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Abstract

Integral Membrane Proteins (IMPs) are an important and scientifically

interesting class of protein which span the lipid bilayer surrounding cells,

cell compartments and many viruses. Molecular Dynamics (MD) simula-

tion has revealed intimate and often highly specific relationships between

membrane lipids and IMPs critical to many metabolic and signalling path-

ways. Meanwhile, the use of Coarse-Grained (CG) MD techniques has

extended capabilities of biomolecular simulation to larger proteins over

longer time periods. Several tools and resources for biomolecular simu-

lations of IMPs are presented here, as well as two MD studies of spe-

cific IMPs. The previously developed MemProtMD pipeline automates

the setup of MD simulations of IMPs; major extensions to this are pre-

sented here with the MemProtMD database and web server, automating

the analysis of IMP simulations. The results of this can be viewed using

the MemProtMD web server, an interactive, searchable online resource

containing data from simulations of over 3000 experimentally determined

IMP structures in explicit lipid bilayers. Using data from analysis of

the entire MemProtMD database, MemProtMetrics has been developed

to automate identification and orientation of IMP structures from Pro-

tein DataBank (PDB) depositions. This is shown to effectively predict

membrane protein orientations seen in MD simulations. A tool for identi-

fication and classification of membrane lipids is also described, and used

to identify over 500 IMPs structures with resolved lipids.CGMD simula-

tions have also been used to assess dependence on side-chain ionisation

state of interactions between lipids and two IMPs observed in mass spec-

trometry experiments. The simulations reveal similar trends to those seen

in experiments. Finally, using multi-scale simulations, and through the

development of a novel method for altering membrane composition in MD

simulations, lipid-specific scramblase activity was shown for a novel struc-

ture of the TMEM16K scramblase IMP.
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Chapter 1

Introduction

The boundaries of cells, organelles, vesicles and viruses are, with few exceptions, de-

fined by a 3-4 nm thick membrane composed primarily of lipid and protein molecules,

and held together by the intense hydrophobicity of the membrane core. Proteins

with domains natively inhabiting this hydrophobic core, termed Integral Membrane

Proteins (IMPs), are uniquely important to a great many biological processes, often

acting as gatekeepers for signals or chemicals passing through the membrane. Indeed,

IMPs account for as much as 30% of sequenced genomes [1], and are estimated to

account for over half of druggable targets [2].

In spite of this, insights into the structure and function of IMPs have long remained

elusive. To an IMP, the highly specific and anisotropic bilayer structure formed by

lipid head-groups, acyl tails, water and ions in and around a biological membrane acts

as a solvent. Interactions with this environment, and, in some cases, highly specific

lipid species, are required to maintain structural integrity and function of a great

many IMPs, rendering their study inaccessible to the majority of biophysical assays

and established methods for protein structure determination.

By the time Johann Deisenhofer and colleagues determined the first IMP structure

in 1985 [3], 27 years of soluble protein structure determination had already produced

over 200 soluble protein structures. Since then, however, sustained advances in meth-

ods available for IMP structure determination such as the development of the Lipidic

Cubic Phase (LCP) for X-ray crystallography, and, more recently, Nuclear Magnetic

Resonance (NMR) spectroscopy and Cryo-Electron Microscopy (Cryo-EM), have re-

sulted in the determination of more than 3300 high-resolution IMP structures [by

combination of 4, 5, see Chapter 3], although this still amounts to fewer than 3% of

all protein structures deposited in the Protein DataBank (PDB).

In parallel with developments to structure determination methods, many insights

into IMP structure and function have been facilitated by development of a wealth of
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methods and resources for in silico studies of IMP using bioinformatics approaches,

modelling and simulation [6]. The use of biomolecular simulation methods such as

Molecular Dynamics (MD) has revealed a complex and intimate relationship between

IMPs and the membrane environment, from stabilisation and regulation by interac-

tions with specific chemical groups of other membrane lipid and protein components

to responses to bulk bilayer properties.

Although methods for IMP structure determination are yielding an ever-increasing

number of high-resolution structures, many IMP structures remain elusive. With a

better understanding of IMP-lipid interactions, as well as the general principles gov-

erning protein structure in lipid bilayers, development of accurate homology modelling

methods for IMPs such as MEDELLER [7] has expanded the range of proteins ac-

cessible to computational studies. The pre-existence of a high-resolution structure is

no longer a pre-requisite for biomolecular simulation, especially where structures of

closely related proteins are available [8, 9, e.g.].

A major revelation of early IMP structure determination was that, in spite of the

great diversity of IMP function and extramembrane structure, the transmembrane

domain of an IMP follows one of two basic structural paradigms. IMP transmembrane

domains are immediately recognisable, consisting either of one or more α-helices,

or a β-barrel structure, composed of many spiralling β-strands. The majority of

IMPs have an α-helical bundle topology, with β-barrel IMPs confined to the outer

membranes of bacterial cells or endosymbiont-derived organelles such as mitochondria

and chloroplasts. It seems likely that these conserved structural elements are due to

both a shared evolutionary history [10], and the constraints imposed by the unique

hydropathy landscape of the lipid bilayer [11].

Within these structural constraints, however, IMPs carry out a vast range of

functions critical to the overwhelming majority of metabolic and signalling pathways.

IMPs are responsible for the active and passive transport of a vast number of small

soluble molecules, such as water, ions, saccharides and even gasses such as ammo-

nia. As receptors, IMPs are involved in signal transduction cascades, passing on and

amplifying signalling between or within cells, recognising other cells, or detecting the

identity and location of endogenous or exogenous substances. Several IMPs also act as

enzymes, playing critical roles in photosynthesis and both aerobic and anaerobic res-

piration. IMPs also include key components of the immune system, flagellar motors,

toxins, cytoskeletal anchors and intercellular junctions. Several types of ion channels,

receptors and transporters are discussed below with relation to their interactions with

membrane lipids.
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1.1 Interactions of lipids with integral membrane

proteins

Key to the understanding of IMP structure and function is an understanding of their

interactions with lipid molecules of the membranes they inhabit. Structures of over

40,000 unique lipid species are currently represented in the LIPID MAPS database

[12] (http://www.lipidmaps.org), with around 1000 unique lipid species currently

thought to be represented in the lipidome of a single cell [13]. A great many of these

lipids are used to form bilayers, with various compositions and structures, which sur-

round cells, cell compartments and vesicles. Lipidomics studies have revealed a great

diversity of membrane lipid compositions, differing between cell compartments and

leaflets (reviewed by van Meers [14] and online via Membrane Protein Composition

Atlas http://opm.phar.umich.edu/atlas.php). Leaflet or microdomain localisa-

tion of several lipid species is known to play key signalling roles, with many lipids

able to recruit or activate specific protein effectors [15]. The misregulation or exploita-

tion of membrane lipidomes has extensively documented links to both infectious [e.g.

16, 17, 18] and non-infectious diseases [e.g. 19, 20, 21], therefore a better understand-

ing of lipid signalling and interactions with proteins provides a great opportunity for

the development of a vast array of new or improved therapeutics targeted to IMPs

or membrane lipids [22].

Membrane lipids interacting with IMPs may be categorised according to the dy-

namics of these interactions, and time spent in contact with specific sites of the protein

(residence time) [23]. Bulk lipids diffuse freely within the membrane, rarely interact-

ing with amino-acid side-chains, and modulating protein function primarily through

bilayer structural properties such as tension and thickness [e.g. 24, 25]. Significantly

less mobile than bulk lipids, Annular lipids are found near protein transmembrane

region, forming one or more [26] shells, similar to hydration shells formed around ex-

tramembrane domains by water and ions. Annular lipids may occupy specific binding

sites on the protein surface, although these are typically dynamic and short lived.

Frequent exchange occurs between bulk and annular lipids, with experimentally de-

termined transition times from bulk to annular phase of around 100 ns under physi-

ological conditions [27]. Non-annular lipids exchange with annular and bulk lipids

at vastly slower rates, and form long-lived, high-affinity interactions at specific sites,

often buried within α-helices or between subunits of an IMP.

A growing number of IMPs are now known to be structurally or functionally

modulated by the composition or mechanical properties of their native lipid bilayer. In
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many cases, the presence or absence of a particular lipid species may modulate aspects

of protein function. For example, many ion channels, such as Potassium (K+) Inward

Rectifier (Kir) channels [28], are known to be activated by Phosphatidylinositol 4,5-

bisphosphate (PIP2) [29], whilst the function of many G-Protein Coupled Receptors

(GPCRs) is known to be modulated by cholesterol [30]. In other cases, modulation

of protein function depends more on local mechanical properties of the lipid bilayer.

Several proteins ion channels are able to open or close in response to changes in

membrane tension, often as a protective measure during osmotic shock; these include

the bacterial channel MscS [31], and potassium channels TREK-1 [32] and TREK-2

[33]. Local bilayer thickness has also been shown to affect protein function, as with

Ca2+ ATPase, for which activation has shown to depend on lipid tail length [25],

although it is not known whether this dependence is physiologically relevant.

In some cases, lipid molecules may act as native cofactors or substrates in a

reaction catalysed by an IMP, as is the case for IMPs which form part of phos-

pholipid biosynthetic pathways. Phosphatidate cytidylyltransferase, also known as

CDP-diacylglycerol synthase (CDS), is an IMP which catalyses the synthesis of CDP-

diacylglycerol (CDP-DAG), an important precursor of Phosphatidylinositol (PI), Phos-

phatidylglycerol (PG) and Phosphatidylcholine (PC) lipids, from Phosphatidic Acid

(PA) lipids [34], and is necessary for the transduction of PI-mediated signalling cas-

cades [35]. In common with many enzymes, CDS is regulated, in part, by feedback

inhibition, with binding of CDP-DAG shown to inhibit enzymatic activity [36]. Many

other enzymes forming part of phospholipid biosynthetic pathways are IMPs, includ-

ing Phosphatidylinositol phosphate (PIP)-synthase, which catalyses the synthesis of

PIP from CDP-DAG and myo-inositol [37], and several members of the DAG-kinase

family of enzymes, which phosphorylate Diacylglycerol (DAG) to produce PA [38].

Within membranes of cells or cell compartments, the bilayer composition exposed

to each IMP is far from homogeneous. It has long been known that the composition

of many membrane types varies between the two leaflets of a lipid bilayer [39]. IMPs

modulate membrane asymmetry by active (in the case of lipid flippases and floppases)

or passive (in the case of lipid scramblases) translocation of lipids between leaflets

of the lipid bilayer (known as lipid flip-flopping). Members of the TMEM16 protein

family are associated with the breakdown of bilayer asymmetry and Phosphatidylser-

ine (PS) signalling by exposure of PS lipids in the extracellular leaflet [40]. Specificity

for PS appears to vary within the TMEM16 family [41].

Membrane proteins and lipids can be found organised into microdomains [42];

regions of cell membrane between 30 nm and 750 nm in diameter [43] with distinct
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protein and lipid compositions. These include planar lipid rafts and invaginations

of the lipid bilayer known as caveolae [44]. In most documented cases, formation

of a microdomains is associated with enrichment of cholesterol and sphingolipids

relative to typical bilayer composition [45], however evidence suggests the existence

of microdomains formed of other lipid types, such as PS and PC [46]. Microdomain

enrichment of various lipids, including PA [47], PIP2 [48] and PS [49], plays a vital

role in many signalling pathways by recruitment or activation of protein effectors.

1.1.1 Capabilities and limitations of methods for characteri-
sation of lipid interactions with integral membrane pro-
teins

In most cases, the structure and function of an IMP are dependent on the presence of

a lipid bilayer, complicating a number of experimental approaches which cause disrup-

tion this structure [50]. Characterisation of IMP-lipid interactions remains challeng-

ing, however, through the combination of various experimental and computational

approaches summarised below, it has been possible to characterise lipid interactions

of several IMPs in some considerable detail [6].

The presence of co-purified lipids in experimentally determined high-resolution

molecular IMP structures has revealed many higher-affinity binding modes of lipids to

IMPs. X-ray crystallography has provided the majority of high-resolution molecular

structures of IMPs. The development of techniques for in meso crystallisation, such

as LCP crystallization [51], has allowed for protein crystals to form in the presence of

membrane lipids. As a result, many hundreds of IMP structures have been resolved

in the presence of lipids [52]. X-ray crystallographic studies of IMPs are limited,

however, by the challenging task of both purifying and crystallising sufficient amounts

of IMPs.

Recent development of two electron microscopy techniques for IMPs structure de-

termination, single-particle Cryo-EM [53] and 2D-electron crystallography [54], which

require the purification of substantially lower amounts of protein than X-ray crystal-

lography, have resulted in several high-resolution molecular structures of IMPs with

co-purified lipids. 2D-electron crystallography, which uses 2-dimensional crystal pack-

ing of IMPs reconstituted into a lipid bilayer, can be used to resolve lower-affinity

lipid binding, such as the annular lipids of an aquaporin [55]. Where structures are

not amenable to crystallographic methods, single-particle Cryo-EM techniques can

be used to determine high-resolution structures for IMPs, often with higher-affinity
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bound lipids originating from the expression host [e.g. 56], without requiring large

amounts of protein or formation of crystals.

Whilst X-ray crystallography and electron microscopy can reveal sites of lipids

binding to IMPs at high resolution, these methods alone cannot be used to examine

the dynamics of these interactions. NMR spectroscopy, however, can be used to re-

veal both structure and dynamics of protein structures and their binding to molecules

including membrane lipids. Solution-NMR is limited in application to IMPs by the

need to solubilise proteins, requiring selection of a small protein and the use of deter-

gents [57]. With the development of solid-state NMR, however, NMR spectra can be

obtained from IMPs reconstituted in lipid bilayers, allowing for the study of dynamics

of lipid interactions with larger IMP structures under more physiological conditions

[Reviewed in 58].

In addition to structure determination methods such as X-ray crystallography,

electron microscopy and NMR, a range of other biophysical assays may be used

to characterise interactions between IMPs and membrane lipids [Reviewed in 59].

Amongst these, native mass spectrometry has recently emerged as an increasingly

powerful method, allowing not only the quantification of lipid binding [60], but its

effects on protein oligomeric state [61] and protein stability [62] to be quantified. Lit-

tle is understood, however, of the impact of the ionised, gas-phase environment of a

mass spectrometry experiment on IMPs and their interaction with membrane lipids.

Working in combination with experimental methods, biomolecular simulations

can examine dynamics of IMP-lipid interactions at a number of temporal and spatial

scales, from detailed atomistic MD simulations to more abstract Coarse-Grained (CG)

MD and even continuum representations [63]. By reconstituting an experimentally

determined or computationally predicted IMP structure in an explicit lipid bilayer,

MD simulations may capture events such as lipid binding and protein conformational

change, giving mechanistic insights into the function or regulation of a protein. Many

lipid binding events observed in MD simulations show good agreement with evidence

from experimental studies. A more general discussion of the application of biomolec-

ular simulation techniques to IMPs may be found in Section 1.2.1.

MD techniques are highly amenable to the development of high-throughput studies

of large ensembles of proteins and lipids. Large numbers of MD simulations of IMPs

in explicit lipid bilayers of various compositions may be set-up automatically using

tools such as MemProtMD [5], HTMD [64] and the CHARMM-GUI [65]. This has

facilitated simulations of ensembles of IMP ranging from an entire protein family [e.g.
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66] to the over 3000 IMPs currently represented by simulations in the MemProtMD

Database (see Chapter 2).

Experimental approaches for characterisation of IMP-lipid interactions have so far

been limited to low-throughput studies of individual or small numbers of IMPs, due

to the inherent difficulties of working with IMPs. Given the vast number of IMPs, and

importance of their interactions with lipids, development of high-throughput, -omics-

type approaches for in-vitro and in-vivo characterisation of IMP-lipid interactions is

currently a high priority [59].

1.1.2 Evidence for lipid interactions with integral membrane
proteins from structural and simulation studies

The following examples are extensive and intended to be representative of the variety

of IMPs and their interactions with membrane lipids, with a particular focus on IMP

families discussed in Chapters 2-4, but an exhaustive list would be beyond the scope

of this introduction. More examples of IMPs-lipid interactions may be found reviewed

from an MD perspective by Chavent et al. [63], and Hedger and Sansom [6], and from

a mass spectrometry perspective by Barrera et al. [60].

GPCRs

The GPCR family of receptors each contain a highly recognisable topology consisting

of seven transmembrane α-helices, and are a major class of IMP receptor, accounting

for up to 40% of prescription drug targets [67]. GPCRs are known to be functionally

modulated by interactions with a variety of lipid species. Of these, the best charac-

terised, and perhaps most important interaction, is that of cholesterol. Experimental

studies have been shown key roles for cholesterol in stabilising GPCRs [68], promot-

ing oligomerisation [69], and altering activity of native ligands [70]. From results of

experimental, structural and MD studies, it is becoming increasingly apparent that

cholesterol acts both indirectly, by altering bulk bilayer structure, and directly, by

binding to specific sites on GPCRs.

In comparison to most other membrane lipids, cholesterol varies little in structure

or conformation. It is therefore possible to generalise the properties of a cholesterol

binding site on an IMPs and thereby identify likely sites in other protein structures.

Cholesterol Recognition/interaction Amino acid Consensus (CRAC) [25] binding sites

follow a linear pattern from C to N-termini consisting of an apolar leucine or valine

residue, located between one and five residues from an aromatic tyrosine residue,
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located in turn between one and five residues from a basic lysine or arginine residue.

The CARC motif [71] is a variation on CRAC which runs from N to C-termini and

allows for tyrosine or phenylalanine in the central position. The Cholesterol Consensus

Motif (CCM) is a stricter and more complex variation on these motifs based on

binding of cholesterol to Class A GPCRs [72], finding likely cholesterol binding sites

in 44% of structures.

Determination of high-resolution GPCR structures with bound cholesterol, as

well as unbiased MD simulations of GPCRs in the presence of cholesterol, has re-

vealed the existence of several direct binding sites. All-atom MD simulations of the

A2A adenosine receptor were used to follow cholesterol molecules in a cholesterol/1-

palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) bilayer over 800 ns [73], iden-

tifying three sites which formed interactions with cholesterol which, although com-

paratively weak, persisted for the length of the simulation. Subsequent publication

of a high-resolution structure revealed three co-crystallised cholesterol molecules, of

which one corresponded to a site seen in MD simulations [74].

A series of 80 μs CG simulations of the Serotonin1A receptor in a mixed POPC/c-

holesterol bilayer identified several sites in both leaflets which preferentially (although

weakly) bound cholesterol [75], coinciding in one case with a CRAC and in another

with a CCM. Similar simulations of the closely related Serotonin2A receptor, however,

showed an entirely different set of binding sites [76]; it is unclear whether this differ-

ence is due to differences in protein structures or limitations of the CG methodology.

The oligomeric state of GPCRs is known to modulate receptor function and activa-

tion [69], and studies of several GPCRs have shown oligomerisation to be modulated

by cholesterol. GPCR oligomerisation appears to be driven by hydrophobic mismatch,

with energetically favourable protein-protein contacts shielding helices with greater

mismatch from the lipid bilayer [77]. A recent study used CG simulations including

multiple β-adrenergic receptors to measure hydrophobic mismatch of two β-adrenergic

receptors [78]. Addition of cholesterol was found to substantially alter hydrophobic

mismatch of several transmembrane helices; in a pure POPC bilayer TM4 showed the

greatest degree of mismatch, followed by TM1 and TM5, however with the addition

of cholesterol, hydrophobic mismatch of TM1 increased, almost doubling in the case

of the β2-adrenergic receptor, whilst hydrophobic mismatch of TM4 was reduced. A

suggested cause was bilayer thickening due to increased order of phospholipid acyl

tails induced by cholesterol. Various interfaces were formed in simulations using a

pure POPC bilayer, including TM1-TM1, TM4-TM5, and TM5-TM5; in each case,

protein-protein interactions were found to reduce hydrophobic mismatch.
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Figure 1.2: Experimentally determined GPCRs structures
Structures are shown in cartoon format with bilayer distortion data from the Mem-
ProtMD database shown as spheres, scaled by distance from the protein. Leaflet
thinning and thickening is shown in red and blue respectively.

The cholesterol-dependence of the β2-adrenergic receptor was further studied us-

ing a series of CG simulations with two protein molecules and varied amounts of

cholesterol [79]. In the absence of cholesterol, protein dimerisation occurred via the

TM4-TM5 interface, however, when cholesterol was present, the TM4-TM5 inter-

face was destabilised, and the protein dimer reformed via an interface between TM1

and TM2. Cholesterol was found to disrupt the TM4-TM5 interface by binding to

a CCM on TM4, a site where cholesterol binding is seen in crystal structures. It

would appear, therefore, that cholesterol affects oligomerisation of β-adrenergic both

indirectly, through effects on hydrophobic mismatch, and directly, by competing with

protein-protein interactions at the TM4 helix.

Cholesterol is far from the only lipid type with known interactions with GPCRs.

As is the case with several GPCRs, function of the β2-adrenergic receptor is known to

be modulated by anionic PG lipids, which promote ligand binding and activation of

the receptor [80]. A series of all-atom MD simulations of the β2-adrenergic receptor

in a POPC/POPG bilayer found that after around 1 μs, a POPG lipid entered a

pocket in the cytosolic side of the protein [81]. Interactions between the lipid head-

group and protein were found to disrupt several long-range electrostatic interactions,

destabilising the inactive form of the protein. This suggests a likely mechanism by

which PG lipids may promote ligand binding and receptor activation.
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Receptor tyrosine kinases

Receptor Tyrosine Kinases (RTKs) are another class of receptors known to be mod-

ulated by lipid interactions. The activation of RTKs such as Epidermal Growth

Factor Receptor (EGFR) begins with ligand binding, which promotes dimerisation of

two protein monomers. As a result of dimerisation, several tyrosine residues become

phosphorylated, creating a docking site which binds proteins involved in downstream

signalling [82]. Experimental studies of the human EGFR, have shown receptor ac-

tivity to be downregulated by the presence of the GM3 ganglioside (a sphingolipid)

in the outer leaflet [83], and upregulated by the presence of PIP2 [84] in the inner

leaflet. RTK monomers consist of a single pass transmembrane helix, attached by

a juxtamembrane region at the inner leaflet to a kinase domain, and to a ligand-

binding ectodomain in the outer leaflet. Structures have been determined for several

individual parts of RTKs, including NMR structures of transmembrane helix dimers,

however to date a high-resolution structure of a complete, intact RTK has not been

determined.

Simulations of partial RTK structures have revealed some interesting interactions

with membrane lipids. CG simulations of structures or homology models of the

transmembrane and juxtamembrane region of all 58 human RTK monomers in bi-

layers containing PC, PS and PIP2 found a conserved clustering of PIP2 around

the juxtamembrane region [66]. Further simulations of the transmembrane and jux-

tamembrane region of a human EGFR dimer found clustering around the protein of

GM3 in the outer leaflet and PIP2 in the inner leaflet, and examined the free energy

landscape of binding of PIP2, GM3, PS and PC lipids to the dimer, finding that free

energy of PIP2 binding to a site on the inner leaflet side of the dimer was substantially

lower than for other lipids [85]. Alterations of the ionisation of PIP2, and in-silico

mutagenesis of charged residues of the EGFR extramembrane region were found to

increase free energy associated with PIP2 binding, suggesting a substantial role for

electrostatic forces in this binding.

Cys-loop receptors

Cys-loop receptors are pentameric ligand-gated ion channels which open upon binding

to a variety of neurotransmitters. Amongst these are the γ-aminobutyric acid receptor

(GABAAR), which is sensitive to membrane cholesterol content [86], and the Nico-

tinic Acetylcholine Receptor (nAChR), which is sensitive to membrane cholesterol

content, thickness and the presence of anionic lipids [87]. An all-atom MD simulation
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Figure 1.3: Experimentally determined RTKs structures
Structures are shown in cartoon format with bilayer distortion data from the Mem-
ProtMD database shown as spheres, scaled by distance from the protein. Leaflet
thinning and thickening is shown in red and blue respectively.

approach has used a Cryo-EM structure of nAChR to reveal a possible mechanism

for cholesterol sensitivity [88]. In the absence of cholesterol, water entered several

gaps between sparsely packed transmembrane helices, resulting in the collapse of the

channel. Docking identified 15 potential binding sites for cholesterol between these

helices, which, when occupied by cholesterol in subsequent simulations, resulted in

expulsion of water and maintenance of channel structure. It seems likely therefore

that binding of cholesterol is vital to the structural integrity of nAChR.

Two computational studies have provided insights into the mechanism of GABAAR

cholesterol sensitivity, also using a combined docking and MD approach, based on ho-

mology models of GABAAR structures. In the first case [9], docking was used to find

a likely cholesterol binding site on the GABAAR monomer, and thus five sites on the

intact pentamer. Over 200 ns of all-atom simulation, docked cholesterol changed in

orientation, either remaining in situ, or in some cases exiting the site and rebinding in

a different orientation, but always remaining closely associated with identified sites.

Similar binding sites were found, although with cholesterol oriented differently, in a

second set of all-atom MD simulations [89], in this case using binding of a hydropho-

bic drug to a related molecule to predict cholesterol binding. The differences between

simulations of GABAAR in the presence and absence of cholesterol were also shown

to be less drastic than in the case of nAChR, with cholesterol binding inducing a
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Figure 1.4: Experimentally determined cys-loop receptor structures
Structures are shown in cartoon format with bilayer distortion data from the Mem-
ProtMD database shown as spheres, scaled by distance from the protein. Leaflet
thinning and thickening is shown in red and blue respectively.

small but significant opening of the channel pore.

Potassium (K+) inward rectifier channels

Kir channels are found in both eukaryotic and bacterial membranes, allowing selective

passage (with a bias towards import into the cell) of K+ ions and thus regulating the

resting membrane potential of the cell. In the case of the Kir2 family of Kir channels

and many members of the Kir1 family, membranous PIP2 is a well characterised

ligand required for full activation of the channel [90]. The binding of PIP2 to Kir

channels was investigated using MD simulations, using two available structures for

KirBac1.1 and a chimæra of Kir3.1 and KirBac1.3, as well as a homology model of

Kir6.2 [8]. During 5 μs simulations in POPG bilayers, four PIP2 molecules added to

the bilayer bound to one of four binding sites located on the cytosolic side of each

subunit interface, and remained bound for the duration of the simulation.

Subsequently, high-resolution X-ray crystal structures of Kir2.2 were published

with both PIP2 and Pyrophosphatidic Acid (PPA) lipids co-crystallised [91]. Both

lipids were found to bind to similar sites to those observed in simulation, by interac-

tions between acyl tails and a non-specific region of the Kir transmembrane domain.

Lipids differed, however, in their interaction with the Kir cytoplasmic domain, with

PIP2 forming strong interactions whilst PPA failed to bind. Binding of PIP2 induced
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Figure 1.5: Experimentally determined potassium inward rectifier struc-
tures
Structures are shown in cartoon format with bilayer distortion data from the Mem-
ProtMD database shown as spheres, scaled by distance from the protein. Leaflet
thinning and thickening is shown in red and blue respectively.

major conformational change, with a 0.6 nm movement of the cytoplasmic domain

and opening of helices of the transmembrane domain, suggesting a likely mechanism

for activation of the channel.

Mechanosensitive ion channels

Several ion channels are known to open in response to membrane tension, and a

combination of structural and MD studies have revealed possible mechanisms for

mechanosensitivity of the potassium ion channel TREK-2 and non-specific bacterial

channel MscS. In the case of MscS, CG MD simulations found binding of lipid tails

to pockets located near the cytosolic leaflet [92]. Where MscS was in an open con-

formation, fewer lipids bound in pockets. It was therefore suggested that increased

lipid occupancy in pockets due to lower bilayer tension may result in channel closing.

A recent all-atom MD simulation study of the TREK-2 mechanosensitive potassium

channel showed that by introducing tension to the surrounding lipid bilayer, an exper-

imentally determined TREK-2 structure in the closed state could be made to occupy

a conformational state highly similar to an experimentally determined structure in

the open state [93], showing a direct relationship between membrane tension and

channel state.
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Figure 1.6: Experimentally determined mechanosensitive ion channel
structures
Structures are shown in cartoon format with bilayer distortion data from the Mem-
ProtMD database shown as spheres, scaled by distance from the protein. Leaflet
thinning and thickening is shown in red and blue respectively.

The TMEM16 (anoctamin) family

The TMEM16 family are dimeric IMPs of which many are involved in calcium-

dependent passive lipid translocation, known as scramblase activity. It was ini-

tially thought that all TMEM16 proteins were calcium-dependent anion channels

possessing eight transmembrane α-helices, hence the alternative name of anoctamins

(anion/octahelical), however it is now known that many TMEM16 proteins show

no ion channel activity and instead function primarily as lipid scramblases [94].

