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Identification and assessment of cardiolipin  
interactions with E. coli inner membrane proteins
Robin A. Corey1, Wanling Song1, Anna L. Duncan1, T. Bertie Ansell1,  
Mark S. P. Sansom1, Phillip J. Stansfeld1,2*

Integral membrane proteins are localized and/or regulated by lipids present in the surrounding bilayer. While 
bacteria have relatively simple membranes, there is ample evidence that many bacterial proteins bind to specific 
lipids, especially the anionic lipid cardiolipin. Here, we apply molecular dynamics simulations to assess lipid binding 
to 42 different Escherichia coli inner membrane proteins. Our data reveal an asymmetry between the membrane 
leaflets, with increased anionic lipid binding to the inner leaflet regions of the proteins, particularly for cardiolipin. 
From our simulations, we identify >700 independent cardiolipin binding sites, allowing us to identify the molecular 
basis of a prototypical cardiolipin binding site, which we validate against structures of bacterial proteins bound to 
cardiolipin. This allows us to construct a set of metrics for defining a high-affinity cardiolipin binding site on 
bacterial membrane proteins, paving the way for a heuristic approach to defining other protein-lipid interactions.

INTRODUCTION
Cells are partitioned and encapsulated by biological membranes 
that are formed from a complex mixture of different lipids. Here, 
the lipids provide the necessary hydrophobic environment required 
to localize and tether the proteins to and/or within the membrane, 
acting as a solvent for the membrane-spanning region of the 
protein. In addition, specific interactions between particular mem-
brane lipids and discrete regions on the surface of the protein can be 
of considerable importance, controlling how the protein folds, 
localizes, and functions (1). Therefore, lipid composition and 
distribution can have a major impact on the regulation of cell 
membrane activity.

The identification of specific protein-lipid interactions has been 
tackled for a number of different proteins. In the well-studied model 
Gram-negative bacteria Escherichia coli, for instance, which has a 
relatively simple plasma membrane, the anionic phospholipid 
cardiolipin (“CDL;” also known as “CL”) has been shown to interact 
specifically with several membrane proteins, including AmtB (2), 
SecYEG (3), formate dehydrogenase-N (4), and LeuT (5–7). How-
ever, there has been little in the way of systematically modeling 
CDL interactions with a range of different bacterial proteins in 
a single study.

Protein-lipid interactions are frequently studied using computa-
tional methods, such as with molecular dynamics (MD) simulations 
(1, 8). These allow analysis of a given protein-lipid interaction with 
a high spatial and temporal resolution, as well as allowing a relatively 
unambiguous assignment of molecular species. In particular, the 
use of a coarse-grained (CG) biomolecular force field, such as 
Martini (9, 10), has been widely used for studying protein-lipid 
interactions (11). By reducing the degrees of freedom of a given 
system, sampling is improved, albeit with an associated loss in 
chemical resolution. This permits the dynamic modelling of protein-
lipid interactions, which typically occur on the microsecond 
time scale.

Here, we use CG simulations to analyze lipid interactions with 
42 E. coli inner membrane proteins, with each protein simulated in 
simple bacterial membranes. Global analysis of the data shows a 
strong bilayer asymmetry, with substantially more anionic lipid 
binding in the inner leaflet of the membrane, particularly for 
CDL. This is primarily driven by an increased number of lipid-
facing basic residues on the cytoplasmic face of the membrane, 
extending the well-established positive inside rule (12) to residues 
that interact with the membrane. We then resolve over 700 discrete 
CDL-binding sites from the dataset and analyze using structural 
bioinformatics and free-energy calculations. The data allow us to 
describe rules for a high-affinity CDL-binding site on bacterial 
membrane proteins. Last, we illustrate that our rules have strong 
agreement with previously determined CDL sites on bacterial mem-
brane protein structures.

RESULTS
We constructed and simulated 42 different protein/membrane 
systems of E. coli inner membrane proteins using the CG Martini 
force field [Fig. 1, A and B (9, 10)]. Symmetric membranes were built 
using 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphoethanolamine 
(POPE), 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphoglycerol (POPG), 
and CDL at a 7:2:1 ratio and simulated for 5 × 5 s. In total, we 
generated over 1 ms of simulation data. We used these data to first 
analyze the global properties of protein-lipid interactions in the 
model E. coli membrane and then to identify and characterize 
specific protein-CDL interactions.

Distribution of residues in contact with the membrane
First, we carried out a global analysis of the nature of protein-lipid 
interactions in our dataset. Across the 42 systems, we see that CDL, 
and to a lesser extent PG, binds with a high propensity to the 
proteins, as measured by quantifying residue-lipid contacts within 
0.6 nm (Fig. 2A and fig. S1A). Moreover, there is a strong asymmetry 
with regard to the inner (cytoplasmic) and outer leaflets, with CDL 
in particular far more likely to bind the protein when in the inner 
leaflet of the membrane. Looking at the distribution of residues in 
contact with the membrane (Fig. 2B), this is explained by both 
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Fig. 1. Overview of the methodology. (A) Views of an example protein (AcrB; PDB, 1IWG), colored according to chain, shown in the input atomic resolution (top) and in 
Martini CG description (center) and embedded in a Martini CG lipid membrane (bottom). (B) Views of all 42 proteins analyzed in this study, with their common protein 
names shown above. Protein coordinates are shown in gray, and phosphate beads are shown in orange. PDB and UniProtKB IDs for each system can be found in table S1.
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Fig. 2. Cross-membrane asymmetry in protein-lipid interactions. (A) Quantification of the number of each type of lipid in contact with the different proteins, 
expressed as a propensity (see Methods). Data are divided between the inner and outer leaflets, with one data point per lipid, per leaflet, per protein. Box plots show the 
median, upper and lower quartiles, and range (excluding flier points). Statistics are from two-tailed t tests, with P < 0.001 in all cases. The raw data are plotted in fig. S1A. 
(B) Total number of Arg and Lys residues in contact with lipid molecules, plotted as a function of z-axis position, centered on the center of mass of the membrane. Gray 
lines mark the position of the lipid phosphate groups. Substantially more contacts are made in the inner leaflet than in the outer leaflet. The same analyses for other 
residues are in fig. S1C.
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membrane-facing Arg and Lys being substantially more prevalent 
in the inner leaflet (−2 nm) than in the outer leaflet (+2 nm). This is 
even more pronounced for CDL-facing residues (fig. S1B). Nonbasic 
residues are evenly distributed between the two leaflets (fig. S1C). This 
substantiates that the previously asserted “positive-inside” rule for 
membrane protein topology (12) applies to distribution of not only resi-
dues but also amino acids that directly interact with the membrane.

