,
which is represented in black encased with a black outline. A cluster unique to one of
the L858R models is circled (A).

Given that closing of the N-lobe (sampling on PC2) does not necessarily lead to better
sampling along the first PC (and thus presumably less progress along the activeinactive transition) in the AMD simulations (see figure 5.54), it may be possible that the
propensity of the L858R mutant to exhibit closing of the N-lobe may represent a “deadend” (cluster A, figure 5.54), from which sampling to the inactive conformation is
impossible, but return to the active conformation is possible. Nonetheless, given the
short simulation times, it is impossible to rule out the possibility of an active-inactive
transition occurring from this cluster.
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The AMD supertrajectory PCA appears to have sampled the most out of the enhanced
sampling methods, based on the diffuse distribution of the of the snapshots and a mild
overlap in the sampling of the active and inactive trajectories along PC1 (see figure
5.54). By the same criteria, the other enhanced sampling methods appear to have
performed worse (see figures 5.56 and 5.58).

The DMDMD supertrajectory has a similar PC1 to the AMD and cMD trajectories,
however PC2 correlates to a motion in the C-terminal (see figure 5.55B), where the
L858R appears to have sampled more extensively (see figure 5.56).
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Figure 5.56: Representations of the backbone atomic displacements captured in PC1 (A)
and PC2 (B) of the DMDMD supertrajectory. The P-loop is indicated by a black arrow,
the C-helix by a green arrowhead, and the A-loop is circled in black.
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Figure 5.56: Snapshots from all DMDMD simulations projected onto PC1 and PC2 of
the supertrajectory PCA with the mutant status of the snapshots differentiated by
colour. Where two or more snapshots with different mutant status occupy the same
PC1/2 space the colours are merged additively (see legend), with the exception of the
WT, which is represented in black encased with a black outline.
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Figure 5.57: Representations of the backbone atomic displacements captured in PC1 (A)
and PC2 (B) of the RDFMD supertrajectory. The P-loop is indicated by a black arrow,
the C-helix by a green arrowhead, and the A-loop is circled in black.

The RDFMD supertrajectory appears to sample the least PC1 space out of the enhanced
sampling methods (see figure 5.58), as discussed above, the RDFMD also has different
sampling patterns for the mutants, with the deletion sampling more in the active
conformation when compared to the WT, than in the other sampling methods.
Additionally, the sampling of the L858R mutant (particularly when comparing with
the active conformation) appears less pronounced than AMD, despite the similarities in
the motions captured by PC1 and PC2 (see figure 5.53 5.57). The markedly different
sampling of PC2 in the RDFMD simulations (with the deletion mutant dominating,
rather than the L858R mutant) may be due to the shorter timescales employed in the
RDFMD simulations (400 ps per simulation): the shorter time scales appear to have led
to a reduced proportion of variance captured by the higher ranking PCs (see appendix
3), thus it seems reasonable that the difference between the starting configurations of
the deletion and the other simulations (since, in the deletion, residues surrounding the
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deletion region effectively had to be pulled together) may be captured by lower
ranking PCs than in the other sampling methods. This appears to be the case from
visualisation of representations of the PCs, but translates poorly into a static image (see
figure 5.57).
Inactive

PC2

Active

PC1

Figure 5.58: Snapshots from all RDFMD simulations projected onto PC1 and PC2 of the
supertrajectory PCA with the mutant status of the snapshots differentiated by colour.
Where two or more snapshots with different mutant status occupy the same PC1/2
space the colours are merged additively (see legend), with the exception of the WT,
which is represented in black encased with a black outline.

To probe the different sampling of the deletion mutant along the second PC of the
RDFMD simulations in more detail, the Pearson’s correlation between PC1 and PC2
with inter-residue distances was calculated. This is achieved by calculating the
Pearson’s correlation coefficient between the inter-residue α-carbon distances and the
PC in question. A Pearson’s R value of -1 or 1 corresponds to a perfect correlation or
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anti-correlation, respectively, between the interatomic distance and the PC or DC; a
Pearson’s R value of 0 corresponds to the lack of a correlation.
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Figure 5.59: Pearson’s correlation coefficient of the correlation between inter-residue αcarbon distances and both PC1 and PC2 of the RDFMD simulation. Correlations
between PC2 and the distance between the deletion region and the rest of the N-lobe
are circled.

If the different sampling of the deletion on PC2 was due the differences between the
starting structures, this may show up as a correlation between PC2 and the distance
196

Chapter 5: Conformational dynamics of EGFR
between the deletion region and the rest of the N-lobe, which appears to be the case
(see figure 5.59); however, the correlation in this region is mostly obscured by the other
motions in the protein that have been incorporated into this PC.

Another feature of the PCA is the difference in the proportion of variance accounted
for by each PC. The proportion of variance accounted for by PC1 tends to correlate
loosely with how close the active and inactive trajectories sample on the first PC1. For
example, PC1 of the AMD supertrajectory PCA accounts for 29.3% of the variance in
the dataset, and there is a slight overlap between the sampling of the active and
inactive trajectories on PC1; whereas the first PC of the RDFMD trajectory accounts for
61.5% of the variance of the dataset and has a large gap between the sampling of the
active and inactive trajectories. Reductions in the proportion of variance captured by
PC1 suggest that other motions are being more extensively sampled (although this
does include motions corresponding to noise). The fact that the enhanced sampling
methods (with the exception of RDFMD) incorporate a larger proportion of variance in
their other PCs suggests that at least some of this extra sampling is occurring in
important motions rather than noise, which is expected to occupy the smaller PCs with
the smaller eigenvalue (compare figures 5.60, 5.61, 5.62, and 5.63).
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Figure 5.60: Scree plot of the proportion of variance accounted for by each principal
component of the cMD supertrajectory
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Figure 5.61: Scree plot of the proportion of variance accounted for by each principal
component of the AMD supertrajectory
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Figure 5.62: Scree plot of the proportion of variance accounted for by each principal
component of the DMDMD supertrajectory
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Figure 5.63: Scree plot of the proportion of variance accounted for by each principal
component of the RDFMD supertrajectory

To attempt to gain a clearer picture of the sampling of the each conformation of the
EGFR kinase monomer, an additional set of supertrajectories were produced for PCA.
The new supertrajectories were comprised of all the simulations for a particular mutant
in a particular conformation (see appendix 3). For example, one such supertrajectory
consisted of all simulations (cMD, AMD, DMDMD, RDFMD) of the active L858R
monomer (see appendix 3.1). The benefits of these supertrajectories are twofold: Firstly,
it becomes possible to examine the general dynamics of a mutant without the biasing
effect of the inactive structures on the first PC, secondly it allows us to examine the
extent to which using different sampling methods leads to different conformations, a
point that will be discussed later.
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Figure 5.64: Representations of the backbone atomic displacements captured in PC1 of
the active simulations of the L858R mutant (A), G719S mutant (B), and WT (C). The Ploop is indicated by a black arrow, the C-helix by a green arrowhead, and the A-loop is
circled in black.

Figure 5. 65: Representations of the backbone atomic displacements captured in PC1 of
the active simulations of the Deletion mutant. The P-loop is indicated by a black arrow,
the C-helix by a green arrowhead, and the A-loop is circled in black.
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Interestingly the first PC of the active trajectories captures not only the motion of the Chelix to the inactive “out” conformation, but the rotation of the entire N-lobe such that
the P-loop closes on the A-loop (see figure 5.64). This finding is consistent across all the
active trajectories except the deletion (the C-helix movement does not occur; see figure
5.65). The closing motion is most pronounced in the L858R, with the G719S being

N-lobe

somewhat less pronounced, and less still in the WT.

Figure 5.66: Representations of the backbone atomic displacements captured in PC1 of
the supertrajectory for the inactive conformation of the Deletion (A), L858R (B), and
G719S (C) mutants. The P-loop is indicated by a black arrow, the C-helix by a green
arrowhead, and the A-loop is circled in black.

The PCAs of each supertrajectory of the inactive systems (again, each including all
sampling methods) reveal a similar motion in the first PC, that resembles the
opening/closing of the N-lobe coupled with rotation of the C-helix (see figure 5.66), as
in the active trajectories (see figure 5.64). In the inactive trajectories, the motion of the
C-helix is far less pronounced than in the active trajectories, while the flexibility of the
rest of the N-lobe for the deletion is comparable to that of the active L858R mutant
(compare figure 5.66 with figure 5.64). However, more of the variance in the first PC is
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due to motions of the A-loop (see figure 5.66, which differ for all the systems, and are
not consistent among different simulations of the same system), due to the high

N-lobe

mobility of the inactive A-loop.

Figure 5.67: Representations of the backbone atomic displacements captured in PC1 for
the inactive WT supertrajectory. The P-loop is indicated by a black arrow, the C-helix
by a green arrowhead, and the A-loop is circled in black.

Figure 5.66 shows the motion of the N-lobe, which is particularly prominent in the
region of the P-loop. The coupling of this motion to the C-helix does not appear to be
on the same scale as was observed for the active trajectories (see figure 5.64), but Chelix conformations closer to the “in” state do appear to be correlated with a more
open N-lobe (see figure 5.66).
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5.5.2

Diffusion map results

Diffusion maps were prepared using the same supertrajectories as the PCA, which
were used as input for the Locally Scaled Diffusion Map software[101]. The diffusion
map results are similar to the PCA results, separating the dataset into active and
inactive trajectories along the first diffusion coordinate (DC). The second diffusion
coordinate also appears to correspond to the same motions as captured by the second
PC of the PCA (compare figure 5.68 with figure 5.51). These similarities were further
investigated by quantifying the correlation between the inter-residue distances and the
DCs.

