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5.1 Introduction
The cellular membrane is a complex combination of lipids and proteins,
whose composition is organelle-, tissue- and age-dependent.1–4 Membrane
proteins are implicated in a wide variety of cellular functions, and comprise
B30% of the human proteome5 and B50% of the current drug targets.6 They
also represent important disease biomarkers.7 Recent breakthroughs in our
understanding of membranes have revealed a highly dynamic, anisotropic,
and heterogeneous lipid environment.8 This complex environment of the
membrane has been shown to play an important role in determining the
interactions of membrane lipids with proteins. Membrane organization and
dynamics, and lipid–protein interactions are studied using a wide range of
experimental approaches. Concomitantly, molecular details of membranes
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and its interactions are being increasingly probed by computational
methods, thanks to the recent advances in computational power. In this
chapter, we discuss representative experimental and computational meth-
ods to analyze membranes in general, with special focus on lipid–protein
interactions. Our aim is to provide a comprehensive overview of our current
understanding of this field by combining the outcomes of experimental
and computational approaches. The information obtained by exploring
the critical lipid–protein interactions would form an important step in
our overall understanding of membrane protein function in health and
disease.

5.1.1 Membrane Components

The predominant lipid components of cellular membranes are phospho-
lipids, cholesterol, and sphingolipids (see Figure 5.1). In the plasma mem-
brane of several cell types, lipids with the zwitterionic phosphatidylcholine
(PC) headgroup form the largest component.3 Phospholipids with charged
headgroups such as phosphatidylserine (PS) or phosphatidylinositol (PI) are

Figure 5.1 Chemical structures of representative classes of lipids found in eukary-
otic cells: (a) glycerophospholipid, (b) cholesterol, and (c) sphingolipid.
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relatively less abundant. The degree of saturation of phospholipid acyl
chains also varies across cellular membranes. Sphingolipids are crucial
constituents of the cell membrane, although they are minor components in
terms of abundance. Cholesterol is an integral part of eukaryotic membranes
and cholesterol content can vary a lot depending on the nature of the cell.
For example, cholesterol content is much higher in cells of neural origin, but
much lower in non-neural cells.9

Membrane proteins interact with the membrane in a number of ways,
including those that span the bilayer completely, interact with one leaflet, or
are attached by lipid anchors. They are involved in a wide variety of cellular
processes, such as signaling and transport. G protein-coupled receptors
(GPCRs) constitute one of the largest families of membrane proteins that
initiate cellular signaling in response to a variety of ligands. Ion channels are
another class of important membrane proteins that transport ions across the
cell membrane. Yet another important class of membrane proteins are those
that interact with the membrane from the outside. The structural charac-
terization of membrane proteins is challenging, although there have been
some successes in the last few years.10 Both a-helical and b-sheet membrane
protein structures have been resolved. Recent reports have highlighted sev-
eral complex structures in a combination of different structural elements
together with large disordered regions.

5.2 Role of Membrane Lipids in Membrane Protein
Organization and Function

The function of several membrane proteins has been shown to be dependent
on membrane lipids. Several facets of membrane proteins, such as ligand
binding, protein–protein association, and conformational dynamics have
been related to membrane lipid composition. The molecular details of how
membrane lipids affect membrane protein function are beginning to emerge.

Several membrane receptors that transmit signals across the membrane
have been shown to bind ligands in a manner that is dependent on the
membrane lipid composition. The most striking examples are those be-
longing to the GPCR family.11–15 A number of experimental findings have
demonstrated that membrane cholesterol modulates the ligand binding
characteristics of the serotonin1A receptor.16,17 In fact, a stereospecific
requirement of cholesterol has been recently reported to be necessary for
receptor function.18 Modulation of ligand binding by cholesterol has been
demonstrated in related receptors, such as the a and b-adrenergic recep-
tors.12,19 Phospholipids, but not cholesterol, have been shown to modulate
ligand binding and G-protein coupling in the neurotensin receptor, another
important member of the GPCR family.20,21 Phospholipids have recently
been suggested to act as allosteric modulators of the b2-adrenergic receptor,
with specific lipid headgroups facilitating agonist or antagonist binding.22
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Interestingly, although sphingolipids have a low abundance in the plasma
membranes, they play an important role in GPCR function.15