Analysis of CDL-residue interactions
The high binding likelihood of CDL, and the seeming importance 
of Arg/Lys interactions in this, led us to build interaction profiles for 
CDL and each residue type. As expected, the CG beads representing 

the CDL phosphate groups are most likely to be in contact with Arg 
and Lys residues (Fig. 3), with Arg slightly more prevalent, presum-
ably reflecting the higher propensity for Arg in membrane-facing 
positions (Fig. 2A). This role of basic residues in CDL binding 
supports previous structure-based predictions (13).

The central glycerol also makes substantial contacts to Arg and 
Lys (Fig. 3), with Ser, Gly, and Thr residues next most likely. The 
similarity between the phosphate and glycerol beads is probably due 
to their close proximity and the shape of the CDL headgroup. The 
tail-connecting glycerol beads appear to bind to aromatic residues 
(Phe or Trp), as well as contacting small hydrophobic residues (Leu and 
Val), or basic residues (Fig. 3).

PO1 PO2

GL0

GL1–4

Tail

Fig. 3. CDL-residue interaction profiles. Number of contacts between each bead type of the Martini CDL molecule and each residue for the proteins analyzed here. The 
five highest interacting residues are shown. Bar charts show mean and SEM over all 42 systems. Full residue data, and data for PE and PG, are available in fig. S2.
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Identification of specific CDL-binding sites 
and the importance of basic residues
We next set out to identify specific CDL-binding sites from our 
simulation data. We followed an approach described recently (14, 15), 
where contacts between each residue in the system and each lipid 
are modeled for every frame of the trajectory, and interaction 
matrices are constructed. A network analysis clustering protocol is 
then applied to identify clusters of residues that bind CDL at the 
same time. For this, only interactions involving the three headgroup 
beads (GL0, PO1, and PO2) are considered. This analysis was run 
using a program designed specifically for this purpose (https://
github.com/wlsong/PyLipID). From this, we identified 701 specific 
CDL sites with residence times above 10 ns (see Methods for filtering 
process). The identified sites had a median of 36% CDL occupancy 
(Fig. 4A). Representative protein structures with CDL bound are 
deposited at https://osf.io/gftqa/.

On the basis of the data in Fig. 3, it seems reasonable to predict 
that the presence of Arg or Lys residues would affect the affinity of 
the site. Of the 701 sites, ca. 60% contain at least one Arg or Lys residue, 
and these have a median CDL occupancy of ca. 53% (Fig. 4A), as 
opposed to just 14% for sites without a basic residue present (Fig. 4A). 
We also saw a higher number of sites and median occupancy for 
sites with at least one basic residue in the cytoplasmic leaflet, when 
compared with the periplasmic leaflet (fig. S3A), although high-
affinity periplasmic sites do still exist [see, e.g., (4, 16)].

For the 60% of sites that do contain an Arg or Lys residue, the 
mean number of basic residues for each site was 1.9 ± 1.3, with an 
overall site size of six residues (fig. S3B). Hence, we looked at the 
impact at having two or more basic residues in the site and saw that 
this gives an even higher site occupancy of 64% (Fig. 4A), as opposed 
to 37% for only one basic residue (Fig. 4A).

Visualizing some example sites produced by PyLipID reveals 
that most sites have two to three basic residues in very close proximity 
to one another (fig. S4). Therefore, we filtered the sites on the basis 
of the presence of two or more adjacent basic residues (i.e., within 
0.8 nm; fig. S3C). Thirty-two percent of sites with basic residues 
contain adjacent Arg/Lys residues, and typically, these basic resi-
dues are very close on the z axis (median, 0.21 nm; fig. S3D). Notably, 
the median occupancy of these sites (72% for two or more basic 
residues; 70% for three or more) is far higher than that of sites with 
two or more Arg/Lys residues that are not adjacent (59%; Fig. 4A).

Together, these observations suggest that higher occupancy 
CDL sites in E. coli membrane proteins contain two or more basic 
residues that are adjacent, i.e., within 0.8 nm, and within 0.2 to 
0.3 nm on the z axis, i.e., parallel to the membrane.

Other features of a two–basic residue site
Of the 138 identified sites with adjacent Arg/Lys residues, we 
analyzed other features that were associated with higher CDL binding. 
First, analysis of the type of secondary structure the Arg/Lys residues 
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Fig. 4. Characterization of identified CDL sites. (A) Violin plot showing the computed occupancies for identified CDL-binding sites with binding durations above 10 ns. 
All sites (“All”), sites with any Arg/Lys residue (“KR”), no Arg/Lys (“No KR”), only one Arg/Lys (“1 KR”), at least two Arg/Lys (“≥2 KR”), and then at least either two or three 
structurally adjacent Arg/Lys residues (“≥2 KR adj” and “≥3 KR adj”) are shown. Reported median and interquartile range values can be found in table S2. (B) CDL occupancies 
for sites with two or more structurally adjacent Arg/Lys residues and either with or without Gly, His, Pro, Ser, and Thr. Statistical analysis from a two-tailed t test, with 
P values of 0.008, 0.007, 0.021, 0.001, and 0.0183, respectively.

https://github.com/wlsong/PyLipID
https://github.com/wlsong/PyLipID
https://osf.io/gftqa/
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are on reveals that there is no preference for these residues to be 
either on helix or loop regions of the protein (fig. S5A). This finding 
contrasts with a previous study looking at mitochondrial structures 
(13), a disparity perhaps explained by the inclusion of loop dynamics 
in our study.