Inactive

DC2

Active

DC1
Figure 5.68: cMD supertrajectory projected onto the first two DCs of the diffusion map
analysis, each mutant and WT is represented by a different colour (see legend).
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Figure 5.69 shows a strong correlation between DC1 and the A-loop and C-helix; when
taken together with the separation of the active and inactive trajectories on the first DC,
it seems likely this DC is due to differences between the active and inactive
conformations, similarly to PC1 of the PCA. Another prominent feature is the high
correlation between DC1 and the distance between the N-lobe and C-lobe, which may
correspond to the opening/closing motion also found in the first PC of the PCA (see
figure 5.52). DC2 shows little correlation with inter-residue distances except for at the
C-terminal, which seems likely to be due to the relatively mobile C-terminal region.
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Figure 5.69: Pearson’s correlation coefficient of the correlation between inter-residue αcarbon distances and both DC1 and DC2 of the cMD simulation.
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The AMD supertrajectory diffusion map (see figure 5.70) is interesting in that it plots
the active trajectories much closer to the inactive trajectories, additionally, it was found
that one cluster in the PCA (cluster A, see figure 5.54) disappears in the diffusion map.
The identification of this cluster in the diffusion map was performed by crossreferencing the supertrajectory frames (since the supertrajectory used in the diffusion
map analysis and PCA were the same).

Figure 5.70: AMD supertrajectory projected onto the first two DCs of the diffusion map
analysis, each mutant and WT is represented by a different colour (see legend). Cluster
A from figure 5.54 consists of the blue markers (L858R snapshots) circled in grey, with
a sub cluster (B) circled in black.

To investigate this further, additional Pearson’s correlation coefficient plots were
produced for PC1 and PC2 to determine whether the DCs correspond to the same
motions as the PCs (see figure 5.71). Although there are some differences between each
PC and the corresponding DC (which is perhaps unsurprising considering the different
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way the analyses are performed), the DC correlation patterns are very similar to the PC
ones.
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Figure 5.71: Pearson’s Correlation coefficient of the correlation between inter-residue
α-carbon distances and both PC1 and DC1 (A), as well as PC2 and DC2 (B) of the AMD
supertrajectory.

Since the PCs and DCs investigated here appear to correspond well with each other,
the fact cluster A disappears in the diffusion map analysis is probably not due to the
diffusion coordinates corresponding to different motions. It is therefore likely that
cluster A, though significantly different from the other L858R conformations (as
evidenced by the distance between cluster A and the other conformations on the PCA;
see figure 5.54), it is readily accessible from the other L858R conformations. The fact
that cluster A appears closer to the inactive conformations on the diffusion map would
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also seem to suggest that rather than representing a possible “dead-end” (see section
5.5.1), cluster A may represent a possible transition pathway.

A sub-cluster of cluster A exists that is further from the inactive structures than the rest
of cluster A (cluster B, figure 5.70), however sampling between cluster B and the rest of
cluster A happens over such a short time scale, it is unlikely to be a significant
impediment to transitioning between the active and inactive conformations (see figure
5.72). Additionally, the relatively low number of snapshots in and around cluster B
means that the error associated with that cluster will be relatively high (Wenwei
Zheng, private communication, Rice University, 2012).

Figure 5.72: Sampling of a portion of model 2 of the active L858R mutation simulation
on DC2, showing the short time-scale sampling between cluster B (circled) and the
other regions of DC2 space.

The DMDMD trajectory diffusion map again appears similar to the PCA, with the
L858R sampling extensively along DC2 (see figure 5.73) as it does along PC2 of the
209

Chapter 5: Conformational dynamics of EGFR
PCA (see figure 5.56). Indeed, DC2 appears to correlate with the C-terminal (see figure
5.74), just as PC2 appears to correspond to C-terminal motions (see figure 5.55).

The extensive sampling of DC2 by the L858R, however, only appears to be a feature of
the inactive L858R simulations, despite the PCA showing this extensive sampling for
all the L858R simulations. This suggests that while considerable motions in the Cterminal do occur, the conformations produced by these motions more readily
interconvert in the active trajectories. Unfortunately, it is not clear why this should be
the case.

DC2

Inactive

Active

DC1
Figure 5.73: DMDMD supertrajectory projected onto the first two DCs of the diffusion
map analysis, each mutant and WT is represented by a different colour (see legend).
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Figure 5.74: Pearson’s correlation coefficient of the correlation between inter-residue αcarbon distances and both DC1 and DC2 of the DMDMD simulation.

Similarly to the PCA (see figure 5.58), the diffusion map of the RDFMD simulations
shows the deletion sampling more DC2 space, and this DC is strongly correlated with
motion in the N-lobe (see figure 5.76). The pattern of correlation between DC2 and
inter-residue distances (see figure 5.76) is very similar to that of PC2 (see figure 5.59),
which suggests that DC2 and PC2 correspond to the same motion: an opening and
closing of the N-lobe (see figure 5.57).
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Figure 5.75: RDFMD supertrajectory projected onto the first two DCs of the diffusion
map analysis, each mutant and WT is represented by a different colour (see legend).
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Figure 5.76: Pearson’s correlation coefficient of the correlation between inter-residue αcarbon distances and both DC1 and DC2 of the RDFMD simulation.

5.6

Visualisation and other analyses

The volume of data produced is not conducive to analysis by visualisation alone;
however, the analyses above provide useful insights into which trajectory frames may
be particularly important in gaining atomistic insight into the dynamics of the EGFR
kinase. This section will deal with visualisation and other analyses that were guided by
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the aforementioned analyses. Visualisations and bond distance analyses were
performed using Visual Molecular Dynamics version 1.9.1[125].

5.6.1

Sampling of the active trajectories

Figure 5.77: Conformation of a random snapshot from the circled region on figure 5.51,
from the simulation of the L858R in the active conformation (yellow) superimposed on
the WT inactive crystal structure (1xkk; blue), and the WT active crystal structure
(1m17; red). The black arrows highlight the extent of the movement of the P-loop and
C-helix during the simulation, as compared to the active crystal structure.

Visualisation of many of the active L858R trajectories reveals that the C-helix
undergoes a rotation from the active “in” conformation to the inactive “out”
conformation (see figure 5.77). This example of the L858R sampling the frontier of
accessible PC1 space (see figure 5.51) towards the inactive trajectories is not limited to
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the cMD simulations, but also appears in the AMD supertrajectory (see figure 5.54).
Indeed, the sampling of C-helix “out” conformations by the L858R has been reported
elsewhere [5], [42], [65].

It appears that the G719S mutant is also able to sample the C-helix “out” conformation;
however, this is not as frequent as in the L858R mutant, suggesting the G719S has a
more subtle impact on the C-helix.

The L858R may have a more potent impact on C-helix mobility due to the ability of
R858 to interact with the glutamate residue from the K745-E762 salt bridge (see figure
5.78). While R858 interacts with E762, K745 is usually interacting with the DFG
aspartate, D855. The interaction between R858 and E762 is seen in most of the instances
where the C-helix of the L858R mutant rotates to the “out” conformation, but it is
transient, not present in all the L858R simulations, and the K745-E762 salt bridge may
be broken (and reformed) even when R858 is rotated well away from the salt bridge.
Thus, while the R858 may play a role in “passing” the E762 away from K745, it also
seems likely that a more subtle impact is imparted by the L858R, perhaps by the
increased charge introduced into this region, that allows the C-helix to rotate.

It is also worth noting from the PCA (see figure 5.51) that simulations sampling more
positive PC1 space also sample more negative PC2 space, which appears to correlate
with a torsional motion of the N-lobe (see figure 5.52). Visualisation of the trajectories
confirms that the movement of the C-helix into the “out” conformation is accompanied
by the rest of the N-lobe rotating, which can be most prominently seen in the P-loop,
which appears to follow the C-helix as it makes the transition (see figure 5.77).
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Figure 5.78: Snapshot from the L858R cMD simulation showing the interaction between
R858 and E762 of the K745-E762 salt-bridge, while K745 interacts with the DFG
aspartate D855.

Shan et al. (2012) propose that the C-helix of the L858R exhibits less disorder, and that
the K745-E762 salt bridge is maintained for longer periods, compared to the wild
type[43]. In the present study, however, the L858R mutant was found the most likely to
lose this salt bridge and adopt a C-helix “out” conformation. Despite this, the L858R Chelix appears relatively stable (i.e. without disorder) (see section 5.4.1), possibly due to
the motion being propagated by the rotation of the whole N-lobe, rather than the Chelix acting independently from the N-lobe, which might be expected to incur greater
disorder.

It is not clear why the L858R shows such propensity to closure of the N-lobe, however,
it is interesting to note that during such a closure the P-loop becomes very close to the
mutant R858 residue (see figure 5.79). R858 makes various interactions, which are not
consistent across the trajectories; however, no direct interactions appear to be made
between R858 and the P-loop in those simulations where a closure occurs, which
suggests that R858 has a more subtle effect, perhaps providing an environment more
amenable to N-lobe closure.
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P-loop

Figure 5.79: R858 (stick representation, circled) as found in a random snapshot. All
models are represented, each in a different colour, residues of the A-loop that interact
with R858 are shown in ball and stick representation.

The G719S mutant’s propensity towards closure of the N-lobe is also difficult to
explain, however direct interactions are made between S719 and any of R841, D823 and
C797. On the other hand, these interactions appear to be somewhat transient (even in
the simulation where it is most prevalent; see figure 5.80), and the real impact of this
mutation may be a more subtle perturbation of the environment (as appears to be the
case for the L858R). In this case, S719 introduces a polar group into the relatively
hydrophobic binding-site side of the P-loop.
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Figure 5.80: Distance between the polar oxygen of S719 and the guanadinium carbon of
R841 during the AMD simulation of model 2 of the G719S active conformer.

To summarise, visualisation of the trajectories, guided by the PCA and diffusion maps,
has helped to rationalise some of the behaviour of the kinase: Arginine 858 (of the
L858R mutant) is in an ideal position to interrupt the important K745-E762 salt bridge,
and is close to the P-loop following closure. Additionally, the Serine introduced in the
G719S mutation appears to interact with some of the C-lobe residues, albeit transiently.
In both instances, this may help to explain why the studied point mutations appear to
promote the closure of the N-lobe. However, it is still unclear why these mutants are
activating.