Lipid scramblase activity varies in rate and specificity between TMEM16 proteins,

with many TMEM16 proteins showing specificity for PS lipids [41]. In particular,

TMEM16F plays a major role in triggering cell-cell signalling by the presentation of

PS lipids on the membrane outer leaflet [95].

Determination of a high-resolution structure for nhTMEM16 [96], a TMEM16 pro-

tein from Nectria haematococca, by X-ray crystallography, has given some structural

insight into the mechanism for TMEM16 lipid scramblase activity. The structure

showed a groove formed by three transmembrane α-helices with a large number of

polar residues, unlikely to make energetically favourable contacts with lipid tails, but

potentially allowing head-groups to slide through while tails remained in the bilayer

core. This model of lipid translocation is often referred to as the ”credit card” model,
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Figure 1.7: Experimentally determined flippase and scramblase structures
Structures are shown in cartoon format with bilayer distortion data from the Mem-
ProtMD database shown as spheres, scaled by distance from the protein. Leaflet
thinning and thickening is shown in red and blue respectively.

by comparison to the sliding of the magnetic strip of a credit card through the groove

of an older magnetic-type card payment terminal. This model has subsequently been

validated by CG and all-atom MD simulations, which shown lipid flip-flops enabled

by head-groups passing through this translocation groove [97].

It seems likely that this lipid translocation groove is also involved in ion transport,

and two conflicting theories seek to explain ion channel activity of TMEM16 proteins

[96]. One theory holds that, for TMEM16 proteins with ion channel activity, dimeri-

sation occurs along a different interface, enclosing the lipid translocation groove in

the centre of the new dimer, whilst the other holds that dimerisation does not change,

and the groove is merely repurposed for ion channel activity. The determination by

Cryo-EM of a low-resolution structure of the ion channel TMEM16A [94], a protein

with little scramblase activity [41], would seem to support the latter theory, since

dimerisation is the same as that seen in nhTMEM16. A further development of this

theory is the possibility that the lipid head-groups and anions may pass through

the same channel in some dual-function scramblase/anion channel TMEM16 proteins

[98], which seems plausible given the calcium dependence of both processes.

The solute carrier family

The solute carrier family contains a great many transporter proteins which transport

ions, gasses and small organic solutes across the bilayer. In addition to many lipid-

regulated transporter proteins, the solute carrier family contains flippase and floppase

transporters which are able to actively and selectively transport lipids between bi-

layer leaflets. Cardiolipin is linked to stabilisation of both the ADP/ATP carrier
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and UraA H+-uracil symporter, with simulation studies finding strong binding sites

for cardiolipin on membrane-exposed surfaces of both proteins, and X-ray crystallo-

graphic structures finding co-crystallised cardiolipin molecules in three structures of

the ADP/ATP carrier [Reviewed by 6].

P4-ATPases are members of the solute carrier family which are flippases or flop-

pases, and actively transport phospholipids between leaflets. Proteins vary in lipid

specificity, with, for example, ATP10A involved in transport of PC lipids [99], whilst

ATP8A2 is primarily involved in transport of PS lipids [100]. As with many proteins

involved in maintaining or altering membrane lipid composition, and PS localisation

in particular [49], mutations or deficiencies in P4-ATPases are associated with se-

vere neuronal degradation [101]. MD simulation based on homology modelling of

the PS flippase ATP8A2 revealed a similar ”credit card” mechanism to that seen in

nhTMEM16, with lipid headgroups moving along a groove between transmembrane

helices [102]. Amino acid side-chains projecting into this groove are thought to ac-

tively propel head-groups through the groove upon dephosphorylation of ATP, as

well as select for specific lipids. A recent study used directed evolution to engineer

sphingomyelin flippase activity in a PC flippase (PC contains similar acyl tails and

head-group, differing only in backbone). Using homology modelling of the engineered

protein, a single amino acid residue at the cytosolic exit of the translocation groove

was identified as conferring this specificity [103].

1.1.3 Distribution of amino acids in lipid bilayers

IMPs exist in a chemically diverse environment which creates a specific role for each

amino acid, determined largely by the chemical properties of its side-chain. Some

of these are summarised in Figure 1.8. This results in patterns of enrichment and

depletion of each amino acid at different points within the bilayer. In some cases,

the length and flexibility of an amino acid side-chain can allow optimal location

of chemical groups through snorkelling [104], where side-chains of charged residues

such as arginine and lysine located nearer the membrane core are able to reach out to

the membrane-water interface [105], or anti-snorkelling, where side-chains of more hy-

drophobic residues such as phenylalanine are able to reach in towards the hydrophobic

core [106].

The hydrophobic environment created in the membrane core favours hydropho-

bic amino acids, particularly phenylalanine, isoleucine, leucine and valine, which are

found frequently in IMP structures at sites located deep in the lipid bilayer [107, 108].

Flanking the core of the lipid bilayer, and clustering around lipid carbonyl groups,
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Figure 1.8: Amino acids in a membrane by TAB
Cartoon illustration of a single pass transmembrane α-helix, demonstrating many
principles of amino acid membrane distribution, including snorkelling of arginine and
lysine, interface localisation of tyrosine and tryptophan and the positive inside rule.
Reprinted from Killian and Von Heijne 2000 [105].
Drawn for Trends in Biochemical Sciences by TAB. c© 2000, Elsevier Science Ltd.
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a ring of aromatic residues is typically found [109]. In α-helical IMP structures this

region is particularly marked by enrichment of tyrosine and tryptophan, likely due to

their amphipathic natures [109]. The distribution of phenylalanine residues appears

to differ between α-helical and β-barrel membrane proteins, being clustered around

the lipid carbonyl groups of β-barrel proteins but found throughout the hydrophobic

core of α-helical proteins [110].

Charged residues interact more readily with water and are rarely found in the

membrane core. Several studies of IMP sequences and structures have found that,

whilst acidic and negatively charged residues are distributed evenly between cytosolic

and extracellular locations, positively charged, basic residues lysine and arginine are

found more commonly on the cytosolic side. This effect, known as the positive-inside

rule [111], can be seen across many different species [112] and protein topologies [113].

The causes of this effect remain unclear; in most cases the resulting difference in net

charge should be favoured by the transmembrane electrical potential, however exam-

ples exist of proteins following a positive-inside rule where this potential is reversed

[114]. Alternatively, the positive-inside rule may originate with the N-terminal signal

peptide, or may promote correct insertion of the protein by the Sec translocon [115].

It has also been suggested that the increased propensity at the protein N-terminus

for conformations of arginine and lysine which permit snorkelling may contribute to

this effect [104].

In the case of α-helical IMPs, the distribution of some amino acids may be ex-

plained by their specific effects on the structure and packing of α-helices. Studies

of individual membrane spanning α-helices have found enrichment of asparagine and

serine at the helix N-terminus [113, 109]. These residues are thought to stabilise the

initiation of α-helices by forming hydrogen bonds with the protein backbone. Glycine

is also found enriched in transmembrane segments of membrane-spanning α-helices

[109], likely due to its high helix packing value [116].

1.2 Computational methods for the study of inte-

gral membrane proteins

The complexities of working with IMPs in an experimental context, coupled with de-

velopment of powerful algorithms and high-performance computing has resulted in an

increasing focus on computational methods for examining IMP structure and function.

The use of web applications and web servers, meanwhile, has reduced technological

19



barriers to the use of many of these methods. A paucity of high-resolution IMP struc-

tures has driven an emphasis on methods for knowledge-based prediction of protein

secondary, tertiary and quaternary structure. Using predicted or experimentally de-

termined IMP structures, biomolecular simulations can then reveal interactions and

dynamics of an IMP (or many IMPs) in a near-native setting over time.

1.2.1 Biomolecular simulation

In general terms, biomolecular simulation takes experimentally determined or pre-

dicted macromolecular structures and, by reference to various (often in the order of

tens of thousands or higher) physical constraints, models the evolution of a system

over time or an energy landscape. Methods applied to IMPs vary greatly in both

applicable time and length scales.

Most biomolecular simulations of IMPs, however, use either atomistic or Coarse-

Grained (CG) Molecular Dynamics (MD). MD simulations consider a system as a set

of particles with coordinates, and a set of constraints and potential energy functions

(the forcefield) used to calculate forces on particles. These forces comprise bonded

interactions; potential energies due to the length, angle, dihedral and improper angles

of a particular bond or series of bonds, and non-bonded interactions; potentials arising

from Vand der Waals and electrostatic interactions. With each step of the simulation,

acceleration resulting from these forces is calculated for each particle and applied

to the particle velocity and position [117]. Time steps for atomistic simulations are

typically around two femtoseconds, whilst for CG simulations around 20 femtoseconds

is used [118].

A great many MD forcefields are available, each applying greater or lesser levels

of simplification and efficiency. Atomistic forcefields may be termed all-atom, where

all atoms are explicitly simulated as MD particles, or united-atom, where many (and

often all) hydrogen atoms are implicit. CG forcefields such as the MARTINI forcefield

[119, 118, 120] introduce a further simplification, using MD particles (often referred to

as beads) which represent three to four heavy (non-hydrogen) atoms. Simplifying the

system even further, the Dry Martini method [121] simulates large systems without

explicit water molecules, further reducing the number of particles in the system.

Multi-scale simulation approaches combine the benefits of multiple forcefields op-

erating at various levels of simplification. Mostly these methods apply consecutive

simulations with various levels of representation, in most cases switching between

CG and atomistic representation using CG2AT [122] or Backward [123]; an exam-

ple of this is shown in Figure 1.9. Adaptive resolution simulation methods can be
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Coarse-grained (MARTINI 2.2) Atomistic (GROMOS 53a6)

CG2AT

Martinize

Figure 1.9: CG and atomistic representations of a novel TMEM16K struc-
ture
Mixed-lipid models of a novel TMEM16K structure are shown represented by the
MARTINI 2.2 CG forcefield [119] (left) and the GROMOS 53a6 atomistic forcefield
[125] (right). CG2AT [122] is used to convert from CG to atomistic representation,
whilst Martinize [118] is used to convert from atomistic to CG representation. For CG
simulation, water beads are shown in cyan, protein backbone and side-chain in black
and white respectively, and PIP2, POPS, POPC and POPE in red, orange, green and
purple respectively. Atomistic simulation is coloured according to the CPK standard.

used to concurrently simulate different domains of a simulation box at different rep-

resentations, but are presently limited by the difficulty of calculating bonded and

non-bonded inter-representational interactions. Since the vast majority of solvent

does not make contact with the protein, an adaptive resolution approach can be used

to simplify solvent-solvent interactions using CG or implicit bulk water, which is con-

verted to all-atom representation within a set distance of the protein [124], restricting

inter-representational interactions to those between solvent particles.

Beyond MD simulations, there exist several more approximate biomolecular simu-

lation approaches which may be applied to IMPs. Many MD studies of IMP are con-

cerned with protein-protein interactions or specific binding of lipid or drug molecules,
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and so are well suited to the use of docking methods such as AutoDock Vina [126],

which can suggest likely sites for protein-ligand or protein-protein interactions with

limited conformational flexibility. With some exceptions, such as the MemDock α-

helical protein-protein docking tool [127], docking approaches do not take the mem-

brane environment into account, and so require refinement by CG or atomistic MD in

an explicit lipid bilayer to find an optimal binding pose. Monte Carlo simulations use

a stochastic method to sample a broader energy landscape over longer time periods

than MD simulations, and may be applied to smaller IMP-lipid systems [e.g. 128].

The development of mesoscale simulation approaches on distance scales comparable

to current super-resolution microscopy techniques (reviewed by Chavent [63]) may

soon bridge the gap between biomolecular simulation and imaging of IMPs.

1.2.2 Prediction of integral membrane protein structure

High-resolution experimentally determined structures are available for only a tiny

fraction of the many millions of predicted IMPs, however, thanks to genomics and

proteomics sequencing approaches, IMP amino acid sequences are considerably easier

to determine, with many already represented in sequence databases. Using these

sequences, along with current knowledge of IMP structural biology, several methods

can be used to infer protein structure from sequence.

Several algorithms can be used to predict membrane topology of IMPs, using

similar sequence-based approaches to those used by secondary structure prediction

algorithms such as JPred [129] or PSIPRED [130]. Early methods for prediction of α-

helical IMP topology simply relied on identification of regions containing hydrophobic

residues [e.g. 131], but later methods improved on this by considering transitions be-

tween multiple states along the sequence length. The first of these was Toppred [132],

which used the positive inside rule [133] to model transitions between three states cor-

responding to cytosolic extramembrane, membrane and exoplasmic extramembrane

domains. MEMSAT [134] introduced further improvements to this approach, using

dynamic programming to ensure the resulting topology represented a globally optimal

set of state transitions.

Further advances in prediction of α-helical membrane topology came about with

the use of Hidden Markov Models (HMMs) and Artificial Neural Networks (ANNs),

both methods which are highly applicable to determining an optimal set of state

transitions for a set of sequential data. The first of such methods was PHDhtm
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[135], which used an ANN to assign one of three (exoplasmic, membrane, cytoplas-

mic) states to a multi-sequence alignment. This was soon followed by two meth-

ods, TMHMM [136] and HMMTOP [137] which each used an HMM to increase the

range of states considered by the model to seven and five respectively. A further

development is the integration of an ANN with evolutionary information to identify

conserved sites, as used by PRODIV-TMHMM [138] and MEMSAT3 [139]. More

recent methods introduce a more complex set of states, which allow for re-entrant

or membrane dipping α-helices. These include OCTOPUS [140], which combines an

ANN used to score residue hydropathy with an HMM used to predict transition be-

tween states, and MEMSAT-SVM [141], which is also able to identify the cleaved

signal peptide, and uses evolutionary information interpreted by supervised learning

approach implemented using Support Vector Machines (SVMs). These methods may

then be combined using consensus methods such CCTOP [142] and TOPCONS [143],

which use HMMs to predict IMP topology from the outputs of several other topology

prediction algorithms.

A separate set of methods can be used to predict β-barrel IMP topology, using

similar approaches to those used to predict α-helical topology. Identification of β-

barrels in sequences is more difficult than with α-helices since they are more reliant

on long-range interactions, and so β-barrel topology prediction typically finds the most

likely arrangement of β-strands on the assumption that an input sequence contains

a β-barrel. These include HMM approaches such as HHomp [144], TMB-HMM [145]

and BOCTOPUS [146] and approaches using ANNs such as TMBPRO [147].

Key to the accuracy of such scales is the scoring of residue hydropathy. This task

is far from simple, since, as discussed in Section 1.1.3, amino acids interact very differ-

ently with each part of the lipid bilayer. A linear hydropathy scale for residue types

will necessarily be an extreme simplification; for example, intermediate preference for

solvent or bilayer core does not imply strong preference for an intermediate environ-

ment. The choice of linear hydropathy scale is therefore essential when predicting

likely interactions of a particular residue. Peters and Elofsson [148] recently evalu-

ated twelve such scales, derived from either experimental measurements or analysis

of surface residues of IMP structures, and found that scales derived from analysis of

existing transmembrane α-helices performed best when predicting IMP topology.

Predicting the orientation of a three-dimensional IMP structure in a lipid bi-

layer shares many of the same challenges faced when predicting IMP topology from

sequence. Knowledge of the properties of amino acids in a lipid bilayer is key to
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approaches such as TMDET [149] or MEMEMBED [150]. Several of these methods

are discussed in more detail in Chapter 3.

Where an IMP protein sequence shares homology with sequences of already deter-

mined structures, it may be possible to predict its three-dimensional structure based

on sequence alone, using a structure prediction method such as homology modelling.

This approach uses a Multiple Sequence Alignment (MSA) to identify template se-

quences amongst proteins with known structures, from which the three-dimensional

structure of a target sequence may be modelled. Homology modelling approaches de-

veloped for globular proteins, such as SwissModel [151], HHPred [152] or the Phyre2

fold recognition server [153] can be used to build accurate models of IMPs [154],

however several IMP-specific optimisations can deliver substantial improvements.

One key step in the homology modelling process is finding homologous structures

using MSA. Substitution rates vary substantially between membrane-spanning and

non-membrane-spanning residues, and so MSAs for IMPs are substantially improved

by using a membrane-specific substitution table. The first of such tables was the

JTT table [155], followed by the PHAT table [156] used by the PRALINETM MSA

tool [157]. MSAs required a separate algorithm to identify transmembrane regions

to decide which substitution table to use. A particularly effective variation on this

approach is the SToMP tables [158], as used by the Membrane Protein Threader

(MP-T) MSA software [159]. MP-T uses iMembrane [160] to partition sequences into

one of 34 distinct environments, 26 in the membrane and 8 in solution, based on

secondary structure and predicted contacts with membrane lipids. A substitution

table is determined for each environment, substantially improving MSAs where se-

quence identity is low (10-25%). Other methods for building MSAs for IMPs include

PSI/TM-Coffee [161], AlignME [162] and TM-Align [163].

The Memoir web server [164] is an IMP-specific homology pipeline. Memoir

combines multiple IMP-optimised methods, using MP-T [159] used to build MSAs

with environment-specific substitution models. The membrane-specific modelling tool

MEDELLER [7] is then used to build a core model of the protein, and loops are

then modelled using FREAD [165], a highly accurate knowledge-based loop mod-

elling method which is equally applicable to globular proteins. Using these methods,

Memoir is capable of predicting IMP structures more accurately than SwissModel or

HHPred [164].

A long-standing problem in protein structure prediction is the prediction of long-

range contacts, where residues which are structurally in close proximity occur at

disparate sequence locations, as is commonly the case with multi-pass or oligomeric
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proteins. One emerging method is the use of long-distance correlation of mutations in

MSAs to identify co-evolution of a protein-protein interface [166]. The MetaPSICOV

server [167] uses several co-evolutionary methods, along with more traditional neural

network predictions, to predict long-range contacts. The power of the MetaPSICOV

approach was demonstrated during CASP11 by the CONSIP2 server [168], based on

the MetaPSICOV method, which achieved unprecedented accuracy in prediction of

intra-molecular residue-residue contacts [169].

1.2.3 Online tools and web databases

An increasingly common means to distribute computational methods or resources is

through web applications, which have a number of benefits for both developers and

users. To end users, web applications are instantly available, without requiring new

software, configuring machines or purchasing compatible hardware, and consume only

minimal local resources. For software developers, the development cycle is sped up

since only a single, known host system is targeted, and once released impact may

be easily quantified using standard telemetry software. Restrictive licensing of third

party software may also complicate redistribution to end users, whilst permitting use

on a single web server.

Web databases provide instant access to a searchable catalogue of data, which

can be downloaded and used locally. The backbones of many computational tools

for structural biology are provided by the Universal Protein Resource (UniProt)

database family [170], a set of online databases storing annotated amino acid se-

quences, and the PDB network [171], comprising the Protein DataBank in Europe

(PDBe) [172], Protein DataBank in Japan (PDBj) [173] and Research Collaboratory

for Structural Bioinformatics (RCSB) PDB [174], storing experimentally determined

three-dimensional structures. Several other databases provide further annotations

of these sequences and structures, such as Gene Ontology (GO) [175], which stores

semantic, evidence-tagged annotations of protein structure, function and expression,

and Protein Families (Pfam) [176], which groups UniProt database accessions into

families with shared ancestry and sequence identity.

Several specialised web databases focus on classification of membrane proteins and

IMPs in particular. Membrane Proteins of Known Structure (mpstruc) [177] is an

expert-curated database storing a hierarchy of membrane protein structures organised

according to various structural and functional groupings. Transporter Classification

DataBase (TCDB) [178] provides a similar hierarchy, built using expert-guided se-

quence alignments, for membrane transport proteins. Further specialisms exist, such
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as the GPCRdb [179], a database of GPCR sequences and structures which also pro-

vides GPCR-specific annotations, and the now retired LGICdb [180], which formerly

provided annotations of ligand-gated ion channels.

The question of IMP topology is addressed by several web databases. Orienta-

tions of Proteins in Membranes (OPM) [4] and Protein DataBank of Transmembrane

Proteins (PDBTM) [181] contain IMP subsets of PDB structures, oriented relative to

simplified lipid bilayers. Other databases expand IMP topologies to sequence-based

predictions and non-structural experimental evidence. For example, TOPDB [182]

and ExTopoDB [183] store evidence from over 2000 mostly non-structural experiments

to determine IMP topology using approaches such as gene fusion, post-translational

modification and epitope mapping. TOPDOM [184] relies less on experimental ev-

idence and uses the CCTOP algorithm [142] to predict IMP topology, as well as

identify domains and motifs with predictable sub-cellular locations.

The ubiquity of reliable, high-speed internet access, coupled with standardisation

of web technologies for the development of rich interactive Graphical User Interfaces

(GUIs) has enabled distribution of several computational methods as web applica-

tions. Many previously discussed tools, such as Memoir [164], Phyre2 [153] and

MetaPSICOV [167] are distributed as web applications. CHARMM-GUI [185] is a

complex web application providing a front-end to the CHARMM MD software [186],

which can be used to set up a variety of simulation types, including IMP simulations

in complex, mixed-lipid bilayers [65].

Several web applications have focused on exploration of annotated protein se-

quences and MSAs. Jalview and JalviewLite [187], for example, provides web-based

and local GUIs to several software tools focused on building and annotating MSAs

such as jpred [129] or PSI-Coffee [161], as well as annotations from UniProt [170]

and Pfam [176]. The PSIPRED Protein Analysis Workbench [188], meanwhile, inte-

grates several sequence-based prediction methods including the PSIPRED secondary

structure prediction algorithm [130] and MEMSAT3 membrane helix prediction al-

gorithm [139]. To support online GUI development, BioJS [189] is a project which

provides modular visualisation components for client-side rendering of many standard

diagrams, such as plots of MSAs or sequence logos.

The implementation of WebGL standards [190] by most web browsers has enabled

intensive three-dimensional visualisations of protein structure within web applications

without installation of additional software. PV [191] is a simple, lightweight viewer

used by SwissModel [151] and RCSB PDB [174] to display cartoon or space-filling

representations of protein structure. NGL Viewer [192] introduces several additional
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WebGL
visualisations
of PDB | 4wis Ca2+ activated lipid scramblase

NGL Viewer (RCSB PDB)
Coloured by temperature factor

PV (MemProtMD web server)
Coloured by simulation lipid contacts

LiteMol (PDBe)
With 1.5 σ 2Fo - Fc isosurface

Figure 1.10: WebGL visualisations using NGL Viewer, PV and LiteMol
Images of a structure of the Ca2+ activated lipid scramblase (PDB:4wis) rendered by
three WebGL protein viewers are shown. From left to right: cartoon representation
coloured by temperature factors, overlaid with surface representation, rendered by the
RCSB PDB web application using NGL Viewer [192]; cartoon representation coloured
by simulation lipid contacts (blue: solvent, red: lipid head-groups, yellow: lipid tails)
rendered by the MemProtMD web application using PV [191]; cartoon representation
overlaid with a 1.5 σ 2Fo-Fc isosurface rendered by the PDBe web application using
LiteMol (http://webchemdev.ncbr.muni.cz/Litemol/).

capabilities, such as the ability to play back simulation trajectories and estimate

protein surfaces. LiteMol (http://webchemdev.ncbr.muni.cz/Litemol/) extends

these capabilities even further with the ability to view electron density isosurfaces

from both X-ray crystallography and Cryo-EM experiments.

The use of web applications and web servers has many pitfalls, however, in terms

of reproducibility, reliability, transparency and compatibility with other software tools

when compared to freely distributed, locally installed software. Web server software

is often released as closed-source, is often modified, sometimes without clear version

numbering, and may become temporarily or permanently unavailable with failure or

maintenance of host machines or networks. Where distribution of source code and

executable binaries is precluded by software licensing, transparent version control is

essential to ensure research is transparent and reproducible. The web server paradigm

also complicates the development of high-throughput software tools such as bioinfor-

matics pipelines, with the majority of web servers requiring considerable expertise

in computer networking to integrate with other applications. A well documented

Application Programming Interface (API) and usage policy can substantially reduce

barriers to integration with other applications.
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1.3 Thesis overview

The general aim of my DPhil project was to develop methods and resources to assist

in the computational study of IMPs structure and function, with a particular focus on

examining the interactions of IMPs and membrane lipids. The results of this project

are described in Chapters 2-4.

In Chapter 2, I describe the development and capabilities of the MemProtMD

web server and database, a free web resource providing raw data and analysis of CG

MD simulations of over 3000 IMPs structures in explicit lipid bilayers. I show how

analyses of individual proteins may be combined using sequence alignments to reveal

conserved contacts between IMPs and lipids across protein families, and across all

current IMP structures to reveal general principles of IMP-lipid interactions, as well

as trends in structure determination.

Chapter 3 concerns the development of tools for the automated identification and

orientation of IMP structures from amongst over 130,000 proteins structures deposited

in the PDB, using data drawn from ensemble analyses of the entire MemProtMD

database presented in Chapter 2. Also described in Chapter 3 is the development of

a novel method for identification and classification of membrane lipids from molecular

structures, and application of this method to compile the most complete list of IMP-

lipid interactions in PDB structures so far assembled.

Applications of MD simulations to studies of individual IMPs in mixed-lipid bilay-

ers are explored in Chapter 4. I also describe the development of Alchex (Alchemical

Exchange), an open-source tool for automated alteration of bilayer compositions in

MD simulations.

Finally, in Chapter 5, I discuss the impact and significance of resources, methods

and findings produced by work described in Chapters 2-4, as well as potential for

future research based on these results.
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Chapter 2

MemProtMD: A resource for
membrane protein structures

2.1 Abstract

Integral Membrane Proteins (IMPs) are a pharmacologically important and scien-

tifically interesting class of proteins for which an increasing number of molecular

structures have been determined. Interactions between specific amino acid residues

of the protein and components of the lipid bilayer play a vital role in the structure and

function of IMPs, however, the majority of experimentally determined structures do

not include lipid molecules. Using the MemProtMD pipeline [5], membrane protein

structures can be embedded in silico in a lipid bilayer using a Coarse-Grained Self-

Assembly (CGSA) approach and multi-scale Molecular Dynamics (MD) simulations.

As extensions to the existing MemProtMD simulation setup pipeline, a pipeline

has been set up to automatically analyse the results of membrane protein simula-

tions, with results populating a database and web application. The MemProtMD

database and web application can be used to view analyses of individual proteins in

a simulated membrane environment, as well as ensemble analyses combining results

of multiple simulations to answer wider questions concerning the structure, function

and evolution of IMPs.

The MemProtMD web application is an online resource, currently with over 900

users worldwide, providing access to findings from a constantly growing database

of simulations of over 3000 IMPs structures. It can be accessed free of charge at

http://memprotmd.bioch.ox.ac.uk.
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2.2 Introduction

In the 32 years since the publication of the first high-resolution Integral Membrane

Protein (IMP) structure [3], new IMP structures have been determined at an ex-

ponential rate [193], sustained by continuing improvements to existing methods of

structure determination, producing a wealth of structural information for a growing

number of individual proteins and protein families. As of July 2017, over 3000 IMP

structures have been determined, 388 in 2016 alone. IMPs are embedded in lipid

bilayers, interacting with the hydrophilic solvent and lipid head-groups as well as hy-

drophobic lipid tails. Both specific and non-specific interactions between IMPs and

bilayer lipids are vital to IMP structure and function, and whilst some individual

lipids can be resolved in a small number of IMP structures [52], most are resolved in

the total absence of lipids.

Several methods exist to predict membrane protein orientation and bilayer thick-

ness based on the distribution of surface amino acids. Chemical properties of each

amino acid side-chain make certain bilayer locations more or less energetically favourable,

with hydrophobic residues occurring more towards the core of the bilayer, aromatic

residues clustering around the lipid carbonyl groups, and charged and polar residues

mostly excluded from the hydrophobic core of the bilayer [108, 105, 110, 109]. Amino

acids with large, flexible side-chains can be found at otherwise unfavourable locations,

with the side-chain either snorkelling out of the bilayer core (e.g. arginine and lysine)

or anti-snorkelling into it (e.g. phenylalanine) [106, 105]. A diverse range of proteins

appear to follow a positive-inside rule, where positively charged residues appear more

frequently on the cytosolic side than the extramembrane side [111].

Experimental studies have found the thickness of an unperturbed dipalmitoylphos-

phatidylcholine (DPPC) bilayer (measured as the distance between phosphate groups

of each bilayer) to be around 4 nm [194], however bilayer thickness is thought to vary

between different biological membranes, depending on the constituent lipids, with

the bacterial and mitochondrial outer membrane estimated to be 0.7 nm thinner

than those of a plasma membrane, based on hydrophobic thickness seen in protein

structures [110].