Then, we looked at other residues present in the binding sites. 
Several residue types appear to contribute to CDL-binding likelihood, 
including Gly (ca. 36% of sites), His (ca. 22% of sites), Ser (ca. 30% 
of sites), and Thr (ca. 27% of sites), which all increase the median 
occupancy of the CDL site (Fig. 4B). This fits well with the observation 
that Ser, Gly, and Thr all have high levels of CDL headgroup inter-
actions (Fig. 3). Conversely, Pro (ca. 33% of sites) decreases the 
median occupancy of the CDL site.

Contribution of different residues to CDL-binding energy
To assess the contributions of different residues to CDL binding, 
we performed alanine-scanning free-energy perturbation (FEP) 
calculations. Here, a positive G value indicates a higher affinity 
for CDL than PE (see Methods for details). We applied this approach 
to selected residues in 10 different binding sites, for a total of 
102 mutations (see Fig. 5A for three example sites). The data show a 
reasonable range in the values for each residue type, with the primary 
observation being that Arg/Lys residues have a median interaction 
energy of 1.6 (0.8 to 2.4) kJ mol−1 for CDL over PE (Fig. 5B), i.e., 
they interact with CDL more strongly than with PE. Of note, in some 
cases, the substitution of Arg/Lys for Ala decreases the strength of 
the CDL interaction. This occurs in cases where there are four or 
more basic residues in total in the site, suggesting that once two to 
three basic residues are present, the addition of further basic resi-
dues diminishes the strength of the CDL coordination.

In addition, certain aromatic residues show a preference for 
CDL over PE (Fig. 5B), supporting the prediction in Fig. 3. However, 
the median interaction energy is close to 0, so these residues need to 
be assessed with respect to the overall composition of the site.

CDL-binding site rules and experimental validation
Taking the data together, it is clear that a high-affinity CDL site has 
a few key features: two to three adjacent basic residues in the same plane 
of the membrane, one or more polar residues, and a neighboring 
aromatic residue deeper within the membrane. To evaluate these 

rules using experimental data, we analyzed structures previously 
deposited in the Protein Data Bank (PDB). First, a direct comparison 
of our data with the bound CDL in E. coli formate dehydrogenase-N 
[PDB, 1KQF (4)] reveals that our CG data correctly predict the 
structural site (Fig. 6A), with a very high (74 ± 24%) CDL occu-
pancy across the subunits, and that the site follows the rules out-
lined above.

We then carried out a broader analysis, identifying a further 18 
CDL sites across five additional proteins [from (17–21); see Methods 
for details]. We compared these to our CDL site rules, observing 
excellent agreement (Fig. 6B and table S4).

DISCUSSION
Membrane proteins bind to, and are often regulated by, many 
different lipids from the surrounding bilayer. A number of studies 
have attempted to detect and probe these interactions, usually fo-
cusing on one system at a time, with notable exceptions (11). Here, 
we investigate interactions between membrane proteins and lipids in 
the bacterial inner membrane, focusing on systems for which high-
resolution structural data of the E. coli membrane protein exist.

Our analyses reveal a notable pattern of asymmetry between the 
inner and outer leaflets of the membrane, with anionic CDL and PG 
binding much more readily to the inner leaflet region of the protein. 
This appears to be driven by an increased number of lipid-facing 
basic residues on the cytoplasmic face of the proteins (Fig. 2B), as 
previously predicted (22). This might affect the ratios of lipids in 
each leaflet of the membrane—if CDL and PG are sequestered at 
high-affinity binding sites on proteins, they are plausibly more likely 
to avoid recycling, as seen for mitochondrial CDL (23), contributing 
to a net asymmetry between the leaflets of the membrane. It is 
unclear what the biological necessity for this is: The proposed stabi-
lization of membrane proteins (24) and/or role as a proton sink (25) 
in mitochondrial inner membranes could easily act in both leaflets 
of the membrane. CDL asymmetry does contribute to high membrane 
curvature in mitochondria (26), but this effect is largely absent in 
E. coli. Alternatively, the asymmetry could be in place to help 
balance the charges arising from the positive inside rule (12) or even 
help to directly establish the positive inside rule by influencing protein 
topology (27). Experimental analyses looking at CDL distribution 
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in the membrane, like those similarly performed for PE distribution 
(28), would be useful to confirm these findings.

In addition, our data reveal a set of rules for a high-affinity CDL-
binding site on an E. coli—and therefore likely bacterial—membrane 
protein. These are the following:

1) Two to three basic residues in close proximity, i.e., within 
0.8 nm of each other, within 0.2 to 0.3 nm of each other on the 
z axis, and roughly 1.8 nm from the center of the membrane. These 
likely coordinate the two phosphates of the CDL molecule (Fig. 3). 
FEP analyses suggest that each basic residue will contribute, on 
average, 1.6 kJ mol−1 to CDL binding above that of PE—and some-
times up to 4 to 5 kJ mol−1—and suggest that more than three basic 
residues is not necessary or desirable for a CDL site.

2) The presence of at least one polar residue, e.g., Ser, Thr, or His. These 
are often in a similar plane to the basic residues and are likely important 
for stabilizing the CDL headgroup, particularly the central glycerol.

3) One or more aromatic residues, slightly deeper within the 
membrane. These probably coordinate the glycerol groups connecting 
the phosphate headgroup to the acyl tails.

We also note the common occurrence of Gly residues at the CDL 
headgroup, which is associated with a higher binding affinity of 
CDL (Fig. 4B). The lack of a side chain might help Gly pack tightly 
against the central glycerol of CDL, although additional analysis 
with atomistic simulation would be necessary to confirm this.

CDL is also highly abundant and functionally important in the 
mitochondrial membrane, where it has been shown to bind specifically 
to a wide range of proteins, including Tim23/Tim50 (29), F-ATPase 
(30), and Complex I (31). Previous structure-based analyses of 
mitochondrial proteins suggest overlap with the rules we identify 
here (13, 32). It would therefore be interesting to extend these analyses 
to mitochondrial proteins to see how universal our proposed CDL-
binding rules are.