5.6.2

Sampling of the inactive trajectories

As with the analysis of the active trajectories, the PCA results can be utilised in the
search for evidence of conformational change by the selection of inactive simulation
snapshots on the frontier of PC1/PC2 sampling space towards the active conformation.
218

Chapter 5: Conformational dynamics of EGFR
In the supertrajectory comprised of all the cMD simulations, this frontier is most
widely explored by the deletion mutant (see figure 5.81). Examination of the trajectory
sampling this frontier, shows that the A-loop helix has unwound (see figure 5.82). At
the same time, it appears the C-helix has made a small rotation into the space created
by the unwinding of this helix, although this rotation is on a slightly different axis to
that found in the inactive-active transition.

Figure 5.81: Trajectory of deletion model 2 (purple) projected onto PC1 and PC2 of the
supertrajectory of all cMD simulations (black). The final frame of the trajectory is
marked with a cross. A selection of WT snapshots undergoing skewing of the C-helix is
circled in red.
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Figure 5.82: Snapshots of the cMD simulation of deletion model 2, including the first
frame (A), and the last frame (B), each with the region of the A-loop helix highlighted.
The C-helix is shown in green, A-loop in red and P-loop in yellow.

The relevance to PC1 of the unwinding of the A-loop in this manner is unclear, since
the WT simulations sample a similar region of PC1 space without exhibiting this
unwinding. Instead, the WT simulation’s propensity to sampling lower values of PC1
appears to be due to torsion of the C-helix such that just a few residues at the Nterminal of the C-helix rotate towards the “in” conformation (see figure 5.83).
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Figure 5.83: Conformation of a random snapshot from the circled region on figure 5.81,
from the simulation of the WT inactive conformation (yellow) superimposed on the
WT inactive crystal structure (1xkk; blue). The N-terminal side of the C-helix is shown
twisted toward the P-loop (circled).

To summarise, although the inactive simulation dataset is punctuated by the intriguing
unwinding of the A-loop helix, it appears that this is not necessarily driving the
sampling of the inactive trajectories along PC1. Instead, as with the active trajectories,
PC1 is dominated by C-helix movements.

5.7

Summary of the Molecular Dynamics results

In the present study, it has been demonstrated (as many others have demonstrated)
that mutations of EGFR kinase have a considerable impact on the protein’s dynamics.
However the fact that the literature is contradictory on the role of EGFR mutations
makes it clear that analysis should be balanced not only by pre-existing knowledge but
by the use of complementary analytical techniques. Indeed, in the present study the
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possible existence of a conformational dead-end accessible only to the active L858R
trajectories seems convincing from the PCA of the AMD simulations, yet mostly
disappears in the corresponding diffusion map by shifting towards the inactive
conformation, suggesting that the cluster could be important in a transition pathway.

Despite the above uncertainties, there are a number of observations that are universal
across all the performed analyses. Firstly, the point mutations appear to promote the
closure of the N-lobe against the C-lobe in the active conformation. Secondly, the
deletion appears to act separately from the point mutations by locking the active
conformation in place. Thirdly, the L858R appears stable in the inactive conformation.
Finally, the deletion appears to destabilise the inactive conformation.

The finding that the point mutations promote the closure of the N-lobe against the Clobe is consistent with some more recent observations of L858R in the literature[42],
[65]. It seems likely that such observations were not made in earlier studies due to their
short time scales, as the motions occur over the 10-500 ns time scale, with earlier
simulations covering less than 50 ns[62], [63]. The implications of the N-lobe closure is
impossible to ascertain from the results alone; however, the study by Sutto et al. (2013)
seems to suggest that the closed conformation (at least for the L858R) is much more
favourable than the inactive conformation[42]. Additionally, a recent study by Shan et
al. (2013)[5] suggests that the conformational transition from the inactive conformation
to the active conformation occurs over considerably longer time scales than the reverse,
therefore mutations that stabilise the closed conformation may be able to more easily
return to the active conformation. Additionally, Shan et al. (2013) suggest that
transition to the inactive conformation involves pivoting of the N-lobe around the
hinge region such that the C-helix separates from the C-lobe giving the A-loop more
space to rearrange. Given the interactions between R858 and the C-helix noted by Sutto
et al. (2013)[42], and the propensity for point mutants to form a closed N-lobe, it seems
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unlikely that the mutants would perform this manoeuvre as favourably as the WT, and
thus less likely to reach the inactive conformation.

There is little literature with which to compare the findings regarding the deletion
mutant, but the evidence in the present study consistently points to the orthodox
established by Yun et al. (2007)[35], that activation is achieved by destabilising the
inactive conformation and stabilising the active conformation directly. It is perhaps
worth noting in this context that the deletion exhibits a high magnitude of EGFR
autophosphorylation even without EGF stimulation, when compared to the WT[139];
however, the study by Zhang et al. (2006) suggests that even the deletion mutant is
inactive as a monomer[29]. Another possibility is that the deletion suppresses disorder
of the C-helix, as suggested by Shan et al. (2012)[43]. Indeed, the active simulations of
the deletion in the present study have a highly stable C-helix, which may promote
formation of the dimer, perhaps even without the presence of EGF[32].

The present study finds little direct evidence in support of the reduction of disorder by
mutants as proposed by Shan et al. (2012)[43]; this could be due to the relatively short
time scales adopted; however, given that Shan et al. (2012) observe this disorder after
approximately 1 μs, it seems likely that it should have been observed in the AMD
simulations, especially given that each of the WT simulations in Shan et al. (2012)
exhibited this disorder. Shan et al. (2012) do not state how they determined secondary
structures in their paper, and so another reason for this discrepancy may be the use of a
different analysis technique.

To conclude, the exact mechanism by which mutants cause activation remains elusive,
but the ability of the point mutations to promote a closed conformation may be a key
property in hindering or even completely obstructing the kinase from reaching the
inactive conformation. Additionally, although studies to date have tended to support
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one theory over others (the notable exception being Sutto et al. (2013)[42]), the present
study provides convincing evidence that some mutations have different mechanisms.

5.8

Evaluation of sampling methods

In the present study, cMD represents the most orthodox method, and so overlap
between the sampling of the enhanced methods and cMD is desirable (in this section,
overlap refers to the degree to which the simulations overlap each other on the PC1 v
PC2 plots, not to subspace overlap, which is discussed in section 5.9); however, it is
also desirable in an enhanced sampling method that extra conformational space is
explored. Appendix 3 shows how sampling differs on the first two PCs between
simulation methods for mutants and WT in both the active and inactive conformations.

Generally, there is a good overlap between RDFMD and cMD; however RDFMD tends
to sample considerably less conformational space overall. This is likely due to the short
length of the simulations, as shall be discussed later. Overlap in the sampling of
DMDMD and cMD was generally good, with an overlap in sampling easily
discernable. Overlap of the AMD and cMD appeared poor in a number of cases;
however, the diffuse sampling across PC1 and PC2 space makes analysis difficult.
Nonetheless, it remains a point of concern.

It is also interesting to note that the DMDMD and AMD succeed in sampling regions of
space inaccessible to the cMD simulations in most cases. RDFMD also appears able to
sample conformational space that is inaccessible to the cMD simulations, but this is not
the case for all the mutants.
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It is concerning that there is little overlap between the DMDMD and AMD sampling;
however, this is not a consistent trend across all of the systems, and may be due to the
lack of repeats for these methods (2 repeats each for DMDMD and AMD, versus 4
repeats for cMD). Nonetheless, to some extent this is expected due to the possibility
that DMDMD is not expected to result in a Boltzmann distribution of
conformations[106], unlike AMD, which mimics the Boltzmann distribution[103],
though the minima are likely to be less well defined due to the way minima are “filled”
(see section 3.8.2).

Clustering was utilised to probe how sampling differed between simulation methods,
using the hypothesis that simulations that sample the same space should produce
similar clusters. Clustering was performed using the backbone α-carbons of the
supertrajectories of each mutant and wild type in either the active or inactive
conformation as input for the cpptraj program from the AmberTools program suite[114],
an epsilon parameter (that determines the minimum distance between clusters) of 3
was used to generate the clusters.

Most of the active supertrajectories produced only 2 or 3 clusters, however the active
L858R clustering analysis produced an extensive spectrum of clusters (see figure 5.84),
which appears to be indicative of the different sampling previously discussed in terms
of the first 2 PCs (see section 5.5.1), with a better overlap of cMD sampling with
DMDMD rather than with the AMD. Nonetheless, there is evidently a significant
overlap between all the sampling methods, as they all sample in cluster 1 (which
accounts for over half the frames in the supertrajectory.
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Figure 5.84: Clustering analysis of the active L858R supertrajectory. Blue diamonds
indicate whether the sampling method (left Y-axis) populates a given cluster (X-axis).
The total number of frames in each cluster is represented by the pink line (right Y-axis;
logarithmic).

The inactive supertrajectories produced more clusters than the active, though less that
the active L858R supertrajectory. Of the inactive supertrajectories, the deletion
produced the greatest number of clusters (see figure 5.85). As with the previous
example, there are significant differences between the sampling of the simulations, in
this instance there is very little overlap between the cMD and DMDMD simulations.
Nonetheless, as before, there is a universal overlap between sampling methods for
cluster 1.
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Figure 5.85: Clustering analysis of the inactive deletion supertrajectory. Blue diamonds
indicate whether the sampling method (left Y-axis) populates a given cluster (X-axis).
The total number of frames in each cluster is represented by the pink line (right Y-axis;
logarithmic).