Using statistical models of membrane thickness and amino acid distribution in

the membrane, methods such as MEMEMBED [150] can be used to view an IMP

in a simplified slab representation of a lipid bilayer, with each leaflet indicated by a

single plane. A similar method is Orientations of Proteins in Membranes (OPM) [4],

the results of which are provided for every membrane protein through a web server,
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addressing a growing need for a resource to provide information about the lipid bilayer

missing from solved structures.

Whilst simplified or planar models do go some way to capturing the bulk properties

of a lipid bilayer, many facets of the interaction between protein an membrane remain

obscured by this simple approximation. Lipids often form highly specific interactions

with sites on the surface of IMPs, which have been shown to regulate protein function

[195], promote dimerisation [196, 61] or catalyse chemical reactions [197]. IMPs also

induce changes in the lipid bilayer, interacting with an annular shell of lipids in direct

contact with amino acid side-chains and inducing complex distortions in the lipid

bilayer which often modulate protein function [198] and may alter cell physiology

[199]. In some cases, the protein may have even larger effects on the bilayer, such as

transporting lipids between leaflets, known as flip-flopping [200].

The evolutionary impact of the relationship between membrane localisation and

evolutionary rates remains unclear. It has been found that IMPs generally evolve

faster than cytosolic proteins and slower than secreted proteins, likely due to higher

evolutionary pressures from the extracellular environment, particularly for single-

cell organisms [201]. However, it has also been shown that whilst the extracellular

domains of IMPs evolve faster than soluble proteins [202], transmembrane domains

alone, and especially buried residues of α-helical IMPs evolve at a substantially slower

rate than soluble proteins [11, 203]. Several families of IMPs exist with conserved

structure and function, and for one such family, the aquaporins, computational studies

have shown that protein-lipid interactions are likely to be similarly conserved [204].

Molecular Dynamics (MD) simulations can be used to computationally reconsti-

tute IMPs in a lipid bilayer at either atomistic representation, where all atoms are

explicitly simulated, or Coarse-Grained (CG) representation, where atoms are joined

into single particles representing 3-4 heavy (non-hydrogen) atoms. Through this sim-

plification, CG representations, such as the MARTINI forcefield [118, 119, 120], are

able to simulate larger systems over longer time-scales, albeit with considerable sim-

plification, and are often used to study IMPs. In many cases a multi-scale approach

can be used, converting MD simulations from CG representation to an all-atom rep-

resentation using tools such as Backward [123] or CG2AT [122].

To set up, run and interpret MD simulations of IMPs, however, is a complex task

which requires specialised tools and knowledge at every stage. Several tools exist

to simplify the first stages of this process, where an MD forcefield is applied to a

protein structure, individual lipid molecules are inserted to form a bilayer structure,

and water molecules and ions are inserted to solvate the system, including HTMD
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[64], the MARTINI Insane tool [205] and the CHARMM-GUI membrane builder [65].

The MemProtMD Pipeline is one such method which [5] uses Coarse-Grained Self-

Assembly (CGSA) simulations, where a 1 μs CG simulation is used to allow initially

randomly placed membrane lipids to self-assemble to form a lipid bilayer, followed by

equilibration.

Presented here are several major extensions to the MemProtMD pipeline, which

further simplify the setting up, running and interpretation MD simulations of IMPs.

An automated analysis pipeline has been developed to characterise bilayer prop-

erties, protein-lipid interactions and membrane topology of simulations set up us-

ing the MemProtMD Pipeline. Results of analyses of individual simulations are

combined in several regularly updated ensemble analyses, which provide insights

into the generalised properties of membrane proteins and lipid bilayers. Simula-

tions of over 3000 IMP structures have analysed and deposited in the MemProtMD

database, which can be viewed using the MemProtMD web application at http:

//memprotmd.bioch.ox.ac.uk.

2.3 Materials and Methods

MemProtMD comprises four major components. The MemProtMD pipeline, de-

veloped by Stansfeld et al. [5], inserts an IMP structure into a lipid bilayer using

a multi-scale simulation approach. The resulting simulation trajectories are anal-

ysed using the MemProtMD analysis application, and data is then stored in

the MemProtMD database. The MemProtMD analysis application also performs

a variety of ensemble analyses. The MemProtMD web server and web ap-

plication provide a Graphical User Interface (GUI) and Application Programming

Interface (API) which can be used to browse and search the results of various analy-

ses. An overview of the systems used to maintain, store and provide the MemProtMD

database and web application can be seen in Figure 2.1.

2.3.1 System setup and simulation

The MemProtMD Pipeline

IMP structures and simulations appearing in the MemProtMD database and web

application are derived from experimentally determined structures deposited in the

PDB. Coarse-grained and atomistic simulations based on protein structures are set

up and run using the MemProtMD pipeline [5]. The protein is first converted from
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Figure 2.1: MemProtMD data processing overview
IMP structures identified in the Protein DataBank (PDB) are inserted into a coarse-
grained lipid bilayer using CGSA which is then converted to atomistic representation
using the MemProtMD pipeline. Metadata and annotations from several external
databases are loaded and deposited along with results of simulation analysis into the
MemProtMD database. These data are then used to provide sequence alignments,
automated classifications, text search tools and ensemble analyses. Analysis data
can be accessed through the MemProtMD web server, and is rendered using the
MemProtMD web application.
The MemProtMD pipeline (grey dashed box) was developed by Stansfeld et al. [5].
Data sources indicated with a (†) represent external databases.
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atomistic to MARTINI coarse-grained representation [118, 119, 120]. Lipids are then

packed randomly into a slab near the predicted transmembrane region of the protein.

Water and ion beads are added and a 200 ns simulation is run, during which lipid

molecules self-assemble to form a bilayer. A further 800 ns of coarse-grained simu-

lation is then performed. The system is then converted to atomistic representation

using CG2AT [122].

Job Status Monitoring

Once identified in the PDB, a protein passes through several simulation and anal-

ysis processes before appearing in the MemProtMD database and web application.

Progress on current jobs is monitored and a job status as well as the time of last

status change is recorded and can be viewed on the MemProtMD web app’s status

page at http://memprotmd.bioch.ox.ac.uk/status. An identified protein initially

receives an ”Identified” status, which changes to ”Simulating” once a corresponding

simulation can be found currently in progress. Once this simulation is completed,

it is marked as ”Converting” until atomistic simulations are completed. The status

is then marked as ”Analysing” until various analyses are completed, whereupon the

status changes to ”Done”.

Validation of simulation results

The MemProtMD pipeline processes a diverse set of inputs using complex software

which may not always behave as expected. Simulation data must be validated before

analyses are performed and results deposited into the MemProtMD database. Final

frames of coarse-grained and atomistic simulations are stored as PDB files, and val-

idated using the PDB parser provided by MDAnalysis [206]. The number of protein

residues in the starting structure, coarse-grained final frame and atomistic final frame

is counted and must match. The simulation trajectory file is then validated, ensur-

ing it is a valid file and contains the expected number of frames. Finally, vertical

distribution of protein and lipid atoms is calculated for 20 frames sampled from the

full length of simulation to ensure the simulation contains two leaflets and that the

protein is embedded in the membrane. If any tests are failed, analysis is stopped and

details of errors added to a log. Tests are periodically re-run and analysis resumes as

soon as the error is fixed, typically after some manual inspection.
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Figure 2.2: Validation of MemProtMD data
The validation steps applied to protein simulation data in the MemProtMD database
are shown. Initial identification of membrane proteins uses a system developed by Dr
Phillip Stansfeld; α-helical are selected using OCTOPUS [140], while β-barrel proteins
are selected using hydrophobicity and secondary structure [5]. Simulation results
from GROMACS [117] are automatically validated, ensuring no abnormal forces or
violation of constraints set by the MARTINI forcefield [118]. The distribution of
water, protein and lipid head-group atoms is then calculated, allowing automatic
detection of proteins not embedded in the bilayer or water ingress into the bilayer.
Remaining errors are identified by web application users.
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2.3.2 Characterising bilayer properties

Identification of leaflets and flip-flop behaviour

The CGSA simulation process produces a planar lipid bilayer around each protein.

Lipid bilayers are composed of two leaflets, which are in turn composed of individual

lipid molecules. Spontaneous movement of a freely diffusing lipid between leaflets

is energetically unfavourable and therefore rare, however, many proteins are able to

carry lipids between leaflets, and this ”flip-flop” behaviour is seen in MemProtMD

simulations of the TMEM16 lipid scramblases PDB:4wis and PDB:4wit.

For each simulation frame, non-protein molecules are assigned a topological class;

they may belong to either the upper or lower leaflet, belong to neither leaflet (in the

case of lipids deeply buried in the protein structure), be in the process of flipping

either from the upper leaflet to lower leaflet or lower leaflet to upper leaflet, or be

part of the solvent.

To identify membrane leaflets, clustering is performed on the phosphate (PO4)

beads of lipid molecules. For each frame, a graph is constructed with each phosphate

bead represented by a single node. Edges are inserted where pairs of phosphate

beads are less than 1.2 nm apart. NetworkX [207] is then used to find the two largest

connected components of the graph, which are labelled as upper and lower leaflets

according to the vertical coordinate of their respective centres of geometry. In some

cases, an error occurs and data from the last successful frame are used instead. Errors

are usually caused when flip-flopping lipids are able to connect the upper and lower

leaflets, resulting in a connected component spanning both leaflets.

Resulting leaflet assignations contain a great deal of noise, and a post-processing

step is required to produce accurate results and identify flip-flop behaviour. For each

lipid, a sliding window of up to 10 ns before and 10 ns after the current frame is

considered. If the lipid belongs to a particular leaflet for at least 70% of frames

within that window it is assigned to that leaflet, otherwise it is assigned to neither

leaflet. If a lipid is assigned to one leaflet, then is unassigned for several frames, then

is assigned to a different leaflet, it is labelled as flipping during the unassigned period.

If the lipid is neither flipping nor assigned to a leaflet, but is both in contact with the

protein and within the vertical range of leaflet-assigned lipids, it is labelled as buried.

Other beads, such as those representing water and ions, are labelled as solvent. To

reduce storage size whilst allowing data to be quickly loaded into memory, frame-by-

frame labels are delta-encoded and stored in YAML Ain’t Markup Language (YAML)

format.
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Characterising leaflet surfaces

Lipids in planar bilayers rarely conform to simple plane geometry; leaflets may become

thinner or thicker in proximity to the protein, or distort around specific domains.

Once lipid molecules are assigned to leaflets, detailed surfaces are calculated for each

leaflet which can reveal these distortions. For each leaflet, the mean vertical position

of phosphate beads is calculated for each cell within a 2-dimensional 0.1 nm grid,

resulting in a mesh showing distortions in the membrane surface. Protein atoms

within 0.6 nm of a grid cell are also recorded and used to overlay the mesh with an

atomistic version of the protein.

Characterising annular shells of lipids

The presence of a protein in the lipid bilayer results in the formation of a highly

ordered annular shell of lipid molecules in contact with the protein, surrounded in-

creasingly less ordered shells of lipids. Lipid molecules are usually rapidly exchanged

between annular shells. Lipid annular shells are identified using the Radial Distribu-

tion Function (RDF) of lipid phosphate groups around the protein, which contains

progressively less extreme peaks and troughs of lipid density radiating out from the

protein (in a manner similar to damped oscillation). The first peak is taken as the

centre of the first annular shell, and the first trough as the boundary between first and

second annular shells. Further peaks and troughs are interpreted as annular shells

until the distance between adjacent troughs is less than 0.4 nm or greater than 0.8

nm.

Determining annular and bulk bilayer properties

Membrane properties vary greatly between lipids far away from the protein (bulk) and

those in direct contact with it (annular). In close proximity to protein side-chains,

the membrane may become thicker or thinner, or become raised or lowered relative to

bulk. These changes may reveal the native membrane in which the protein occurs, or

be characteristic of proteins such as pore-forming toxins. Bulk membrane lipids are

defined as those which fall outside of an identified annular shell, or are at least 2 nm

from the nearest protein residue, whilst annular membrane lipids are defined as those

which are closer to the protein than the edge of the first annular shell. Leaflet surface

meshes are used to determine the mean vertical coordinate for each leaflet in both

annular and bulk regions. The thickness and vertical coordinate of the membrane

centre are calculated respectively as the difference and mean of vertical coordinates
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of leaflets in each region. Thickness and vertical centre is stored for bulk and annular

regions, as well as any change in thickness and vertical centre.

Determining per-residue bilayer properties

Extrema of bilayer distortions are likely to occur around specific residues of the pro-

tein, and the vertical coordinate of the membrane surface near each residue is esti-

mated. Residues less than 0.6 nm from the bilayer surface are assigned the vertical

coordinate of the nearest surface point. Coordinates from residues further from the

surface are interpolated using a Gaussian kernel.

2.3.3 Efficient calculation of lipid and solvent contacts with
protein residues

Characterising contacts made between parts of the protein and lipid or solvents can be

helpful when studying the relationship between protein and membrane. Contact times

are calculated for each residue in a simulated protein as the proportion of time for

which it is within 0.6 nm of beads representing parts of the lipid or solvent. Contacts

are calculated for groups of beads, rather than between individual beads, e.g. all

the Choline beads of a molecule of DPPC in contact with a particular residue of the

protein. Lipid and solvent beads defined in the MARTINI forcefield each receive a

number of tags which are later used to construct groups. These tags are detailed in

Table 2.1. Groups for which contacts are calculated incorporate these tags, as well

as the topological feature the bead belongs to (upper leaflet, lower leaflet, flipping

between leaflets or solvent) and the bead residue name. These are detailed in Table

2.2.

KDTree-based contact identification

An efficient method to identify members of a set of points within a cutoff distance of

another set of points is to use a KDTree. KDTrees divide an n-dimensional volume

into increasingly small cells, represented as a tree structure, branching at each cell

division. KDTrees for protein and non-protein atoms are constructed using an algo-

rithm developed by Maneewongvatana and Mount [208], and contacts within 0.6 nm

are determined for each frame of each simulation using the Scientific Python (SciPy)

library [209].
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Table 2.1: Tags assigned by MemProtMD to MARTINI beads

Tag Beads
Solvent W, NA+, CL-
Head NC3, PO4, GL1, GL2
Tail C1A, C2A, C3A, C4A, C1B, C2B, C3B, C4B
Water W
Sodium NA+
Chloride CL-
Choline NC3
Phosphate PO4
Glycerol GL1, GL2
Tail 1 C1A, C1B
Tail 2 C2A, C2B
Tail 3 C3A, C3B
Tail 4 C4A, C4B

Aggregation of contact data

Initial determination of contacts produces pairs of protein and non-protein beads

within 0.6 nm of each other. Aggregation is then performed to identify contacts be-

tween entire residues of the protein and classes of lipid and solvent beads. For solvent

and lipid molecules, a mapping between individual beads and groups (as defined in

Table 2.2) is constructed for each frame (since in some cases beads may transition be-

tween leaflets over time). Protein beads are mapped to their corresponding residue.

These mappings are then used to identify contacts between each group of lipid or

solvent beads and each protein residue. Once contacts are identified for each frame,

binary contact data is time-averaged to determine the proportion of frames for which

a contact is made.

2.3.4 Representations of membrane protein topology

2D basis-spline abstractions of α-helices and β-strands

Each IMP structure can be viewed as a collection of membrane-spanning secondary

structure elements. In the case of α-helical proteins, this will consist of at least one

membrane-spanning α-helix, whilst in a β-barrel protein this will consist of several

membrane-spanning β-strands. Cartoon representations of membrane protein topol-

ogy often depict the membrane as a slab with secondary structure elements of the

protein passing through it, connected by loops. In order to display a similar diagram,
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Table 2.2: Groups of beads used to calculate MemProtMD contact data

Topological Feature Residue Name Bead Tag
Upper leaflet DPPC Choline
Upper leaflet DPPC Phosphate
Upper leaflet DPPC Glycerol
Upper leaflet DPPC Tail 1
Upper leaflet DPPC Tail 2
Upper leaflet DPPC Tail 3
Upper leaflet DPPC Tail 4
Lower leaflet DPPC Choline
Lower leaflet DPPC Phosphate
Lower leaflet DPPC Glycerol
Lower leaflet DPPC Tail 1
Lower leaflet DPPC Tail 2
Lower leaflet DPPC Tail 3
Lower leaflet DPPC Tail 4
Flipping between leaflets DPPC Choline
Flipping between leaflets DPPC Phosphate
Flipping between leaflets DPPC Glycerol
Flipping between leaflets DPPC Tail 1
Flipping between leaflets DPPC Tail 2
Flipping between leaflets DPPC Tail 3
Flipping between leaflets DPPC Tail 4
Solvent W Water
Solvent ION Chloride
Solvent ION Sodium
(Any) (Any) Solvent
(Any) (Any) Head
(Any) (Any) Tail
Upper (Any) (Any)
Lower (Any) (Any)
Flipping (Any) (Any)
Solvent (Any) (Any)
(Any) ION (Any)
(Any) DPPC (Any)
(Any) W (Any)
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the protein is summarised as a series of basis splines which can be used to draw a 2D

topology cartoon by the MemProtMD web application.

DSSP [210, 211] is first used to assign secondary structure to each residue. Single-

residue breaks in α-helices and β-strands are filled in, and a smoothed 3D backbone

trace is then calculated, either in the case of β-strands by convolution with a Gaussian

kernel or in the case of an α-helix by finding the helix core using the register of

individual helices. Three-dimensional points are then reduced to two dimensions,

taking the membrane normal as the vertical coordinate and cumulative displacement

in two axes perpendicular to the membrane normal as the horizontal coordinate.

A basis spline is then fitted for the set of two-dimensional points making up each

secondary structure element, using a Monte-Carlo method which optimises and adds

new basis nodes until the mean distance between original and fitted points is less than

0.1 nm. In most cases, three nodes are sufficient to describe each secondary structure

element.

A YAML file is saved for each structure, containing a list of secondary structure

elements, their corresponding basis spline nodes, their angle and the complexity of

curvature (number of basis spline nodes required for an accurate fit). This file can

be used in conjunction with the annular and bulk properties of the bilayer to draw a

cartoon representation of membrane topology.

Per-chain summary of protein topology

The number and type of membrane spanning secondary structure elements present

in each chain of a protein structure provides a quick topological overview, and may

be used to identify particular types of membrane protein (for example, the seven

transmembrane α-helices characteristic of a G-Protein Coupled Receptor (GPCR)

structure). For each chain, the number of α-helical and β-barrel membrane spanning

elements is determined. The backbone trace of the protein is first smoothed using

a Gaussian kernel. The residues of the protein falling between the upper and lower

leaflets is then is split into membrane-spanning elements using abrupt changes in

direction relative to the membrane normal. Each membrane-spanning element con-

taining at least 70% α-helical or β-strand residues is classified as α-helical or β-stranded

respectively. Counts are then saved in a YAML file.

41



Table 2.3: Static files available from MemProtMD

Listed files are available to download for any completed simulation. The tilde (∼)
may be replaced with the name of any individual simulation.

Filename Description

∼-ready.pdb All-atom representation, no lipids or solvent

∼-atomistic.pdb Final frame of atomistic simulation

∼-coarsegrained.pdb Final frame of coarse-grained simulation

∼-distortions.pdb
All-atom representation with grid of dummy
atoms along bilayer surfaces

∼-head-contacts.pdb
All-atom representation with lipid head-
group contact frequency stored in tempera-
ture factors

∼-tail-contacts.pdb
All-atom representation with lipid tail con-
tact frequency stored in temperature factors

∼-solvent-contacts.pdb
All-atom representation with solvent contact
frequency stored in temperature factors

∼-atomistic-simulation.zip
Zip archive containing files required to run
further atomistic simulations

∼-coarsegrained-simulation.zip
Zip archive containing files required to run
further coarse-grained simulations

∼-by-resid.csv
Table of residue properties (contacts, coordi-
nates etc.)

∼-thinning.latest.yml
Annular and bulk membrane thicknesses and
vertical coordinates

2.3.5 Static files

The results of many analyses are stored in the MemProtMD database and can be

retrieved using a MongoDB JavaScript Object Notation (JSON) query. In some cases,

PDB-formatted structures, tabular data and the results of analyses can be downloaded

as a static file. Details of these files can be found in Table 2.3. Before users are offered

the opportunity to download each file, the MemProtMD web application checks that

the file exists and reports the file size to the user.

Pre-rendered images

Whilst structures can be interactively visualised online, this typically takes several

seconds to initialise and so a collection of pre-rendered images are also created which
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Figure 2.3: Pre-rendered images produced by MemProtMD
A number of pre-rendered images for a TMEM16 scramblase protein (PDB-4wis)
are shown. A The protein is shown aligned to the membrane normal in cartoon
representation. Further images show the addition of B coarse-grained lipid head-
groups and C atomistic lipids. The protein is shown with a mean bilayer surface in
D top-down, E side-on and F bottom-up orientation relative to the bilayer. Areas
of membrane thinning are shown in red, whilst areas of membrane thickening are
shown in blue. The protein is shown shaded according to contacts with G,J lipid
head groups, H,K lipid tails and I,L solvent molecules in both G,H,I cartoon and
JKL surface representations.
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can be downloaded and viewed instantly. Images are rendered using Visual Molecular

Dynamics (VMD), controlled using the pexpect Python library. Images include repre-

sentations of coarse-grained and atomistic lipids, membrane surfaces and per-residue

contacts with solvent, lipid head-groups and lipid tails. A variety of resolutions are

produced to allow either quick loading of small thumbnails or detailed viewing of

full-resolution images. Examples of pre-rendered images are shown in Figure 2.3.

2.3.6 Acquisition and storage of metadata

The MemProtMD web application uses metadata drawn from several external online

sources to improve search and browsing experiences. In order to handle references

to multiple databases, MemProtMD records use a compound key comprised of the

database name (e.g. PDB) and the accession within the database (e.g. 4wis). Where a

single key is required these are joined by the vertical pipe character (e.g. PDB|4wis).

Each record keeps a note of the license under which content has been reused, as

well as the original authors and a link to source material. Any two records may be

connected using relationships, regardless of original source. Relationships between

records consist of a type such as ”child/subset of”, ”parent/superset of”, ”sibling

of”, ”collection containing”, ”contained by collection”, as well as optional parame-

ters. Altering parameters of the parent and child relationships can be used to great

grandparent/grandchild relationships using the ”level” parameter, or alternatively

an automatically assigned ”contained by collection” relationship may also include a

”confidence” parameter.

Protein DataBank (PDB)

The Protein DataBank (PDB) [171] is a database of protein structures provided by an

international network of websites comprising the Research Collaboratory for Struc-

tural Bioinformatics (RCSB) [174], Protein DataBank in Europe (PDBe) [172] and

Protein DataBank in Japan (PDBj) [173]. Each experimentally determined protein

structure is deposited in the PDB as a record containing metadata indicating the

nature of the experiment and type of protein, at least one set of atomic coordinates,

and a reference to a journal article where the structure was first published.

PDB accessions are the primary references for MemProtMD simulations; the Mem-

ProtMD pipeline [5] aims to perform a single CGSA simulation for the most biologi-

cally relevant assembly of each IMP structure deposited in the PDB. Using a Python

function, metadata for each PDB accession is downloaded from the RCSB website
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in Macromolecular Crystallographic Information File (mmCIF) format. From this,

the deposition title, keywords list, author list and publication Digital Object Identi-

fier (DOI) are extracted. A series of requests are then made to a Representational

State Transfer (REST) API provided by the RCSB website to download details of

the ligands and protein sequences contained in the structure.

PDB deposition titles often contain details of experimental protocols in addition to

the name of the protein, and so an additional title is constructed to be the most widely

used name for the protein. For example, the PDB deposition 1rh5 is assigned the

title The structure of a protein conducting channel, but would be better described

as SecYEβtranslocon. In order to assign a simplified title, UniProt and mpstruc

databases are first queried for titles of records referring to the PDB deposition. If

a title which is shorter and lexicographically similar to the structure title (assessed

by computing Levenshtein distance [212]) it is used. If no suitable alternative can be

found, a Regular Expression is used to trim commonly used words or phrases such

as ”the * structure of”, ”in complex with *”, ”bound to *”, ”at * resolution” (the *

character used here as a wildcard).

Universal Protein Resource (UniProt)

The Universal Protein Resource (UniProt) [170] stores information about protein se-

quences, including annotations such as (where available) organism lineage, genomic

location, subcellular location and topology. Although in some cases mutations, inser-

tions and deletions may have been performed, all protein structures deposited in the

PDB reference at least one UniProt sequence.

UniProt sequences represented in MemProtMD are identified through multiple

Extensible Markup Language (XML) requests to the RCSB REST API, which es-

tablish a per-amino-acid mapping between PDB structures and UniProt sequences.

UniProt records are then downloaded in XML format and a title, keywords, organism,

subcellular location and any functional annotations are then extracted. Mappings to

Protein Families (Pfam) and Gene Ontology (GO) accessions are also extracted and

linked to both the UniProt accession and referenced PDB accession.

Protein Families (Pfam)

Protein Families (Pfam) [176] groups protein sequences into families based on se-

quence homology. Each Pfam family contains a number of UniProt protein sequences,

and Pfam accessions are mapped to UniProt sequences when UniProt metadata is
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downloaded. A title is extracted from a document downloaded from the Pfam website

in HyperText Markup Language (HTML) format.

Membrane Proteins of Known Structure (mpstruc)

Membrane Proteins of Known Structure (mpstruc) [177] is an expert-curated tree

structure of membrane protein structures and families, with annotations including

names of proteins, mutations and ligands. The tree is downloaded in XML format and

parsed to extract titles of proteins and child/parent relationships. These relationships

are added to each record and can be viewed online. Each PDB structure categorised

by mpstruc is added as a leaf of the mpstruc tree.

Transporter Classification DataBase (TCDB)

The Transporter Classification DataBase (TCDB) [178] is a similarly expert-curated

tree focusing on transporter proteins. The tree is downloaded in HTML format from

the TCDB website and parsed to produce a set of parent/child relationships, and a

mapping from TCDB accessions to PDB accessions is downloaded as a tab-delimited

text file. Each node within the TCDB tree becomes an accession in the MemProtMD

database.

2.3.7 Automated classification of IMPs based on simulation
results

Whilst several classification systems for IMPs already exist, the simulation data avail-

able through MemProtMD provides novel scope for more comprehensive and accu-

rate classification. Classification parameters for each group of proteins are defined in

YAML document, which contains a title, description, parent collection (if applicable),

and a number of conditions with positive or negative scores. Each matched condition

increases or decreases a structure’s score, depending on the condition. Conditions

may query the topology of the protein, numbers of lipid contacting residues or mem-

brane surface parameters, as well as structure metadata and membership of external

classification systems. Any structure scoring over 100 is added to the collection, and

the score is added as a parameter of the relationship between structure and collection.

2.3.8 Ensemble analyses

The results of analyses performed on individual protein structures and simulation

trajectories can be combined to produce a set of ensemble analyses, from which more
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general conclusions can be drawn about IMP structure and function. Ensemble anal-

yses are updated weekly and can be browsed at http://memprotmd.bioch.ox.ac.

uk/stats.

Collection statistics

For each automatic collection, each external database and each external database

accession referencing more than 30 structures, a set of simple summary statistics are

calculated. These include the experimental methods used to determine structures,

annular thickness of the simulated membrane, date of publication and resolution of

structures determined by X-ray crystallography. These can reveal trends resulting

from the development of new structure determination methods, or show the general

properties of a group of proteins. Interactive histograms and bar charts are used

to display these data online; clicking a bar creates a new database query returning

matching proteins. The scope of these statistics is limited to IMPs by filtering out

any database accession which does not contain at least ten residues making contact

with membrane lipid tails for over 30% of simulation time.

Development of per-residue contact scales

The unique chemical properties of each of the twenty naturally occurring amino acids

result in variation in the frequency of contacts between amino acid types and different

parts of the membrane and solvent. This can be calculated for every single protein in

the MemProtMD database and used to rank amino acids by frequency of contacts with

specific parts of the membrane or solvent. This can in turn be used to draw conclusions

about the chemical properties of each amino acid in a membrane environment.

Once lipid and solvent contacts with protein residues are calculated for an in-

dividual protein, each residue is added to a large pool of residues, from which the

mean frequency of contacts with different parts of the membrane and solvent can be

calculated. First, residues which are in contact with neither solvent or lipid beads

for over 70 % of simulation time are excluded. Mean contact frequency between each

amino acid type and each lipid bead type is then calculated based on the remaining

residues. Mean frequencies are then normalised for consistency with similar scales

derived experimentally by Monera et Al. [213] such that Glycine becomes 0 and the

highest frequency becomes 100.
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Determining amino acid residue occupancy along the mem-
brane normal

An alternative way to examine the chemical properties of amino acid types in a lipid

bilayer environment is to calculate the frequency at which each amino acid occurs

at different positions along the membrane normal. In order to calculate this, all

analysed amino acid residues in the MemProtMD database which form contacts with

lipid or solvent molecules for at least 30% of simulation time are considered. Residues

forming the inner surface of membrane pores are removed, and displacement from the

membrane centre is calculated for each remaining residue. To account for variation

in membrane thickness between proteins, displacement values occurring between the

phosphate beads of each leaflet are normalised to produce a bilayer thickness of exactly

4 nm. Residues are assigned displacement bins of 0.4 nm width, and the frequency

of each amino acid type within each bin is calculated.