Certain caution should be drawn from the use here of a CG 
model of CDL. This reduces the accuracy with which interactions 
are defined, particularly in terms of electrostatics, which will affect basic 
residues, and polarizability, which will particularly affect aromatic 
side chains. However, considerable success has been achieved using 
CG to model protein-lipid interactions (1, 8), and here, we use the 
newest version of Martini (v3), which should have an improvement 
in accuracy (33). Moreover, direct comparison of the CG and atomistic 
binding poses for a chosen system suggests that good agreement is 
retained at the atomistic resolution (fig. S7).

Future work incorporating additional atomistic data will permit 
additional insight into the data presented here and allow a higher 
degree of accuracy when distinguishing between similar sites with 
different lipid binding properties. Nevertheless, the increased chemical 
resolution will also likely make data interpretation more difficult, 
necessitating the use of more advanced statistical analyses.

While here we have largely focused on CDL over PG binding, 
there may be interesting comparisons to be made between these two 
anionic lipids in terms of how they interact with the different binding 
sites. While the headgroups are similar, i.e., two PG molecules is 
roughly one CDL, there are differences that arise from the central 
glycerol of CDL holding the two charged phosphate groups in close 
proximity. To bring two PG headgroups this close within a binding 
site would have both an enthalpic (Coulombic) and an entropic cost, 
which is not the case for CDL. Furthermore, the CDL has a very 
specific headgroup structure that it seems unlikely that two PG 
molecules would readily adopt.

Our study focuses principally on lipid headgroups, with little analysis 
of the contribution of lipid tails to binding. As a necessary simplification, 
we chose to use simple palmitoyl-oleyl tails, where oleyl was chosen 
to represent the bacterial vaccenyl tail group. Therefore, future analyses 
might also be important to investigate lipid tail diversity (34).
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METHODS
Building systems
We referred to the MemProtMD database [http://memprotmd.
bioch.ox.ac.uk (35, 36)] to identify 42 unique E. coli inner membrane 
proteins with structural information available in the PDB. For each 
protein, a single representative set of coordinates was chosen, with 
the full list of PDB IDs used found in table S1. For each PDB ID, 
the atomic coordinates of the protein were downloaded from the 
MemProtMD database. The protein coordinates were extracted and 
converted to the Martini 3 open beta package v3.0.b.3.2 (9, 10, 33). 
All side chains were set to their default charge state, with His set to 
neutral. The proteins were then built into symmetric E. coli inner 
membranes using the insane protocol (37) with 67% POPE, 23% 
POPG, and 10% CDL (using a −2 charge model with 23 CG beads; 
see Supplementary Methods for the topology used) in each leaflet. 
Note that because of the CG nature of the Martini force field, 
here, oleyl has been chosen to represent to common bacterial vac-
cenyl tail group.

Systems were solubilized with Martini 3 waters and ions to a 
neutral charge. Systems were minimized using the steepest descent 
method and then equilibrated in two rounds using 5-fs time steps 
for 1 ns and 20-fs time steps for 100 ns. Both equilibration steps 
used a semi-isotropic Berendsen barostat (38) at 1 bar and a velocity-
rescaling thermostat (39) at 323 K. Production simulations were 
then run using the Parrinello-Rahman barostat (40) at 1 bar using 
20-fs time steps over 5 s, running five repeats. All simulations were 
run using Gromacs 2019 (41, 42).

The systems were analyzed using gmx tools and MDAnalysis 
(43). Images were made with VMD (44), and plots were made with 
Matplotlib (45) and Prism 8.

Modeling asymmetry in lipid contacts
For each of the 42 protein systems, the total number of each lipid 
type in contact with the protein was determined for both inner and 
outer leaflets of the membrane, as determined using the topology 
information present in the Orientations of Proteins in Membranes 
(OPM) database (46). For each of the five repeats, average contacts 
(based on the distance between any protein residue and any bead 
from the lipid molecule being less than 0.6 nm) were taken for 0.5 to 
5 s of each simulation, using the Gromacs tool gmx select. Data for 
CDL, PG, and PE binding to each protein were combined and plotted 
as lipid binding propensity, where propensity is defined as

	​​  
Target lipid as % of bound lipid

   ──────────────────   Target lipid as % of total lipid  ​​	

So, if 20% of the lipid bound to the protein surface was CDL, and 
10% of the total lipid was CDL, then the propensity would be the 
ratio of these, i.e., 20/10 = 2. The raw data are plotted in fig. S1A.

Position of lipid-contacting residues across the membrane
As the vast majority of the systems had planar bilayers, to establish 
a profile for protein-lipid interactions across the span of the 
membrane, simulations were aligned according to the lipid phosphate 
beads such that the center of the membrane was set to 0 nm on the 
z axis. The probability that each residue in the system contacts any 
lipid over the 5 × 5 s of data was then calculated on the basis of a 
0.6 nm cutoff. For every residue with a lipid contact probability 
greater than 10% of the simulation time, we extracted the z-axis position 

from the final frame of the PO4 bead normalized simulation. We 
then plotted a histogram of these residues along the z axis.

CDL-residue interactions
Predictions of CDL-binding sites were made on the basis of the 
frequency of contact of each CDL particle with different protein resi-
dues across all 42 systems. Contact was determined as the number 
of frames of the simulation, where the specified particles from the 
lipid and residue were within 0.6 nm, calculated using MDAnalysis. 
For each bead type, the five highest contacting residue types were 
plotted, with all residues plotted in fig. S2 for all three lipid types.

Identification of lipid binding sites
Identification of CDL-binding sites was performed following a 
kinetic analysis of residue-lipid interactions, based on (14, 15). The 
program we wrote for this purpose is available at https://github.
com/wlsong/PyLipID, with full details to be published separately. 
In brief, our approach determines whether each possible lipid/residue 
pair is in contact at each frame of the simulation and then uses 
graph theory to cluster residues with high likelihood of simultaneously 
binding the same CDL headgroup. For this, a double cutoff model 
is used: Once the lipid-residue distance is smaller than the first 
cutoff of 0.55 nm, it is considered bound until the distance goes 
over a distance of 1 nm. A dual cutoff is used to account for variability 
in the lipid position within the binding site due to random fluctua-
tions. Only CDL was analyzed, and only interactions involving the 
three headgroup beads (GL0, PO1, and PO2) were analyzed.