The minimal sampling on PC1 and PC2 by the RDFMD simulations is a feature in half
of the active simulations (except the WT and deletion, see appendix 3.1), but not the
inactive simulations (except the L858R). This could be due to the fact that RDFMD
enhances all low-frequency motions, and that many such motions occur in the kinase
besides those represented in the first 2 PCs; however, the amount of PC1/PC2 space
sampled by the RDFMD simulations of each mutant seems to be independent of the
proportion of variance accounted for by the first two principal components of the PCA
of each mutant supertrajectory (see appendix 3). Additionally, the RDFMD simulations
tend to occupy just one cluster in the clustering analysis.

It should be noted, however, that the RDFMD simulations each consisted of just 400 ps,
giving the total RDFMD simulation time per combination of starting conformation and
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mutational state of 12 ns. Despite this, the RDFMD simulations tend to sample an
equivalent region of PC1/PC2 space to a 1 μs cMD simulation, when combined.
Considering this, the PCA and clustering analysis highlights an interesting feature of
RDFMD, in that the RDFMD simulations can be shown to sample the important, low
frequency motions relatively well considering the simulation times (as is evident from
the PCA), but other motions in the protein that might lead to RDFMD simulations
exploring multiple clusters are not very well explored. Nonetheless, the fact that cMD
and AMD tend to sample a wider range of clusters (and those methods preserve, or at
least mimic, the Boltzmann distribution) suggests that results from RDFMD, while
much quicker to obtain, should be considered conservatively.

Figure 5.86: Average RMSF for the α-carbon of each residue of the active deletion
mutant for each simulation method.
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The backbone α-carbon RMSFs (see figure 5.86) show that those regions of the protein
that are stable in the cMD simulations are also stable in the enhanced sampling
methods. The DMDMD and cMD simulations have an almost identical RMSF profile,
whereas AMD appears to have the greatest impact. Interestingly, RDFMD appears to
have a comparable impact to AMD on the C-helix.

In summary, it appears that all the sampling methods examined in the present study
are capable of broadly sampling the same space, but there are significant differences,
especially when those motions relating to conformational change are considered (i.e.
sampling along the low-ranking PCs). Unfortunately, it is difficult to determine
whether these differences are inherent to the sampling methods, or due to the lack of
repeats. Nonetheless, in terms of sampling beyond the time limits of cMD simulations,
the enhanced sampling methods utilised in the present study all produce some
increase in the sampling of the important motions of EGFR kinase, which appears to be
most pronounced in the AMD simulations, and considering the short time scales
utilised, the RDFMD simulations also show significant promise in their ability to
sample important motions of the kinase.

5.9

Investigation of the relevance of supertrajectory PCA
results

Having performed several PCAs, the question of whether the sampling on the first 2
principal components of the supertrajectories is actually representative of the natural
sampling of the protein remains unanswered. This section aims to address this by
examining the essential subspace overlap of the supertrajectories with the cMD WT
simulations, under the assumption that the sampling of those simulations is
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representative of the natural sampling of EGFR kinase. Additionally, the comparability
of the supertrajectories of each sampling method will be analysed.

The “essential subspace” is defined as per Amadei et al. (1999) to be the root mean
square inner product (RMSIP) of the first N eigenvectors of each principal components
analysis:
𝑁

𝑁

1
𝑅𝑀𝑆𝐼𝑃 = √( ∑ ∑(𝜂𝑖 ∙ 𝜐𝑗 )2 )
𝑁

( 5.1 )

𝑖=1 𝑗=1

Where 𝜂𝑖 and 𝜐𝑗 are the eigenvectors of each principal component analysis. Amadei et
al. (1999) demonstrated that subsequent 50 ps slices of a trajectory of protein L (and
cytochrome c 551) have an RMSIP of approximately 0.6 (when N=10)[140]. Given that
the analysis of the present study covers much larger time scales, and that data for the
analysis was taken at a much larger interval (1 ns), this does not necessarily provide a
useful guide for the characteristics of RMSIPs of simulations of the length described
here. To investigate this further, the RMSIP of subsequent 200 ns slices of the cMD WT
active trajectory were calculated for comparison, and found to average at 0.72.
Additionally, to investigate the expected subspace overlap between repeats of the same
system, each WT cMD simulation was compared by RMSIP, as per figure 5.87 and 5.88:
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Figure 5.87: Essential subspace overlap of the first 10 (A) or 2 (B) PCA eigenvectors
between each repeat (1-4) of the active WT cMD simulations.

B

RMSIP

A

Figure 5.88: Essential subspace overlap of the first 10 (A) or 2 (B) PCA eigenvectors
between each repeat (1-4) of the inactive WT cMD simulations.

The essential subspace overlap between the WT cMD simulations is between 0.6 and
0.7 for the active WT, with lower values when only 2 PCs are considered (Figure
5.87(B)). The inactive WT shows a poorer overlap, of between around 0.3 to 0.7, with
low values particularly common when the RMSIP is composed of the first 2 PCs. The
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higher overlap between the active simulations than the inactive simulations,
particularly for the first 2 PCs, suggests that the active conformation is more likely to
undergo the same motions between repeats. This could be due to the relative stability
of the A-loop in the active conformation, with PC1 in particular exhibiting different
motions in the inactive conformation between the supertrajectories of the mutants and
WT (see figure 5.66 and 5.67).

Having established the subspace overlap to be expected from simulating systems with
the same starting conformation, the essential subspace overlap of the principal
components was calculated between each of the cMD WT trajectories and each of the
WT and mutant supertrajectories. The results are shown in figure 5.89 and 5.90. The
aim of this analysis was to evaluate the extent to which the supertrajectories capture
natural motions of the protein.
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Figure 5.89: Essential subspace overlap of the first 10 (A) or 2 (B) PCA eigenvectors
between each repeat (1-4) of the active WT cMD simulations and each active WT and
mutant supertrajectory.

For the active trajectories, the WT trajectories have a high level of subspace overlap
within the first 10 PCs (figure 5.89(A)), when compared against the WT, G719S, and
deletion supertrajectories, however, the essential subspace of the L858R mutant has a
considerably poorer overlap, possibly due to the L858R undergoing conformational
change much more readily than the WT, as briefly discussed in section 5.5.1. However,
the increased sampling of the L858R was only analysed with respect to the first 2 PCs,
which only appear to have a marginal difference in overlap between the WT
trajectories and the L858R supertrajectory and the overlap between the WT trajectories
and the WT supertrajectory.
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Figure 5.90: Essential subspace overlap of the first 10 (A) or 2 (B) PCA eigenvectors
between each repeat (1-4) of the inactive WT cMD simulations and each inactive WT
and mutant supertrajectory.

For the inactive WT trajectories and the inactive supertrajectories, much poorer
subspace overlaps are obtained (see figure 5.90) overall, which may be due to the
tendency for the inactive simulations to sample a wider range of A-loop configurations
than the active simulations, as discussed previously. Interestingly, the inactive L858R
supertrajectory appears to have a lower subspace overlap with the inactive WT
trajectories, regardless of whether 10 or 2 PCs are included in the RMSIP calculation.
The reason for this is unclear, but it is possible that this is due to the L858R also
samples a much wider range of C-terminal tail conformations (see figure 5.66), which
are not seen PC1 of the inactive WT (see figure 5.67; also see the appendix figure
A3.18).

For the mutant and WT supertrajectories, it appears that a similar degree of subspace
overlap is found with the individual WT trajectories (figures 5.89 and 5.90) as would be
expected even between repeats of the same system (figures 5.87 and 5.88). Thus, it may
be the case that the PCs of these supertrajectories are fairly representative of the
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natural sampling of the system. This is especially the case for the active trajectories,
where the dot product of the first PC of the WT trajectories and the first PC of the
supertrajectories is often 0.6 or more (see appendix 6).

Next, the essential subspace overlap of the principal components was calculated
between each of the cMD WT trajectories and the supertrajectories of each sampling
method, the results are shown in figures 5.91 and 5.92:

B

RMSIP

A

Figure 5.91: Essential subspace overlap of the first 10 (A) or 2 (B) PCA eigenvectors
between each repeat (1-4) of the active WT cMD simulations and the supertrajectory for
each sampling method.
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Figure 5.92: Essential subspace overlap of the first 10 (A) or 2 (B) PCA eigenvectors
between each repeat (1-4) of the inactive WT cMD simulations and the supertrajectory
for each sampling method.

A significant loss of overlap (of approximately 0.1, for the first 10 PCs) is seen when the
subspace overlap of the WT trajectories with the supertrajectories (figures 5.91 and
5.92) is compared with the overlap between repeats of the WT trajectories (figures 5.87
and 5.88). When the first 2 PCs are considered, this loss is much greater, especially for
the enhanced sampling methods. Given that the first PC of each of the sampling
method’s supertrajectories is the one that separates the component trajectories by
conformation, it is expected that the first PC is due not to a natural motion of the
protein, but due to the difference between the active and inactive conformations.
Consequently, it is unsurprising that there be a significant loss in subspace overlap,
particularly when only the first 2 PCs are considered (figures 5.91(B) and 5.92(B)).

Another interesting feature of figures 5.91 and 5.92 is the relatively poor essential
subspace overlap of the DMDMD simulation, which may be due to the method’s
tendency to sample away from minima. It may be the case that this significantly
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perturbs the dynamics of the simulation away from the natural dynamics. It may also
be the case that the increase in conformational space explored by the method leads to
the sampling of motions not captured in the cMD simulations. The slightly reduced
overlap of the AMD simulations (especially with respect to the active WT trajectories;
figure 5.91(A)) may also be evidence of this.

The investigation of the essential subspace overlap of the supertrajectories with the WT
cMD trajectories has provided invaluable detail into the extent to which conclusions
based solely on the distribution of PCA supertrajectory data can be made. Generally,
supertrajectories constructed from simulations with similar starting configurations
have a good subspace overlap in comparison to repeats of the same system, and even
in comparison to subsequent 200 ns slices from a single trajectory. However,
supertrajectories constructed from simulations with different starting configurations
have a considerable loss in subspace overlap with the “natural” dynamics of the
system, and most of this loss occurs within the first 2 PCs. Additionally, it is necessary
to consider the limitations of the assumption that the WT cMD simulations are
representative of the natural dynamics of EGFR kinase, with the relatively small
simulation times of the present study being a considerable caveat.