Aggregation of simulation results using sequence homology

Contacts observed between lipid and solvent molecules and simulated proteins should

be reproduced by structures of the same protein, and may be conserved in struc-

tures of proteins with some sequence homology. In order to examine this, lipid and

solvent contacts and position relative to the membrane measured during simulations

are overlaid on a sequence alignment for each UniProt and Pfam accession. Each

wild-type residue in a simulated protein is mapped to a position in a UniProt protein

sequence, and in the case of UniProt alignments properties are simply aggregated

using this mapping. Sequence alignments for Pfam accessions are produced by first

mapping positions within UniProt sequences to a position in a Multiple Sequence

Alignment (MSA). Promals [214] is used in combination with TM-align [163] to pro-

duce a multi-sequence alignment which takes protein structure and transmembrane

sequences into account. The output from Promals is used to produce mappings from

UniProt sequence positions to Pfam MSA positions, which in turn can be used to

map residues of simulated proteins to Pfam MSA positions. The final alignment

shows consensus amino-acid sequence, contacts with lipid headgroups, contacts with

lipid tails, contacts with solvent, depth in the membrane and secondary structure.

48



2.3.9 Data storage

Data models

A number of data models are defined, representing different types of entities for which

the MemProtMD database stores data. Data are stored on a backed up Network File

System (NFS) volume, with a folder for each model containing subfolders for each

instance of that model. Presently data models exist for: a CGSA simulation of an

IMP; an external database; a connected social media account; an ensemble analysis

and a static page on the MemProtMD website. For each entity a lifecycle is defined,

which schedules a number of operations to be performed when some conditions are

met. This may include publication of updated metadata, completion of a simulation

or an update to one or more methods used to analyse simulations.

Data which can be readily represented as either a dictionary or list are stored

either in YAML format (where the data can be safely edited by hand if needed) or in

JSON format (where editing data by hand is inadvisable). Tabular data, such as per-

residue contact data, is stored in Comma Separated Values (CSV) format. Protein

structures are stored in PDB format and images in Joint Photographic Experts Group

(JPEG) format. All of these formats can be read, written and sent over HyperText

Type Protocol (HTTP) efficiently by both Python and JavaScript

Data validation

Data are drawn from diverse sources and methods, and so must be routinely vali-

dated to ensure referential integrity. Where accessions in external databases have

been linked through relationships, these are checked regularly to ensure no circular

relationships have been created, and that an appropriate reciprocal relationship exists

(for example, if A is a child of B then B must be a parent of A). Accessions in ex-

ternal databases are also checked to ensure at least one completed CGSA simulation

is referenced. UniProt accessions may occasionally be joined, split or deprecated; in

these cases several API queries to the UniProt website are used to update UniProt

data.

Data storage in a document-oriented database

To facilitate faster querying, data are also replicated in a MongoDB document-

oriented database. MongoDB stores data in JSON format and does not use any
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kind of schema. This allows for changes in data structure such as adding or remov-

ing fields with less overhead than a relational database. Documents are grouped into

three collections storing, respectively, documents relating to simulations, references to

external databases and structure authors. These may then be queried using a JSON

formatted set of search conditions, set of fields to return (projection) and optional

sorting instructions.

The MemProtMD database contains data which may be helpful when building

other bioinformatics applications, and using MongoDB allows external users to di-

rectly query the underlying database with minimal restrictions. Queries are first

searched for MongoDB commands; any query containing a command which has not

been explicitly permitted is rejected. If the query is valid JSON and contains only

permitted commands, it is passed on to the database and results are returned. Each

query is timed and API users are subject to a quota, reset every 15 minutes, which

limits time spent responding to API calls from external sources.

Database indexes

MongoDB indexes store small amounts of data from each document in memory to

enable faster searching and sorting. Single-field indexes simply store the value of a

particular field for each document, whilst text indexes store text drawn from a number

of fields and can be used to score documents according to their probable relevance to

a word or phrase. Commonly queried fields, such as (where present) the accession (or

ID), database, title, authors, release date, resolution and experimental method each

receive a single field key.

For references to other databases, a text index is maintained to provide a simple

text search. Fields are weighted by their likely relevance to improve the order in which

results appear (see Table 2.4); the accession is given a high value (100), ensuring that

searches which exactly match an accession will return the record with the correspond-

ing accession first. Other fields are weighted according to the likely significance of

matching a search term in that field. Text search results are also weighted by the

number of other simulations linked to a reference; this ensures that a search for the

string ”GPCRs” will return the GPCR family ahead of individual GPCR proteins.
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Figure 2.4: MemProtMD infrastructure overview
An overview of the physical and virtual devices used by the MemProtMD pipeline.
Data are loaded from PDB structures by a desktop computer operating the Mem-
ProtMD pipeline. Once simulation setup is complete, files are uploaded to a cluster to
be run. Completed simulations are stored on an NFS volume and then analysed using
a Python application on another desktop computer. Once analysis is completed, data
are uploaded to a Redundant Array of Independent Disks (RAID) device attached
to a rack-mounted server. A Docker container running a Python application keeps
a MongoDB database (also running in a Docker container) updated. A final Docker
container runs a Node.JS web server which serves web application and API clients
over HTTP.
Devices indicated with an asterisk (*) are part of the MemProtMD pipeline and were
configured by Stansfeld et al. [5]. Devices indicated with a (†) are operated externally.
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Table 2.4: Fields used to perform text searches on the MemProtMD
database

Field name Weight Content

accession 100
Accession/ID of the record in the source
database

title 50
Title of the record - may have been edited in
the case of PDB records.

subtitle 50
Original title (if not the same as title) or al-
ternative title.

keyword string 6
Comma-separated list of keywords assigned
by the original database.

organism.common name 4
Common name of the organism where pro-
tein is found.

organism.scientific name 4
Scientific name of the organism where the
protein is found.

auto keywords 1
Keywords which have been added automati-
cally but not checked.

2.3.10 Application structure

Infrastructure overview

An overview of the physical and virtual devices used by MemProtMD is shown in

Figure 2.4. Infrastructure providing the MemProtMD simulation analysis application,

database and web server build on previously existing infrastructure set up to run the

MemProtMD pipeline[5].

Analysis application

The MemProtMD analysis application is written in Python and automatically per-

forms a variety of functions. In some cases, actions are performed according to a set

schedule. These include querying external databases for updated metadata, checking

relationships to ensure referential integrity, checking the status of jobs currently in

progress and copying new data to the RAID volume on the application server. En-

semble analyses are also scheduled to update periodically, typically running once per

week.

Analysis methods may be packaged as jobs associated with particular data models,

and the analysis application will ensure that jobs are performed on instances of those

models in the correct order. Each analysis method is assigned a name, version,

required inputs and list of dependencies (other jobs which must be completed for
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that instance before starting). The analysis application performs each job as soon as

all dependencies are completed and all inputs are present. The job name, job version,

parameters and input files are combined and used to calculate a hash value, which

can be quickly checked to see if the job should be re-run. If an updated version of an

analysis method becomes available, or inputs change, a job is re-run, triggering the

re-running of all dependent jobs.

Once a set of simulation analyses are available to view online, the analysis appli-

cation posts a publicly visible message (tweet) using the Twitter social networking

platform. Users following the MemProtMD Twitter feed can be notified of newly de-

posited IMP structures, and frequently discuss and share these with other users. In

order to create these tweets, the database is queried for new simulation entries every

15 minutes. Each new entry is checked to ensure it is fully available online before a

tweet is posted using the Twitter API. A randomly selected pre-rendered image is

attached to each tweet.

Containerised application server

The application server is a rack-mounted device which provides the MemProtMD web

server and database. Since it is accessible through the internet, it is isolated from all

other machines except via an SSH connection from the machine running the analysis

application. Data are copied by the analysis application to a RAID array attached

to the application server. A Python application updates a MongoDB database when

new data becomes available, and a Node.JS web server makes a web application, files

and results of database queries available through HTTP requests.

To facilitate rapid deployment on new hardware, the Docker containerisation sys-

tem is used. Docker containers are similar to virtual machines, but avoid much of

the performance overheads encountered in traditional virtualisation by sharing the

host machine’s kernel. Docker containers are defined programmatically, and can be

distributed either as code or as a system image built from that code. Access to

the network interfaces, devices and volumes attached to the host machine can be

permitted or restricted as required.

The Python management application, Node.JS web server and MongoDB database

server are each distributed in an individual docker container. Using docker-compose,

management, database and web server images can be built, networked, given appro-

priate access to the resources on the host machine and started with a single command.

All dependency installation is handled by the individual containers, so any host on

which Docker has been installed can begin to serve the MemProtMD database and
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web application in a matter of seconds. If the host machine is rebooted, Docker im-

ages are set up to resume operation as soon as all required volumes are mounted and

network interfaces are available.

2.3.11 Web application

The MemProtMD web application provides a user-friendly interface to browse, search

and view the results of simulation analyses and ensemble analyses, using the Mem-

ProtMD API to load data and query MemProtMD web server. The application stores

data locally using the Redux JavaScript library. Data is transformed into an HTML

document using the ReactJS Javascript library. In addition to ReactJS, several vi-

sualisations use the D3.JS (Data-Driven Documents) [215] JavaScript library where

complex geometry or standard chart elements are required. 3D molecular visualisa-

tions are drawn using PV [191], a JavaScript and WebGL library.

Source code is developed in JavaScript using the ECMAScript 6 standard, which

is packaged into a single file containing highly compressed JavaScript conforming to

the ECMAScript 5 standard, which is supported by the majority of modern web

browsers. User interface and page changes are handled entirely on the client (unlike

traditional web applications where page changes required a new request to be made

to the server), and requests are made only when data not found in the local Redux

store is required.

In order to quantify usage of the MemProtMD web application, Google Analytics

is used to track user interactions. Each action and page view is recorded and can be

used to determine how users are engaging with the application.

2.4 Results

The MemProtMD database and web application are available at http://memprotmd.

bioch.ox.ac.uk, providing an API and GUI which provide access to detailed analysis

of simulations of over 3000 IMPs. Since releasing the final version of the MemProtMD

web application at the beginning of 2017, MemProtMD has developed a global net-

work of over 900 users from both academic and industrial institutions.

2.4.1 The MemProtMD web application

The MemProtMD web application at http://memprotmd.bioch.ox.ac.uk provides

a GUI to search and browse data derived from MemProtMD simulations, and is the
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Figure 2.5: Home page of the MemProtMD web application

Figure 2.6: Examples of the Quick Search component in use
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interface through which most users access the data. The MemProtMD API is used

to populate the MemProtMD web application with results of MemProtMD database

queries. The home page, shown in Figure 2.5, contains a list of the most recently

completed IMP simulations and an in-page search. A set of links can be used to

access commonly viewed IMP types, such as GPCRs, ion channels, outer membrane

proteins and aquaporins. The title bar at the top of the application is always shown,

and provides links to the site home page, search tools, about page, instructions for

citing data and contact details. A quick-search button appears on the right-hand

side, and expands to provide a search box which displays live results and suggestions,

shown in Figure 2.6.

Once a user has selected an external database reference, a new page with further

details is shown. As an example, the page for PDB:4wis, a TMEM16 scramblase,

can be seen in Figure 2.7. If the reference is part of a tree structure, a panel at

the top shows ancestor nodes, and can be expanded to show the current tree in full.

This can be seen toward the top of Figure 2.7, where the mpstruc tree is shown.

A montage showing data from up to nine referenced simulations (although in the

case of PDB:4wis only a single simulation is available) is shown above a summary of

metadata, set of links to external sites, and an attached journal article if applicable.

A second panel shows links to related references which vary according to the type of

reference being displayed, and may show collection members, parent or child nodes

or collections to which a reference belongs. Following any of these links will display

data for the related reference.

Much of the content displayed on this page has been produced by other authors

and is used under a variety of licenses. Where this is the case, it is important that

original authors are properly credited, and the terms under which content is licensed

are made clear to MemProtMD users. Where content is imported from an external

source, full details are attached to database records, including the names of authors,

type of license, a link to full terms of the license and a link to the licensed content in

its original form. A notice can then be displayed in the MemProtMD web application,

giving proper attribution to the original authors.

Visualising simulation data

Each database reference is linked to at least one simulation record, which may be

selected to view detailed simulation analysis. If only one simulation is available it

is automatically selected, otherwise a simulation can be manually selected. Once a

simulation is selected, data is loaded into panels in the page below.
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Figure 2.7: Example of a PDB reference viewed using the MemProtMD
web application
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Interactive 3D protein visualisation

Interactive 3D visualisations of protein structures can be displayed in any modern

web browser using a 3D molecular visualisation component. Users may select from

a range of protein and lipid representations through a menu, and the protein can

be shaded according to the chemical properties of residues or contacts with various

groups of lipid and solvent beads. The orientation of the protein may be interactively

changed, or aligned to one of six preset viewing angles. If only part of the protein is

selected through the user interface, the colours of the remaining parts of the protein

are desaturated to emphasise the selected residues. Some examples of the variety of

visualisation options available are shown in Figure 2.8. The PV JavaScript library is

used [191] to render molecular data interactively in a web browser without the need

for any additional software.

Chain summary view

Protein structures deposited in the PDB are divided into lettered chains, typically

assigning one unique, continuous protein sequence to each chain. When viewing a

protein in the MemProtMD web application, individual chains can be selected and

viewed in more detail using the chain summary tool. Two examples of this can be

seen in Figure 2.9. A simplified representation of each chain shows a violin plot of

the density of all protein atoms, α-helical protein atoms and β-strand atoms along the

membrane normal. This allows chains to be quickly and intuitively identified based

on their secondary structure and location relative to the membrane.

Once a chain selected, several attributes of the chain can be seen. The chain is

classified as either membrane spanning (where head-groups of both leaflets interact

with the chain), membrane-embedded (where the chain interacts with head-groups of

one leaflet but only tails of another leaflet), single leaflet (where the chain interacts

with a single leaflet), membrane touching (where the chain interacts with lipid head-

groups only), or membrane detached (where the chain does not interact with any

membrane lipids). The number of transmembrane α-helices and β-strands is shown

next, followed by the number of residues making up the chain. A bar appears below,

showing the amino acid sequence of the chain coloured using the scheme currently

used by the 3D protein viewer, and allowing a subset of residues within the chain to

be selected if desired.
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Figure 2.8: Examples of 3D molecular visualisations using the Mem-
ProtMD web application
The 3D molecular visualisation web application component is shown in a number of
states for a TMEM16 scramblase protein (PDB:4wis). In A-D the protein is shown
coloured by dominant contact type; blue for contacts with solvent, red for contacts
with lipid head-groups and yellow for contacts with lipid tails. A shows the protein
in cartoon representation; in B lipids are added in ball and stick representation. C
and D show the protein in Van der Waals representation. In D the protein is shaded
to indicate a selected chain.
E-J show the protein shaded according to contacts with a specific group of solvent
molecules; E - solvent, F - flip-flopping lipids, G - contacts with lipid head groups,
H contacts with upper leaflet lipids, I - contacts with lower leaflet lipids. The group
used for shading can be selected from a menu shown in J, and representation can
be selected using the menu shown in K. Several additional colouring options are
available, including the scheme used in Lesk [216], shown in L.
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Figure 2.9: Examples of protein chain summaries
Two examples of chain summaries produced by the MemProtMD web application are
shown for PDB:5g53 and PDB:1bcc, with one chain selected in each case. On the left,
an image is shown indicating the selected chain in a 3D representation of the protein.
Each chain is represented by a box showing the lipid bilayer as a rectangle shaded in
blue, overlaid with a violin plot showing the distribution of all protein atoms (white
envelope), atoms of α-helical residues (blue) and atoms of β-strand residues (green).
For the selected chain, several attributes are shown, including whether the chain is
embedded in the membrane, the number and type of secondary structure elements,
and number of residues. A bar below shows the amino acid sequence, using the same
colour scheme as the 3D view. Position and scale of some elements has been altered
for clarity and to improve legibility in print.
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Figure 2.10: Examples of secondary structure topology visualisations
Two examples of secondary structure topology visualisations produced by the Mem-
ProtMD web application are shown for PDB:5g53 and PDB:2j1n. α-helices are shown
in blue whilst β-strands are shown in green. The curvature and angle of the secondary
structure element relative to the membrane normal is preserved. Breaks in the pro-
tein sequence are indicated by dashed lines. Start and end residue numbers are shown
by small labels. An inset image shows a 3D representation of the same topological
features.

Topology visualisation

The MemProtMD web application is able to show protein topology relative to the

membrane in a simplified 2D representation, preserving curvature and tilt angles of

individual secondary structure elements. Example topologies of a β-barrel membrane

protein and α-helical IMP are shown in Figure 2.10. The secondary structure topology

plot can be used to quickly identify unusual secondary structure elements, such as

kinked or bent α-helices or β-strands with an unusual tilt. The curvature of the sixth

helix of the GPCR shown in Figure 2.10 can be easily identified by simple visual

inspection. Where β-strands form a βsheet, their direction is alternated to indicate

interactions between adjacent strands. This can be seen in the outer membrane

protein in Figure 2.10, where several β-strands interact with adjacent βstrands to

form several β-sheets.

61



Figure 2.11: MemProtMD sequence viewer
A screenshot of the MemProtMD sequence viewer tool, showing residues 430-547
of PDB:4wis, a TMEM16 scramblase. The amino acid sequence runs left to right,
indicated by numbered scale bars. Breaks between amino acids are shown as gaps in
scale bars. Several visualisations are shown; from top to bottom: heat map showing
contacts with lipids moving between leaflets; heat map showing contacts with water
and ions; heat map showing contacts with each lipid bead type, from choline bead
of the upper leaflet (top) to choline bead of the lower leaflet (bottom); stacked plot
showing contacts with lipid head-groups, lipid tails and solvent; topology plot showing
displacement of protein, upper leaflet and lower leaflet relative to the bilayer centre;
secondary structure schematic showing alpha helices in blue and beta strands in green;
and an amino acid sequence coloured using a scheme found in Lesk [216].

Sequence visualisation

Several metrics are calculated for each amino acid residue in a protein, such as contacts

with lipid and solvent beads, position relative to the bilayer centre and secondary

structure. Once a protein chain has been selected, these can be viewed using the

MemProtMD web application, which displays a number of visualisations along the

amino acid sequence of the protein. An example of this can be seen in Figure 2.11,

where a short section of the sequence of a TMEM16 scramblase (PDB:4wis) is shown.

The sequence viewer allows for easy identification of residues making contact with

solvent and lipid molecules, as well as residues contributing to the flipping of lipids

between the upper and lower leaflets. Deformations of the lipid bilayer induced by

the protein can also be seen, such as the thinning of the membrane induced around

the 500th residue.

Visualisations of simulation data produced by the MemProtMD web application
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are interactive and connected, and chain or residue selections made using one visu-

alisation will be reflected in other visualisations. Using multiple, connected visuali-

sations of simulation data can help to build a more complete understanding of the

structural basis for a biochemical phenomenon. An example of this can be seen in

Figure 2.12, where several residues interacting with lipid molecules flipping between

leaflets are selected using the sequence viewer. These residues are mostly α-helical,

and when viewed using the topology viewer can be seen to be broken into three α-

helices with increasingly steep angles relative to the membrane normal. The same

residues can then be seen in a 3D cartoon view of the entire protein, coloured ac-

cording to contacts with lipids moving from the upper to lower leaflet, and clearly

identifying a groove between two alpha-helices which makes frequent contacts with

lipids moving between leaflets.

Search facilities

The MemProtMD web application provides several options to search for specific pro-

teins or groups of proteins amongst the over 8000 external database references in the

MemProtMD database. The Quick search tool, shown in Figure 2.6, is always shown

at the top of the MemProtMD web application and is a simple and intuitive way to

find a protein of interest using text matching. The more advanced text search tool,

accessed through the quick search tool and shown in Figure 2.13, shows more results

and allows results to be filtered to include or exclude specific external databases.

An advanced search tool is also provided for users needing to perform more com-

plex searches. This provides an online editor which can be used to construct a Mon-

goDB query which can then be executed directly through the MemProtMD API.

Queries have full access to all attributes stored in MongoDB documents, including

membrane thickness, external annotations and numbers of simulations. The query

can be saved for later use, downloaded as a Python, Bash or JavaScript script, or

be performed directly in the MemProtMD web application, with results shown as a

table, JSON document or CSV document.

Structure author profiles

Each protein structure deposited in the PDB records the authors responsible for

determining the protein structure. The MemProtMD web application provides a

profile for each structure author, including a timeline of recently published structures
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Figure 2.12: A sub-chain selection across multiple connected visualisations
Three visualisations produced by the MemProtMD web application are shown, with
residues 429-464 of chain B of a TMEM16 scramblase (PDB:4wis) selected. In A,
the sequence viewer can be seen, with selected residues indicated by vertical black
lines and shading. In B, the topology of the protein is shown, with the selected
residues indicated by darker shading. In C, the protein is shown in a 3D cartoon
representation, shaded according to contacts with flipping lipid molecules from dark
(many contacts) to light (few contacts). Selected residues are coloured red.
This selection can be viewed online at http://memprotmd.bioch.ox.ac.uk/_ref/

PDB/4wis/_sim/4wis_default_dppc/Chain.B/Residue.429-464/.
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Figure 2.13: MemProtMD text search tool
A search for records matching the word ”lipid” is shown, with results filtered to
include only GO records and MemProtMD records.
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Figure 2.14: MemProtMD author profile
An example of a MemProtMD author profile page for Mark S.P. Sansom. The left-
hand panel shows a timeline of recently published structures, whilst the right-hand
panel shows a graph of frequent co-authors.
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and a co-publication diagram showing frequent collaborators. An example author

profile can be seen in Figure 2.14.

The co-publication diagram shows a graph with a node for each author and edges

scored using a matrix containing the number of times any two authors have published

a structure together. The layout is optimised using a Verlet integrator implemented in

D3.js [215]. A repulsive electrostatic force is applied between nodes, and an attractive

force along edges, proportional to the number of co-authored publishers. After a few

seconds of simulation, the graph layout reveals clusters of frequent collaborators,

which can be clicked to view a different author.

Usage statistics

The MemProtMD web application has a growing international network of both aca-

demic and industrial users. The global distribution of users, and variety of institu-

tions making regular use of MemProtMD resources is shown in Figure 2.15. As of

July 2017, over 900 unique users have viewed pages on the MemProtMD web applica-

tion, of which 56% have been retained as regular users. Over 10% of users during this

period accessed the site through a smartphone or tablet device. On average, between

90 and 120 usage sessions, each lasting an average of 7 minutes, are recorded each

week.

Through a semi-automated Twitter account, MemProtMD is able to reach 350

followers, with 25% of users finding the MemProtMD web application through social

media. A search-engine optimised page design has resulted in another 25% of users

acquired from search engines. Remaining traffic comes either through direct entry of a

Uniform Resource Identifier (URI) (40%) or through links from other online resources

(10%).

2.4.2 Ensemble and collection analyses

Counting transmembrane database accessions

As structure determination methods continually improve, IMP structures are being

determined at an increasing rate. To quantify this, the MemProtMD pipeline deter-

mines the number of structures determined for each month since 1985, when the first

IMP structure was determined. As can be seen in Figure 2.16, the number of IMPs

with determined structures continues to rise at a near-exponential rate. Represented

within these structures are an increasing number of unique proteins and protein fam-

ilies, although these are increasing less rapidly. As of July 2017, the MemProtMD
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Figure 2.15: Global usage of the MemProtMD web application
Countries are shown shaded from white to blue according to the number of web
application sessions detected by Google Analytics between January and June 2017.
Institutional networks making at least five independent sessions are mapped, showing
the variety of institutional and academic organisations making regular use of the
MemProtMD web application.
Map data is supplied by Google, c©Alphabet 2017.
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Figure 2.16: Growth in numbers of IMP structures since 1985
The cumulative number of accessions included in the MemProtMD database is plotted
for each month since 1985 for PDB, UniProt and Pfam databases. Sustained growth
can be seen in the number of IMP structures, as well as the number of unique IMPs
and IMP families for which at least one structure has been determined.
UniProt and Pfam accessions which do not make contact with membrane lipid tails
are excluded.
Figure is based on an automatically generated graphic at http://memprotmd.bioch.
ox.ac.uk/stats and is extended to dates prior to the establishment of the PDB.

database contains 3056 IMP structures, 977 IMP unique protein sequences, and 461

IMP families. On average, each unique protein sequence is represented by 3.1 struc-

tures, and each protein family is represented by 4.6 structures.

Represented amongst the transmembrane regions of MemProtMD proteins are 28

unique protein folds identified by the SCOP database [217]. Most common amongst

these are single transmembrane helices (SCOP f.23), which account for 35% of simu-

lated proteins, followed by GPCRs (SCOP f.13) at 13% and β-barrel proteins at 10%.

90% of MemProtMD proteins are represented by the ten most common folds.

It can be seen in Figure 2.17 that X-ray crystallography remains the predominant

experimental method used for IMP structure determination, being used to determine

87% of IMP structures between 1989 and 2016. Solution Nuclear Magnetic Resonance

(NMR) is the second most widely used method, accounting for just 6% of solved

structures. Since 2011, the number of structures solved using electron microscopy

(including Cryo-Electron Microscopy (Cryo-EM)) has risen sharply, from 1.5% of

IMP structures (3 structures) in 2011 to 11% (42 structures) in 2016.
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Figure 2.17: Experimental methods used to determine IMP structures
Stacked area plot showing the number of IMP structures deposited annually in the
PDB. To better show less frequently used methods, the plot is shown once (above)
with the full y-axis range and once (below) with limited y-axis range. The percentages
of structures published before 2016 using each method are also tabulated.
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Figure 2.18: Histogram showing resulting membrane thickness from sim-
ulations of α-helical and β-barrel IMP structures
The thickness of membranes formed during simulations of 2592 α-helical IMP struc-
tures and 340 β-barrel IMP structures, as measured by the distance between phos-
phate beads of annular lipids along the membrane normal. For comparison, membrane
thickness measured as phosphate-phosphate distance and hydrophobic thickness by
other experimental and simulation studies is also shown. Hydrophobic thickness is
generally 0.5 nm less than phosphate-phosphate distance.

Thickness of simulated membranes around α-helical and β-
barrel proteins

Physiological membrane thickness varies greatly both within and between different

membranes. The bacterial outer membrane contains mostly β-barrel proteins, and has

a considerably thinner hydrophobic core than other membrane types. A histogram

showing the distribution of membrane thickness, measured as distance between an-

nular phosphates of upper and lower leaflets, separately for α-helical and β-barrel

proteins is shown in Figure 2.18. A pronounced difference can be seen between sim-

ulations of α-helical IMP structures, mostly forming membranes between 3.6 nm and

4.0 nm in thickness, and simulations of β-barrel IMP structures, mostly forming mem-

branes between 3.1 nm and 3.4 nm in thickness.
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Per-residue contact scales

To examine the different chemical properties of amino acids in the membrane environ-

ment, contact frequencies are aggregated and normalised between all simulations in

the MemProtMD database. The results are shown in Figure 2.19. In 2.19A, contacts

are shown grouped by parts of the membrane; lipid tails, lipid head-groups and the

solvent, and amino acids are sorted according to contacts with lipid tails. Although

the frequency of amino acids contact with lipid tail beads inversely correlates to some

degree with frequency of water contacts, the relationship is not a simple inverse, with

amphipathic aromatic residues tyrosine and tryptophan forming more contacts with

water beads than would be expected from lipid tail contacts alone. This suggests that

whilst hydropathy plays a significant role in determining interactions between amino

acids and lipid molecules, other attributes must be taken into account for a complete

understanding of interactions between residues of IMPs and membrane lipids.

A more detailed breakdown of protein-lipid and protein-solvent interactions can

be seen in 2.19B. The hydrophobic residues phenylalanine, isoleucine, leucine can

clearly be seen making more contacts with the core of the membrane, represented

by the Tail 3 and Tail 4 labels. Moving from Tail 2 to Glycerol, aromatic residues

tyrosine and tryptophan become increasingly enriched, whilst from the Phosphate to

Water label more charged, hydrophilic residues such as arginine, lysine, glutamate

and aspartate make more contacts.

