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Article

A Membrane Burial Potential with H-Bonds and
Applications to Curved Membranes and Fast
Simulations

Zongan Wang,1,2 John M. Jumper,1,2,3 Sheng Wang,5,6 Karl F. Freed,1,2,* and Tobin R. Sosnick3,4,*
1Department of Chemistry, 2James Franck Institute, 3Department of Biochemistry and Molecular Biology, and 4Institute for Biophysical
Dynamics, The University of Chicago, Chicago, Illinois; 5Computational Bioscience Research Center, King Abdullah University of Science and
Technology, Thuwal, Saudi Arabia; and 6Toyota Technological Institute at Chicago, Chicago, Illinois

ABSTRACT We use the statistics of a large and curated training set of transmembrane helical proteins to develop a knowl-
edge-based potential that accounts for the dependence on both the depth of burial of the protein in the membrane and the de-
gree of side-chain exposure. Additionally, the statistical potential includes depth-dependent energies for unsatisfied backbone
hydrogen bond donors and acceptors, which are found to be relatively small, �2 RT. Our potential accurately places known pro-
teins within the bilayer. The potential is applied to the mechanosensing MscL channel in membranes of varying thickness and
curvature, as well as to the prediction of protein structure. The potential is incorporated into our new Upsidemolecular dynamics
algorithm. Notably, we account for the exchange of protein-lipid interactions for protein-protein interactions as helices contact
each other, thereby avoiding overestimating the energetics of helix association within the membrane. Simulations of most multi-
meric complexes find that isolated monomers and the oligomers retain the same orientation in the membrane, suggesting that
the assembly of prepositioned monomers presents a viable mechanism of oligomerization.

INTRODUCTION

Helical transmembrane proteins perform numerous
cellular functions, including uptake of nutrients, transport
of membrane-impermeable molecules, ion balance, signal
transduction, intercellular communication, and immune
response, making helical transmembrane proteins prime
targets for drug activity (1). Despite their biological impor-
tance, membrane proteins are greatly underrepresented in
structural databases. Only �2% of the deposited structures
in the Protein Data Bank (PDB) are membrane proteins
(2), for which �85% are helical transmembrane proteins
(3,4). By comparison, �30% of the human genome en-
codes membrane proteins (5,6). This scarcity results
from the relative difficulty in obtaining high-resolution
structures experimentally, making it even more chal-
lenging to obtain information regarding dynamic behav-
iors, for instance, of conformational transitions between
outward-facing and inward-facing states of membrane
transporters (2,7).

Considerable effort has been devoted to studying helical
transmembrane proteins computationally (2) using static
methods for predicting three-dimensional (3D) structures
from sequence, e.g., homology modeling (8), fold recogni-
tion (9,10), and de novo prediction (11–15). Dynamical
methods including all-atom simulations and coarse-grained
(CG) models have been applied as well (16–21). Energy
functions are essential prerequisites for properly discrimi-
nating native from non-native models and for characterizing
the interactions between proteins and their surrounding
environment. Scoring functions have been developed on
physics- (11,18,22–28), learning- (19,29–31), or knowl-
edge-based considerations (32–37).

Statistical approaches enjoy success in assessing the resi-
due-specific energies of insertion of helical transmembrane
proteins into lipid bilayers. Their use traces back to the first
study in the 1980s of the distributions of positively charged
residues in bacterial inner membranes (32). Later, with
more available structures, statistical potentials derived from
empirical amino acid (AA) distributions have described
experimentally observed trends, for example, the preference
for positively charged residues in the cytoplasm (38), the
snorkeling of Trp and Tyr to the membrane surface (39),
and the bias of small side chains to reside at the helix-helix
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interfaces (40). Statistical potentials have been used in
analyzing for hydropathy (33), orienting proteins in mem-
brane (33–37), discriminating protein-protein interaction
sites (35), characterizing topology of different types of mem-
brane-associated peptides (36), recapitulating experimental
data for the effects of mutation on dual-topology of proteins
(36), estimating membrane bilayer thickness (37), and
refining models for helical transmembrane proteins (37).

This study focuses on deriving an improved knowledge-
based potential for burial of proteins and on employing
this potential for curved membranes and for molecular dy-
namics simulations. Energies are determined from the statis-
tics of a large training set of proteins (curated for lipid
exposure) and account for both the depth in the membrane
and the level of side-chain exposure to the lipid, i.e.,
E(Z, exposure) f ln(frequency) (Fig. 1, A and B). We also
incorporate depth-dependent energies for unsatisfied back-
bone H-bond donors and acceptors within the bilayer
(Figs. 1 C and S1). Validation of the potential is based on
its ability to locate proteins within the bilayer at the same
position as that determined using the orientations of proteins
in membranes (OPM) approach, which employs an implicit
solvation model of the lipid bilayer (41). Our new statistical
potential, named UChiMemPot, outperforms prior statistical
potentials because of the use of a better curated training set,

inclusion of a dependence on membrane exposure and thick-
ness, and the introduction of energies for the burial of unsat-
isfied hydrogen bonding groups. UChiMemPot may be used
to rank and place homology models and to identify the
optimal membrane thickness and curvature and thereby to
provide the lowest insertion energy for a given protein
conformation. For example, we find that the closed state
of the MscL mechanosensitive channel (42) always has a
lower insertion energy than the open state, but the difference
is reduced in thinner membranes.