Nonetheless, while an awareness of these issues is essential in considering the data
presented, such supertrajectories remain useful in mapping the sampling of
simulations of multiple configurations, as was demonstrated in section 5.6.
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5.9.1

Comparison of sampling methods by subspace overlap

B

RMSIP

A

Figure 5.93: Essential subspace overlap of the first 10 (A) or 2 (B) PCA eigenvectors
between each of the supertrajectories for each sampling method.

The essential subspace overlap between the sampling methods is generally of a similar
magnitude to that expected between repeat simulations of a single system. This is
particularly prominent for the cMD and AMD simulations when considering only the
first two PCs (the dot products for the first and second PCs were 0.97 and -0.60,
respectively), however the other sampling methods have poorer subspace overlaps. For
the DMDMD simulations, the poor overlap with cMD may be due to the incorporation
of C-terminal motions in PC2 of the DMDMD simulation shown in figure 5.55(A),
which is not seen in PC2 of the cMD supertrajectory (the dot products of the first and
second PCs with respect to the cMD supertrajectory were 0.88 and -0.17). For the
RDFMD simulations the deletion mutant is separated along PC2, possibly due to
differences in starting configuration caused by introduction of the deletion into the
crystal structures discussed in section 5.5.1 (the dot products of the first and second
PCs with respect to the cMD supertrajectory were 0.88 and 0.34). These results suggest
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that the sampling of each method is roughly similar over the 10 most important
motions of the protein, but over the 2 most important PCs AMD is in the most
agreement with cMD, possibly indicating that AMD is a better candidate for realistic
exploration of the long time-scale motions.
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Chapter 6:

Conclusions

Knowledge of the role of EGFR kinase mutations in cancer has evolved considerably
since their discovery, and has continued to present surprises since. The asymmetric
dimerization process, the inhibitor binding kinetics of the T790M mutant, and more
recently the possibility that activating mutations do not simply act by destabilising the
inactive conformation, have all challenged previous understanding of EGFR. Today,
the picture of EGFR is still incomplete, and the present study aimed to fill some of the
gaps in the existing knowledge by elucidating the conformational dynamics of EGFR
kinase mutants, and predict the binding affinity of EGFR inhibitors with a view to later
investigating the impact of mutations on inhibitor binding free energies.

Chapter 2 framed present study in the context of its target, EGFR kinase, and relevant
computational studies. EGFR kinase is an important target not only for its oncogenic
mutations, but also its resistance mutations. Being a protein of considerable
pharmacological interest, a wealth of knowledge has been accumulated to work with;
this literature forms an evolving schematic of EGFR kinase, with the active and inactive
crystal structures, and the impact of mutations and dimerisation in particular guiding
the work in the later chapters. While there are some contradictions among the
computational findings, these not only highlight possible areas of inquiry, but also the
necessity for corroboration.

In chapter 3 the physical basis for the simulations of the present study were laid out.
The Boltzmann distribution is particularly important in that it allows for the extraction
of quantities of interest from simulations; however, since the Boltzmann distribution
serves as the connection between simulated observations and real-world observations,
the discussion also serves as a reminder that as computational methods such as the
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enhanced sampling methods utilised in the present study, stray from the Boltzmann
distribution care should be taken in how those methods are analysed. Indeed, in the
original implementation of DMDMD, considerable computational effort was required
to regain the Boltzmann distribution[106]. Chapter 3 also included discussion of a
number of analysis methods, and as the time scales of computational studies increase,
the methods used to analyse them must also adapt. Chapter 2 also bears testament to
this, with earlier studies on EGFR kinase dominated by RMSD analyses and
observations from visualisation[62], [63], and more recent studies employing PCA,
secondary structure analysis, and the analysis of free energy landscapes [42], [43], [65].

The investigation into the prediction of relative binding free energies of inhibitors of
EGFR was dealt with in chapter 4. This investigation turned out to be a far more
complicated one than originally intended, and highlights a number of the pitfalls in
carrying out these kinds of calculation rigorously: misrepresentation of the inhibitor’s
binding mode, the binding pocket hydration state, and possibly the lack of polarisation
are all considerable problems in almost any attempt at binding free energy
calculation[141]. It is encouraging to note that the use of a fast QM/MM method for
incorporating polarisation effects does not lead to any detriment to the correlation
between the calculated properties and the experimental observations; it seems possible
that future refinement of the method might help improve the results of such
calculations. Nonetheless, while experimental data exists[3] that might be useful in the
rigorous characterisation of EGFR kinase resistance mutations, considerable
improvement of the calculations in the present study may be necessary before such a
goal is achieved.

In Chapter 5 the conformational dynamics of EGFR kinase and mutants thereof were
probed with 4 sampling methods and several analytical techniques. The principal
findings were that the point mutants are not stable in the active conformation, and that
they appear to enhance an opening/closing motion of the N-lobe of the EGFR kinase
242

Chapter 6: Conclusions
monomer. Additionally it was found that the deletion mutant appears to stabilise the
active conformation, and destabilise the inactive conformation. These findings were
primarily evident from the PCA; however, the diffusion map analysis also provides
extra insight into the nature of clustering of the trajectories in the PCA. Furthermore, it
is interesting to note that many of the observations of the PCA are evident in the
simpler RMSD analyses, such as the increased stability of the active conformation of
the deletion mutant relative to the WT; it seems these simple analyses will continue to
be of use even as our repertoire of analysis methods expands.

The enhanced sampling methods employed were all capable, to some degree, of
increasing the range of sampling compared to cMD. In this respect, AMD appears the
most promising of the enhanced sampling methods, providing the greatest amount of
sampling along those collective variables corresponding to the difference between the
active and inactive conformations. However, it is important to note that the lack of
consistency between the sampling of the trajectories across the each of the mutants and
the WT as determined by PCA. Whether this is due to some deficiency in the enhanced
sampling methods, or the lack of repeats is not clear.

Despite the recent multi μs simulations of EGFR kinase[5], [43], the picture of EGFR’s
conformational dynamics still appears incomplete, and in places contradictory. Indeed,
the present study finds little evidence to support the C-helix disorder observed by
Shan et al. (2012)[43], and like Wan et al. (2011), contradicts the notion that the L858R is
beneficial to the active conformation[65]. It would appear that further investigation is
required before the role of EGFR mutation is sufficiently mapped out; however,
pushing the boundaries of our understanding of EGFR kinase forward appears to be
increasingly dependent on long time scale simulations. It seems likely then, that the
majority of future work on EGFR kinase will involve enhanced sampling. Thus it is all
the more important that suitable analytical techniques exist to validate such sampling
methods.
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The present study set out to probe the effect of mutations on the conformational
dynamics of EGFR kinase, and on the binding affinity of its inhibitors. It could be
argued that, while some interesting observations have been made, more has been
learned about the challenges involved in the investigation process than the subject of
the investigation itself. Nonetheless, by framing these problems overcoming them will
hopefully become a simpler task.

6.1

Future work

A number of different approaches remain for future work into the rigorous free energy
calculations. Further refinement of the QM/MM method is possible, and an evaluation
of possible deficiencies of the QM/MM method as applied in the present study could
be carried out. Over polarisation is a common problem, for example, and the use of
smeared charges rather than point charges has been found to reduce over polarisation
where MM point charges approach the QM system[142]. Additionally, with an everincreasing repertoire of crystal structures available, there is much scope for
investigating the impact of different starting configurations, which has not been
thoroughly explored in the present study. The investigations of Balius & Rizzo (2009)
[6] raise the interesting possibility of the T790M altering the hydration state of the
pocket. The use of the more rigorous GCMC and/or JAWS methods to investigate
possible changes in hydration patterns between the mutants could shed further light
into this issue. Finally, of course, the secondary goal of rigorous prediction of the
impact of mutations on binding affinity remains open, but still requires the foundation
that inhibitor binding affinity prediction would provide.
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With respect to understanding the conformational dynamics of EGFR kinase in greater
detail, the inactive to active transition (or vice versa), and how mutations impact this
transition, is still in greatest need of elucidation; however, it still appears that this
transition is beyond the limits of accessible sampling of the techniques described in the
present study.

Nonetheless, the investigation into the conformational dynamics of EGFR kinase is rich
in opportunities for expansion. Firstly, the robustness of the results of the present
study could be bolstered by an increase in the number of repeats. The necessity of a
greater number of repeats was particularly clear in the AMD and DMDMD
simulations, where only 2 simulations for each system were used, and often found to
sample very differently. An increase in the number of repeats would allow for a much
clearer evaluation of the methods, while at the same time increasing the amount of
conformational space sampled: hopefully revealing even more details of the dynamics
of the kinase. Additionally, while considerable effort was expended in parameterising
the AMD and DMDMD enhanced sampling methods to ensure their validity,
additional experiments into parameterisation to evaluate their impact on the degree to
which different parameters increase the range of sampling of the most important
motions, as well as how optimal parameterisation may differ between systems (which
is also absent from the literature), would be useful in the wider application of these
techniques. The combination of DMDMD with other enhanced sampling techniques
(including AMD) is another interesting possibility; while the resulting distribution
would bear the burden of the limitations of both techniques, it may then be possible
regain the Boltzmann distribution using the original DMDMD protocol[106]. Of course
a variety of other sampling methods exist, and coarse graining is a technique that has
been used little in the context of EGFR.