For each site, a global occupancy of the site was calculated on the 
basis of the number of frames that CDL spends in contact with at 
least one residue in the site (framesbound)

	​ Occupancy  = ​  ​frames​ bound​​ ─ ​frames​ total​​
  ​​	

From the 42 systems, we identified 986 CDL-binding sites, with binding 
site residence times (the time the lipid is continuously in contact 
with any residue from the site) ranging from extremely short 
(ca. 1-ns time scale) to 2 to 3 s in length. To simplify our data, we chose 
only the 701 sites with calculated binding site residence times above 
10 ns, as any time below this threshold is likely just accounted for by 
random diffusion of the CDL molecule. The inclusion of these sites 
does not affect the main outcomes of the study (e.g., fig. S3E). In 
addition, any individual residues with binding occupancies below 
10% of the total site occupancy were removed before analysis.

Identification of adjacent basic residues in sites
To determine which sites contain adjacent basic residues, we ex-
tracted the Cartesian coordinates of the backbone (“BB”) bead of all 
Arg or Lys residues from the identified site from the input model. If an 
individual site has two or more basic residues within 0.8 nm in three-
dimensional space, we classified these as an adjacent pair. The value 
0.8 nm was chosen as a reasonable cutoff based off the distribution 
of the distance between basic residues in sites with two or more 
basic residues present (fig. S3C).

Alanine scanning FEP
For selected identified sites with CDL occupancies above 50%, as 
determined using PyLipID, alanine scanning FEP calculations were 
performed on any residue in contact with the CDL for at least 50% 

http://memprotmd.bioch.ox.ac.uk
http://memprotmd.bioch.ox.ac.uk
https://github.com/wlsong/PyLipID
https://github.com/wlsong/PyLipID
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of the overall site occupancy, apart from Gly and Ala (being too similar 
to Ala). For this, the selected residues were alchemically perturbed 
to the one-bead Martini 3 open beta Ala through conversion of their 
side-chain (SC) beads to dummy particles with no Lennard Jones (LJ) 
or Coulombic interactions. We ran these FEP calculations in the 
presence or absence of CDL to measure the effect of mutation on 
lipid binding [as per (47)].

Poses for each site comprising the protein and bound CDL were 
produced using the PyLipID program. These were then embedded 
into a solvated Martini POPE membrane, using the insane protocol. 
The systems were minimized using steepest descents and equilibrated 
for 10 ns using 20-fs time steps, as described above. The lipid was 
kept in the binding site using a 1000 kJ mol−1 nm−2 flat bottom 
restraint between the center-of-mass (COM) of the CDL headgroup 
and the COM of the site residues, applied using plumed 2.2.3 
(48, 49). For calculations of the system without CDL, the CDL 
molecule was deleted, and a 100-ns equilibration simulation was 
run to allow the membrane to equilibrate around the protein.

For the FEP calculations, Coulombic and LJ parameters were 
switched separately over the  coordinate, over 17 windows with 
certain windows overlapping, following this scheme:

; init_lambda 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
vdw_lambdas = 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
coul_lambdas = 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.0 1.0 1.0 

1.0 1.0 1.0
Each  window was run for 10 repeats for 12 ns, with the first 

2 ns discarded as equilibration. The separate windows were con-
structed into energy landscapes along  using Multistate Bennett 
Acceptance Ratio (MBAR) (50) as implemented in alchemical analysis 
(51). Convergence is shown for one case (5JWY) in fig. S6A.
G values were computed using the cycle in fig. S6B. Here, we deter-

mined the energy cost of substituting a residue to an alanine when bound 
(Garg>ala.CDL) and not bound (i.e., in a pure PE membrane; Garg>ala.PE) 
to a CDL molecule. A positive G (Garg>ala.CDL − Garg>ala.PE) 
means that the residue is interacting more strongly with the CDL 
than with a generic lipid.

Analysis of PDB entries
The PDB was queried for the chemical ID “CDL,” giving 222 struc-
tures (as of February 2021), 64 of which were bacterial. In addition, 
one system in which the ligand was labeled as “CDN” was added. 
Filtering out duplicate entries for the same system left seven unique 
structures, with 19 CDL sites. Comparison with the proposed CDL 
rules was made on the basis of visual inspection (see table S4). Note 
that PDBs containing modified fluorescent CDL derivatives were 
not included in this analysis.

Atomistic simulations
For a CG snapshot of CDL bound to formate dehydrogenase N from 
our FEP analyses, we converted the system to an atomistic description 
using the CG2AT (v2) protocol (52). Protein and lipids (1 CDL and 
848 POPE) were described with the CHARMM36 force field (53) 
and solvated with TIP3P water and Na+ and Cl− to 150 mM.

The systems were energy-minimized using the steepest descents 
method and then equilibrated with positional restraints on heavy 
atoms for 100 ps in the NPT ensemble at 310 K with the V-rescale 
thermostat and semi-isotropic Parrinello-Rahman pressure coupling. 
A production simulation was run without positional restraints, with 
2-fs time steps over 200 ns.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/7/34/eabh2217/DC1

View/request a protocol for this paper from Bio-protocol.

REFERENCES AND NOTES
	 1.	 V. Corradi, B. I. Sejdiu, H. Mesa-Galloso, H. Abdizadeh, S. Y. Noskov, S. J. Marrink, 

D. P. Tieleman, Emerging diversity in lipid–protein interactions. Chem. Rev. 119, 
5775–5848 (2019).

	 2.	 J. W. Patrick, C. D. Boone, W. Liu, G. M. Conover, Y. Liu, X. Cong, A. Laganowsky, Allostery 
revealed within lipid binding events to membrane proteins. Proc. Natl. Acad. Sci. U.S.A. 
115, 2976–2981 (2018).