The modulatory effect of the membrane is not limited to the GPCR family.
Membrane composition has been demonstrated to have functional effects
on ion channels and modulates the transport of ions across the cell mem-
brane. The ion channel gramicidin has been demonstrated to be uniquely
sensitive to membrane properties such as bilayer thickness and membrane
mechanical properties.23 The function of the nicotinic acetylcholine recep-
tor, a synaptic ion channel, is known to be modulated by the membrane
thickness.24 Similarly, the function of potassium channels has been
demonstrated to be cholesterol dependent.25,26

In addition, the structure and conformational dynamics of several
membrane proteins have been suggested to depend on membrane lipid
composition. Due to the experimental challenges involved in membrane
protein crystallization, only few lipid-dependent structural changes have
been reported. Interestingly, the conformational details of the ammonia
channel have been demonstrated to be dependent on the membrane lipid
composition.27 Additionally, functional protein domains, such as those that
interact with the membrane surface, have been shown to adopt a membrane-
dependent conformation. The N-terminal domain of the GPCR chemokine
receptor 1 (CXCR1) has been shown to be involved in ligand binding and
adopts membrane-dependent structural characteristics.28,29

5.3 Mechanisms for Lipid Regulation of Membrane
Proteins

The mechanism underlying the effect of membrane lipids on the organiza-
tion, function, and dynamics of membrane proteins is complex, arising
due to the various degrees of spatiotemporal heterogeneity displayed by
membranes. It has been proposed that membrane lipids can exert their
effects on membrane proteins in several ways: (i) by direct (specific) inter-
action with the protein, (ii) through an indirect (non-specific) modulation of
the membrane physical properties (thickness, order) in which the protein is
embedded, or (iii) a combination of both.30

5.3.1 Specific Membrane Effects

Membranes with embedded proteins are believed to contain several classes
of lipids, depending on their interaction with membrane proteins. These are
termed bulk lipids, annular lipids, and nonannular lipids.31,32 In crowded
membranes, i.e., in membranes with high protein/lipid ratio, the number of
bulk lipids would be low. The annular lipids are those that form an ‘annulus’
or a shell around the protein. The nonannular lipids could be present at
inter-helical or inter-receptor sites where they remain associated with
the protein for longer time scales. Interestingly, the effect of the protein
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could extend beyond the first annular lipid shell, due to long-range
interactions.

Recent crystallographic results have provided evidence for specific lipid
interactions, since it has become possible in the last few years to resolve
membrane lipids in the high resolution crystal structure of a membrane
protein.33 A large number of membrane protein structures have been re-
ported with bound lipid molecules.12,34 One of the first examples of ‘bound’
lipid molecules in membrane proteins was bacteriorhodopsin35 and, sub-
sequently, aquaporin.36 Figure 5.2(a) depicts the crystal structure of
aquaporin with nonannular lipid molecules bound at the inter-monomer
sites. In the GPCR family, ‘bound’ cholesterol molecules were observed
between monomers37 as well as at an inter-helical site in the b2-adrenergic
receptor.38 Subsequently, closely associated cholesterol molecules have been
resolved in several GPCR structures.12,14 In addition, phospholipids in close
association with GPCRs have been resolved from crystallographic studies.
A number of phospholipid binding sites have been distinguished in the
crystal structure of the A2A adenosine receptor, which form almost a com-
plete annulus around the receptor, in addition to bound cholesterol (see
Figure 5.2(b)).39 Several of these sites have been predicted (or validated) by
computational studies and will be discussed below. Interestingly, a recent
NMR spectroscopy study reported two distinct time scales of cholesterol–
GPCR interactions,40 in line with the predictions from simulations.41 Specific

Figure 5.2 Closely bound lipid molecules in membrane protein structures. Repre-
sentative snapshots of (a) aquaporin (PDB: 3M9I) and (b) A2A adenosine
receptor (PDB: 4EIY) with crystallographically resolved bound lipids
(phospholipid and cholesterol, respectively). The protein is represented
in ice-blue, cholesterol molecules in pink, and phospholipids in cyan.
The protein surface is rendered in light gray.
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lipid interactions have been observed in the ion channel family as well, such
as in the voltage-dependent K1 channel Kv1.2 chimera42 and the voltage-gated
Na1 channel (NavAb).43 Interestingly, a lipid acyl chain was shown to directly
block the channel conductance in the non-conductive conformation of the
TRAAK ion channel (K2P channel family), moving away in the conductive
state.44