The simulation of mutant dimers is still decidedly lacking from the literature, and
represents another possible avenue of investigation, although one that requires
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significantly more computational resources, and would benefit from the above
investigations into enhanced sampling methods. The long time scale simulation of fulllength EGFR including the extracellular region is beyond the resources available to
most laboratories, but is proving to be enlightening where its implementation has been
realised[32], and as shown in the present study, in some cases the sampling of mutants
diverges from the WT after a relatively short amount of time, and rather than running
exceptionally long time scale simulations, more effort might be applied to increasing
the number of repeats, and the depth of the analysis while attempting to elucidate the
conformational dynamics of EGFR kinase.
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Appendix 1: Secondary structure analysis

The secondary structure of the A-loop over the course of the active DMDMD
trajectories was essentially the same as those of the cMD trajectories (for comparison,

Deletion

G719S

L858R

WT

see section 5.4.1 figure 5.43).

0

Snapshot number

2900

Figure A1.1: STRIDE secondary structure analysis of the A-loop over the course of the
active DMDMD trajectories. Purple indicates the presence of a helix, blue represents a
turn, and pale blue an isolated bridge structure.
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Appendix 2: RMSF analysis of RDFMD trajectories

The RMSF was not calculated for the RDFMD simulations in the same manner as the
other sampling methods for brevity: the number of RDFMD simulations totals 240, and
individual treatment of each simulation is difficult to analyse and visualise effectively
by RMSF.

The RMSF taken over a supertrajectory compiled over all repeats was performed;
however, it is not directly comparable to the RMSFs presented in section 5.3, which
represent RMSFs derived from raw data. Nonetheless, for completeness, and to
demonstrate that RDFMD simulations are subject to the subtle effects of mutation, this
analysis is included here.
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Impact of mutations on RDFMD simulations

RMSF (Å)
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C-helix

Residue
Figure A2.1: RMSF of each residue’s α-carbon over each active RDFMD simulation of
the deletion (red), G719S (green), L858R (blue), and WT (black).

From figure A2.1, it appears that the RDFMD simulations do not capture the reduced
motions of the active C-helix due to the deletion mutations, while there is some
indication that the increased movements in the active C-helix due to the L858R
mutation are captured, as are the increased RMSFs in stable regions of the protein. The
most prominent feature is the increased L858R A-loop RMSF. With an RMSF of 7 Å,
this is similar to the A-loop peak observed in the AMD simulations (see chapter 5.3,
figure 5.26).
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Figure A2.2: RMSF of each residue’s α-carbon over each inactive RDFMD simulation of
the deletion (red), G719S (green), L858R (blue), and WT (black).

Figure A2.2 shows the RSMF of the combined inactive trajectories of each mutant and
WT system. There is little deviation from the WT, as was also the case in the cMD
simulations (compare with chapter 5.3, figure 5.30), however, the deletion does appear
to be considerably destabilised, with stable regions surrounding the P-loop being
disrupted to a greater extent than is seen in any of the other sampling methods (see
chapter 5.3).

Impact of different RDFMD targets on sampling

The RMSFs for the RDFMD experiments (see figure A2.3) suggest that the A-loop is
somewhat restricted in the inactive conformation, as attempts to specifically boost the
sampling of the A-loop were universally unimpressive compared to the boosts applied
to the C-helix. This may be due in part to the relatively high flexibility of the A-loop, or
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is possibly an indication that RDFMD is not suitable for longer stretches of amino

RMSF (Å)

acids.

Residue Number

Figure A2.3: RMSF for the α-carbon of each residue of the inactive WT for each
RDFMD target region.
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Appendix 3: PCA of each mutant and WT

Here separate PCA plots for each mutant and WT in each of the active and inactive
conformations are presented for all those plots not presented in the main text. The
supertrajectories were constructed using simulations including all sampling methods.
In each plot “pcax” and “pcay” correspond to PC1 and PC2, respectively.
Additionally, the proportion of variance captured by each PC (ranked 1-20) is
included, as well as representations of PC2 mapped onto the Cartesian coordinates.

PCA of active conformations of each mutant

Figure A3.1: Sampling obtained using different sampling methods. Trajectories for
each sampling method is projected onto the first two principal components of a
supertrajectory composed from all active deletion simulations. Where two or more
snapshots with different sampling method occupy the same PC1/2 space the colours
are merged additively (see legend), with the exception of the cMD, which is
represented in black encased in a dark grey outline.
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Figure A3.2: Sampling obtained using different sampling methods. Trajectories for
each sampling method is projected onto the first two principal components of a
supertrajectory composed from all active G719S simulations. Where two or more
snapshots with different sampling method occupy the same PC1/2 space the colours
are merged additively (see legend), with the exception of the cMD, which is
represented in black encased in a dark grey outline.

253

Appendices

Figure A3.3: Sampling obtained using different sampling methods. Trajectories for
each sampling method is projected onto the first two principal components of a
supertrajectory composed from all active L858R simulations. Where two or more
snapshots with different sampling method occupy the same PC1/2 space the colours
are merged additively (see legend), with the exception of the cMD, which is
represented in black encased in a dark grey outline.
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Figure A3.4: Sampling obtained using different sampling methods. Trajectories for
each sampling method is projected onto the first two principal components of a
supertrajectory composed from all active WT simulations. Where two or more
snapshots with different sampling method occupy the same PC1/2 space the colours
are merged additively (see legend), with the exception of the cMD, which is
represented in black encased in a grey outline.
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Figure A3.5: Scree plot of the proportion of variance accounted for by each principal
component of the active deletion supertrajectory
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Figure A3.6: Scree plot of the proportion of variance accounted for by each principal
component of the active G719S supertrajectory
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Figure A3.7: Scree plot of the proportion of variance accounted for by each principal
component of the active L858R supertrajectory
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Figure A3.8: Scree plot of the proportion of variance accounted for by each principal
component of the active WT supertrajectory
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Figure A3.9: Representations of the backbone atomic displacements captured in PC2 of
the active simulations of the deletion mutant (A), G719S mutant (B), L858R mutant (C),
and WT (D). The P-loop is indicated by a black arrow, the C-helix by a green
arrowhead, and the A-loop is circled in black.

260

Appendices
PCA of inactive conformations of each mutant

Figure A3.10: Sampling obtained using different sampling methods. Trajectories for
each sampling method is projected onto the first two principal components of a
supertrajectory composed from all inactive deletion simulations. Where two or more
snapshots with different sampling method occupy the same PC1/2 space the colours
are merged additively (see legend), with the exception of the cMD, which is
represented in black encased in a grey outline.
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Figure A3.11: Sampling obtained using different sampling methods. Trajectories for
each sampling method is projected onto the first two principal components of a
supertrajectory composed from all inactive G719S simulations. Where two or more
snapshots with different sampling method occupy the same PC1/2 space the colours
are merged additively (see legend), with the exception of the cMD, which is
represented in black encased in a grey outline.
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Figure A3.12: Sampling obtained using different sampling methods. Trajectories for
each sampling method is projected onto the first two principal components of a
supertrajectory composed from all inactive L858R simulations. Where two or more
snapshots with different sampling method occupy the same PC1/2 space the colours
are merged additively (see legend), with the exception of the cMD, which is
represented in black encased in a grey outline.
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Figure A3.13: Sampling obtained using different sampling methods. Trajectories for
each sampling method is projected onto the first two principal components of a
supertrajectory composed from all inactive WT simulations. Where two or more
snapshots with different sampling method occupy the same PC1/2 space the colours
are merged additively (see legend), with the exception of the cMD, which is
represented in black encased in a grey outline.
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Figure A3.14: Scree plot of the proportion of variance accounted for by each principal
component of the inactive deletion supertrajectory
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Figure A3.15: Scree plot of the proportion of variance accounted for by each principal
component of the inactive G719S supertrajectory
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Figure A3.16: Scree plot of the proportion of variance accounted for by each principal
component of the inactive L858R supertrajectory
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Figure A3.17: Scree plot of the proportion of variance accounted for by each principal
component of the inactive WT supertrajectory
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A

C

B

D

Figure A3.18: Representations of the backbone atomic displacements captured in PC2
of the active simulations of the deletion mutant (A), G719S mutant (B), L858R mutant
(C), and WT (D). The P-loop is indicated by a black arrow, the C-helix by a green
arrowhead, and the A-loop is circled in black.
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Appendix 4: Additional thermodynamic cycles

While the majority of thermodynamic cycles were presented in the main text, the
remainder are tabulated here for expediency.

Cycle

Free leg closure

Bound leg closure

(kcal mol-1)

(kcal mol-1)

4-2-1-4

-0.23 ± 0.09

-0.09 ± 0.35

1-3-8-4-1

0.35 ± 0.14

0.55 ± 0.40

1-4-8-14-1

0.48 ± 0.12

-1.70 ± 0.31

4-8-28-4

0.25 ± 0.14

0.21 ± 0.29

Table A4.1: Thermodynamic cycles for simulations utilising the crystallographic
waters.

Cycle

Free leg closure

Bound leg closure

(kcal mol-1)

(kcal mol-1)

4-2-1-4

-0.22 ± 0.10

-0.48 ± 0.21

1-3-8-4-1

0.34 ± 0.14

0.62 ± 0.53

1-4-8-14-1

0.49 ± 0.13

0.89 ± 0.25

4-8-28-4

0.25 ± 0.13

0.50 ± 0.32

Table A4.2: Thermodynamic cycles for simulations utilising the GCMC determined
waters.
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Appendix 5: Elucidation of water sites by GCMC

The water site search using GCMC produces very noisy data, and justification of
inclusion of water sites 2 and 3 was made on the basis of the results from all GCMC
simulations on all the ligands for which GCMC was applied; however, to maintain
readability of the main text, the remaining data is provided here.