	 3.	 R. A. Corey, E. Pyle, W. J. Allen, D. W. Watkins, M. Casiraghi, B. Miroux, I. Arechaga, 
A. Politis, I. Collinson, Specific cardiolipin–SecY interactions are required for proton-
motive force stimulation of protein secretion. Proc. Natl. Acad. Sci. U.S.A. 115, 7967–7972 
(2018).

	 4.	 M. Jormakka, S. Törnroth, B. Byrne, S. Iwata, Molecular basis of proton motive force 
generation: Structure of formate dehydrogenase-N. Science 295, 1863–1868 
(2002).

	 5.	 K. Gupta, J. A. C. Donlan, J. T. S. Hopper, P. Uzdavinys, M. Landreh, W. B. Struwe, D. Drew, 
A. J. Baldwin, P. J. Stansfeld, C. V. Robinson, The role of interfacial lipids in stabilizing 
membrane protein oligomers. Nature 541, 421–424 (2017).

	 6.	 R. A. Corey, O. N. Vickery, M. S. P. Sansom, P. J. Stansfeld, Insights into membrane 
protein–lipid interactions from free energy calculations. J. Chem. Theory Comput. 15, 
5727–5736 (2019).

	 7.	 J. R. Bolla, R. A. Corey, C. Sahin, J. Gault, A. Hummer, J. T. S. Hopper, D. P. Lane, D. Drew, 
T. M. Allison, P. J. Stansfeld, C. V. Robinson, M. Landreh, A mass-spectrometry-based 
approach to distinguish annular and specific lipid binding to membrane proteins. 
Angew. Chem. Int. Ed. 59, 3523–3528 (2020).

	 8.	 R. A. Corey, P. J. Stansfeld, M. S. P. Sansom, The energetics of protein–lipid interactions 
as viewed by molecular simulations. Biochem. Soc. Trans. 48, 25–37 (2020).

	 9.	 S. J. Marrink, H. J. Risselada, S. Yefimov, D. P. Tieleman, A. H. De Vries, The MARTINI force 
field: Coarse grained model for biomolecular simulations. J. Phys. Chem. B 111, 
7812–7824 (2007).

	 10.	 L. Monticelli, S. K. Kandasamy, X. Periole, R. G. Larson, D. P. Tieleman, S. J. Marrink,  
The MARTINI coarse-grained force field: Extension to proteins. J. Chem. Theory Comput. 
4, 819–834 (2008).

	 11.	 V. Corradi, E. Mendez-Villuendas, H. I. Ingólfsson, R.-X. Gu, I. Siuda, M. N. Melo, 
A. Moussatova, L. J. DeGagné, B. I. Sejdiu, G. Singh, Lipid–protein interactions are unique 
fingerprints for membrane proteins. ACS Cent. Sci. 4, 709–717 (2018).

	 12.	 G. von Heijne, The distribution of positively charged residues in bacterial inner 
membrane proteins correlates with the trans-membrane topology. EMBO J. 5, 3021–3027 
(1986).

	 13.	 J. Planas-Iglesias, H. Dwarakanath, D. Mohammadyani, N. Yanamala, V. E. Kagan, 
J. Klein-Seetharaman, Cardiolipin interactions with proteins. Biophys. J. 109, 1282–1294 
(2015).

	 14.	 N. Barbera, M. A. A. Ayee, B. S. Akpa, I. Levitan, Molecular dynamics simulations of Kir2. 2 
interactions with an ensemble of cholesterol molecules. Biophys. J. 115, 1264–1280 
(2018).

	 15.	 A. L. Duncan, R. A. Corey, M. S. P. Sansom, Defining how multiple lipid species interact 
with inward rectifier potassium (Kir2) channels. Proc. Natl. Acad. Sci. U.S.A. 117, 
7803–7813 (2020).

	 16.	 V. Yankovskaya, R. Horsefield, S. Törnroth, C. Luna-Chavez, H. Miyoshi, C. Léger, B. Byrne, 
G. Cecchini, S. Iwata, Architecture of succinate dehydrogenase and reactive oxygen 
species generation. Science 299, 700–704 (2003).

	 17.	 P. K. Fyfe, J. P. Ridge, K. E. McAuley, R. J. Cogdell, N. W. Isaacs, M. R. Jones, Structural 
consequences of the replacement of glycine M203 with aspartic acid in the reaction 
center from Rhodobacter sphaeroides. Biochemistry 39, 5953–5960 (2000).

	 18.	 H. Gong, Y. Gao, X. Zhou, Y. Xiao, W. Wang, Y. Tang, S. Zhou, Y. Zhang, W. Ji, L. Yu, C. Tian, 
S. M. Lam, G. Shui, L. W. Guddat, L.-L. Wong, Q. Wang, Z. Rao, Cryo-EM structure 
of trimeric Mycobacterium smegmatis succinate dehydrogenase with a membrane-anchor 
SdhF. Nat. Commun. 11, 4245 (2020).

	 19.	 B. Wiseman, R. G. Nitharwal, O. Fedotovskaya, J. Schäfer, H. Guo, Q. Kuang, S. Benlekbir, 
D. Sjöstrand, P. Ädelroth, J. L. Rubinstein, P. Brzezinski, M. Högbom, Structure 
of a functional obligate complex III 2 IV 2 respiratory supercomplex from Mycobacterium 
smegmatis. Nat. Struct. Mol. Biol. 25, 1128–1136 (2018).