5.3.2 Non-specific Membrane Effects

The complex environment of the cellular membrane is dynamic and aniso-
tropic, both laterally and transversally,45 and can indirectly modulate protein
function through a variety of non-specific effects. It is important to under-
stand the properties of the membrane bilayer itself, in order to analyze its
indirect effect on proteins. Membrane thickness, defined as the distance
between the lipid headgroups in the two leaflets, is dependent on several
factors such as the lipid acyl chain length, saturation, membrane phase, and
cholesterol content. Difference in membrane thickness and transmembrane
helix length, known as the hydrophobic mismatch, has been shown to
directly modulate channel properties and conductance in gramicidin.46

Interestingly, modulation of the GPCR structure and function by hydro-
phobic mismatch has been previously reported.47 Another important
membrane property, namely elasticity, has been shown to affect the ligand
binding property of the serotonin1A receptor.48 The membrane dipole
potential, the potential arising due to non-random dipolar organization of
the membrane components, i.e., phospholipids and interfacial water, could
have implications on membrane protein function and organization.49

Membrane curvature is another parameter that could affect the membrane
protein function and distribution.50

5.4 Range of Time Scales Exhibited by
Membranes

Membrane dynamics and lipid–protein interactions span a large range of
time scales (see Figure 5.3). At the sub-nm and sub-ns scale, molecular
interactions play a role in the direct association of lipids with membrane
proteins. Local lipid chain dynamics and protein segmental conformational
dynamics occur at the ms time scale. Membrane topological and curvature
changes can extend over mm and display dynamics at longer (seconds) time
scales. Due to this reason, the study of membrane dynamics and organiza-
tion requires experimental and computational methods spanning a wide
range of time scales. The corresponding experimental and computational
tools used to probe various time scales are shown in Figure 5.3. A popular
experimental strategy extensively used to analyze membrane organization,
dynamics, and lipid–protein interactions is based on fluorescence spec-
troscopy. This includes tools such as fluorescence resonance energy transfer
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(FRET), fluorescence recovery after photobleaching (FRAP), fluorescence
correlation spectroscopy (FCS), and monitoring solvent relaxation rates
using fluorescence.51–55 These techniques probe membrane phenomena at
varying time scales (see Figure 5.3). The advantages of using fluorescence-
based techniques include enhanced sensitivity, minimal perturbation,
multiplicity of measurable parameters, and suitable time scales that allow
the analysis of several relevant molecular processes in membranes. Likewise,
computational approaches, such as atomistic and coarse-grain simulations,
have been very successful in analyzing various aspects of the lipid–protein
interaction and membrane dynamics.41,56 A few representative examples of
experimental and computational approaches to analyze lipid–protein inter-
actions and membrane dynamics are discussed below, with focus on
approaches used by us. It should be noted here that this is not an exhaustive
description of all available methods to study membrane organization and
dynamics.

Figure 5.3 Range of time scales displayed by lipids and proteins in biological
membranes. The range of time scales in which membrane phenomena
take place is truly remarkable and can span more than ten orders of
magnitude. The corresponding experimental and computational tools
used to probe various time scales are also shown. It is obvious that it is
not possible to address these time scales simultaneously using any single
technique (either experimental or theoretical). The judicious choice of an
experimental or theoretical tool with matching time scales is crucial for
addressing problems in membrane biology.
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5.5 Lipid–Protein Interactions: Insights from
Experimental Approaches

We discuss below the application of two representative fluorescence-based
experimental approaches, FRET and FRAP, in deriving molecular details of
lipid–protein and protein–cytoskeleton interactions in the membrane, from
previous work carried out in our laboratory.

5.5.1 Determining Near-neighbor Relationships in
Membranes: Interaction of Melittin with Membrane
Cholesterol utilizing FRET

FRET is a powerful biophysical tool for determining proximity relationships
between fluorophores in membranes. FRET requires a donor and an ac-
ceptor fluorophore in such a way that the emission spectrum of the donor
has substantial overlap with the excitation spectrum of the acceptor.57,58 The
photophysical consequences of FRET are well understood and discussed in
the literature. These include: (i) quenching of the donor emission and donor
excited state lifetimes, and (ii) increase in the sensitized emission from the
acceptor. These changes in photophysics can be quantitatively converted
into energy transfer efficiency, which is related to the proximity between the
donor and acceptor probes typically in the 1–10 nm scale.