Figure A5.1: GCMC derived occupancy of waters in the binding site with ligand 1
bound, calculated at different B-factors corresponding to the binding free energies on
the X-axis
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Figure A5.2: GCMC derived occupancy of waters in the binding site with ligand 2
bound, calculated at different B-factors corresponding to the binding free energies on
the X-axis
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Figure A5.3: GCMC derived occupancy of waters in the binding site with ligand 3
bound, calculated at different B-factors corresponding to the binding free energies on
the X-axis
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Figure A5.4: GCMC derived occupancy of waters in the binding site with ligand 4
bound, calculated at different B-factors corresponding to the binding free energies on
the X-axis
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Figure A5.5: GCMC derived occupancy of waters in the binding site with ligand 8
bound, calculated at different B-factors corresponding to the binding free energies on
the X-axis
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Figure A5.6: GCMC derived occupancy of waters in the binding site with ligand 28
bound, calculated at different B-factors corresponding to the binding free energies on
the X-axis
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Appendix 6: Principal component dot products

The calculation of RMSIP performed in section 5.9 necessitates the calculation of the
dot products of the principal components of each PCA to be compared; however, these
dot products themselves can be useful in comparing separate PCAs, and being briefly
discussed in the main text, they are included here for completeness.

For the comparison of the supertrajectories to the WT cMD trajectories the RMSIP was
calculated for each WT cMD trajectory; however, it would require 16 tables to show the
underlying dot products of that analysis, and so for brevity the following tables use the
root mean square dot product taken across all of the WT cMD trajectories of a given
starting conformation. Consequently, rather than scaling between -1 and 1, the RMS
dot products scale between 0 and 1.

WT active trajectory PC

WT Active supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.71
0.33
0.21
0.16
0.26
0.09
0.16
0.13
0.12
0.15

2
0.20
0.19
0.33
0.18
0.25
0.21
0.33
0.25
0.14
0.17

3
0.26
0.65
0.26
0.28
0.18
0.19
0.30
0.14
0.05
0.10

4
0.20
0.16
0.25
0.20
0.22
0.13
0.19
0.13
0.19
0.24

5
0.19
0.34
0.30
0.13
0.37
0.35
0.15
0.10
0.15
0.28

6
0.15
0.21
0.11
0.37
0.14
0.24
0.18
0.27
0.10
0.24

7
0.32
0.18
0.20
0.34
0.35
0.24
0.32
0.20
0.12
0.32

8
0.15
0.13
0.34
0.33
0.26
0.19
0.24
0.07
0.15
0.15

9
0.07
0.14
0.26
0.20
0.26
0.29
0.18
0.20
0.26
0.20

10
0.14
0.06
0.17
0.28
0.17
0.09
0.10
0.27
0.33
0.28

Figure A6.1: Table of dot products between the first 10 PCs of the WT active cMD
simulations and the WT active supertrajectory. Each cell consists of the root mean
square value of the dot product taken across each of the WT cMD simulations.

277

Appendices

WT active trajectory PC

L858R Active supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.62
0.41
0.14
0.22
0.19
0.11
0.12
0.17
0.09
0.09

2
0.14
0.15
0.12
0.10
0.11
0.08
0.13
0.04
0.04
0.12

3
0.32
0.21
0.13
0.15
0.09
0.05
0.09
0.10
0.15
0.10

4
0.13
0.43
0.33
0.19
0.32
0.18
0.15
0.22
0.14
0.10

5
0.22
0.17
0.18
0.20
0.16
0.27
0.31
0.30
0.21
0.08

6
0.12
0.20
0.08
0.13
0.04
0.06
0.10
0.09
0.07
0.03

7
0.18
0.07
0.10
0.12
0.13
0.07
0.09
0.12
0.05
0.08

8
0.11
0.33
0.23
0.20
0.12
0.09
0.16
0.18
0.20
0.14

9
0.20
0.16
0.18
0.21
0.26
0.23
0.23
0.17
0.12
0.16

10
0.06
0.14
0.17
0.10
0.22
0.15
0.09
0.10
0.11
0.12

Figure A6.2: Table of dot products between the first 10 PCs of the WT active cMD
simulations and the L858R active supertrajectory. Each cell consists of the root mean
square value of the dot product taken across each of the WT cMD simulations.

WT active trajectory PC

G719S Active supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.65
0.43
0.13
0.19
0.12
0.14
0.12
0.11
0.06
0.13

2
0.32
0.47
0.37
0.23
0.27
0.15
0.21
0.14
0.11
0.21

3
0.07
0.19
0.32
0.18
0.35
0.22
0.27
0.20
0.24
0.24

4
0.16
0.46
0.26
0.29
0.34
0.21
0.15
0.09
0.20
0.26

5
0.40
0.21
0.24
0.34
0.24
0.08
0.13
0.26
0.11
0.21

6
0.13
0.18
0.37
0.14
0.21
0.32
0.32
0.14
0.17
0.26

7
0.04
0.10
0.19
0.29
0.15
0.17
0.15
0.19
0.24
0.04

8
0.07
0.10
0.14
0.21
0.16
0.25
0.18
0.27
0.19
0.18

9
0.12
0.04
0.14
0.22
0.15
0.37
0.33
0.19
0.26
0.11

10
0.14
0.09
0.07
0.20
0.12
0.12
0.20
0.24
0.31
0.22

Figure A6.3: Table of dot products between the first 10 PCs of the WT active cMD
simulations and the G719S active supertrajectory. Each cell consists of the root mean
square value of the dot product taken across each of the WT cMD simulations.
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WT active trajectory PC

Deletion Active supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.55
0.27
0.05
0.23
0.23
0.27
0.21
0.25
0.14
0.09

2
0.45
0.49
0.43
0.26
0.27
0.13
0.12
0.14
0.17
0.04

3
0.41
0.51
0.11
0.25
0.16
0.24
0.19
0.24
0.17
0.04

4
0.16
0.15
0.28
0.14
0.24
0.31
0.27
0.16
0.19
0.32

5
0.06
0.21
0.21
0.30
0.16
0.12
0.24
0.20
0.27
0.29

6
0.12
0.18
0.17
0.26
0.32
0.37
0.34
0.20
0.17
0.30

7
0.10
0.24
0.12
0.21
0.29
0.24
0.37
0.09
0.12
0.09

8
0.07
0.10
0.21
0.09
0.25
0.20
0.18
0.03
0.04
0.19

9
0.17
0.09
0.20
0.08
0.09
0.11
0.16
0.21
0.12
0.28

10
0.05
0.06
0.19
0.27
0.09
0.24
0.22
0.19
0.48
0.13

Figure A6.4: Table of dot products between the first 10 PCs of the WT active cMD
simulations and the deletion active supertrajectory. Each cell consists of the root mean
square value of the dot product taken across each of the WT cMD simulations.

WT Inactive trajectory PC

WT Inactive supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.32
0.28
0.32
0.17
0.29
0.13
0.30
0.15
0.14
0.23

2
0.26
0.32
0.14
0.15
0.32
0.11
0.26
0.06
0.27
0.21

3
0.30
0.26
0.36
0.16
0.14
0.10
0.08
0.20
0.12
0.16

4
0.27
0.13
0.20
0.19
0.19
0.20
0.26
0.35
0.21
0.16

5
0.36
0.16
0.16
0.17
0.12
0.19
0.16
0.24
0.15
0.15

6
0.26
0.21
0.18
0.24
0.24
0.24
0.13
0.11
0.21
0.22

7
0.11
0.36
0.36
0.21
0.37
0.20
0.26
0.14
0.14
0.12

8
0.29
0.26
0.30
0.16
0.12
0.21
0.17
0.16
0.24
0.09

9
0.12
0.23
0.14
0.26
0.10
0.40
0.24
0.20
0.12
0.13

10
0.07
0.08
0.24
0.29
0.20
0.32
0.10
0.27
0.18
0.15

Figure A6.5: Table of dot products between the first 10 PCs of the WT inactive cMD
simulations and the WT inactive supertrajectory. Each cell consists of the root mean
square value of the dot product taken across each of the WT cMD simulations.
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WT Inactive trajectory PC

L858R Inactive supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.37
0.32
0.17
0.13
0.26
0.28
0.21
0.17
0.17
0.08

2
0.10
0.13
0.04
0.11
0.15
0.11
0.14
0.14
0.14
0.18

3
0.20
0.20
0.17
0.12
0.08
0.05
0.09
0.11
0.20
0.14

4
0.10
0.39
0.15
0.12
0.22
0.29
0.34
0.12
0.20
0.13

5
0.23
0.29
0.24
0.35
0.07
0.12
0.11
0.19
0.08
0.12

6
0.20
0.11
0.17
0.13
0.05
0.08
0.09
0.05
0.12
0.09

7
0.22
0.16
0.23
0.14
0.16
0.14
0.14
0.09
0.10
0.09

8
0.12
0.16
0.11
0.23
0.24
0.17
0.17
0.26
0.22
0.12

9
0.08
0.06
0.19
0.20
0.22
0.26
0.24
0.12
0.20
0.18

10
0.12
0.11
0.08
0.18
0.14
0.15
0.06
0.04
0.13
0.08

Figure A6.6: Table of dot products between the first 10 PCs of the WT inactive cMD
simulations and the L858R inactive supertrajectory. Each cell consists of the root mean
square value of the dot product taken across each of the WT cMD simulations.