Occurrence of amino acid types along the membrane normal

The effects of chemical properties of different amino acids can also be shown by

changes in frequency of amino acids along the membrane normal. This is calculated

across all proteins in the MemProtMD database and shown in Figure 2.20. Here,

the hydrophobic residues phenylalanine, isoleucine and leucine can be seen strongly

associated with the hydrophobic core of the membrane, with a sharp cutoff occurring

at the membrane interface. The interface association of aromatic residues tryptophan

and tyrosine can be seen with clear peaks at the edge of the hydrophobic core. Closer

to the solvent, peaks can be seen for positively and negatively charged residues.

Although a slightly elevated peak can be seen for positive residues around the inner

leaflet, seeming to support the positive inside rule, this is likely due to the use of the

rule to provide an initial orientation and so cannot be taken as independent evidence

of this rule.
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Figure 2.19: Per-residue contact scales derived from MemProtMD
Contacts between each amino acid type and selected components of a DPPC bilayer
are shown, linearly normalised such that Glycine receives a value of 0 and the max-
imum value becomes 100. Table cells are shaded from blue (-100) to red (100). In
A, contacts are shown for all solvent beads, all head-group beads and all tail beads,
whilst in B, contacts are further broken down to show individual bead types. Ex-
perimental scales reported in Monera [213] and Moon [218] are shown below in panel
C.
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Figure 2.20: Histograms showing occurrence of amino acid types along the
membrane normal
Histograms show the frequency of each amino acid with respect to position along the
membrane normal. Amino acids are clustered into eight groups based on similarity.
The transmembrane region is shaded in yellow, with the mean position of annular
phosphate groups represented by dashed lines. In order to account for variations in
membrane thickness and allow frequencies to be aggregated, the membrane normal
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Aggregation of contacts through sequence homology

The relationships between the sequence of a protein and its structural and functional

properties are often highly conserved among homologous proteins. Where multiple

simulations exist for a unique protein (as assigned by UniProt) or family of proteins

(as assigned by Pfam), sequence homology can be used to compare the results of

simulation analyses between structures. The MemProtMD database contains MSAs

for each protein or family of proteins represented by two or more structures. Figure

2.21 shows one such alignment produced for the Pfam classification of GPCRs. A

high level of conservation can be seen in both the contacts formed between the protein

and different parts of the membrane, and in the secondary structure of GPCRs, with

the characteristic seven transmembrane helices clearly visible.

Another example can be seen in Figure 2.22, where contacts from simulations of

53 β-barrel Gram-negative porin proteins can be seen. In addition to contacts with

lipid head-groups and tails, contacts with water molecules can also be seen. The

alignment shows a secondary structure composed of highly conserved transmembrane

β-strands, as well as some less conserved α-helices. Contacts with solvent and lipid

beads are again shown to be highly conserved between protein family members.

2.4.3 The MemProtMD API

Accessing the MemProtMD database

Data generated from the MemProtMD pipeline and subsequent analyses are stored in

the MemProtMD database, which consists of an indexed MongoDB database and a

collection of binary files stored on disk. The MemProtMD API (http://memprotmd.

bioch.ox.ac.uk/api/) allows various applications to query the database and retrieve

data from either files or MongoDB documents. Database queries can range from

retrieving data about a single simulation, an external database reference such as

a UniProt identifier or a particular structure author to searching for simulations

matching a set of complex criteria including membrane thickness, size of protein or

text search.

Usage statistics

Between January 2017 and June 2017, over 2000 requests were made to the Mem-

ProtMD API, not including those made by the MemProtMD web application. API
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Figure 2.21: Multi-sequence alignment of all GPCR structures in the
MemProtMD database
Sequences from 172 simulations of GPCR structures are aligned, and contacts with
lipid head-groups (red) and lipid tails (yellow) are plotted for each aligned residue.
Grey cells indicate gaps in the multi-sequence alignment. A representation of sec-
ondary structure is shown below, coloured darker where secondary structure is more
conserved. Transmembrane regions are contained in boxes, shaded from red (less
buried) to yellow (more buried). A consensus sequence is shown below.
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Figure 2.22: Multi-sequence alignment of all Gram-negative porin struc-
tures in the MemProtMD database
Sequences from 53 simulations of Gram-negative porin structures are aligned. Con-
tacts with water (blue), lipid head-groups (red) and lipid tails (yellow) are shown.
Secondary structure plots show beta strands (green) and alpha helices (blue) coloured
darker where secondary structure is more conserved. Transmembrane regions are indi-
cated by a box, shaded from red (less buried) to yellow (more buried), and a consensus
sequence is shown below.
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Figure 2.23: Still from Mr Membrane Protein animation
A still from the animated video Mr Membrane Protein (https://www.youtube.com/
watch?v=UTSXEMiA-9s), showing an abstract representation of an IMP in a mixed-
species bilayer containing cholesterol.

usage is currently sporadic and consists of large, infrequent batch operations, often

performing around 100 requests in under an hour.

2.4.4 The Story of Mr Membrane Protein

Mr Membrane Protein (https://www.youtube.com/watch?v=UTSXEMiA-9s) is a short

video produced to explain the motivation behind MemProtMD in an accessible and

entertaining style. The video uses a mixture of 2D and 3D animation techniques to

introduce an α-helical IMP and outlines the processes of X-ray crystallography and

CGSA simulation, in a style similar to the Roger Hargreaves ”Mr Men” series. The

video has received over 3000 views since its publication in June 2015. A still from Mr

Membrane Protein is shown in Figure 2.23

2.5 Conclusions

The MemProtMD database and web application is now established as a vital resource

for IMP structural biology, contextualising an unprecedented number of experimen-

tally derived IMP structures in a realistic bilayer environment, and providing access

to numerous analysis tools which can be used to address a range of scientific questions.
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Through an intuitive and powerful user interface, the MemProtMD web application

can be used to find IMPs of interest, examine protein-lipid interactions and view

lipid bilayer structure using an array of novel visualisation tools. Outside of the

MemProtMD web application, data held in the MemProtMD Database has numer-

ous applications, and considerable amounts of data have been accessed through the

MemProtMD API.

Since Stephen White’s initial observations in 2004 [193], the exponential rise in

the number of IMP structures has been sustained and, as seen in Figure 2.16, has

been accompanied by a steady increase in the number of unique proteins and protein

families for which structures exist. Although X-ray crystallography remains the dom-

inant method for structure determination, rapid growth in the number of Cryo-EM

structures seen in Figure 2.17 is likely to continue, producing an increasing number of

structures for large IMP complexes. Solution and solid-state NMR remain important

methods for IMP structure determination, especially when addressing questions of

protein dynamics, however use of both methods is growing more slowly than either

X-ray crystallography or Cryo-EM.

As the amount and diversity of structural IMP data increases, the MemProtMD

pipeline, database and web application will continue to provide analyses of individual

IMPs in lipid bilayers, whilst also providing constantly updating analyses of families

of membrane proteins, as well as of membrane proteins as a whole. Automatically

created sequence alignments for protein families reveal conserved protein-lipid inter-

actions as well as protein topology, and this can be seen in Figure 2.22 for Gram-

negative porins, and in Figure 2.21 for GPCRs, with both families forming sets of

highly conserved contacts with membrane lipids, similar to the highly conserved lipid

contacts observed in simulations of aquaporins [204].

Ensemble analyses of both protein-lipid interactions and protein structures reveal

properties of amino acids which support previously published studies (e.g. [105, 108,

109, 110]). The affinity of each type of amino acid for different parts of the lipid

bilayer cannot be explained by a simple hydropathy gradient, and this can be seen

clearly in Figure 2.19, where amino acids are scored by likelihood of contacting each

part of the membrane. Tail 3 and Tail 4, representing the bilayer core, mostly form

contacts with phenylalanine, leucine and isoleucine residues. Moving from Tail 2

to the glycerol bead (representing lipid carbonyls) aromatic residues tyrosine and

tryptophan form an increasing number of contacts, after which charged and polar

residues form the majority of contacts with the choline and solvent beads.
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Figure 2.20 more clearly shows the spatial distribution of these residues, revealing

some more subtle trends. Compared to aspartate and glutamate, arginine and lysine

form peaks closer to the bilayer core, suggesting that larger side-chains are enabling

arginine and lysine snorkelling away from the bilayer core [105]. The flatter, wider

peak seen in the distribution of phenylalanine may also point to anti-snorkelling of

phenylalanine side-chains towards the membrane core [106]. The distribution of argi-

nine and lysine would appear to support a positive-inside rule, however, since this rule

is used to provide initial orientations of proteins, this cannot be taken independently

as evidence for a positive-inside rule.

Annular membrane thickness varies greatly between different proteins and mem-

brane types, and in Figure 2.18 this variation can be clearly seen for both α-helical and

β-barrel IMPs. The annular shell of lipids around a β-barrel protein typically forms a

membrane around 0.55 nm thinner than that of an α-helical membrane protein, having

a median thickness of 3.25 and 3.8 nm respectively. This variation is expected given

the lesser hydrophobic thickness of bacterial and mitochondrial outer membranes in

which β-barrel proteins mostly reside. Although these values are similar to those

previously reported in experimental [194] and computational [110] studies, the me-

dian thickness of an α-helical IMP is around 0.2 nm thinner than that of an idealised

DPPC bilayer, likely due to slight bilayer thinning induced by the protein. Differ-

ences in thickness between α-helical and β-barrel proteins are smaller than might be

expected from measures of hydrophobic thickness, and this may be due to hydropho-

bic mismatch of DPPC lipid tails compared to shorter tails seen in the bacterial outer

membrane.

Following the success of the MemProtMD pipeline, database and web application,

several expansions and improvements have been proposed for future development. At

present, the majority of data is drawn from a 1000 ns coarse-grained simulations in

a pure DPPC bilayer, which in future will be supplemented by coarse-grained simu-

lations in a mixed-species bilayer, with a more physiologically accurate composition

selected to best match the protein’s native bilayer. With increased computational

power, it may be possible to perform longer atomistic simulations, potentially includ-

ing binding studies of some relevant ligands.

The analyses performed on IMPs by the MemProtMD analysis application are

currently designed to be applicable to all IMPs, however, several analysis approaches

exist which are particularly informative for specific classes of IMPs. Channels and

pores contain a central cavity through which water and other molecules may pass,

and tools such as HOLE [219] can be used to examine the residues forming this cavity
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and identify gates and bottlenecks. Where appropriate, integration of the findings

of such tools into the MemProtMD database and web application would give a more

complete overview of the many structures of channels and pores currently available.

Additionally, pipelines for simulation and analysis of several types membrane asso-

ciated protein, including peripheral membrane proteins and lipoproteins, could be

integrated into MemProtMD using existing infrastructure and software.

A great deal of effort in setting up the MemProtMD pipeline, analysis application,

database and web application has been spent designing systems which compensate for

erroneous, inconsistent or incomplete data held in external databases, and several of

these are yet to be addressed. Many examples exist in PDB depositions of incorrect

author-submitted biological assemblies, some with incorrect oligomeric states and

some with subunits arranged according to biologically unrealistic crystal packing.

Metadata is also frequently incomplete or inadequate; IMP structures in the PDB are

often not labelled as such, and in the case of most IMPs it is difficult to automatically

determine native membrane type from either PDB or UniProt data.

The enthusiastic reception received so far by the MemProtMD database and web

application demonstrates the increasing popularity and utility of molecular simulation

as a tool to understand the structure and function of IMPs. With an ever-increasing

number of new IMP structures published each year, MemProtMD becomes an in-

creasingly important resource by providing instant access to data derived from indi-

vidual simulations and ensemble analyses, as well as encouraging further multi-scale

simulation work through provision of IMP structures in pre-equilibrated bilayers at

both coarse-grained and atomistic representation. Future developments will see Mem-

ProtMD becoming an increasingly mature service, with a greater variety of types of

membrane protein, simulation and analysis.
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Chapter 3

Automated identification of
protein and lipid membrane
components in PDB depositions

3.1 Abstract

Availability of high-resolution Integral Membrane Protein (IMP) structures in the

Protein DataBank (PDB) has shed new light on the structure and function of IMPs,

as well as interactions between IMPs and membrane lipids. Many approaches for

studying IMPs rely on accurate orientation of proteins relative to a bilayer, however

presently, the orientation of IMP deposited in the PDB is unreliable, and, whilst

several databases have been developed with the aim of including every IMP structure,

no complete classification exists, complicating the development of methods reliant on

a large ensemble of IMPs.

MemProtMetrics has been developed both to orient proteins to a lipid bilayer and

identify IMP structures in the PDB, by global optimisation of a knowledge-based ob-

jective function based on analysis of over 3000 simulations of IMPs in MemProtMD.

Orientations produced by this method are in good agreement with both simulations

of proteins in explicit bilayers and MEMEMBED and Orientations of Proteins in

Membranes (OPM) orientations, although OPM orientations are generally in bet-

ter agreement with simulation data. Using a threshold value, the MemProtMetrics

objective function can be used to identify IMP structures in the PDB.

In addition, a method has been developed to identify and classify membrane

ligands identified in PDB structures using a fragment-based approach. Using this

method, 570 IMP structures bound to a total of 3449 membrane lipids have been

identified. Lipid molecules are then annotated using protein-lipid interactions seen in

82



PDB structures.

3.2 Introduction

Over 3000 high-resolution Integral Membrane Protein (IMP) structures, representing

more than 1000 unique proteins have been deposited in the Protein DataBank (PDB),

revealing unprecedented insights into IMP structure and function, particularly in un-

derstanding interactions between proteins and membrane lipids. Using this wealth of

structures, methods can be developed which rely on the existence of a large ensemble

of IMP structures. Protein structures deposited in the PDB do not currently include

any form of classification, and with IMP structures representing fewer than 3% of

PDB depositions, the task of assembling an ensemble of IMP structures is far from

trivial.

Several databases presently exist to address this problem. Orientations of Proteins

in Membranes (OPM) [4] is a database of proteins oriented in simplified lipid bilay-

ers, of which 2930 structures are identified as IMPs1. The Research Collaboratory for

Structural Bioinformatics (RCSB) PDB currently uses homology with OPM struc-

tures to categorise IMPs and monotopic membrane proteins. Unlike OPM, Membrane

Proteins of Known Structure (mpstruc) [177] is a hand-curated database of IMP and

monotopic membrane proteins, currently containing 2183 protein structures1 cate-

gorised individually using expert knowledge. The MemProtMD Database (see Chap-

ter 2) is currently the most complete collection of IMP structures, containing 3,052

IMP structures1, verified by simulation in explicit lipid bilayers. However, the Mem-

ProtMD database is far from complete, with OPM containing 273 IMP structures not

included in the MemProtMD database1. The MemProtMD database also contains

412 PDB structures not included in OPM1, with the two databases jointly containing

3342 IMP structures1.

When embedded in a lipid bilayer, IMPs occupy a specific orientation, with a

tilt relative to the lipid bilayer largely suggested to be determined by hydrophobic

mismatch between side-chains of protein surface residues and membrane lipids [220,

221]. Experimental evidence of protein orientation is scarce, however tilt can be

estimated from some solid-state Nuclear Magnetic Resonance (NMR) studies of IMPs

[222, 223]. Although many structures are oriented relative to a lipid bilayer, IMP

orientation is not recorded as standard in PDB depositions and so orientation seen

in PDB coordinates cannot be relied on.

1All counts accurate as of September 10th 2017.
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Several tools presently exist to computationally estimate the orientation of IMPs

in lipid bilayers using a variety of methods. TMDET [149] considers the solvent-

accessible surface area of an input protein, and labels each exposed residue as either

hydrophobic or hydrophilic. Protein orientation is then optimised using both the

protein secondary structure and exposed hydrophobic surface, which are also used to

predict whether a structure is an IMP. OPM [4] optimises protein orientation using

parameters from Electron Paramagnetic Resonance (EPR) studies of lipid bilayer

interface polarity, solvation energies in water and decadiene, and ionisation energies

for charged residues. Knowledge-based methods also exist which apply a statistical

potential derived from existing structures in the PDB to assign energy of bilayer

insertion to a given orientation. These include EZ-3D [224], which uses a potential

generated from 76 α-helical and 35 β-barrel IMPs, and MEMEMBED [150], which uses

a potential generated from a homology-reduced set of 183 α-helical and 37 β-barrel

IMPs, taken from structures with at least a 3.5Å resolution.

IMPs constantly interact with membrane lipids; these interactions may be short-

lived and non-specific, or highly specific. In many cases, specific lipid interactions have

been shown to modulate protein function [62, 225, 226]. Although most structure

determination methods result in the removal of the majority of membrane lipids,

some lipids can be seen modelled in many experimentally determined IMP structures

in the PDB [52]. These are likely to represent protein-lipid interactions which are of

a sufficiently high affinity to survive displacement by detergents, and specific enough

to produce an interpretable electron density.

Interactions between IMPs and membrane lipids in PDB depositions are of inter-

est, both for validation of specific protein-lipid interactions seen in Molecular Dynam-

ics (MD) simulations and in terms of the general properties of lipid bilayers. However,

no dataset currently exists identifying protein-lipid interactions in PDB structures.

The PDB Ligand Expo [227] contains chemical information for all standard PDB

ligands, however does not store a commonly used name, or classification key which

could be used to identify membrane lipids. COMPLIG [228] attempts to cluster

standard PDB ligands based on graph topology, however performs poorly for mem-

brane lipids. The problem is further complicated by the presence of non-standard

lipid ligands, constructed from bonded fragments of standard ligands, precluding an

approach which relies on classification of standard ligands.

Described here are methods to detect and process, respectively, IMP structures,

and membrane lipid compounds deposited in the PDB. Using parameters derived

from analysis of over 3000 simulations of IMP structures in explicit lipid bilayers in
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the MemProtMD database, the MemProtMetrics tool can be used to both identify

IMP structures, and predict the likely orientation and positions of leaflets of the lipid

bilayer, using an approach which combines the strengths of a surface-based approach

used by TMDET with those of a knowledge-based approach such as MEMEMBED.

A second method has been developed to identify and categorise membrane lipids in

PDB structures using a fragment-based approach. Once identified, experimentally

determined contacts between IMPs and membrane lipids can be analysed and used

to annotate lipid structures.

3.3 MemProtMetrics: Knowledge-based identifi-

cation of IMP structures in PDB depositions

3.3.1 Materials and Methods

Acquisition and normalisation of protein structures

New protein structures are initially either downloaded from the RCSB PDB in Macro-

molecular Transmission Format (MMTF) format, a highly compressed structure for

efficiently accessing macromolecular structure data, or loaded from the local filesys-

tem in PDB or MMTF format. From this file, a set of entities are loaded, which may

be protein chains, nucleic acid chains or ligands and are initially used to construct

the asymmetric unit of the structure. In many cases the arrangements of entities in

an asymmetric unit is not biologically relevant, and so, where possible, structures are

loaded for both the asymmetric unit and biological assemblies. To isolate the protein

and remove small peptide ligands, entities which contain mostly non-protein residues,

or fewer than five residues, are removed.

In addition to the 20 amino acids of the universal genetic code, PDB structures

occasionally contain rarer naturally occurring proteinogenic and non-proteinogenic

amino acids such as selenocysteine, pyrrolysine, hydroxyproline and selenomethionine,

or synthetic amino acids such as fluorotyrosine or aminosuccinimide. Protein-lipid

and protein-solvent contact data from MemProtMD is only available for the 20 most

common amino acids, so rarer amino acids are treated as their most similar commonly

occurring counterpart by querying the PDB Ligand Expo (formerly PDB Ligand

Depot) [227], which assigns a ”nonstandard parent ID” to many rarer amino acids.

In cases where an amino acid is ambiguous, unknown, or not assigned a parent id by

the PDB Ligand Expo, it is treated as alanine, although this rarely happens.
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”Preflight” checks of structure suitability

Once the protein has been loaded and normalised, several simple checks are performed

to screen out inappropriately large proteins (such as virus capsid structures) or inap-

propriately small proteins. Proteins with more than 200000 atoms or 20000 residues

are rejected as too large, while proteins with a longest dimension less than 2 nm

are rejected as too small. Proteins with fewer than ten solvent-exposed hydrophobic

residues are also rejected.

Finite element representation of approximate protein surfaces

A finite element approach is used to efficiently represent an approximation of the

internal structure and solvent-exposed surface of a protein. In order to generate a

mesh, protein atoms are first considered as a static point cloud. Three-dimensional

Delaunay triangulation of this point cloud is performed using QHull [229], resulting

in an optimised triangle mesh, bordered by the convex hull of the point cloud. Where

a set of three vertices share three edges, this is termed a face, and where a set of

four vertices share six edges (forming a tetrahedron), this is termed a 3-simplex.

To approximate a solvent-accessible surface, any face with an edge longer than the

parameter α is removed. For protein structures, a value of α= 0.8 nm produces reason-

ably detailed surfaces for both complete protein structures and structures containing

only backbone or carbon-αatoms.

Faces of the resulting mesh may be either termed surface, if the face is part of

a single 3-simplex or internal, where the face belongs to two 3-simplices. Edges are

termed surface edges if they belong to at least one surface face, or internal if all faces

to which they belong are internal. A surface mesh, representing the surface edges and

faces of the resulting α-shape can then be extracted. A simplified two-dimensional de-

piction of this process is shown in Figure 3.1, and several three-dimensional examples

are shown in Figure 3.2.

Protein surface parametrisation using MemProtMD

Once a surface mesh is generated, a metric (ρmem−ρwat) is calculated for each vertex

which ranges from -1 (likely to contact water) to 1 (likely to contact the membrane

core). Contact scales resulting from ensemble analyses of MemProtMD simulations

are used to calculate, for the 20 most commonly occurring amino acids, ρmem; from 0

(unlikely to contact lipid acyl tails) to 1 (likely to contact lipid acyl tails), and ρwat;

from 0 (unlikely to contact water) to 1 (likely to contact water). ρmem − ρwat is first
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Point cloud B - Delaunay 
triangulation

C
- Remove edges 
if length > α

D - α-shape

Figure 3.1: Example of α-shape generation from a two-dimensional point
cloud
Starting with a two-dimensional point cloud (A), Delaunay triangulation is first per-
formed to construct edges between points (B). From this an α-shape can be derived
by removing edges longer than a specified length (α) (C). Edges and nodes of the
resulting mesh can then be labelled as internal or external, revealing the boundaries
of the α-shape (D).
This approach may be applied to three-dimensional point clouds by removing any
faces from the Delaunay triangulation mesh with edges longer than α.
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Figure 3.2: α-shape generation from a protein structure
The protein structure PDB:3lsv (shown in cartoon representation A) is first consid-
ered as a point cloud (B). Delaunay triangulation is performed, and faces with edges
longer than α are removed, creating an α-shape (C). The surface is then parametrised
with the metric ρmem−ρwat (D), calculated for each residue and then smoothed across
the protein surface. Examples of parametrised surfaces of several other proteins are
also shown (E).
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calculated for each surface vertex based on the residue the vertex atom belongs to.

Smoothing is then applied, using edges of the surface mesh to iteratively assign to

each vertex a weighted average of its immediate neighbours’ values ρmem − ρwat and

its own value. The results of this smoothing process can be seen in Figure 3.3.

During development of MemProtMetrics, several other metrics were investigated

in addition to ρmem − ρwat. These included simpler measures such as likelihood of

interacting with lipid tail-groups, water or ions, as well as more complex metrics

integrating multiple variables such as likely coordinate along the membrane normal.

Whilst simpler metrics than ρmem−ρwat introduced a greater degree of random error,

more complex metrics tended to bias parametrisation in favour of multi-pass α-helical

IMPs. ρmem−ρwat was eventually selected as the parameter which effectively balanced

random and systematic error.

Global optimisation of bilayer orientation

Once a protein surface is parametrised, the most likely protein orientation relative

to the lipid bilayer is determined. Global optimisation is performed, sampling two

rotational angles to find the orientation resulting in the greatest mean value of ρmem−
ρwat for a band of membrane-exposed surface around the protein. This first requires

identification of potentially membrane-exposed surface, followed by calculating mean

values of ρmem−ρwat for the protein surface in a series of overlapping intervals spaced

evenly along the proposed membrane normal.

Identification of pore and cavity inner surfaces

To identify potentially membrane-exposed surfaces, inner surfaces of pores and cavi-

ties must first be identified and excluded. These surfaces are typically not exposed to

membrane lipids, and are likely to have an entirely different amino acid composition

and consequently different value of ρmem−ρwat to nearby lipid-exposed surfaces. Lipid

diffusion in a lipid bilayer is anisotropic, being mostly constrained by leaflet surfaces,

and which surfaces are membrane-exposed may differ depending on the orientation

of a protein.

To identify pore and cavity inner vertices for a proposed membrane normal, the

protein is considered as a set of overlapping slabs of 2×α (1.6 nm) thickness, spaced

evenly along the proposed membrane normal. Each slab contains a subset of the

protein α-shape mesh, containing both surface and internal edges and faces. A further

subset of this mesh may be termed a surface-connected component if any two
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7 smoothing iterations
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-0.76 0.93

-0.59 0.78

Figure 3.3: Smoothing of a surface metric across a protein mesh
ρmem−ρwat is initially calculated for each surface atom based on the residue it belongs
to. A smoothing function assigns to each vertex a new value, calculated as a weighted
mean of its own value and the values of other vertices with which it shares an edge.
The outcome of one, three and seven iterations of the weighted smoothing function is
shown. Indicated below scale bars are the maximum and minimum values of ρmem −
ρwat for the corresponding surface.
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Figure 3.4: Illustration of protein pore and cavity inner surface identifica-
tion
Two illustrations show the process of identifying a protein pore or cavity inner sur-
face. On the left, a simplified demonstration considers a protein dimer, with each
monomer containing a pore running parallel to the membrane normal (shown in red).
Distance between dimers is exaggerated to demonstrate the case where more than
one volume-connected component exists. Volume and surface-connected components
are considered for a slab positioned perpendicular to the membrane normal, shown
below. For each of two volume-connected components, it can be seen that the larger
surface-connected component represents the likely membrane-exposed surface (blue),
whilst the smaller surface connected component represents a pore inner surface. On
the right, an example is shown using real data from the pentameric channel protein
PDB:3kly, with the membrane exposed surface shown in blue and pore inner surface
in red. For clarity, only the vertices of the internal mesh are shown as black dots.
It is interesting to note the five regions of sparsity visible amongst the vertices of the
internal mesh which represent additional pores within the protein. Due to the large
value of α (0.8 nm), the surface mesh is too coarse to capture these pores however,
if using a lower value of α such as 0.4 nm, these pores would be represented in the
surface mesh and similarly identified.
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vertices are connected by a path consisting entirely of surface edges, and no vertex

is connected by surface edges to an additional vertex within the slab. A subset of

this mesh may be termed a volume-connected component if any two vertices are

connected by a path consisting of any edge type, and no vertex is connected to any

additional vertices by any edge type. Each volume-connected component will contain

at least one surface-connected component.

For a given 1nm slab, the largest surface-connected component of each volume-

connected component is labelled as membrane-exposed, whilst all other surface-connected

components are labelled as a pore or cavity inner surface. A visual demonstration of

this may be seen for both simplified and realistic meshes in Figure 3.4. Since slabs

overlap, each vertex will be labelled multiple times, and so will ultimately be assigned

whichever label (membrane-facing or pore/cavity inner surface) is most commonly as-

signed.

Objective function calculation

Once pore and cavity inner surfaces are identified, the mean value of ρmem − ρwat is

calculated for all membrane-exposed vertices in a series of overlapping 2.2 nm slabs

which form bins along the proposed membrane normal. Bin values are smoothed to

remove noise using a Gaussian kernel, and the maximum bin value is taken as the

value of the objective function, max(ρmem−ρwat). An illustration of this process may

be seen in Figure 3.5. The highest and lowest smoothed values are also recorded,

along with the position along the proposed membrane normal of the highest scoring

bin. This is taken as the most likely membrane centre and used to estimate leaflet

positions if once the objective function is maximised.

Global optimisation

Global optimisation of the two rotational angles is performed to maximise the ob-

jective function using the Basin Hopping algorithm [230], an iterative method which

performs multiple local optimisations with perturbations to initial values. Local op-

timisation is performed using Constrained Optimization by Linear Approximation

(COBYLA) [231]. 200 Basin Hopping iterations are performed, each consisting of

1000 COBYLA iterations. Pore and cavity inner surface identification is only per-

formed if a previously cached result is unavailable for a pair of angles within 20◦ of

the proposed orientation.

Once a global maximum is found, the orientation and likely positions of membrane

leaflets are recorded, along with the maximum of the objective function max(ρmem−
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Figure 3.5: Illustration of objective function calculation
Calculation of the MemProtMetrics objective function for the optimal orientation
of the TRPV2 channel PDB:5hi9 is shown. The parametrised protein surface is
considered as a series of overlapping 2.2 nm thick slabs spaced along the protein
normal. Two slabs, representing the maximum and minimum mean values of ρmem−
ρwat are shown. The mean value of ρmem − ρwat is plotted against position along the
membrane normal for each slab, and a dashed red line shows the results of convolution
of these values with a Gaussian kernel.
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ρwat). Protein structures which produce max(ρmem − ρwat) above a threshold value

of around 0.2 may be considered likely membrane proteins.