Melittin, a cationic hemolytic peptide, is the principal toxic component in
the venom of the European honey bee, Apis mellifera. It is a small linear
peptide composed of 26 amino acids in which the amino-terminal region is
predominantly hydrophobic whereas the carboxy-terminal region is hydro-
philic due to the presence of a stretch of positively charged amino acids. This
amphiphilic property of melittin makes it water soluble and yet it spon-
taneously associates with natural and artificial membranes. Such a sequence
of amino acids, coupled with its amphiphilic nature, is characteristic of
many membrane-bound peptides and putative transmembrane helices of
membrane proteins. This has resulted in melittin being used as a convenient
model for monitoring lipid–protein interactions in membranes.59 Melittin is
intrinsically fluorescent due to the presence of a single tryptophan residue at
the 19th position, which makes it a sensitive probe to study the interaction of
melittin with membranes and membrane-mimetic systems.60,61

Since melittin is a hemolytic peptide, its natural target is the erythrocyte
membrane, which contains a high amount of cholesterol. Interestingly, the
presence of cholesterol in the membrane is known to inhibit the lytic activity
of melittin, both in model membranes62 and in erythrocytes.63 This brings
up the possibility that membrane cholesterol could specifically interact with
melittin, thereby giving rise to these effects. In order to test whether melittin
specifically interacts with cholesterol, i.e., whether there is any clustering of
cholesterol molecules around melittin in the membrane, we carried out a
quantitative near-neighbor relationship assay by FRET in two dimensions
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(as in a membrane bilayer) utilizing the Fung and Stryer formalism.62,64 For
this, melittin acted as the donor and dehydroergosterol (DHE) as the ac-
ceptor for energy transfer. DHE is a naturally occurring fluorescent analogue
of cholesterol which is found in yeast and differs from cholesterol in having

Figure 5.4 (a) Spectral overlap (shown as striped area) between donor (melittin,
solid line) and acceptor (DHE, dashed line). Considerable spectral over-
lap is an important criterion for FRET to occur. The inset shows the
chemical structure of DHE. (b) Mapping out the distance of interaction
between donor and acceptor in the membrane from experimental FRET
data and simulated energy transfer plots (see text and ref. 62 for more
details). Adapted and modified from ref. 62.
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three additional double bonds and a methyl group (see inset in Figure 5.4(a)).
A number of reports have shown that DHE faithfully mimics natural
cholesterol in biophysical, biochemical, and cell biological studies.65,66

Figure 5.4(a) shows that there is considerable spectral overlap between
the emission spectrum of membrane-bound melittin with the absorption
spectrum of membrane-bound DHE, an essential criterion for efficient
energy transfer. A complication of FRET measurements, where donors and
acceptors are localized in the plane of the membrane, is that there could be
a large number of donor–acceptor pairs (and therefore donor–acceptor
distances) for a random distribution of donors and acceptors. Analyzing
the energy transfer results for such a system requires an analytical solution.
Results of the energy transfer measurements between membrane-bound
melittin and DHE were analyzed using the Fung and Stryer formalism64 for
the energy transfer efficiency of randomly distributed donors and acceptors
in membranes. The distance (typically in Å) between the donor and ac-
ceptor that results in 50% energy transfer efficiency, termed as Förster
distance (R0), is an important parameter in the analysis of energy transfer
data and usually ranges between 10–100 Å.58 R0 for the melittin–DHE pair
was calculated to be 16 Å.62 The extent of energy transfer was quantitated
from the extent of quenching of the donor (melittin) fluorescence. The
dependence of the efficiency of energy transfer (E) on the surface density of
the acceptor (DHE) for various R0 was calculated using the Fung and Stryer
framework and is shown in Figure 5.4(b). The experimentally obtained
energy transfer efficiencies were then compared to calculated efficiencies of
energy transfer for a random distribution of donors and acceptors in a two-
dimensional plane using this formalism. The series of calculated plots of
energy transfer efficiency as a function of the acceptor surface density in
the membrane for a range of R0, and for randomly distributed donors and
acceptors in the plane of the bilayer, were generated by the numerical
integration:

E¼ 1� ð1=t0Þ
ð1

0
½FðtÞ=Fð0Þ�dt (5:1)

where t0 is the excited state lifetime of the donor in the absence of the
acceptor, and F (t) is the fluorescence intensity of the donor in an infinite
plane at time t and is given by:

F (t)¼ F (0) exp(�t/t0) exp(�sS(t)) (5.2)

where exp(�sS(t)) is the energy transfer term, F (0) is the initial fluorescence
intensity, s is the surface density of the acceptor (number of acceptors per
phospholipid headgroup area), and S(t) is given by:

SðtÞ¼
ð1

a
½1� expfð� t=t0ÞðR0=rÞ6g�2prdr (5:3)
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where a is the distance of the closest approach of donor and acceptor, the
expression 2prdr represents the probability of finding an acceptor within a
distance r from the donor in two dimensions, and R0 is the Förster distance
between the donor and acceptor. The dependence of the energy transfer
efficiency on the surface density of the acceptor for a range of values of R0,
calculated by numerical integration of eqn (5.2) and (5.3) is shown in
Figure 5.4(b). The experimental data points were superimposed on the
simulated curves and we found that the experimental data fitted best to
an R0 value of 24 Å. This means that the measured energy transfer efficiency
considerably exceeded the actual value of R0 (16 Å). This implies a preferen-
tial association of the donor (melittin) and acceptor (DHE) in the membrane.
These results therefore suggest that there is a close molecular interaction
between melittin and DHE, and their distribution in the membrane is not
random, even at low sterol concentrations. Since DHE is a naturally occur-
ring fluorescent cholesterol analogue, this result indicates that there is a
specific interaction of melittin with membrane cholesterol.62

5.5.2 Interaction of the Actin Cytoskeleton with GPCRs:
Application of FRAP

FRAP is a popular approach used to measure the lateral diffusion of lipids
and proteins in membranes (for a recent review, see ref. 55). FRAP involves
the generation of a concentration gradient of fluorescent molecules by
irreversibly photobleaching a fraction of fluorophores in the region of
interest. The dissipation of this concentration gradient with time due to
diffusion of the fluorophores into the bleached region from the unbleached
regions of the membrane provides an indicator of the mobility of the
fluorescently tagged lipid or protein in the membrane. The recovery of
fluorescence into the bleached area in FRAP experiments is represented by
an apparent diffusion coefficient (D) and mobile fraction (Mf). The rate of
fluorescence recovery provides an estimate of the lateral diffusion coefficient
of the diffusing molecules, whereas the extent of fluorescence recovery
provides an estimate of the mobile fraction, i.e., the fraction of molecules
that are mobile in this time scale. Figure 5.5 shows the underlying principles
of FRAP measurements.

The dynamic heterogeneity observed in cell membranes could be attrib-
uted to the differential confinement of diffusion experienced by the mem-
brane components. When viewed from this perspective, cellular signaling
mediated by proteins could be interpreted as a consequence of differential
mobility of the various interacting partners. This forms the basis of the
‘mobile receptor’ hypothesis, which proposes that receptor–effector inter-
actions at the plasma membrane are controlled by lateral mobility of the
interacting components.68,69 The confinement to diffusion is provided by
the intricate network of the cortical actin cytoskeleton that lies immediately
below the plasma membrane.70 The boundaries of confinement are defined
by transmembrane proteins anchored to the cytoskeleton, thereby acting as
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pickets. This model of the plasma membrane is called the ‘membrane
picket-fence model’.71 The relation between membrane heterogeneity and
differential mobility of the membrane components and their role in regu-
lating cellular signaling represent an interesting problem in contemporary
cellular biophysics.

In our work, we have explored the role of the actin cytoskeleton in the
dynamics of a representative GPCR, the serotonin1A receptor, and its
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implications in signaling.72 Lateral diffusion of membrane lipids and
proteins is known to be influenced by cytoskeletal proteins. We destabilized
the actin cytoskeleton using cytochalasin D, a potent inhibitor of actin
polymerization. Upon destabilization of the actin cytoskeleton by increasing
concentrations of cytochalasin D, the mobile fraction of the receptor showed
a significant increase (the diffusion coefficient remained constant) (see
Figure 5.6). This was accompanied by an increase in signaling by the
receptor, as measured by a reduction in cAMP (Figure 5.6(b)).72 The fact that
the change in signaling was correlated with the change in receptor dynamics
was supported by a positive correlation of B0.95 obtained from a plot of
these two parameters (Figure 5.6(b)). Such a tight correlation between the
mobile fraction of the receptor and its signaling is supportive of the mobile
receptor hypothesis. These results imply that the actin cytoskeleton could
play a regulatory role in signaling by membrane proteins.