	 20.	 L. Zhang, Y. Zhao, Y. Gao, L. Wu, R. Gao, Q. Zhang, Y. Wang, C. Wu, F. Wu, S. S. Gurcha, 
N. Veerapen, S. M. Batt, W. Zhao, L. Qin, X. Yang, M. Wang, Y. Zhu, B. Zhang, L. Bi, 
X. Zhang, H. Yang, L. W. Guddat, W. Xu, Q. Wang, J. Li, G. S. Besra, Z. Rao, Structures of cell 
wall arabinosyltransferases with the anti-tuberculosis drug ethambutol. Science 368, 
1211–1219 (2020).

http://advances.sciencemag.org/cgi/content/full/7/34/eabh2217/DC1
http://advances.sciencemag.org/cgi/content/full/7/34/eabh2217/DC1
https://en.bio-protocol.org/cjrap.aspx?eid=10.1126/sciadv.abh2217


Corey et al., Sci. Adv. 2021; 7 : eabh2217     20 August 2021

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

9 of 9

	 21.	 L.-J. Yu, M. Suga, Z.-Y. Wang-Otomo, J.-R. Shen, Structure of photosynthetic LH1–RC 
supercomplex at 1.9 Å resolution. Nature 556, 209–213 (2018).

	 22.	 I. D. Pogozheva, S. Tristram-Nagle, H. I. Mosberg, A. L. Lomize, Structural adaptations 
of proteins to different biological membranes. Biochim. Biophys. Acta 1828, 2592–2608 
(2013).

	 23.	 Y. Xu, C. K. L. Phoon, B. Berno, K. D’Souza, E. Hoedt, G. Zhang, T. A. Neubert, R. M. Epand, 
M. Ren, M. Schlame, Loss of protein association causes cardiolipin degradation in Barth 
syndrome. Nat. Chem. Biol. 12, 641–647 (2016).

	 24.	 S. Ghosh, W. B. Ball, T. R. Madaris, S. Srikantan, M. Madesh, V. K. Mootha, V. M. Gohil,  
An essential role for cardiolipin in the stability and function of the mitochondrial calcium 
uniporter. Proc. Natl. Acad. Sci. U.S.A. 117, 16383–16390 (2020).

	 25.	 T. H. Haines, N. A. Dencher, Cardiolipin: A proton trap for oxidative phosphorylation. 
FEBS Lett. 528, 35–39 (2002).

	 26.	 B. A. Wilson, A. Ramanathan, C. F. Lopez, Cardiolipin-dependent properties of model 
mitochondrial membranes from molecular simulations. Biophys. J. 117, 429–444 (2019).

	 27.	 M. Bogdanov, J. Xie, P. Heacock, W. Dowhan, To flip or not to flip: Lipid–protein charge 
interactions are a determinant of final membrane protein topology. J. Cell Biol. 182, 
925–935 (2008).

	 28.	 M. Bogdanov, K. Pyrshev, S. Yesylevskyy, S. Ryabichko, V. Boiko, P. Ivanchenko, 
R. Kiyamova, Z. Guan, C. Ramseyer, W. Dowhan, Phospholipid distribution 
in the cytoplasmic membrane of Gram-negative bacteria is highly asymmetric, dynamic, 
and cell shape-dependent. Sci. Adv. 6, eaaz6333 (2020).

	 29.	 K. Malhotra, A. Modak, S. Nangia, T. H. Daman, U. Gunsel, V. L. Robinson, D. Mokranjac, 
E. R. May, N. N. Alder, Cardiolipin mediates membrane and channel interactions of 
the mitochondrial TIM23 protein import complex receptor Tim50. Sci. Adv. 3, e1700532 
(2017).

	 30.	 A. L. Duncan, A. J. Robinson, J. E. Walker, Cardiolipin binds selectively but transiently 
to conserved lysine residues in the rotor of metazoan ATP synthases. Proc. Natl. Acad. Sci. 
U.S.A. 113, 8687–8692 (2016).

	 31.	 A. Jussupow, A. Di Luca, V. R. I. Kaila, How cardiolipin modulates the dynamics 
of respiratory complex I. Sci. Adv. 5, eaav1850 (2019).

	 32.	 J. J. Maguire, Y. Y. Tyurina, D. Mohammadyani, A. A. Kapralov, T. S. Anthonymuthu, F. Qu, 
A. A. Amoscato, L. J. Sparvero, V. A. Tyurin, J. Planas-Iglesias, R.-R. He, J. Klein-
Seetharaman, H. Bayır, V. E. Kagan, Known unknowns of cardiolipin signaling: The best is 
yet to come. Biochim. Biophys. Acta 1862, 8–24 (2017).

	 33.	 P. C. T. Souza, R. Alessandri, J. Barnoud, S. Thallmair, I. Faustino, F. Grünewald, 
I. Patmanidis, H. Abdizadeh, B. M. H. Bruininks, T. A. Wassenaar, P. C. Kroon, J. Melcr, 
V. Nieto, V. Corradi, H. M. Khan, J. Domański, M. Javanainen, H. Martinez-Seara, N. Reuter, 
R. B. Best, I. Vattulainen, L. Monticelli, X. Periole, D. P. Tieleman, A. H. de Vries, S. J. Marrink, 
Martini 3: A general purpose force field for coarse-grained molecular dynamics.  
Nat. Methods 18, 382–388 (2021).

	 34.	 K. Pluhackova, A. Horner, Native-like membrane models of E. coli polar lipid extract shed 
light on the importance of lipid composition complexity. BMC Biol. 19, 4 (2021).

	 35.	 P. J. Stansfeld, J. E. Goose, M. Caffrey, E. P. Carpenter, J. L. Parker, S. Newstead, 
M. S. P. Sansom, MemProtMD: Automated insertion of membrane protein structures into 
explicit lipid membranes. Structure 23, 1350–1361 (2015).

	 36.	 T. D. Newport, M. S. P. Sansom, P. J. Stansfeld, The MemProtMD database: A resource 
for membrane-embedded protein structures and their lipid interactions. Nucleic Acids 
Res. 47, D390–D397 (2018).

	 37.	 T. A. Wassenaar, H. I. Ingólfsson, R. A. Böckmann, D. P. Tieleman, S. J. Marrink, 
Computational lipidomics with insane: A versatile tool for generating custom 
membranes for molecular simulations. J. Chem. Theory Comput. 11, 2144–2155 (2015).

	 38.	 H. J. C. Berendsen, J. P. M. van Postma, W. F. van Gunsteren, A. DiNola, J. R. Haak, 
Molecular dynamics with coupling to an external bath. J. Chem. Phys. 81, 3684–3690 (1984).