Benchmarking of MemProtMetrics, OPM and MEMEMBED
by reference to simulation data

For each protein currently in the MemProtMD database, the atomistic structure

produced by CG2AT based on the final frame of a 1 μs Coarse-Grained (CG) sim-

ulation in the presence of an explicit bilayer was assumed to be in the correct ori-

entation. Protein coordinates from this frame were rotated using a randomised ro-

tation matrix and output to a file in PDB format. Alignment was performed by

both MemProtMetrics and MEMEMBED using default parameters, except in the

case of β-barrel proteins, where MEMEMBED was run using supplied parameters

for β-barrel proteins. Structures aligned by OPM were downloaded from http:

//opm.phar.umich.edu/pdb/tmprot.tar. The angles between the assumed correct

membrane normal and the membrane normals calculated respectively by MemProt-

Metrics, OPM and MEMEMBED were measured and used to benchmark the accu-

racy of each method. When comparing OPM and MemProtMetrics, in cases where

an OPM-aligned structure was unavailable or differed in assembly, the structure was

omitted from analysis.

Implementation

MemProtMD metrics is written in Python, and uses QHull [229] for mesh generation,

NetworkX [207] for mesh storage and SciPy [209] to perform local and global optimisa-

tion. Results of protein scoring are stored using SQLite (https://www.sqlite.org/).

3.3.2 Results

As of September 10th 2017, the PDB contains a total of 133,397 structures, of which

the vast majority (130,233) contain at least one protein molecule. 80,000 protein

structures were randomly selected and assessed using MemProtMetrics. The distri-

bution of objective function values can be seen in Figures 3.6A and 3.6B, from which

it can be seen that max(ρmem−ρwat) differs substantially between structures included

in the MemProtMD database and those which are not. Known IMP structures in the

MemProtMD database account for just 2% of PDB structures, and so even a method

for IMP identification with an extremely low false positive rate will produce a large

number of false positives (type I error).
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Figure 3.6: MemProtMetrics objective function for IMP and non-IMP
structures
(A) The distribution of max(ρmem−ρwat) is shown for 80,000 randomly selected pro-
teins from the PDB, divided according to membership to the MemProtMD database
of IMP. (B) The 0-200 y-axis range of this plot is repeated to show the distribution of
ρmem−ρwat for IMPs. (C) for cutoff values of max(ρmem−ρwat) used to separate IMP
and non-IMP structures between -0.4 and 0.8, the false positive rate, false negative
rate and Matthews correlation coefficient are shown on a log scale.
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The effect of using various threshold values of max(ρmem − ρwat) to identify IMP

structures is shown in Figure 3.6C. False positive rate (type I error) and false neg-

ative rate (type II error) are calculated respectively as [fp]
N

and [fn]
N

, where N is the

total number of structures, and fp and fn are respectively the number of non-IMPs

above the threshold and number of IMPs below the threshold. Matthews correlation

coefficient is a measure of the quality of a binary classification, taking into account

both type I and type II error, and is calculated as [tp]×[tn]−[fp]×[fn]√
([tp]+[fp])([tp]+[fn])([tn]+[fp])([tn]+[fn])

,

where tp and tn are respectively the number of IMPs above the threshold and number

of non-IMPs below the threshold. The Matthews correlation coefficient may be in-

terpreted similarly to a Pearson product-moment correlation coefficient, with a value

of 1 indicating perfect correlation.

Matthews correlation coefficient reaches a maximum of 0.88 at aroundmax(ρmem−
ρwat) = 0.5, where the false positive rate and false negative rate are equal at 0.005,

representing around 400 IMP structures classified as non-IMP structures and vice-

versa. For this analysis the MemProtMD database is assumed to be a complete

list of IMP structures, however manual inspection of 200 structures with greatest

max(ρmem−ρwat) not included in the MemProtMD database found 64 IMP structures,

and so the false positive rate shown here is likely to be overestimated.

3.3.3 Estimation of leaflet surfaces for IMP structures

In addition to identifying likely IMP structures in PDB depositions, MemProtMetrics

can suggest a likely membrane normal and estimate upper and lower leaflet surfaces.

Three examples of this can be seen in Figure 3.7. In the cases of PDB:3nya and

PDB:3aod, the estimated surfaces are close to the leaflet surfaces calculated from

MD simulations. In the case of PDB:2nq7, however, the estimated leaflet surfaces

are offset by approximately 20◦ from the simulated leaflet surfaces. This is likely

due to a limitation of the MemProtMetrics approach when applied to single-pass

transmembrane α-helices which are tilted relative to the membrane normal, resulting

from the global optimisation process, which tends to favour placing single-pass α-

helices parallel to the membrane normal, due to the scoring function not applying

a penalty for likely membrane interacting surfaces appearing outside the proposed

membrane. When this penalty is introduced, performance for larger α-helical proteins,

β-barrel proteins and some single-pass α-helical proteins is negatively affected.
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3nya 3aod 2nq7

Simulation leaflet surfaces

Estimated upper leaflet plane

Estimated lower leaflet plane

Figure 3.7: Examples of leaflet surface estimation for IMP structures
Structures are shown overlaid with accurate leaflet surfaces downloaded from the
MemProtMD Database and estimated leaflet surfaces (green) determined by Mem-
ProtMD metrics (red and blue). Proteins are aligned according to final orientation
after 1 μs CG simulations in the MemProtMD Database. Structures for human β2
adrenergic receptor PDB:3nya, multidrug exporter AcrB PDB:3aod and type I human
methionine aminopeptidase PDB:2nq7 are shown.
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3.3.4 Benchmarking accuracy of MemProtMetrics, OPM and
MEMEMBED by reference to MemProtMD simula-
tion results

Membrane alignments performed using MemProtMetrics and MEMEMBED, as well

as 1956 OPM-aligned structures with directly comparable assemblies, were compared

to membrane normals obtained from 3052 MemProtMD simulations performed with

an explicit bilayer. In Figures 3.8 and 3.9, membrane proteins are shown scattered

according to the difference in angle between estimation and simulation produced by

MemProtMD and MEMEMBED or OPM respectively.

From benchmarking of MemProtMetrics and MEMEMBED shown in Figure 3.8,

it can be seen that error for both methods in the vast majority of structures is less

than 10◦, however several structures are aligned with errors greater than 20◦. Whilst

some structures are oriented erroneously by both methods, in most cases, where

one method produces a large error, the other will produce a substantially smaller

error; MemProtMetrics appears to perform more poorly with large α-helical struc-

tures, whilst MEMEMBED appears to perform more poorly with β-barrel structures.

Protein size appears to have little effect on accuracy of orientation, although both

MEMEMBED and MemProtMetrics often perform poorly for single-pass α-helical

IMPs.

Benchmarking of MemProtMetrics and OPM shown in Figure 3.9 similarly shows

errors below 10◦ for the majority of structures. Distribution of points, as well as the

more flattened kernel density plot suggests that OPM generally orients structures

more accurately and with fewer large errors, however there are still several structures

for which MemProtMD metrics achieves a superior orientation, and several struc-

tures which neither method is able to align correctly. There does not seem to be

any correlation between accuracy and protein secondary structure or size for either

method.

A more direct comparison between accuracy of orientation produced by MEMEM-

BED, OPM and MemProtMetrics is made in Figures 3.10 and 3.11, showing the

number of structures aligned as accurately or more accurately than θfrom 0◦ to 30◦.

Comparing MEMEMBED with MemProtMetrics in Figure 3.10, it can be seen that

up to 20◦, there are a substantial number of structures for which only one method

is able to orient a structure accurately; for 598 structures only the MemProtMetrics

orientation is within 5◦ of the correct orientation, and for 556 structures only the

MEMEMBED orientation is within 5◦ of the correct orientation. For most values

of θ, more structures are oriented correctly by MemProtMD metrics alone than by
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Figure 3.8: Scatter plot showing angular errors from MemProtMetrics and
MEMEMBED
Scatter plot of MemProtMetrics error against MEMEMBED error. Where points
become indistinguishable, a kernel density estimate is shown, shaded from blue (low
density) to yellow (high density). Scattered points are coloured blue for α-helical
proteins and green for β-barrel proteins, and are sized according to number of residues.
Flanking the scatter plot are histograms showing the frequency of angular errors for
each method.
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Figure 3.9: Scatter plot showing angular errors from MemProtMetrics and
OPM
Scatter plot of MemProtMetrics error against OPM error. Where points become in-
distinguishable, a kernel density estimate is shown, shaded from blue (low density)
to yellow (high density). Scattered points are coloured blue for α-helical proteins and
green for β-barrel proteins, and are sized according to number of residues. Flank-
ing the scatter plot are histograms showing the frequency of angular errors for each
method.
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Figure 3.10: Cumulative error frequency comparison of MemProtMetrics
and MEMEMBED
For angle error (θ) between 0◦ and 40◦, counts are shown for structures where neither
method, only one method or both methods output a result with angle error less than
or equal to θ.
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MEMEMBED alone, suggesting that MemProtMetrics is more accurate for a frac-

tionally greater number of structures than MEMEMBED.

Comparison of OPM and MemProtMetrics shown in Figure 3.11 uses a reduced set

of proteins for which OPM-oriented structures were available and directly comparable

to MemProtMetrics-oriented structures. It can be seen that OPM is able to correctly

orient considerably more structures to an accuracy of θ¡ 10◦ than MemProtMetrics.

There are, however, several structures for which MemProtMetrics performs better,

and both methods are able to align all but a few structures to θ¡ 20◦.

3.3.5 Cross-validation and fit bias

MemProtMetrics is currently parametrised using data from the entire MemProtMD

database. This introduces potential for overfitting of MemProtMetrics to the par-

ticular set of IMPs for which structures are currently available. In order to perform

a limited cross-validation of the results of MemProtMetrics, 152 IMP structures de-

posited in MemProtMD from September 2017 to January 2018 were aligned using

parameters calculated from the July 2017 version of the MemProtMD database.

Results of this validation are summarised in Figure 3.12, showing tests performed

on both training and testing sets compared to the MEMEMBED method. This anal-

ysis does not suggest that parametrisation of MemProtMetrics suffered from over-

fitting, with performance on the training set highly similar to performance on the

testing set.

Accuracy of MemProtMetrics by protein family and fold

The uneven representation of folds within the MemProtMD database introduces a po-

tential for bias in the MemProtMetrics model for families which are over-represented

in the MemProtMD database. To test whether this had occurred, prediction error

was compared between different SCOP folds.

In Figure 3.13, distribution of prediction errors for MEMEMBED and MemProt-

Metrics can be seen for the 12 best represented SCOP folds in MemProtMD. Error

can be seen to vary slightly between SCOP folds, with single transmembrane he-

lices and cytochrome components performing particularly well. MEMEMBED shows

substantially increased prediction error for β-barrel proteins even when using the β-

barrel-specific parameters. This is not seen with MemProtMetrics prediction errors.

The relationship between representation of a SCOP fold in the MemProtMD

database and prediction error is shown in Figure 3.14. This shows some limited
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Figure 3.12: Cumulative error frequency for training and test sets
Figure 3.10 is repeated above an identical analysis performed on the 152 IMPs added
to MemProtMD between September 2017 and January 2018. For angle error (θ)
between 0◦ and 40◦, counts are shown for structures where neither method, only one
method or both methods output a result with angle error less than or equal to θ.
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Figure 3.13: MemProtMetrics and MEMEMBED error by SCOP fold
Box plots of prediction errors are shown for both MEMEMBED and MemProtMetrics
for the 12 best represented SCOP folds in MemProtMD.
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Figure 3.14: MemProtMetrics error by number of proteins
Mean MemProtMetrics prediction error is shown plotted against number of proteins
in the MemProtMD database for each SCOP fold.
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evidence of bias towards better represented proteins, with two of the poorest rep-

resented folds (f.3 Light-harvesting complex subunits and f.18 F1F0 ATP synthase

subunit A) showing the greatest prediction error.

3.4 Fragment-based identification of lipid bilayer

components in PDB depositions

3.4.1 Materials and Methods

In order to visualise common interactions between IMPs and lipid components of

membranes, a system has been developed to identify, classify and align membrane

lipids in PDB structures, including cholesterol, phospholipids and Lipopolysaccharide

(LPS). Ligands in PDB files are first converted to accurate chemical structures and

loaded using RDKit [232]. Attempts are then made to analyse the molecule as either

a branched lipid or a lipid based on a steroid nucleus. If successful, model outputs

are used to further classify the molecule into groups representing common membrane

lipid components. Similar molecules can be aligned, and contacts with protein amino

acids found frequently in deposited structures can then be overlaid.

Building accurate molecular structures from PDB depositions

Where data from structure determination experiments show a ligand bound to a

protein structure, the likely atoms and coordinates of this ligand are deposited in the

PDB with the protein structure. The PDB Ligand Expo [227] stores a database of

around 25,000 standard ligands, which represents the majority of modelled ligands

in PDB depositions. In some cases, particularly for large molecules such as Lipid

A, a ligand in a PDB deposition may be composed of several fragments of standard

ligands bonded together.

Ligands identified in PDB files are first converted to a list of atoms and bonds.

The PDB Ligand Expo database is then used to populate atom attributes such as

element and charge, and bond attributes such as multiplicity and aromaticity. Where

a ligand is deposited as several bonded fragments, bonds between fragments cannot

be queried and so are assumed to consist of a single σ bond. Atoms and bonds are

then used to build a chemical structure using RDKit.
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Identifying lipid bilayer components from molecular struc-
tures

Common membrane lipids are either based around a steroid nucleus (in the case of

cholesterol, ergosterol and lanosterol), or consist of one or more hydrocarbon tails,

connected to a head-group (in the case of phospholipids and glycolipids). Ligands are

fitted to two models, optimised respectively for lipids based on a steroid nucleus and

lipids based on connected fatty acids. Each model returns a measure of goodness of

fit and several metrics capturing variation within the model for more precise classifi-

cation. Many molecules will be inappropriate for a particular model and will produce

a goodness of fit of zero.

Steroid nucleus-optimised model

The steroid nucleus-optimised model considers molecules as a set of accessory groups

bonded to a central sterol group. A sterol group is first located, and numbered

according to International Union of Pure and Applied Chemistry (IUPAC) recom-

mendations for the nomenclature of sterols [233]. The presence or absence of double

bonds between atoms of the sterol group is returned. For each atom of the sterol

group, directly connected atom types are recorded, as well as the total number of

atoms connected to the sterol group either directly or indirectly at that position.

Goodness of fit is returned as either 1 (sterol group is present) or 0 (no sterol group

present).

Membrane lipids fitting this model include cholesterol, ergosterol and lanosterol,

which can be identified by a directly bonded oxygen atom at C-3, and at least four

carbon atoms indirectly bonded to C-17. For further classification these may be

differentiated by the presence of double bonds between C-5 and C-6 (cholesterol and

ergosterol), C-7 and C-8 (ergosterol), and C-8 and C-9 (lanosterol). Examples of

these lipid types can be seen in Figure 3.15.

Branched hydrocarbon-optimised model

The branched hydrocarbon-optimised model considers molecules as one of more hy-

drocarbon chains, joined to a connecting group which may in turn be joined to one

or more head-groups (which may then be joined to further head-groups). Metrics

include the number of each type of component present, and goodness of fit returned

by this model quantifies the proportion of atoms which could be described within this

formalism.
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Figure 3.15: Classification of membrane ligands based on a steroid nucleus
A sterol fragment is shown numbered according to IUPAC recommendations [233].
Below are shown the three most common sterols found in lipid bilayers; cholesterol,
represented by the standard PDB ligand CLR, ergosterol represented by the standard
PDB ligand ERG and lanosterol, represented by the standard PDB ligand LAN. All
three molecules may be identified by an oxygen bonded to C-3 and tail bonded to
C-17, and differentiated by the presence or absence of double bonds within the sterol
nucleus.
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Figure 3.16: Minimum spanning tree construction for a cardiolipin
molecule
The minimum spanning tree of a molecule is helpful when analysing molecules with a
mostly tree-like topology. Shown here is, on the left, a cardiolipin molecule represent-
ing the standard PDB ligand CDL. On the right, the molecule is coloured according
to the branches of a minimum spanning tree, and a schematic is shown depicting the
branching order and root of the tree. The topology of cardiolipin forms a tree, and
so there exists only one possible spanning tree.
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To identify hydrocarbon chains, an undirected graph is constructed representing

atoms as nodes and bonds as edges. This graph is divided into a set of linear branches

according to a minimum spanning tree (see Figure 3.16), and any continuous sequence

of bonded carbon atoms within a linear branch (which are not members of a ring

structure) is considered a potential hydrocarbon chain. The connectivity of each

potential hydrocarbon chain is then considered at each terminus, as are any side-

chains attached to non-terminal atoms.

To be accepted, a hydrocarbon chain must be highly connected at one terminus,

and connected to at most one non-carbon atom at the other terminus. It must also

contain at least five carbon atoms on the main chain, and the main chain must contain

at least five times as many atoms as the total number of atoms found by traversal

of side-chains attached to non-terminal atoms. A special case exists for acceptance

where an ester bond connects another hydrocarbon chain as a side-chain, as is seen

in some LPS molecules. If accepted, a hydrocarbon chain is recorded in terms of the

number of carbon atoms, ratio of main-chain atoms to side-chain atoms, number of

each bond type, and types of atoms attached to termini.

Once hydrocarbon tails are found, the molecule is searched against a set of con-

nector fragments which represent common backbones found in different types of

membrane lipid. These include glycerol groups, found in phospholipids and glycol-

ipids, sphingosine groups, found in ceramides and sphingolipids, and glucosamine

groups, found in LPS molecules. Any connector fragment which is not bonded to a

hydrocarbon chain is removed. Where any two remaining connector fragments share

a third of atoms, they are deemed conflicting, the connector fragment bonded to the

fewest hydrocarbon chains (or smallest fragment where fragments are equally con-

nected) is removed. Examples of the three most common connector fragments can be

seen in Figure 3.17.

Once connector fragments and hydrocarbon tails have been identified, the molecule

is then queried against a set of head-group fragments. These include groups such

as phosphate, ethanolamine, serine, commonly found in lipid head-groups. Fragments

which share at least one-third of atoms with an existing connector fragment or hy-

drocarbon chain are removed, and conflicts between head-groups are resolved in a

similar manner to connector fragments. Several examples of headgroup fragments

can be seen in Figure 3.18.

A graph is constructed with hydrocarbon chains, connector fragments and head-

group fragments as nodes and bonds between fragments as edges. Where multiple

connected components exist within this graph, only the largest connected component
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next to example molecules selected from the standard PDB ligand library, with
atoms of the fragment indicated by thicker bonds. Lipid A is shown connected by
a glucosamine-like fragment, which may be attached at various points to up to four
additional organic or inorganic groups (T1-4); here T1 and T2 connect to fatty acid
chains, whilst T4 connects to a phosphate group. Ceramide is shown connected by
a sphingosine fragment, connecting two hydrocarbon chains at T1 and T2. Phos-
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Figure 3.19: Branched fatty acid-optimised model applied to three lipid
molecules
Three examples of lipid molecules are shown alongside the assembled graph of hydro-
carbon chains, connector fragments and head-group fragments. PC, represented by
the standard PDB ligand PCW, can be seen as two 18:1 hydrocarbon chains, bonded
to a glycerol connector fragment which is in turn bonded to a PC headgroup frag-
ment. Cardiolipin, represented by the standard PDB ligand CDL, is shown as two
sets of two 18:0 hydrocarbon chains bound to a glycerol connector fragment, joined
by a single Diphosphatidylglycerol (DPG) headgroup fragment bonded to both the
glycerol fragment. A more complex example may be seen in the partial LPS structure
found in PDB:1fi1, however this increased complexity is still captured entirely within
the model.
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Figure 3.20: Classifications applied to molecules by the fatty acid-
optimised model
Classifications applied by the branched fatty acid-optimised model are shown on a
tree structure. Where the model is able to fit at least 80% of atoms in a molecule, it
is classified based on the presence or absence and number of several different hydro-
carbon tail, connector and head-group fragments.

is used. A goodness of fit score is returned, representing the proportion of atoms

included within the fragments of this graph, along with the number of each type of

fragment present. Several examples of this can be seen in Figure 3.19.

Where at least 80% of atoms in a molecule are accounted for by the fragments of

this graph, the molecule is considered a likely branched hydrocarbon-type membrane

lipid. Further classification can then be performed using the number of each type of

element present. A comprehensive list of the classifications which may be applied to

a molecule fitting this model can be seen in Figure 3.20.

Validation of lipid classification

In order to validate results of lipid identification, a large set of molecular structures

were inspected visually. Initially, all 24728 standard PDB ligands were screened with

extremely relaxed criteria to identify a superset unlikely to exclude any valid mem-
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brane lipids. This included any molecule with a steroid core, and any molecule with

at least two hydrocarbon chains containing at least four carbon atoms, resulting in a

set of 653 molecules, containing mixture of detergents, drug and drug-like molecules,

and membrane lipids. Of these, 350 were randomly selected for visual inspection.

Amongst these, 87 molecules were identified by visual inspection as lipid components

of cell or organelle membranes. Results of this visual classification were then used in

the development of stricter parameters.

Quantification of false positive and false negative rates is complicated by the lack of

any larger database of accurate membrane lipid structures. All lipid structures identi-

fied as membrane components by manual inspection are present in the automatically

identified set, and all automatically identified lipids were subsequently identified by

visual inspection as valid membrane lipid molecules. Some cross-validation has been

possible by subsequent inspection of the remaining 303 molecules not manually in-

spected, which showed that no valid membrane lipid molecules omitted by automatic

identification.

Annotation of lipid molecular structures with protein-lipid in-
teractions based on PDB depositions

By combining data from multiple structures containing similar ligands, more gener-

alised interactions between IMPs and membrane lipids can be characterised. A com-

prehensive list of membrane protein structures with ligands bound was obtained from

MemProtMD (http://memprotmd.bioch.ox.ac.uk). All ligands were classified to

identify likely membrane lipids, including non-standard ligands not included in the

PDB Ligand Expo. All contacts within 0.5 nm between lipid and protein atoms were

recorded, providing both atoms were assigned temperature (Debye-Waller) factors of

less than 75 Å2.

Protein residues were grouped according to their spatial distribution in Mem-

ProtMD simulations, shown in Table 3.1. Similarly classified membrane lipids were

aligned using their maximum common substructure, computed by RDKit, ignoring

bond aromaticity and multiplicity. The total abundance of amino acids was calcu-

lated within 0.5 nm for the entire molecule and used to calculate expected abundance

of amino acids both individually and by group for each atom within the alignment.

This was used to calculate the binary logarithm of the ratio of observed abundance

to expected abundance (log2(
observed
expected

)) for each pairing of amino acid type or amino

acid group with an atom of the aligned structure. Where the observed abundance of
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Group Amino acids
Most hydrophobic ILE, LEU, PHE
Intermediate hydrophobic CYS, VAL
Mildly hydrophobic ALA, MET
Polar hydrophobic ASN, GLN, HIS
Small molecules GLY, PRO, SER, THR
Aromatic TRP, TYR
Positively charged ARG, LYS
Negatively charged ASP, GLU

Table 3.1: Protein amino acid groupings derived from MemProtMD

an amino acid type or group is substantially higher than the expected value, this is

shown overlaid on a two-dimensional representation of the molecule.

3.4.2 Results

Identification of standard and non-standard membrane lipid
ligands

Screening of the PDB Ligand Expo identified 197 classifiable membrane lipid types

amongst the 24728 standard PDB ligands. Among IMP structures deposited in the

PDB, 78 standard ligands and 34 non-standard ligands were found. Amongst 3052

IMP structures examined, 570 contained at least one modelled membrane lipid. Sev-

eral examples of lipids bound to proteins in PDB structures are shown in Figure

3.21, including both standard ligands such as phosphatidylcholine, and non-standard

ligands glycero-glycolipid and LPS. It is not uncommon to see multiple membrane

lipids modelled in a single PDB structure, with 176 structures containing five or more

membrane lipid molecules and 47 structures containing at least 20.

The number of standard and non-standard membrane lipid types identified, and

the number of structures for which at least one ligand is modelled is shown in Table

3.2. Rows are arranged similarly to the membrane lipid tree seen in Figure 3.20,

and this tree is shown alongside the table. Phospholipids account for the vast major-

ity of membrane lipids found in PDB structures, with phosphatidylcholine, diphos-

phatidylglycerol (cardiolipin) and phosphatidylethanolamine present in 149, 107 and

134 structures respectively. Outside phospholipids, 97 structures contain at least one

diacylglycerol molecule, although many of these may represent partial modelling of

larger lipids. Cholesterol is seen in 88 structures, and sulfoquinovosyl diacylglycerol

in 35. Lipopolysaccharide molecules are seen in 18 different structures, each time as
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Figure 3.21: Examples of membrane lipids identified in PDB structures
Four IMP structures are shown in complex with a variety of identified lipid molecules.
Where applicable, standard ligand IDs are indicated as well as the lipid’s commonly
used name.
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Cholesterol
Ergosterol
Lanosterol

Diacylglycerol
Triacylglycerol

Phosphatidylcholine
Phosphatidylglycerol
Diphosphatidylglycerol
2-tailed Diphosphatidylglycerol

Phosphatidylethanolamine
Phosphatidylinositol
Phosphatidylinositol monophosphate
Phosphatidylinositol bisphosphate
Phosphatidylinositol triphosphate

Phosphatidic acid

Phosphatidylethanol

Glycero-glycolipid
Sulfoquinovosyl diacylglycerol

Cerebroside/Ganglioside
Sulfatide
Ceramide
Ceramide phosphate
Sphingomyelin

Lipid A/Lipopolysaccharide

Standard ligand types

Non-Standard ligand types

Membrane protein structures

11 0 88

1 0 0

2 0 1

14 0 97

2 0 28

20 0 28

28 0 149

11 0 99

2 0 107

5 0 87

1 0 0

18 0 134

4 0 1

3 0 0

4 0 8

2 0 0

8 13 89

1 0 35

4 0 0

6 0 3

9 0 6

6 0 0

3 0 0

3 18 18

Table 3.2: Lipid types found in PDB Ligand Expo and MemProtMD struc-
tures
For each type of ligand classified, the corresponding number of standard ligand types
found in the PDB Ligand expo, the number of non-standard ligand types found bound
to IMP structures, and the number of structures which contain at least one instance
of that ligand type is shown. To the left is shown a tree representing various levels
of classification as shown in Figure 3.20.
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a different non-standard ligand. In many cases, membrane lipid molecules present in

the PDB Ligand Expo are not found in any IMP structure, and are found only in

soluble proteins which may be involved in lipid synthesis or transport.

Annotation of lipid chemical structures from structural data

Atoms of protein amino acids within 0.5 nm of membrane lipid atoms were identi-

fied and filtered to remove both protein and lipid atoms with temperature factors

greater than 75 Å2. Protein atoms were grouped according to the type of amino

acid, using amino acid types determined by analysis of the MemProtMD database.

Lipid atoms were aligned by considering the maximum common substructure be-

tween similarly classified lipid molecules. The results of annotations of a cholesterol

and phosphatidylcholine structure are shown in Figure 3.22.

In the case of phosphatidylcholine, distributions of amino acid types match the

likely position of lipid atoms within a lipid bilayer, with hydrophobic residues found

near the ends of lipid acyl tails, and aromatic residues found near the lipid car-

bonyls. Around the head-group, the greatest diversity of amino acids is seen, with

both positively and negatively charged residues, hydrophobic polar residues aspartic

acid, glutamic acid and histidine, and residues with small side-chains such as glycine,

proline, serine and threonine. It is interesting to note asymmetry between amino acids

around atoms of acyl tails bonded at C1 and C2 of the glycerol group; the tail bonded

at C1 is more commonly seen in contact with protein in PDB structures, although

this is likely to be artificial since in many cases electron density for the glycerol group

is highly ambiguous.

Also shown is an alignment of cholesterol molecules, in which distributions of

amino acids are also indicative of the location of cholesterol in a lipid bilayer. Hy-

drophobic residues are seen mostly around the hydrocarbon tail, whilst a strong

preference for aromatic residues can be seen around the cyclopentane ring, which

typically sits at a similar point in a lipid bilayer to a phospholipid carbonyl. The

hydroxyl group, carrying both positive and negative charge, can be seen occurring

close to positively and negatively charged protein residues, as well as residues with

small and polar side-chains.