5.6 Computational Approaches to Study Membrane
Organization and Lipid–Protein Interactions

In order to analyze the various aspects of membrane organization and lipid–
protein dynamics, computational approaches provide powerful tools to
sample time scales ranging from ns to ms (see Figure 5.3) and length scales
from sub-nm to mm. Atomistic simulations have been successful in analyzing
the conformational dynamics of lipids and proteins. With increasing

Figure 5.5 Application of FRAP to monitor the diffusion of lipids and proteins in
membranes. Panel (a) shows a schematic representation of a membrane
surface with fluorescently tagged proteins (shown in yellow). The dotted
line represents the region of interest (ROI), where the laser beam is
focused. Fi denotes the total fluorescence intensity in the ROI prior to
photobleaching (see panel (b)). Upon irradiation by a strong laser beam,
a population of fluorescently tagged molecules is photobleached, thereby
creating a concentration gradient of fluorescent molecules. The total
fluorescence intensity in the ROI immediately after photobleaching is
termed as F0. The gradient in concentration of fluorescent molecules
created this way will dissipate as time progresses, since unbleached
fluorescent molecules from outside the ROI will move into the ROI due
to lateral diffusion. FRAP is extensively used to measure diffusion
coefficients of fluorescently tagged proteins and lipids in membranes.
The total fluorescence intensity in the ROI at a given time t after
photobleaching (at photobleaching, t¼ 0) is shown as Ft. Analysis of
the rate of fluorescence recovery (from F0 to Ft in time t) provides a
measure of the lateral diffusion coefficient (D). Since membranes are
quasi-two-dimensional, diffusion coefficients measured this way repre-
sent two-dimensional diffusion coefficients. The extent of fluorescence
recovery (Mf), on the other hand, offers information on the fraction of
fluorescent molecules that are mobile in the time scale of FRAP. The
interpretation of D and Mf becomes complicated if the dimensions of the
membrane micro-heterogeneities (domains) happen to be of the order of
or smaller than the dimensions of the ROI (see ref. 67 for details).

Approaches to Study Membranes and Lipid–Protein Interactions 149



computational resources, the dynamic interactions between membrane
lipids and proteins have been analyzed with greater detail. Coarse-grain
simulations have been able to reproduce both specific interactions and non-
specific effects, such as changes in the local membrane thickness. Longer
scale phenomena such as lipid flip–flop, or energetics of membrane-
dependent protein association have been probed by increased sampling
methods and free energy calculations. An integrated approach connecting

Figure 5.6 (a) A schematic representation of the destabilization of the actin cyto-
skeleton (shown as maroon rods) in cellular membranes using cytocha-
lasin D (CD). (b) Close correlation between the number of diffusing
molecules and cellular signaling of the serotonin1A receptor, indicating
the fundamental role of cell membrane dynamics in signaling. The
dashed lines denote the 95% confidence band. Data for panel (b) are
taken from ref. 72.
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various strategies would be instrumental in understanding membrane lipid
and protein dynamics across the hierarchical levels.

5.6.1 Simulating Single Component and Multi-component
Bilayers

Atomistic simulations of membranes have been able to reproduce several
aspects of their structure and dynamics. Atomistic simulations have been
used to study the self-assembly of lipids into bilayers73–75 and their phase-
dependent behavior has been characterized.76 Similarly, coarse-grain (CG)
simulations have been successful in reproducing the self-assembly of
bilayers.77 Both atomistic and CG simulations have been used in conjunction
with X-ray scattering or neutron scattering experiments on lipid bilayer struc-
ture determination.78–81 Current efforts are focused on improving the available
force-fields and toward a closer match with detailed experimental data.82,83 It
has been observed that the acyl chain region structure and dynamics, but not
the interfacial dynamics, are generally well described by these methods. In
addition, changes in temperature, dehydration, and cholesterol content are
predicted correctly in a qualitative fashion.84 Multi-component bilayers are
being increasingly used to study biologically relevant membranes. However,
atomistic simulations of heterogeneous membrane compositions are difficult,
especially due to limited sampling of lipid diffusion.85 To overcome time
scale issues, coarse-grain simulations of multi-component bilayers have been
performed. For example, coarse-grain simulations have been used to capture
lipid dynamics in bilayers closely representing cellular membranes.86,87 The
improvements in the force-field parameters of various membrane components
pave the way toward studying lipid–protein interactions.

5.6.2 Atomistic Simulations Elucidating Lipid–Protein
Interactions

One of the biggest breakthroughs in computational biology has been the
analysis of ms time scale membrane protein dynamics with atomic reso-
lution. These simulations have allowed us to analyze the details of lipid–
protein interactions with improved accuracy. Additionally, lipid-dependent
conformational dynamics are currently being explored. One of the major
challenges is to minimize artifacts in atomistic simulations of membrane
proteins, whose crystal structures are heavily engineered.88 In general,
membrane protein simulations have been shown to accurately reproduce
membrane protein dynamics.