WT Inactive trajectory PC

G719S Inactive supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.43
0.37
0.27
0.10
0.31
0.29
0.17
0.17
0.16
0.07

2
0.15
0.34
0.22
0.18
0.17
0.17
0.20
0.14
0.16
0.14

3
0.13
0.19
0.21
0.25
0.29
0.27
0.16
0.21
0.15
0.15

4
0.14
0.25
0.25
0.21
0.33
0.29
0.32
0.10
0.15
0.10

5
0.26
0.27
0.31
0.23
0.14
0.22
0.18
0.09
0.26
0.21

6
0.12
0.20
0.15
0.19
0.14
0.22
0.25
0.29
0.30
0.14

7
0.13
0.05
0.12
0.26
0.21
0.08
0.25
0.16
0.17
0.19

8
0.04
0.18
0.10
0.11
0.12
0.30
0.18
0.24
0.16
0.07

9
0.15
0.17
0.21
0.27
0.15
0.13
0.09
0.29
0.12
0.16

10
0.21
0.15
0.21
0.13
0.11
0.10
0.13
0.14
0.15
0.27

Figure A6.7: Table of dot products between the first 10 PCs of the WT inactive cMD
simulations and the G719S inactive supertrajectory. Each cell consists of the root mean
square value of the dot product taken across each of the WT cMD simulations.
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WT Inactive trajectory PC

Deletion Inactive supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.34
0.36
0.23
0.23
0.25
0.30
0.28
0.17
0.15
0.13

2
0.22
0.51
0.33
0.11
0.25
0.20
0.24
0.08
0.29
0.21

3
0.24
0.24
0.24
0.41
0.31
0.29
0.25
0.20
0.11
0.07

4
0.14
0.12
0.10
0.13
0.02
0.21
0.33
0.39
0.21
0.02

5
0.09
0.17
0.12
0.15
0.17
0.15
0.19
0.24
0.15
0.09

6
0.16
0.10
0.20
0.36
0.29
0.40
0.20
0.29
0.11
0.17

7
0.14
0.18
0.23
0.21
0.17
0.16
0.15
0.13
0.25
0.13

8
0.20
0.16
0.10
0.13
0.21
0.13
0.22
0.19
0.19
0.17

9
0.14
0.13
0.10
0.14
0.09
0.14
0.12
0.17
0.15
0.22

10
0.14
0.15
0.09
0.13
0.13
0.07
0.16
0.10
0.18
0.25

Figure A6.8: Table of dot products between the first 10 PCs of the WT inactive cMD
simulations and the deletion inactive supertrajectory. Each cell consists of the root
mean square value of the dot product taken across each of the WT cMD simulations.

In the comparison of the supertrajectories of each sampling method the dot products
were compared; however, to maintain readability in the main text, those tables of dot
products are provided here.

ｃMD trajectory PC

AMD supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.94
0.16
-0.10
-0.10
0.08
-0.11
-0.02
-0.09
-0.04
0.01

2
0.21
-0.60
-0.03
0.35
0.16
0.25
0.08
0.07
-0.02
-0.18

3
0.07
-0.57
0.34
-0.40
-0.24
-0.30
0.03
0.08
-0.13
-0.11

4
-0.04
-0.01
-0.20
-0.02
-0.17
-0.28
-0.33
0.05
0.12
0.07

5
-0.09
-0.13
-0.61
-0.54
0.17
-0.01
-0.01
0.08
0.05
-0.02

6
0.03
-0.29
-0.15
0.03
0.11
0.38
-0.31
0.17
0.16
-0.02

7
-0.07
0.11
0.35
-0.32
0.34
0.25
-0.13
-0.15
0.15
-0.09

8
0.01
0.09
-0.04
0.10
-0.26
0.03
0.01
0.00
-0.04
-0.12

9
10
0.02 0.05
-0.02 0.19
0.24 0.07
-0.03 -0.02
0.20 0.02
-0.33 0.09
-0.18 0.26
0.33 0.57
-0.05 0.01
0.04 0.02

Figure A6.9: Table of dot products between the first 10 PCs of the cMD supertrajectory
and the AMD supertrajectory.
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ｃMD trajectory PC

DMDMD supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.88
-0.05
-0.05
-0.04
0.02
-0.10
-0.05
-0.16
-0.15
-0.05

2
-0.07
-0.17
-0.76
-0.08
0.26
0.34
0.01
-0.27
0.04
0.04

3
-0.01
0.80
0.00
0.13
0.08
0.14
0.17
-0.28
-0.04
0.06

4
-0.04
0.15
0.25
-0.70
0.18
0.30
-0.16
-0.01
-0.07
-0.08

5
0.04
-0.31
0.30
-0.05
-0.08
0.19
0.41
-0.42
0.15
-0.10

6
0.21
0.16
-0.15
0.01
-0.33
0.17
0.01
0.29
0.24
-0.32

7
0.10
-0.06
0.16
0.25
0.33
0.45
-0.11
0.23
0.15
0.07

8
-0.01
-0.06
-0.19
-0.28
-0.34
-0.02
-0.13
-0.06
-0.05
0.10

9
-0.04
0.06
-0.02
0.06
-0.17
0.16
-0.34
-0.18
-0.07
-0.19

10
0.01
0.06
0.01
-0.15
0.10
-0.16
-0.22
-0.15
0.61
-0.21

9
0.15
-0.05
-0.04
0.26
-0.17
0.33
-0.39
0.39
0.01
0.10

10
0.11
-0.03
0.02
0.04
0.27
-0.10
0.08
0.40
0.39
-0.12

Figure A6.10: Table of dot products between the first 10 PCs of the cMD
supertrajectory and the DMDMD supertrajectory.

ｃMD trajectory PC

RDFMD supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.88
0.02
-0.04
0.06
0.07
-0.17
-0.08
-0.17
-0.08
-0.09

2
-0.07
0.34
-0.37
0.06
-0.19
-0.25
0.08
-0.15
0.13
-0.02

3
-0.02
-0.14
0.17
0.67
0.06
0.30
0.28
-0.26
0.13
-0.15

4
-0.16
-0.34
-0.13
0.20
-0.12
-0.33
-0.43
-0.13
0.20
-0.04

5
0.06
-0.65
0.13
-0.19
-0.28
-0.15
0.15
0.16
-0.06
-0.23

6
0.12
-0.04
-0.18
0.15
-0.35
-0.05
0.33
0.11
-0.23
0.24

7
0.09
0.28
0.08
-0.12
-0.20
0.19
-0.16
-0.12
0.23
-0.27

8
-0.04
0.00
-0.04
0.26
0.17
-0.06
-0.07
-0.01
-0.06
-0.06

Figure A6.11: Table of dot products between the first 10 PCs of the cMD
supertrajectory and the RDFMD supertrajectory.
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AMD trajectory PC

RDFMD supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.88
0.15
0.05
-0.06
-0.08
-0.09
-0.07
-0.06
0.08
-0.14

2
0.02
-0.31
-0.22
0.03
0.16
-0.21
-0.25
-0.03
-0.19
0.27

3
-0.16
0.44
-0.26
-0.23
-0.53
0.05
-0.06
0.02
-0.19
-0.03

4
-0.19
0.16
0.02
0.34
0.05
0.15
-0.15
0.01
0.31
-0.41

5
-0.07
0.28
0.72
-0.02
0.06
0.07
-0.12
-0.01
-0.05
0.16

6
0.06
0.06
-0.05
0.15
-0.02
-0.08
-0.39
0.26
-0.02
0.07

7
0.08
-0.11
-0.12
0.18
-0.10
0.04
0.24
0.11
-0.07
-0.04

8
-0.04
0.01
-0.15
-0.05
0.02
0.08
-0.05
0.02
0.03
-0.07

9
0.03
0.17
-0.05
0.07
-0.16
0.32
-0.21
0.10
-0.08
0.25

10
0.05
0.14
-0.12
0.03
0.11
0.15
0.05
-0.02
0.21
0.33

9
0.04
-0.06
-0.20
-0.08
-0.33
0.12
0.36
0.08
0.10
-0.04

10
-0.07
-0.08
-0.18
-0.09
-0.02
0.25
0.18
-0.35
-0.03
0.27

Figure A6.12: Table of dot products between the first 10 PCs of the AMD
supertrajectory and the RDFMD supertrajectory.

DMDMD trajectory PC

RDFMD supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.93
-0.03
0.04
-0.05
-0.02
0.14
0.03
-0.04
-0.05
0.04

2
-0.07
0.14
0.25
-0.19
-0.25
0.14
-0.47
0.12
-0.22
0.28

3
-0.08
0.03
0.15
-0.46
0.44
0.02
0.31
-0.20
-0.01
-0.04

4
-0.11
0.10
-0.38
-0.26
-0.02
0.12
-0.10
0.02
0.02
0.24

5
0.08
-0.17
-0.67
-0.05
0.19
0.04
-0.25
0.12
-0.05
0.00

6
0.03
0.04
0.03
-0.35
0.11
0.17
-0.26
-0.08
0.03
-0.44

7
-0.05
-0.06
0.25
0.14
0.15
0.37
-0.04
0.08
0.38
0.28

8
0.01
0.09
-0.08
-0.19
-0.22
-0.08
0.06
-0.33
0.26
0.05

Figure A6.13: Table of dot products between the first 10 PCs of the DMDMD
supertrajectory and the RDFMD supertrajectory.
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DMDMD trajectory PC

AMD supertrajectory PC

1
2
3
4
5
6
7
8
9
10

1
0.88
0.00
0.14
0.03
-0.07
0.09
0.00
0.00
-0.04
0.06

2
0.13
0.19
-0.37
-0.26
0.29
0.10
0.28
-0.16
-0.03
-0.15

3
0.17
-0.37
-0.56
0.13
0.23
-0.13
-0.18
0.31
-0.06
-0.01

4
-0.06
-0.03
-0.10
-0.29
-0.22
0.02
-0.21
0.28
0.23
0.19

5
-0.06
0.59
-0.24
0.31
-0.21
0.14
-0.18
0.12
-0.11
0.02

6
-0.07
0.30
-0.33
0.05
-0.13
0.11
0.30
-0.06
0.07
0.13

7
-0.03
-0.04
0.20
0.49
0.12
-0.09
0.09
-0.10
0.15
0.21

8
-0.07
-0.07
0.06
-0.12
0.10
0.22
-0.20
-0.06
0.34
-0.29

9
-0.04
-0.33
-0.23
0.18
-0.20
0.11
0.07
-0.24
-0.20
-0.10

Figure A6.14: Table of dot products between the first 10 PCs of the DMDMD
supertrajectory and the AMD supertrajectory.
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10
-0.14
-0.21
0.06
-0.03
-0.26
0.23
0.08
-0.02
-0.27
-0.04
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