3.5 Conclusions

MemProtMetrics has been used to assemble the most complete set of IMP structures,

including several high-resolution structures omitted from the MemProtMD Database,
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Figure 3.22: Structures of cholesterol and phosphatidylcholine lipids an-
notated using contacts found in PDB depositions
Alignments of all cholesterol and phosphatidylcholine ligands found in IMP structures
are shown, overlaid with envelopes representing amino acid types found at least twice
as frequently as expected within 0.5 nm of atoms in crystal structures. Envelopes
are distinguished by colour and solid or dashed lines. Where both double and single
bonds are found in aligned molecules, the bond is represented by a dotted line.
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OPM and mpstruc. Bilayer surfaces output by MemProtMD metrics mostly provide

an acceptable estimation of surfaces seen in simulations, and provide good initial

orientations for MD simulation. Since membrane thickness is assumed to be constant,

estimated bilayer surfaces for outer membrane proteins tend to be too far apart,

although this does not have an effect on the tilt of the protein.

Whilst OPM achieved more accurate orientations for more structures than Mem-

ProtMetrics or MEMEMBED, structure orientation using both MemProtMetrics and

MEMEMBED is in good agreement with tilts seen in simulations of IMPs with ex-

plicit lipid bilayers, with the majority of structures deviating by less than 10◦ between

simulated and estimated orientations. MemProtMetrics and MEMEMBED may be

seen as complementary, with MemProtMetrics producing more accurate results for

β-barrel proteins and MEMEMBED producing more accurate results for α-helical pro-

teins. This suggests substantial potential for improvement, either by improvements

of methods individually, or by development of a hybrid method combining strengths

of both approaches.

Although for the majority of proteins MemProtMetrics was able to accurately de-

tect the inner surface of pores and cavities, errors in this step were the most frequent

cause of misaligned or low-scoring IMP structures, and so improving the reliability

of this step would substantially reduce numbers of misalignments, as well as increase

objective function values for low-scoring IMP structures seen in Figure 3.6B. Mod-

ifications to the objective function which took hydrophobic mismatch into account

would likely improve performance with single-pass α-helical proteins, although this

would also require accurate prediction of membrane thickness.

Several approaches were considered to predict membrane thickness from maxima,

minima, gradient and kurtosis of the distribution of ρmem−ρwat, as well as the distri-

bution of surface polar and aromatic residues, none were able to predict membrane

thickness seen in simulations better than R2
pearson = 0.32. Since many of the rules

determining spatial distribution of amino acid residues differ substantially between

evolutionary clades and cell compartments [110], it is likely that any successful ap-

proach would need to integrate some degree of awareness of these factors.

Some limited cross-validation was performed on MemProtMetrics, which did not

suggest the model had been overfitted. This should be developed further using an

approach such as k-fold cross-validation to perform model fitting on several subsets

of the MemProtMD database, and perform tests on proteins not used for model

fitting. There is also evidence that proteins following SCOP folds which are less

well represented in the MemProtMD database suffer greater prediction error, so an
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awareness of protein families and folds during parametrisation would reduce potential

for bias towards protein families which are over-represented by PDB structures.

Classification of IMP structures remains problematic since IMP structures rep-

resent such a small proportion of PDB depositions; even with a low false-positive

rate, the absolute number of false-positives may be comparable to the number of

true-positives. It is likely that development of a more sophisticated objective func-

tion would substantially reduce the false-positive rate, since many false-positives are

caused by disordered hydrophobic proteins, amyloid fibrils and steroidogenic enzymes.

Using a fragment-based approach, lipids bound to IMPs have been identified and

classified, producing what is so far the most complete dataset of protein-lipid interac-

tions in 570 PDB IMP structures, almost 20% of structures currently included in the

MemProtMD Database. Using alignments of these molecules, phosphatidylcholine

and cholesterol structures have been annotated according to protein-lipid interac-

tions, revealing general properties of likely high-affinity binding sites.

This approach is limited, however, by the accuracy of ligand coordinates modelled

in PDB depositions. Accurately fitting molecular structures to electron densities

is difficult, particularly in the case of lipid hydrocarbon tails, and it is likely that

inaccuracies in modelling will introduce noise and artefacts to this dataset. At present,

a temperature factor threshold of 75 Å2 is applied, however it is likely data quality

would be improved by excluding low-resolution structures. A preferable approach for

structures determined by X-ray crystallography would be to cross-reference modelled

coordinates with original electron densities.

With refinement and development, this method could be used to combine ex-

perimentally characterised protein-lipid interactions to construct pharmacophore-like

models of the general properties of a high-affinity binding site for a number of dif-

ferent types of lipid. These models could be used to predict specific protein-lipid

interactions, suggest mutagenesis approaches to alter the affinity of these sites, or

support MD simulation studies of protein-lipid interactions.
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Chapter 4

Simulations of IMP structures in
mixed-lipid bilayers

4.1 Abstract

Biological membranes are composed of a vast number of lipid types, each with unique

chemical properties. This composition may vary between leaflets, near certain pro-

teins, and over time, playing vital roles in protein regulation and signalling. Inter-

actions of Integral Membrane Proteins (IMPs) with specific lipid types, and their

behaviour in bilayers of various compositions is therefore of considerable scientific

interest.

Recent mass spectrometry experiments have shown ion mode dependence in the

binding of Phosphatidylcholine (PC) and Phosphatidylglycerol (PG) lipids to the IMP

OmpF, which was not seen in the IMP AmtB. A Molecular Dynamics (MD) approach

was used to examine ion mode dependence of lipid binding. Several Coarse-Grained

(CG) simulations were set up of OmpF and AmtB in a mixed PC/PG bilayer with

both default forcefield parameters, and parameters modified to approximate a lower

than physiological pH. PC and PG binding to OmpF in CG simulations was found to

differ between these states, whilst binding to AmtB did not. This is consistent with

data from mass spectrometry experiments, although the effect is less pronounced.

The Alchex (Alchemical Exchange) software tool has been developed with the

aim of automating the process of altering the composition of a lipid bilayer in MD

simulations. It is a robust method with a broad range of applications and can be

downloaded from https://github.com/tomnewport/alchex.

TMEM16 proteins are a family of IMPs, of which many members are calcium-

activated chloride ion channels or calcium-dependent lipid scramblases. By using a

multi-scale MD simulation approach, a recently determined X-ray crystallographic
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structure of TMEM16K has been computationally reconstituted in a mixed-lipid bi-

layer. Scramblase activity is observed in CG simulation, however conformational

change of the protein prevents this in atomistic representation. Stable binding of

calcium ions is found close to a groove involved in lipid translocation, suggesting a

possible mechanism for the calcium activation of ion transport and lipid scramblase

activity.

4.2 Introduction

Biological membranes contain many thousands of unique types of Integral Membrane

Protein (IMP) and membrane-associated proteins, surrounded by many hundreds of

distinct membrane lipid types. Membrane lipid composition is highly specific, and

varies between cell compartments, between membrane leaflets and over time, with

changes in lipid composition fulfilling vital regulatory and signalling roles [234, 235].

An understanding of the complex interplay between IMPs and membrane lipids is

therefore vital to understanding biological processes taking place in this environment,

and requires both experimental and computational approaches to characterise specific

protein-lipid interactions.

Native mass spectrometry is one approach which can be used to detect and identify

specific lipids bound to IMPs [60, 236]. In a native mass spectrometry experiment,

proteins are first inserted into protective detergent micelles[237], amphipols [238] or

nanodisks [239]. The sample is ionised using a ”soft ionisation” method such as

Electrospray Ionization (ESI) [240] or Matrix Assisted Laser Desorption Ionization

(MALDI) [241] to minimise damage to the protein. ESI ionisation may be applied in

positive ion mode, where the ESI nozzle is kept at a positive electrical potential or

negative ion mode, where the nozzle is kept at a negative electrical potential. The

sample is then accelerated using an electric field, and, using sample time-of-flight and

response to a magnetic field, the weights and charges of individual ionised particles can

be determined. If the weight of the protein monomer and possible ligands are known,

the proportion of particles representing each oligomeric state and each combination

of bound ligands can be determined. This method is therefore highly applicable to

the study of interactions between IMPs and membrane lipids.

IMPs are considerably more stable than initially expected under the ionised gas

phase conditions of a mass spectrometry experiment [62], however, these conditions

are far from physiological, and so are likely to substantially alter protein-lipid dy-

namics. For IMPs in solution, interactions with lipids are mostly governed by polar
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interactions with lipid head-groups [242, 243]. In the gas phase environment of a mass

spectrometry experiment, however, polar and electrostatic interactions are likely to

be altered substantially by ionisation and lack of water [244].

Biological membranes are typically divided into two leaflets composed of lipids

in similar orientations, with a considerable energy barrier to translocation of a lipid

molecule between leaflets [245], known as flip-flopping. Proteins which are able to

reduce this energy barrier are known as scramblases, and play an important role

in the regulation of bilayer asymmetry and lipid composition, particularly in the

Endoplasmic Reticulum (ER), where newly synthesised lipids must be redistributed

between leaflets [246]. Proteins which actively transport lipids between leaflets are

known as flippases.

Flippase and scramblase proteins such as TMEM16F [95] also play a key role in ex-

posure of Phosphatidylserine (PS) lipids in the extracellular leaflet during apoptosis.

Exposure of PS lipids is a highly conserved anti-inflammatory and immunosuppres-

sive signal [235], and failure or sabotage of PS signalling are linked to a broad range of

infections and non-infectious diseases [247]. Mutations affecting Phosphatidylcholine

(PC) exposure are often linked to neurological disease [248], such as Angelman syn-

drome, a heritable disease resulting from a deficiency of the flippase protein ATP10C

[249] which causes severe learning difficulties, ataxia and epilepsy.

Many scramblases are members of the TMEM16 family, also known as anoc-

tamins, which also play roles in ion transport and regulation of other membrane

proteins [250]. Experimental studies using labelled lipid molecules have identified

some degree of scramblase activity in all TMEM16 molecules, dependent on cytosolic

calcium [41]. Considerable scramblase activity is seen in TMEM16C, TMEM16D,

TMEM16F, TMEM16G, and TMEM16J. The publication of a high-resolution X-

ray crystal structure of a fungal nhTMEM16 protein shown experimentally to ex-

hibit scramblase activity [96] has shed considerable light on the mechanism by which

TMEM16 facilitates lipid flip-flopping, and Molecular Dynamics (MD) simulations

using this structure have identified a hydrophilic groove through which lipid head-

groups can pass while lipid tails interact with the hydrophobic core of the membrane

[97].

Many TMEM16 proteins act as calcium-activated chloride channels, in some cases

in addition to their role as lipid scramblases. It has been suggested that, since in many

cases scramblase activity and ion conduction are both calcium-dependent [251], this

ion channel activity may occur through the lipid translocation groove, in tandem with

lipid flip-flopping [98]. One such channel which does not appear to have scramblase
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activity, however, is TMEM16A, for which a low-resolution crystal structure has been

determined by Cryo-Electron Microscopy (Cryo-EM) [94].

Many recent advances in the understanding of protein-lipid interactions have come

about in part with the use of MD simulations. MD can simulate proteins in either

atomistic representation, or use a coarse-grained representation such as the MARTINI

forcefield [119] in which groups of atoms are represented by a single bead, reducing

complexity and facilitating simulations of systems larger in space or time than that

which would be achievable by atomistic simulation. Computational studies of IMPs

can use MD to reconstitute an IMP structure in a lipid bilayer in silico, and study

interactions between the protein and a variety of lipid types.

A great strength of MD is the ability to simulate a variety of membrane types,

composed of many different lipid types, and several methods exist to create new lipid

bilayers with a variety of lipid compositions, including the Charm-GUI membrane

builder [65] and Insane [205]. Equilibration of these bilayers is resource intensive,

however, and so where an existing equilibrated bilayer is available a common ap-

proach is to use EXCHANGE LIPIDS [252], which uses a fragment-based approach

to exchange between several lipid types. This approach, however, is limited in appli-

cation by the small number of lipid models which can be exchanged.

Here, two MD studies of IMP structures are presented, and a software tool de-

signed to alter composition of lipid bilayers in MD simulations, known as Alchex

(Alchemical Exchange), is described.

In a recent native mass spectrometry study, it was observed that by changing

ion mode from positive to negative, binding of PC and Phosphatidylglycerol (PG)

lipids to the IMP OmpF was substantially altered, with PC binding only in negative-

ion mode and PG binding only in positive ion mode. Conversely, PG and PC were

found bound to another IMP, AmtB, regardless of ion mode. It seems likely that

this difference is due to the considerably larger number of acidic and basic residues

on the surface of OmpF compared to the surface of AmtB. Presented here is a series

of Coarse-Grained (CG) MD experiments which use a modified forcefield to simulate

the effects of protonation on protein-lipid interactions. Analysis of these interactions

suggests differences in ion mode dependence between AmtB and OmpF observed in

the gas phase also exist to some small degree in solution.

To alter the composition of an equilibrated lipid bilayer in an MD simulation, the

Alchex software tool [253] has been developed as an extension to the EXCHANGE LIPIDS

approach, and is described here. Using Alchex, simulated molecules can be replaced

with any user-provided model, and leaflet compositions can be automatically altered
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to match any desired symmetric or asymmetric composition, whether in planar or

vesicle bilayers. The tool can be applied to both CG and atomistic simulations.

A crystal structure has been determined for TMEM16K, a TMEM16 protein linked

to cerebellar ataxia [254]. Presented here are coarse-grained and atomistic simulations

of this structure in symmetric and asymmetric mixed-lipid bilayers. Simulations show

some degree of scramblase activity with a clear preference for flip-flops of PC lipids,

consistent with the role of TMEM16K mutants in inflammatory neurological disease.

Binding of calcium ions located near the lipid translocation groove is shown to be

stable.

4.3 Materials and methods

4.3.1 Coarse-grained molecular dynamics simulations of AmtB
and OmpF

To investigate the ion mode dependence of lipid binding to AmtB and OmpF, ten

1 μs coarse-grained molecular dynamics simulations were performed of AmtB and

OmpF in explicit bilayers composed of equal parts 1-palmitoyl-2-oleoyl-sn-glycero-3-

phosphocholine (POPC) and 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphoglycerol (POPG).

In five of these simulations, the forcefield was modified to approximate conditions at

lower than physiological pH.

Protonation of a coarse-grained forcefield

Simulations were performed using the MARTINI coarse-grained forcefield [119, 118,

120], which reduces groups of three or four heavy (non-hydrogen) atoms to single

particles. Default MARTINI forcefield parameters are calculated for physiological pH,

and must be modified to simulate higher or lower pH values. To simulate the effects

of a lower than physiological pH (pH 2) on a protein in a POPC/POPG bilayer, acid

dissociation constants for amino acids (see Table 4.1) were used to predict changes in

side-chain protonation at pH 2. Negative charges on side-chain beads of aspartate and

glutamate were neutralised, and a positive charge was introduced to one histidine side-

chain bead. Negative charges on the phosphate bead of POPC and POPG were also

neutralised. These changes are illustrated in Figure 4.1. After forcefield protonation,

net charge on AmtB was changed from 3 C to 69 C, and net charge on OmpF was

changed from -36 to 90.
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Table 4.1: pKa of standard amino acids

Symbol Name pKa pKb pKc
Sidechain ΔC
(pH 7→ pH 2)

Ala L-Alanine 2.33 9.71 -
Arg L-Arginine 2.03 9 12.1
Asn L-Asparagine 2.16 8.73 -
Asp L-Aspartate 1.95 9.66 3.71 +1
Cys L-Cysteine 1.91 10.28 8.14
Gln L-Glutamine 2.18 9 -
Glu L-Glutamic Acid 2.16 9.58 4.15 +1
Gly Glycine 2.34 9.58 -
His L-Histidine 1.7 9.09 6.04 +1
Ile L-Isoleucine 2.26 9.6 -
Leu L-Leucine 2.32 9.58 -
Lys L-Lysine 2.15 9.16 10.67
Met L-Methionine 2.16 9.08 -
Phe L-Phenylalanine 2.18 9.09 -
Pro L-Proline 1.95 10.47 -
Ser L-Serine 2.13 9.05 -
Thr L-Threonine 2.2 8.96 -
Trp L-Tryptophan 2.38 9.34 -
Tyr L-Tyrosine 2.24 9.04 10.1
Val L-Valine 2.27 9.52 -

Acid disassociation constants for amino acid carboxyl (pKa), NH2 - (pKb) and
sidechain (pkc), and predicted change of side-chain between pH 7 and pH 2. Acid

disassociation constants from [255].
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Figure 4.1: Protonation of the MARTINI forcefield
Simplified MARTINI beads and bonds are shown with full molecular structures over-
laid for both physiological pH and lowered pH. To simulate effects of a lowered pH,
negative charges on side-chain beads of glutamate and aspartate are neutralised and
a positive charge is introduced to a histidine side-chain bead. The phosphate beads
of POPC and POPG are also neutralised.
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Simulation setup

Structures were obtained from the Protein DataBank (PDB) for AmtB and OmpF,

(PDB:1u7g and PDB:2zfg respectively), and the MemProtMD pipeline [5] was used

to set up ten 1 μs Coarse-Grained Self-Assembly (CGSA) simulations for each protein

with a 1:1 mix of POPC and POPG. For each protein, five of these simulations were

run using the default MARTINI forcefield, whilst five were run using protonated

parameters for histidine, aspartate, glutamate, POPG and POPC. Simulations were

run using GROMACS 5.1 compiled with single precision [117] with a 20 fs timestep,

with an elastic network applied to protein backbone beads. The V-rescale algorithm

[256] was used for temperature coupling.

Simulation analysis

Simulations were analysed using MDAnalysis [206]. Analyses were performed on

the final 800 ns of simulation time, and the first 200 ns were discarded to allow for

self-assembly and equilibration of the lipid bilayer. Contacts between head-groups

of POPG or POPC and protein side-chain beads within 0.6 nm were calculated for

each protein residue for each frame, and a POPG preference was calculated for each

residue as Npg

Npg+Npc
, where Npg and Npc are the number of frames in which a given

residue makes contact with POPC and POPG respectively. System-wide preference

for POPG binding was calculated by taking the mean of POPG preference for all

residues contacting a lipid head-group for at least 30% of analysed frames. Density of

POPG and POPC headgroups around the protein was visualised using PyMol [257].

Additional visualisation was performed using VMD [258].

4.3.2 Alchex: automated alteration of membrane composi-
tion

IMPs inhabit a broad variety of membrane types, each with a unique composition of

lipid types. For the purposes of MD studies of IMPs, therefore is often useful to alter

membrane composition by replacing individual lipid molecules to minimise disruption

of an assembled bilayer. Alchex (ALCHemical EXchange) is a software tool designed

to automatically replace molecules in CG or atomistic MD simulations, either on an

individual basis, or in bulk to match a specified composition. Target compositions

may be applied to specific leaflets, within a three-dimensional bounding box, or using

any valid MDAnalysis [206] selection string.
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Alchex performs a number of replacements to achieve a requested composition,

introducing a replacement molecule and manipulating its coordinates to match, as

closely as possible, those of a template molecule. The template molecule is then

removed.

Where a replacement molecule shares a substantial Maximum Common Sub-

graph (MCS) (based on atoms and bonds/constraints) with a template molecule,

a topology-based replacement is performed. Atoms within the MCS are common to

both molecules and so atoms of the replacement molecule are given identical coordi-

nates. MCS calculation ignores atom and bond types, so replacement molecules may

contain different atoms with a similar topology to that of the template molecule. To

calculate coordinates of replacement molecule atoms not within the MCS, remain-

ing atoms are split into connected components and attached to at least three closest

atoms within the MCS. Atoms are then aligned to the template molecule by aligning

attached MCS atoms to their counterparts by least-squares fit. Where atoms of the

template molecule have no counterpart in the replacement molecule and a vacuum

would otherwise be created, parts of the replacement molecule are stretched to fill

this vacuum.

A special case exists for replacement of two template molecules with a single

larger replacement molecule. Pairs of nearby template molecules are first identified

and combined to create a single template with two connected components. MCSs are

determined between each component of the template and the replacement molecule,

and the shortest path connecting these components within the replacement molecule

is identified. Atoms and bonds of the replacement molecule on this path are added to

the combined template, connecting the two components. Further replacement may

now proceed as previously described. Illustrations of this process, as well as examples

of Alchex output can be seen in Figure 4.2.

Topology-based replacement is inappropriate in cases where molecules do not share

a significant MCS. In these cases, molecules will be replaced by least-squares fit

aligning a mapping between at least three atoms supplied by the user. This allows for

small molecules such as cholesterol to be oriented correctly relative to the membrane.

New molecular structure and topology files are created incorporating newly cre-

ated molecules and removing original template molecules. At this point, the molecu-

lar structure may contain clashes or inappropriate bond lengths or angles, and so a

steepest-descents energy minimisation is performed using GROMACS, typically for

up to 50,000 steps, or until all forces are less than 50 kJ/mol/nm, although user-

supplied parameters may be used to run more or less stringent energy minimisations
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Figure 4.2: Illustration of the Alchex molecule replacement method
(A) a lipid molecule is replaced by another lipid with shorter acyl tails and a larger
head-group. This is accomplished by 1. direct replacement of shared atoms by MCS,
2. adding accessory groups not within the MCS by least-squares fit to bonded atoms
within the MCS, 3. stretching of simple chains to fill vacuums. (B) two lipid molecules
are replaced by a single 4-tailed lipid (such as cardiolipin). This is accomplished
by 1. finding nearby pairs 2. finding two instances of the MCS within the tar-
get structure for direct replacement of shared atoms 3. adding bridging atoms to
connect two halves. (C) results of replacing molecules of a 1-palmitoyl-2-oleoyl-sn-
glycero-3-phosphoethanolamine (POPE) with a 50% cardiolipin/1-palmitoyl-2-oleoyl-
sn-glycero-3-phosphoserine (POPS) mixture in the outer leaflet and a 50 % di-
palmitoylphosphatidylcholine (DPPC)/1,2-Dilauroyl-sn-glycero-3-phosphorylglycerol
(DLPG) mixture in the inner leaflet. (D) results of replacing 50% of upper leaflet
residues in a pure DPPC bilayer with cardiolipin.
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where required. The resulting structure and topology files may now be used to run

further simulations.

Testing Alchex lipid replacement

Alchex has been successfully used in several simulations, and has been confirmed by

visual inspection not to introduce long-lived artefacts to the behaviour of the system.

In addition, the impact of Alchex alteration of lipid tail length on bilayer properties

has been tested using serial substitutions performed on a simple simulation of a lipid

bilayer in water.

A lipid bilayer was set up using Insane [205], containing 338 CG DPPC molecules

and 4541 CG water molecules. Steepest-descents energy minimisation was performed,

and a 200 ns simulation was then run to allow the bilayer to equilibrate. The lipids 1,2-

Dilauroyl-sn-glycero-3-phosphorylcholine (DLPG) and 1,2-Dilignoceroyl-sn-glycero-3-

phosphorylcholine (DXPC) were chosen to perform substitutions, having, respectively,

one fewer and two more tail beads than DPPC in CG representation.

After equilibration, all DPPC molecules were converted to DLPG using an Alchex

automated substitution, and a further 200 ns simulation was performed. This was

then repeated with substitution of resulting DLPG coordinates for DXPC, and finally

substitution of DXPC for DPPC. Bilayer thickness was measured for each frame of

each simulation, and can be seen plotted against simulation time in Figure 4.3. In

each case, the final coordinates from the previous simulation were used as starting

coordinates for Alchex substitution.

From this, it can be seen that, after automated substitution using Alchex, bilayer

thickness is perturbed and takes around 20 - 50 ns to equilibrate. Larger perturbations

result in greater time required for equilibration, with equilibration after substitution

of DXPC for DLPG taking longer than substitution of DLPG for DPPC. Thickness

of the initial and final DPPC bilayers is identical once equilibration is completed.

This suggests that alteration of lipid tail length using automated Alchex substi-

tution is unlikely to introduce artefacts of membrane thickness persisting beyond 50

ns. Future development Alchex will be aided by similar tests looking at properties

such as bilayer curvature, lipid order parameter and lipid diffusion, and introducing

a variety of integral and peripheral membrane proteins to the system.
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Figure 4.3: Impact of Alchex lipid replacement on bilayer thickness
Bilayer thickness, calculated for each simulation frame as the mean distance between
lipid phosphate beads, is plotted over time for four separate simulations. Initially a
pure DPPC bilayer is set up using Insane [205] and run for 200 ns. An automated
Alchex substitution (A) is performed to replace all DPPC molecules with DLPG, and
the simulation is run for a further 200 ns. This is repeated with substitution of DXPC
for DLPG, and finally DPPC for DXPC, matching the initial bilayer composition.
Idealised bulk thickness of a DLPG and DXPC bilayer is shown as an additional
dashed line.
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4.3.3 Multi-scale molecular dynamics simulations of a novel
TMEM16K scramblase structure

A novel structure of TMEM16K (also known as Anoctamin-10) has been resolved by

X-ray crystallography in Lipidic Cubic Phase (LCP) to 3.2 Å. To investigate whether

ion channel or scramblase behaviour seen in homologous proteins is also seen in this

structure, several CG and atomistic MD simulations were performed.

Bilayer insertion using CGSA

Two loop regions of four amino acids each were modelled in using MODELLER 1

[259]. The MemProtMD pipeline [5] was used to set up two 10 μs CGSA simulations

of TMEM16K in a pure DPPC bilayer. Simulations were run using GROMACS

5.1 compiled with single precision [117] with a 20 fs timestep, using the V-rescale

algorithm [256] for temperature coupling. The protein backbone was constrained

using an elastic network.

Simulation of an ER membrane

TMEM16K is thought to reside in the ER membrane, and so Alchex was used to

vary lipid composition to match that of an ER membrane. 17 frames were taken at

randomly selected times from each 10 μs CGSA simulation, for a total of 34 frames,

and membrane composition in each frame was then altered using Alchex. 17 frames

were given an asymmetric ER membrane composition, with a 45:30:15:10 ratio of

POPE, POPC, POPS and Phosphatidylinositol 4,5-bisphosphate (PIP2) in the lower

leaflet and an upper leaflet composed entirely of POPC. The remaining 12 frames

were given a symmetric 45:30:15:10 ratio of POPE, POPC, POPS and PIP2 in both

leaflets. A 1 μs CG simulation was run from each frame, using the same simulation

parameters and elastic network as used for CGSA simulations. ten simulations were

extended to run for a further 2 μs, making for a total of 44 μs of mixed-lipid CG

simulation time.

Once completed, mixed-lipid CG simulations were analysed to identify upper and

lower leaflets, and lipids moving between leaflets, using the MemProtMD analysis

application (see Chapter 2). To identify specificity of lipid interactions and flip-flop

activity at each protein residue, the proportion of frames for which at least one side-

chain bead was within 0.6 nm of the head-group beads of each lipid type (PIP2,

1Modelling of loop regions performed by Dr Phillip Stansfeld
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POPC, POPE and POPS), as well as any bead of a lipid currently moving between

leaflets was assessed.

Conversion to atomistic simulation

A single frame from a mixed-lipid CG simulation was selected and converted to atom-

istic representation in the GROMOS 53a6 forcefield [125] using CG2AT [122]. Seven

calcium ions were resolved with the protein structure but had not been included in CG

simulations, and six of these which were within 0.35 nm of a protein side-chain were

added to the simulated atomistic structure. Five 300 ns atomistic simulations were

performed using GROMACS 5.1 compiled with single precision [117] with a timestep

of 2 fs, using the PME algorithm [260] for electrostatic interactions, the V-rescale

[256] algorithm for temperature coupling and the Parrinello-Rahman algorithm [261]

for pressure coupling. A total of 1.5 μs of atomistic simulation was performed.

To visualise protein dynamics and identify stable equilibria, Root-mean-square

deviation (RMSD) of protein Carbon-α atom positions of each chain was calculated

between each frame and the starting structure. To quantify the dynamics of individual

residues, DSSP [210] was used to assess protein secondary structure for each frame,

and Root-mean-square fluctuation (RMSF) was calculated for each residue.

To assess the stability of calcium ions identified in the crystal structure, contacts

between calcium ions and protein side-chain atoms within 0.35 nm were recorded for

each frame of each simulation repeat using MDAnalysis [206].

Visualisation

Molecular visualisation was performed using VMD [258], with secondary structure

calculated by STRIDE [262].