Atomistic molecular dynamics simulations have been successful in
demonstrating the preferential interaction of membrane cholesterol with
certain sites on GPCRs, such as the serotonin1A receptor,89 the b2-adrenergic
receptor,90 and the A2A adenosine receptor.91 Multiple sites have been
identified, a few of which correspond to crystallographically resolved sites.
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A unique motif corresponding to a putative cholesterol binding site, the
cholesterol recognition/interaction amino acid consensus (CRAC) site, has
been highlighted in the serotonin1A receptor.89 A representative snapshot of
a cholesterol molecule associated at the CRAC site on transmembrane helix
V is shown in Figure 5.7. The cholesterol molecule is associated at a ms time
scale to that site. Several other interaction sites have been observed, but due
to the limited time scale of the simulations, they could not be resolved in
detail. These multiple cholesterol interaction sites have been suggested to be
of comparable energy and in competition with other bilayer components.41

These factors contribute to a large stochasticity in the interaction sites, and
the relative strengths of binding remain unclear.

Phospholipid interaction sites have also been identified in the serotonin1A

receptor by ms time scale simulations. A phospholipid molecule was
observed to be associated with the receptor during the time scale of the
simulations.89 However, no unbinding events were observed. Recently,
specific phospholipid association at the cytosolic leaflet has been suggested
to stabilize an active state structure of the b2-adrenergic receptor.92 Inter-
estingly, the simulations suggested that the receptor embedded in an
anionic membrane shows increased lipid binding, providing a molecular
mechanism for the experimental observation that anionic lipids can

Figure 5.7 A representative snapshot of the serotonin1A receptor embedded in a
1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine/cholesterol bilayer, high-
lighting closely associated cholesterol molecules. The cholesterol
molecule at the CRAC site (shown in cyan) of the receptor is shown in
red. The remaining cholesterol molecules are shown in dark salmon. The
phospholipid headgroups are represented in orange, the acyl chains in
gray, and the receptor in ice-blue. The surrounding water has been
omitted for clarity. The figure is based on results from ref. 89.
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enhance the receptor activity. Although several facets of GPCR function have
been elucidated by atomistic simulations, the molecular details of how the
membrane tunes activation are not known.

In addition, lipid effects have been demonstrated in ion channels and
other related membrane proteins using atomistic simulations. The stability
of gramicidin A in lipid bilayers has been successfully probed with atomistic
simulations. The effect of hydrophobic mismatch has been elucidated and
shown to affect peptide orientation and function.93 It has been shown that,
although the channel conformation of gramicidin A is the most stable
structure, it is possible for gramicidin A to change from channel to non-
channel conformation, depending on the local environment of the host
bilayers. In more complex ion channels, such as in Kir2.2, an inwardly rec-
tifying potassium channel, phosphatidylinositol 4,5-bisphosphate binding
sites have been predicted from multi-scale simulations that show good
agreement with experimental results.94 Additionally, in the potassium
channel KcsA, several nonannular lipids close to the channel’s selectivity
filter were identified from simulations that appear to have a functional
role.95 Atomistic simulations therefore have been able to probe membrane–
protein interactions in several membrane proteins at the sub-ms time scale.

5.6.3 Coarse-grain Methods to Analyze Membrane Protein
Interactions

Recent improvements in coarse-grain methods have made it possible
to analyze the ms time scale association of membrane components with
embedded proteins. The association of cholesterol with membrane proteins
in general, and GPCRs in particular, is currently being extensively explored
by coarse-grain simulations.41 One of the first studies was able to identify
several interaction sites on the serotonin1A receptor that are reminiscent
of high occupancy sites.96 Additionally, the cholesterol interaction sites
identified in coarse-grain simulations were similar to those identified in
atomistic simulations.97 Taken together, the atomistic and coarse-grain
simulations have been able to suggest a general picture of cholesterol
interaction sites, although no consensus model exists. They can be thought
to represent hot-spots instead of binding sites that exhibit ms time scale
lifetimes and fast exchange with bulk lipids. Phospholipid interaction sites
have been identified in the b2-adrenergic receptor98 that are at the same
site as that observed in atomistic simulations of a related receptor, the
serotonin1A receptor.89 Coarse-grain simulations are emerging as an im-
portant tool to analyze lipid–protein interactions in GPCRs.