	 39.	 G. Bussi, D. Donadio, M. Parrinello, Canonical sampling through velocity rescaling. 
J. Chem. Phys. 126, 14101 (2007).

	 40.	 M. Parrinello, A. Rahman, Polymorphic transitions in single crystals: A new molecular 
dynamics method. J. Appl. Phys. 52, 7182–7190 (1981).

	 41.	 H. J. C. Berendsen, D. van der Spoel, R. van Drunen, GROMACS: A message-passing 
parallel molecular dynamics implementation. Comput. Phys. Commun. 91, 43–56 (1995).

	 42.	 D. Van Der Spoel, E. Lindahl, B. Hess, G. Groenhof, A. E. Mark, H. J. C. Berendsen, 
GROMACS: Fast, flexible, and free. J. Comput. Chem. 26, 1701–1718 (2005).

	 43.	 R. J. Gowers, M. Linke, J. Barnoud, T. J. E. Reddy, M. N. Melo, S. L. Seyler, J. Domański,  
D. L. Dotson, S. Buchoux, I. M. Kenney, O. Beckstein, MDAnalysis: A Python package for 
the rapid analysis of molecular dynamics simulations, in Proceedings of the 15th Python in 
Science Conference, S. Benthall, S. Rostrup, Eds. (Los Alamos National Laboratory, 2016), 
pp. 98–105.

	 44.	 W. Humphrey, A. Dalke, K. Schulten, VMD: Visual molecular dynamics. J. Mol. Graph. 14, 
33–38 (1996).

	 45.	 J. D. Hunter, Matplotlib: A 2D graphics environment. Comput. Sci. Eng. 9, 90–95 (2007).
	 46.	 M. A. Lomize, I. D. Pogozheva, H. Joo, H. I. Mosberg, A. L. Lomize, OPM database and PPM 

web server: Resources for positioning of proteins in membranes. Nucleic Acids Res. 40, 
D370–D376 (2012).

	 47.	 T. Pipatpolkai, R. A. Corey, P. Proks, F. M. Ashcroft, P. J. Stansfeld, Evaluating inositol 
phospholipid interactions with inward rectifier potassium channels and characterising 
their role in disease. Commun. Chem. 3, 147 (2020).

	 48.	 M. Bonomi, D. Branduardi, G. Bussi, C. Camilloni, D. Provasi, P. Raiteri, D. Donadio, 
F. Marinelli, F. Pietrucci, R. A. Broglia, M. Parrinello, PLUMED: A portable plugin 
for free-energy calculations with molecular dynamics. Comput. Phys. Commun. 180, 
1961–1972 (2009).

	 49.	 G. A. Tribello, M. Bonomi, D. Branduardi, C. Camilloni, G. Bussi, PLUMED 2: New feathers 
for an old bird. Comput. Phys. Commun. 185, 604–613 (2014).

	 50.	 M. R. Shirts, J. D. Chodera, Statistically optimal analysis of samples from multiple 
equilibrium states. J. Chem. Phys. 129, 124105 (2008).

	 51.	 P. V. Klimovich, M. R. Shirts, D. L. Mobley, Guidelines for the analysis of free energy 
calculations. J. Comput. Aided Mol. Des. 29, 397–411 (2015).

	 52.	 O. N. Vickery, P. J. Stansfeld, CG2AT2: An enhanced fragment-based approach for serial 
multi-scale molecular dynamics simulations. bioRxiv 2021.03.25.437005 [Preprint].  
26 March 2021. https://doi.org/10.1101/2021.03.25.437005.

	 53.	 R. B. Best, X. Zhu, J. Shim, P. E. M. Lopes, J. Mittal, M. Feig, A. D. MacKerell Jr., Optimization 
of the additive CHARMM all-atom protein force field targeting improved sampling 
of the backbone ,  and side-chain 1 and 2 dihedral angles. J. Chem. Theory Comput. 
8, 3257–3273 (2012).

Acknowledgments 
Funding: R.A.C., W.S., P.J.S., and M.S.P.S. are funded by Wellcome (208361/Z/17/Z). A.L.D. is 
supported by the BBSRC. T.B.A. is funded by a Wellcome DPhil studentship. Research in the 
M.S.P.S.’s group is also supported by BBSRC and EPSRC. Research in P.J.S.’s laboratory is funded 
by the MRC (MR/S009213/1) and BBSRC (BB/P01948X/1, BB/R002517/1, and BB/S003339/1). 
Simulations were carried out, in part, on ARCHER and JADE UK National Supercomputing 
Services, provided by HECBioSim, the UK High End Computing Consortium for Biomolecular 
Simulation (hecbiosim.ac.uk), which is supported by the EPSRC (EP/L000253/1). P.J.S. 
acknowledges the use of Athena at HPC Midlands+, which was funded by the EPSRC on grant 
EP/P020232/1, and the University of Warwick Scientific Computing Research Technology 
Platform for computational access. Author contributions: Conceptualization and design: 
R.A.C. and P.J.S. Acquisition and analysis of data: R.A.C. Interpretation of data: R.A.C., W.S.,  
A.L.D., T.B.A., and P.J.S. Drafting or revision of work: R.A.C., M.S.P.S., and P.J.S. Competing 
interests: The authors declare that they have no competing interests. Data and materials 
availability: All data needed to evaluate the conclusions in the paper are present in the paper 
and/or the Supplementary Materials. Representative coordinates for individual binding  
sites/poses can be found at https://osf.io/gftqa/.

Submitted 24 February 2021
Accepted 30 June 2021
Published 20 August 2021
10.1126/sciadv.abh2217

Citation: R. A. Corey, W. Song, A. L. Duncan, T. B. Ansell, M. S. P. Sansom, P. J. Stansfeld, Identification 
and assessment of cardiolipin interactions with E. coli inner membrane proteins. Sci. Adv. 
7, eabh2217 (2021).

https://doi.org/10.1101/2021.03.25.437005
http://hecbiosim.ac.uk
https://osf.io/gftqa/