4.4 Results

4.4.1 Ion mode dependence of lipid binding to AmtB and
OmpF

CG simulations were set up with both the default MARTINI forcefield and a proto-

nated MARTINI forcefield to investigate the ion mode-dependence of lipid binding

to AmtB and OmpF. Both AmtB and OmpF can be seen in assembled lipid bilay-

ers in Figure 4.4. As seen in Figure 4.5A, whilst protonation of the entire system

resulted no significant change in the POPG preference of AmtB averaged across all
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Figure 4.4: Coarse-grained representations of AmtB and OmpF in lipid
bilayers
Top-down and side-on views are shown for frames of CG simulations of AmtB and
OmpF. Molecules are displayed using bonds between CG beads. Protein is shown
in blue whilst POPG and POPC are shown in green and yellow respectively. Water
beads, and lipids between the protein and viewer are removed.

residues, a small but significant decrease can be seen in the POPG preference of

OmpF, amounting to around a 2% difference. In Figure 4.5B, densities of POPC and

POPG headgroups are shown over OmpF and AmtB structures for both deprotonated

and protonated systems. It can be seen for both proteins that protonation results in

minimal changes in lipid binding, although POPG binding between OmpF monomers

does appear to be somewhat reduced.

4.4.2 Alchex: Automated exchange of simulated molecules

During in-house trials, Alchex was used by several researchers to replace a variety of

molecules including lipids and enzyme substrates in both CG and atomistic simula-
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Figure 4.5: Effects of protonation on lipid binding to AmtB and OmpF
(A) change in mean preference for POPG with whole-system protonation compared
with deprotonated state is shown for AmtB and OmpF. Error bars show 95% confi-
dence intervals from a T-distribution. (B) Density of POPC (red) and POPG (blue)
headgroups is shown over cartoon representations of AmtB and OmpF structures in
both deprotonated and protonated states. Top-down and side-on views are shown.
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tions. Resulting molecules were stable, although in some cases it was necessary to run

100,000 steps of steepest-descents energy minimisation. Following the success of this

trial, a pre-alpha release of Alchex has been published [253] as a public git repository

and can be downloaded from https://github.com/tomnewport/alchex/.

4.4.3 Multi-scale molecular dynamics simulations of a novel
TMEM16K scramblase structure

To investigate potential scramblase or ion channel activity of a novel TMEM16K

structure, a total of 34 μs of CG simulation and 1.5 μs of atomistic simulation was

performed. Backbone restraints applied in CG simulations prevented large changes

in protein conformation, however in atomistic simulations these restraints were not

present, allowing changes in protein secondary structure and large-scale conforma-

tional changes.

RMSD plots shown in Figure 4.6 suggest that the conformation seen in the original

LCP crystal structure is not far from a stable equilibrium in the presence of solvent

and a lipid bilayer. It can be seen that each chain of each repeat rapidly undergoes

conformational change amounting to a carbon-α RMSD of around 0.3 nm in the

first 50 ns. Change then becomes more gradual, with some chains in some repeats

appearing to reach a stable equilibrium, such as both chains of the second repeat,

for which RMSD remains steady at 0.4 nm for the later 250 ns of simulation time,

and in chain A of repeat 3, which remains at an RMSD of around 0.35 nm. In the

majority of cases, however, RMSD indicates that the protein did not reach a stable

equilibrium, and was sampling new conformational space throughout the simulation.

RMSF plots shown in Figure 4.7 quantify protein dynamics for each individual

residue. RMSF for most residues is around 0.3 nm, however several regions can be

identified for which RMSF is considerably higher, indicating greater flexibility. These

typically occur in the extra-membrane domain of the protein (up to residue 170),

and between transmembrane α-helices. This can be compared with protein secondary

structure seen in simulations, also shown in Figure 4.7. Most elements of secondary

structure are stable and remain intact for all simulation frames, with some less stable

secondary structural elements corresponding with regions of elevated RMSF. These

include the modelled region at the residue 350, which is flanked by unstable α-helices.

Another modelled region around residue 180 also coincides with elevated RMSF and

a less stable α-helix, although this is less pronounced.

To identify lipid specificity of sites on the protein surface, head-group contact fre-

quencies were calculated for all CG simulations with asymmetric bilayers for PIP2,
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Figure 4.6: Carbon-α RMSD of a TMEM16K structure during atomistic
simulations
RMSD is calculated separately for each chain using carbon-α atom positions for each
frame of a 300 ns atomistic simulation of a TMEM16K structure.

POPS, POPC and POPG. These can be shown plotted along the sequence of TMEM16K

in Figure 4.7, as well as colouring surface and cartoon representations of the TMEM16K

structure in Figure 4.8. Changes in bilayer composition are negligible, with PIP2,

POPE and POPS confined to the lower leaflet, and an upper leaflet composed en-

tirely of POPC. Headgroup contacts shown over both sequence and structure show a

tendency for PIP2 to cluster around the protein.

Scramblase activity is seen in CG simulations, with lipids flip-flopping between

leaflets through a groove formed by two α-helices at residues 360-380 and residues

430-450. This can be seen in the flip-flop contacts shown over the protein sequence

in Figure 4.7 and structure in Figure 4.8. Lipid head-group contacts near this groove

show that this is one of few sites where PIP2 headgroups are depleted, with POPC and

POPE accounting for the majority of lipid contacts. During CG simulations, whilst

POPC, POPE and POPS lipids flip-flopped between leaflets, no flip-flop activity was

seen for PIP2 lipids. This is shown in a bar chart in Figure 4.9. From this, it can

also be seen that POPS lipids flip-flopped more frequently relative to the number of

lipids in a given system, with POPC and POPE flip-flopping at similar rates.

No flip-flop events were seen in atomistic simulations, although lipids did enter the

groove from both leaflets. Four lipids can be seen in different stages of flip-flopping in

Figure 4.9. A more detailed view, also shown in this figure, shows the groove occluded

by side-chain atoms of a glutamate residue and two asparagine residues, and it seems

likely that this occlusion may be sufficient to prevent flip-flopping within the 300 ns
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Figure 4.7: Lipid contacts, secondary structure displacement from bilayer
centre and RMSF along the TMEM16K amino acid sequence
Simulation metrics are shown calculated for each residue along the sequence of
TMEM16K. The sequence is split over two lines. From top to bottom: contacts
with any part of any lipid in the process of moving between leaflets as a proportion of
simulation time, plotted in cyan and overlaid with standard error for the mean shown
in white; stacked plot showing contacts with headgroups of PIP2, POPS, POPC and
POPE as a proportion of simulation time in red, orange, green and purple respec-
tively; proportion of frames for which a residue is part of an α-helix or β-strand in
blue and green respectively, with standard error for the mean overlaid in white; pro-
tein displacement from the bilayer centre shown in red, with approximate phosphate
positions shown for each leaflet in black; and RMSF of the carbon-αatom of each
residue plotted in grey with standard error for the mean overlaid in white. Hatch
marks shown below some plots represent the TMEM16K protein structure. These
are coloured red to indicate residues not present in the original structure.
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Figure 4.8: Surface and cartoon representations of TMEM16K coloured
according to protein-lipid contacts
Protein surface and cartoon representations are shown from two different angles,
coloured according to protein-lipid contacts seen in CG simulations. From top to
bottom: contacts with any lipid in simulations with both symmetric and asymmetric
bilayers and contacts with POPC, PIP2, POPE and POPS headgroups in simulations
with asymmetric bilayers.
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Figure 4.9: Flip-flopping of lipids between leaflets facilitated by a simu-
lated TMEM16K structure
Four different lipids are shown at various stages of flip-flopping between leaflets
through a groove formed by two alpha helices in a single frame of atomistic sim-
ulation. Detail (top right) shows a single lipid encountering residues 371, 408 and
431, which occlude the groove in most atomistic simulations, preventing lipid flip-flops
from occurring. Below is shown the crystal structure, in which the three α-helices oc-
cupy different conformations, resulting in an unoccluded groove. Inset bottom right
are shown flip-flopping frequencies for CG simulations based on the crystal struc-
ture. The number of events per molecule per microsecond is shown, with error bars
representing standard error for the mean.
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Figure 4.10: Calcium ions present in the TMEM16K crystal structure
Seven calcium ions present in the TMEM16K crystal structure are shown over a
cartoon representation of the protein, coloured according to scramblase activity. Each
ion is numbered, and, for the six ions appear bound to the protein, residues within
0.35 nm of calcium ion centres in either crystal structures or MD simulations are
shown. Residues which contact calcium ions in MD structures alone are indicated by
thinner bonds.

time-scale used for atomistic simulations. The α-helices to which these residues belong

are in different conformations in the crystal structure used to determine backbone

restraints used for CG simulations, and this may explain why flip-flopping is seen

only in CG simulations.

Of seven calcium ions found in the TMEM16K crystal structure, six appeared to

be buried within the crystal structure and made contact with several amino acid side-

chains. During simulation, several calcium ions also made prolonged contacts with

different amino acids. The positions of these calcium ions and amino acids can be

seen in Figure 4.10. The calcium ion labelled 7 did not appear to be buried within the

structure and so was not simulated, whilst ions labelled 3 and 6 exited their original

sites almost immediately and did not form any further prolonged contacts.

Calcium ions labelled 1, 2, 4 and 5, however, remained in sites identified in the

crystal structure for prolonged periods in most atomistic simulations. This can be

seen in Figure 4.11, which shows contacts between calcium ions and amino acid side-

chains for each frame of each repeat simulation. Great variation can be seen between
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the five simulations, with ions remaining mostly in contact with the same set of amino

acids in some simulations (such as ions 1 and 2 in the fifth repeat), or escaping entirely

in others (such as ion 5 in the fifth repeat). Each binding site makes prolonged contact

with a calcium ion from several amino acids in at least one simulation, with ion 4 being

the most well-defined, forming prolonged contacts in all five repeats. It is interesting

to note that whilst ions 1 and 4 and ions 2 and 5 occupy equivalent sites of their

respective chains, their interactions with protein amino acids differs considerably.

4.5 Conclusions

4.5.1 Ion-mode dependence of lipid binding to AmtB and
OmpF

By modification of the MARTINI forcefield, it has been possible to simulate mild

protonation seen at a lower than physiological pH. The result of this appears to be

a small but significant decrease in POPG binding to OmpF compared to POPC, but

no significant change in lipid binding to AmtB. Whilst this is consistent with mass

spectrometry experiments, the effect size is small, amounting to around a 2% decrease.

This is perhaps unsurprising given that the AmtB assembly used here possesses 66

acidic residues whilst the OmpF used here possesses 126.

As mass spectrometry becomes increasingly used to examine binding of lipids to

IMP, understanding of the dynamics of protein-lipid interactions under ionised gas

phase conditions remains limited. The development of an MD methodology better

simulating these conditions would be invaluable to better understand the results of

mass spectrometry experiments. Any such approach would necessarily be complicated

by the need to accurately model the effects of different ion modes and protective

molecules such as amphipols, nanodisks and detergents used in mass spectrometry,

about which very little is presently understood.

4.5.2 Alchex: automated alteration of membrane composi-
tion

The Alchex software tool provides a robust and scalable method for MD, automating

the alteration of bilayer composition, as well as the introduction and manipulation of

a broad range of ligand types, without specialist knowledge. The software interface

still requires some improvement, as the version which appears in public pre-alpha

release is somewhat unintuitive for new users.
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Figure 4.11: Contacts between bound calcium ions and amino acid side-
chains
Contacts between calcium ions and amino acid side-chains are shown for five 300 ns
atomistic simulation repeats for four calcium ions. Simulation repeats are arranged
concentrically, with time running clockwise from the top. Sectors are coloured where
a contact is made between a protein side-chain and an ion within 0.35 nm of the ion
centre. The central circle is shaded grey if an amino acid side-chain is within 0.35
nm of the ion centre in the crystal structure.
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4.5.3 Multi-scale molecular dynamics simulations of a novel
TMEM16K scramblase structure

During atomistic simulations of TMEM16K, the protein remains in a conformation

close to that seen during structure determination, with an RMSD of around 0.4-0.5

nm, as shown in Figure 4.6. RMSD does, however, suggest a larger conformational

space not explored during the five 300 ns simulations. RMSF and secondary structure

stability analysis shown in Figure 4.7 show that, for the majority of residues, the

protein backbone and secondary structure are stable.

Lipid diffusion in atomistic simulations is too slow to provide adequate sampling

of protein-lipid interactions, and so CG simulations are required to identify specific

and non-specific lipid binding. Protein lipid interaction seen in CG simulations shown

in Figure 4.7 and Figure 4.8 show that PIP2 clusters around the protein, but rarely

enters lipid translocation groove. In the lower leaflet, POPC, POPE and POPS are all

seen interacting with residues near the groove. Although only low levels of scramblase

activity have been seen in experimental studies of TMEM16K [41], significant numbers

of scramblase events were seen in CG simulations along the same lipid translocation

groove seen in simulations of nhTMEM16 [97], as can be seen in Figure 4.8. Lipid

flip-flops were not seen in atomistic simulations. This may be due to the shorter

timescale used in atomistic simulations, with a total of 1.5 μs as compared to 44 μs

of CG simulation, although it is also possible that constraints applied to the protein

backbone based on the protein crystal structure in CG simulations introduced bias

towards a less favourable conformation.

RMSD plots seen in Figure 4.6 support the idea that the protein undergoes a con-

formational change during atomistic simulation, and occlusion of the lipid scrambling

groove due to conformational changes in protein structure, can be seen in Figure 4.9.

The consequent lack of scramblase activity seen in atomistic simulations, suggests

that in vivo lipid flip-flop rates would be low, or require some further conformational

change of the protein. The lack of convergence seen in the majority of RMSD plots

in Figure 4.6 is consistent with a wider conformational space not sampled in the 300

ns timescale.

The selectivity for POPS lipids of the TMEM16K scramblase mechanism seen

in atomistic simulations, and shown in Figure 4.9, is consistent with the role of

TMEM16F in translocation of PS lipids [95]. Given the role of TMEM16K mu-

tants in cerebellar ataxia [254], a disease often linked to a failure of PS signalling and

mutations of other proteins involved in lipid translocation [235, 249], this suggests a

potential function of TMEM16K which merits further study.
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Scramblase and chloride channel activity of other TMEM16 proteins is dependent

on calcium ions, and four of the seven calcium ions identified in the crystallographic

structure (shown in Figure 4.10) remained in well-defined sites for prolonged peri-

ods during simulations, as can be seen in Figure 4.11. These four ions are located

close to the lipid translocation groove, and so it is entirely plausible that the binding

and release of these ions results in movement of α-helices shown in Figure 4.9 to oc-

clude the lipid translocation groove and thereby regulate scramblase activity. Longer

atomistic MD simulations in the presence and absence of these ions are likely to shed

considerable light on the regulation of TMEM16 scramblase activity.
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Chapter 5

Conclusions

5.1 Results

The results of work presented in this thesis demonstrate the value of computational

methods, and in particular, MD to the study of interactions between IMPs and the

lipid constituents of biological membranes. Analysis and visualisation methods de-

scribed in Chapter 2 provide new ways to analyse and visualise IMP structures, which

go on to inform both the development of new IMP-specific methods detailed in Chap-

ter 3, and studies of individual IMPs discussed in Chapter 4.

Consistent with my original aim of developing methods and resources to assist in

the computational study of IMPs structure and function, the MemProtMD database

and web server (Chapter 2) now provide a useful interactive resource which makes

the results of MD simulations of IMPs in explicit lipid bilayers available to a wide

audience through a constantly updated web database. In addition, ensemble analyses

of the MemProtMD database have revealed general principles of membrane lipid

interactions with amino-acid side-chains.

Using these findings, the MemProtMetrics tool described in Chapter 3 uses knowl-

edge of amino-acid side-chain behaviour in lipid bilayers to identify IMPs in the PDB,

and orient identified IMPs in a simplified lipid bilayer ready for CGSA simulation us-

ing the MemProtMD pipeline. MemProtMetrics’ ability to predict orientation of

IMPs seen in simulations is promising, although results of OPM [4] remain closest to

simulations. It is likely, however, that further optimisations to the MemProtMetrics

objective function may be able to improve accuracy substantially.

Described in Chapter 3 is a method to identify membrane lipids from chemical

structure, which is then used to assemble what is to date the most complete set of

structurally determined IMP-lipid interactions so far identified. Results of annotation

of lipid molecules using this dataset are interesting, although represent only a tiny
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fraction of insights which may be gained through further analysis of this dataset (see

5.2 Future prospects below).

The development of native mass spectrometry of IMPs and membrane lipids is a

promising method for examining IMP-lipid interactions in vitro, however the effects

of the ionised gas phase on these interactions is still poorly understood. The MD

study of AmtB and OmpF described in Chapter 4 attempts to re-create conditions in

the ionised gas phase by protonation of the MARTINI CG forcefield. Whilst similar

trends are seen in these simulations to mass spectrometry experiments, the smaller

effect size seen in simulations suggests this approximation leaves considerable scope

for improvement.

Using forcefields such as MARTINI 2.2 [119], it is possible to simulate an increasing

number of membrane lipids and therefore membrane compositions, bringing greater

realism to biomolecular simulations of IMPs and revealing interactions between IMPs

and a vast number of lipid species. The Alchex software tool allows simulated lipid

compositions to be altered to include new lipid types in various symmetric and asym-

metric compositions, automatically and requiring little technical expertise.

Multi-scale simulations of a novel TMEM16K structure in a realistic lipid bilayer

give new insights into the mechanism and regulation of lipid scramblase activity, and

shows the determined structure to be stable although conformationally highly flexible.

The apparent selectivity of TMEM16K scramblase activity for PS is intriguing given

the role of TMEM16K mutants in neurological disease linked to PS signalling, and

merits further study.

5.2 Future prospects

Completed work described in this thesis suggested several extensions, some under

active development by myself and others planned as future projects by others. Many

of these feed into larger plans for the future of the MemProtMD pipeline, database

and web server, shown in Figure 5.1 and discussed below.

5.2.1 Better use of PDB data

Represented by the leftmost panel of Figure 5.1, the MemProtMD pipeline could be

improved by utilising more data from PDB depositions. Protein-lipid interactions

seen in structures are not currently considered automatically, and could easily be

cross-referenced against simulation results. By combining data from simulations and

structures, conserved lipid binding motifs such as the Cholesterol Consensus Motif
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Figure 5.1: The extended MemProtMD pipeline
Several extensions to the MemProtMD pipeline are shown. From left to right - PDB
depositions would be screened using MemProtMetrics to identify and orient mem-
brane proteins, with membrane lipids automatically identified and assessed using
original electron densities. Multiple biological assemblies would be built and scored
using MemProtMetrics to identify likely subunit interfaces in the membrane. CGSA
simulation analysis would be extended beyond current bilayer surface analysis to in-
clude annotations of pores or gating of channel proteins. Lipid composition could
then be varied, and specific protein-lipid interactions identified, as well as CG or
atomistic calculations of free energy of interactions. Large systems with multiple pro-
tein molecules could be set up using annular lipid positions from the MemProtMD
database to view large-scale clustering, or identify likely contacts between different
protein molecules or subunits.
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(CCM) or Cholesterol Recognition/interaction Amino acid Consensus (CRAC) could

be identified, either for all IMPs or individual IMP families.

By considering various biological assemblies suggested by structure authors or

automated subunit interface identification using by PISA [263] using MemProtMet-

rics, anomalous assemblies in PDB depositions could be removed, and, where several

valid oligomers or assemblies exist, each valid assembly could be simulated in a lipid

bilayer.

5.2.2 Integration of specialised analyses

The second panel from the left in Figure 5.1 depicts analyses presently performed by

the MemProtMD analysis application, as well as planned future developments. At

present, the MemProtMD analysis application uses the same analysis methods for all

IMPs. This is useful for comparisons between IMP families, however many interesting

aspects of IMP structure and function specific to IMP subtypes such as receptors,

channels or pores are not currently considered. A channel-specific annotation system

is currently under development by other researchers which will integrate with the

MemProtMD pipeline and web application to automatically characterise qualities of

pores in proteins, including pore gating and selectivity. Once complete, visualisations

of analysis results will be accessible through the MemProtMD web application.

5.2.3 Extension of MemProtMD to mixed lipid systems

Several sites on IMPs are highly selective for particular lipid types found in their

native bilayers. The Alchex software tool, in addition to existing single-lipid species

simulations of IMPs in the MemProtMD database makes setup of mixed lipid simula-

tions including a vast array of physiologically relevant lipid types trivial. Preliminary

analysis of simulations or membrane proteins using these mixed-lipid bilayers shown

in Figure 5.2 suggests annular thickness of pure DPPC bilayers is typically around 0.2

nm greater than those of mixed species counterparts. This may be due to the stabil-

ising effects of non-specific interactions with lipid head-groups closer to the protein’s

native bilayer.

Analysis of these simulations could reveal high-affinity binding sites for specific

lipid types, and examine conservation of these sites across protein families, in a man-

ner similar to the conserved single-species contact analysis performed by MemProtMD

at present. Where likely lipid binding sites are found, the energy landscape of the

interaction could be calculated using a method such as PLUMED [264], and the site
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Figure 5.2: Annular thickness of simulated pure DPPC and mixed simu-
lations
Distribution of annular membrane thickness is shown for both pure DPPC and mixed-
lipid membranes for a set of 250 proteins for which both comparable simulations are
available.
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could be cross-referenced against lipid contacts seen in structures of related proteins.

This addition to the MemProtMD pipeline is represented by the third panel from the

left in Figure 5.1.

5.2.4 Automated setup of large systems

CG simulations of large systems including tens or even thousands of different IMPs

are now computationally feasible, and raise the exciting prospect of bridging the

gap between length scales seen in single-particle super-resolution microscopy and

biomolecular simulation (see Chavent 2016 [63]). Typically, setup of these systems

relies on insertion of protein structures into pre-equilibrated bilayers. Further equi-

libration is then required to allow the bilayer to adjust to newly inserted proteins,

allowing lipid annular shells to form and the bilayer to thin or thicken according to

localised variation in protein hydrophobic thickness.

The MemProtMD database lends itself to vastly accelerating the setup of such

systems, containing simulations consisting of thousands of frames from which proteins

may be taken complete with one or more equilibrated lipid annular shells. Positions

of the outermost annular shells may then be used to align the protein to a pre-

equilibrated bilayer structure, and clashes removed using the Alchembed method

[265]. Time taken for equilibration is likely to be considerably reduced since proteins

are transplanted with annular shells intact. This process is shown, along with two

proof-of-concept systems, in Figure 5.3.

5.2.5 Extension of MemProtMD to lipoproteins and periph-
eral membrane proteins

The high-throughput approach of MemProtMD currently excludes peripheral or mono-

topic membrane proteins and lipoproteins, both of which interact frequently with lipid

bilayers. Expansion of the MemProtMD pipeline to include peripheral membrane pro-

teins and lipoproteins would reveal much about the interactions of these proteins with

biological membranes and lipids.

5.2.6 Improving transparency and repeatability of MemProtMD

At present, the MemProtMD analysis application and web server are frequently

backed up, and git is used for source control. Source control is not applied to the Mem-

ProtMD database, although regular incremental backups are taken. Whilst data is

securely stored and well documented, the approach currently taken leaves much to be
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Figure 5.3: Automated setup of large systems using MemProtMD
A method under development for the setup of large membrane/protein systems using
the MemProtMD Database is shown. 1 μs simulations of proteins in explicit lipid
bilayers are loaded from the MemProtMD Database, from which multiple frames may
be extracted, each with differing (but equilibrated) annular lipids. A bilayer structure
is selected from a library of pre-equilibrated planar and spherical lipid bilayers. Sites
within the pre-equilibrated bilayer are selected randomly, and the protein is then
aligned to the bilayer using positions of its annular lipids. Molecules of the pre-
equilibrated structure within a α-shape defined by the protein and annular lipids are
removed, and the two systems are combined, using Alchembed to resolve clashes.
Shown below are two examples of systems awaiting clash removal with Alchembed:
left - small vesicle with Influenza Matrix Protein 2 inserted (cutaway), right - section
of a large undulating lipid bilayer with AmtB inserted shown from top-down and
side-on view with lipid tails hidden.
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desired in terms of transparency and repeatability, with software frequently updated

and difficult to install on external hosts without considerable technical expertise. In

future, this will be improved by using a Continuous Integration (CI) / Continuous

Delivery (CD) approach to development and deployment of the MemProtMD source

code and database. This is depicted in Figure 5.4.

Using this model, software updates are grouped into releases, each with clear

version numbering. Creation of a release triggers archiving to an OpenAIRE [266]

compliant service such as Zenodo (https://www.zenodo.com), making specific soft-

ware releases citeable using a Digital Object Identifier (DOI). At the same time, a

container is built, bundling all dependencies and source code into a complete system

image which may be deployed on any machine running a recent Linux distribution

using containerisation provided by Docker. This would allow frictionless deployment

of specific versions of MemProtMD code by external users, either to reproduce Mem-

ProtMD data or analyse new structures or models of IMPs.

The MemProtMD database would also be subject to version control and archiving,

although the size of simulation trajectories may complicate this, given current size

restrictions of free-to-use OpenAIRE implementations. One approach would be to

instead store a cryptographic hash of trajectory data which could be used to verify

trajectories, or, alternatively, reduce the trajectory to 10-50 representative frames

based on clustering of protein and lipid coordinates.

5.2.7 MD simulation of IMPs in the ionised gas phase

Simulations of system ionisation described in Chapter 4 did not completely reproduce

effects seen in mass spectrometry experiments. It is therefore desirable to develop an

MD methodology capable of accurately depicting the environment of a mass spectrom-

etry experiment. This may include better parametrisation of ionised CG or atomistic

forcefields, as well as simulation of more extreme ionisation and lipid micelle or bicelle

structures.

5.2.8 Free energy landscape of TMEM16 flip-flops

Scramblase activity of TMEM16 proteins appears to play a key role in PS signalling,

and so the specificity of this groove for various lipid head-groups is of considerable

interest. One method to quantitatively examine this for a broad range of lipids and

TMEM16 proteins would use of a tool such as PLUMED [264] to calculate the free

energy landscape of pulling a lipid through the groove, either in CG or atomistic
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Figure 5.4: Repeatable, transparent research through continuous integra-
tion and archiving
An extension to the source control currently used by MemProtMD is shown, using
CI, CD and archiving to improve repeatability and transparency of pipeline results.
Updates to MemProtMD code through git version control are grouped into num-
bered releases. Releases trigger a set of CI and CD processes which archive software
using an OpenAIRE-compliant host such as zenodo.com and build containers using
Docker including all external dependencies, which can be deployed on any host. Up-
dated software is then automatically deployed on in-house and external installations,
providing both simulation management workers and web servers. Updates to the
MemProtMD database would also be assigned version numbers and pushed to an
OpenAIRE compliant archive.
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Figure 5.5: Determining the energy landscape of a TMEM16 lipid flip-flop
A method for calculation of the free energy landscape of TMEM16 lipid flip-flops is
shown. Atomistic or CG simulations can be used to determine the exact pathway
taken by lipid molecules flipped by a TMEM16 scramblase. Using an approach such
as Plumed, multiple simulations could be set up to estimate the free energy of lipid
headgroups at each point along the pathway, and this approach could be applied
to many different lipid head-groups and TMEM16 structures or homology models.
Right - the results of such free energy calculations are imagined for four different
lipid head-groups following this pathway.

representation. This would first require the pathway followed by a lipid to be char-

acterised, which would be possible using simulations described in Chapter 4.

As more TMEM16 structures become available, specificity of TMEM16 structures

and homology models can be assessed for many different lipid types, and amino acid

sidechains responsible for groove selectivity could be identified by energy peaks.

5.3 Closing remarks

Since the publication of the first IMP structure in 1985, enormous progress has been

made in understanding the structure and function of IMPs, with often transforma-

tional results advancing science and technology. Much of this progress has come from

the integration of many and varied methods applied to IMP, from structure deter-

mination and structure prediction to experimental biophysical assays, bioinformatics

studies and biomolecular simulation. Vital to this integration is the transparent ex-
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change of data and methods, and careful curation of datasets such as the PDB and

Membrane Proteins of Known Structure (mpstruc). Tools and resources described

here provide, and will continue to provide, valuable insights into the structure and

function of IMPs, and play some small part in driving closer integration between the

growing array of techniques currently available for the analysis of IMPs.
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[18] Kathrin Marheineke, Sylvia Grünewald, William Christie, and Helmut

Reiländer. Lipid composition of spodoptera frugiperda (sf9) and trichoplusia

ni (tn) insect cells used for baculovirus infection. FEBS letters, 441(1):49–52,

1998.

160



[19] M Garnier, JR Attali, P Valensi, E Delatour-Hanss, F Gaudey, and D Kout-

souris. Erythrocyte deformability in diabetes and erythrocyte membrane lipid

composition. Metabolism, 39(8):794–798, 1990.

[20] Salvatore Pepe and Peter L McLennan. Cardiac membrane fatty acid compo-

sition modulates myocardial oxygen consumption and postischemic recovery of

contractile function. Circulation, 105(19):2303–2308, 2002.

[21] Patricia D Schley, David N Brindley, and Catherine J Field. (n-3) pufa alter raft

lipid composition and decrease epidermal growth factor receptor levels in lipid

rafts of human breast cancer cells. The Journal of nutrition, 137(3):548–553,

2007.
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