An important contribution of coarse-grain simulation studies has been the
elucidation of GPCR association. One of the first studies, focusing on
rhodopsin organization in bilayers of varying thickness, suggested that
receptor association is influenced by bilayer perturbations around the
receptor.99 A similar trend was reported for b1- and b2-adrenergic receptors, in
which the mismatch was observed to correlate with receptor association.100
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The influence of bilayer perturbations on receptor association can be
considered to be an indirect or non-specific membrane effect. On the other
hand, direct effects arising from the cholesterol interaction sites have been
reported.97 In this study, helices with a mismatch were observed at the dimer
interface, similar to those on an earlier report.100 However, the population
analysis did not completely match the extent of the mismatch, i.e., the
transmembrane helices with the maximum mismatch were not necessarily
those maximally observed at the dimer interface.98 These studies appear to
suggest that the driving forces for GPCR association are much more complex
than just hydrophobic mismatch or cholesterol occupancy. Both direct and
indirect membrane effects contribute toward the association of receptors.

Coarse-grain simulations have become a preferred choice for analyzing
several aspects of membrane proteins. For example, a combined coarse-
grain and atomistic simulation study has demonstrated the conserved
interactions of lipids across the aquaporin family.101 These authors were
able to show that sites of phospholipid interactions matched well with the
electron density observed in two dimensional crystals. Interestingly, similar
to GPCRs, the sites of interaction were suggested to be dynamic and exhibit
fast interchange with bulk lipids. Due to the limitations of the coarse-grain
force-field in incorporating electrostatics, detailed electrostatics simulations
with ion channels are limited. A recent study on transient receptor potential
(TRP) channels suggested that channel gating is robust to lipid perturb-
ation.102 Further studies are necessary to analyze the details of these
interactions.

The interaction of surface-bound and lipid-anchored proteins has been
elucidated with coarse-grain simulations. Due to the longer time scales of
the simulations, an improved sampling of the lipid interactions has been
achieved, which allows a close comparison with experiments. In simulations
of caveolin-1, a protein involved in endocytosis, modulation of protein
orientation and association was observed in cholesterol-rich bilayers.103

A direct comparison with experiments regarding the depth of association in
different bilayers was made and a good correlation was observed. Interest-
ingly, a specific interaction between cholesterol and the protein was not
observed, despite previous speculations about cholesterol-binding sites on the
protein. Similarly, despite a clear dependence on charged lipid types, a direct
lipid interaction has not been observed in lipid-anchored proteins such as
LC3.104 Additional studies are required to delineate the role of specific and
non-specific effects.

5.6.4 Enhanced Sampling Methods

With current computational resources, it is difficult to probe phenomena
occurring beyond the ms time scale with adequate sampling. Enhanced
sampling methods help to overcome this limitation by biasing the simu-
lations toward a particular path or state. Such methods include umbrella
sampling, force pulling and accelerated molecular dynamics approaches.
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Although unbiased molecular dynamics simulations can better represent the
equilibrium evolution of the system without any external bias (potential/
force) or reaction coordinate, they are limited by the phase space they
sample. Biased simulations help to improve sampling, and with careful
analysis can be used to estimate the underlying unbiased true energy
landscape. In the case of membrane proteins, umbrella sampling has been
employed to calculate a potential of mean force (PMF) of GPCR association
along a given reaction coordinate (inter-helical distance).105 A 1D PMF was
calculated for only limited dimer interfaces (e.g., a 1/8 helix interface) and
the sampling of the other dimer interfaces was absent. Importantly, no
lipid–protein interactions were discerned and the membrane composition
dependent association is yet to be elucidated.

5.7 Future Perspectives: The Road Ahead
In this article, we have highlighted representative experimental and com-
putational approaches to address contemporary questions in membrane
biophysics related to membrane organization and lipid–protein interactions.
These are exciting times for membrane researchers since we are able to use
complimentary approaches to address membrane problems at a spatio-
temporal resolution that was not possible to achieve even a few years back.
For example, recent advances in spatiotemporal resolution106 and compu-
tational power107 would enable us to address membrane spatiotemporal
heterogeneity with robust experimental measurements and simulation. We
envision that the knowledge generated using these tools on membrane or-
ganization and interactions will provide novel insight in understanding
membrane phenomena in healthy and diseased states.
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W. Kulig, A. Lamberg, C. Loison, A. Lyubartsev, M. S. Miettinen,
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