We conclude with the incorporation of the membrane
burial potential in our new molecular dynamics (MD) algo-
rithmUpside, which can reversibly fold soluble proteins con-
taining up to 100 residues without the use of fragments or
homology (unpublished data). To apply Upside to helical
transmembrane proteins, the lipid-protein interactions within
themembrane are updated dynamically to avoid the inclusion
of protein-lipid interactions when these interactions are dis-
placed by protein-protein interactions (Fig. 1 E). An analysis
of the position of isolated monomers from multimeric
complexes suggests that their docking provides a viable as-
sembly strategy for many helical transmembrane proteins.
However, monomers from some ion channels experience
larger movement, and their assembly may involve conforma-
tional changes, possibly by an induced-fit mechanism.

FIGURE 1 Features of the UChiMemPot poten-

tial. (A) Our statistical potential (left) is referenced

to lipid headgroup interface (z ¼ 0) rather than the

center of the membrane bilayer (left). We separated

the protein halves and moved them apart to align

them to the interfaces (right). Our profiles are

derived separately for the outer and the inner leaflets

and concatenated in the middle to ensure continuity.

(B) Protein burial status illustrated with the SWEET

transporter (PDB: 4QND). The lipid-exposed and

protein-buried alanines are depicted with larger

blue spheres and smaller red van der Waals spheres,

respectively. (C) We include unsatisfied backbone

H-bond donors and acceptors in the potential, high-

lighted with the sensor domain of potassium channel

KvAP (PDB: 1ORS) using the VMD definition.

Hydrogen bonds are shown using dashed red lines.

Unsatisfied hydrogen bond donor and accepters

NH (blue) and CO atoms (red) often are in loops

or kinks. (D) A schematic of planar and spherical

bilayers. (E) To apply the Upside MD package,

we include lipid-protein interactions and energies

of backbone exposure within the membrane and do

so in a dynamic manner to remove the energies of

protein-lipid interactions as helices come together.

To see this figure in color, go online.
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METHODS

Training set and test set

Structures and bilayer thickness are obtained from the OPM website (41)

and used in fitting data and training parameters. The data set includes all

proteins in the helical polytopic superfamilies as of January 2017 (3) and

is culled by resolution (%3 Å) and sequence identity (%25%) using

PISCES (43), resulting in the retention of 171 helical transmembrane pro-

teins. The proteins are ordered according to size and partitioned into five

equal groups, with four used for training (140 proteins) (Fig. S2 A) and

one as the test set (31 proteins; Tables S4, S5, S6). The chain length

distributions in the test and the training sets are similar, as are the number

of residues in each of the five groups.

Feature extraction

Incomplete and missing side chains are added to the backbone using the

VMD plugin, psfgen (44). The residue properties that are extracted from

the protein structure include the residue type, secondary structure, residue

burials, solvent-accessible surface area (SASA), H-bonds, and atomic coor-

dinates of Ca, Cb, and backbone N and O, features that are included in data

fitting and training. The computations of secondary structure and SASA use

methods in the Python library MDTraj (45).

The residue burial is defined in terms of the number of heavy atoms in a

hemisphere with an 8 Å radius, centered at the Cb and directed along the

Ca-Cb vector (46) (Fig. S2 B). Upside provides the computing engine to

calculate residue burial using the definition in Supporting Materials and

Methods. The strong correlation between our metric and the standardly

used SASA supports our procedure for identifying exposure levels

(Fig. S3). A residue is considered to be buried in the protein core when

its burial exceeds a residue-specific value, chosen empirically, such that

�25% of the Arg, Asn, Asp, Gln, Glu, and Lys residues and �50% of

the other residues are assigned as buried.

The energy function includes a contribution from the energetics of

burying unsatisfied hydrogen bond donors and acceptors in the membrane.

The hydrogen bonds (hydrogen donor-acceptor contacts) are classified into

four categories: 1) backbone-backbone -NH.O¼C-, 2) backbone-side

chain -NH.O-, 3) side chain-backbone -H.O¼C-, and 4) side chain-

side chain -H.O- (Table S1). Two common definitions of the H-bonding

geometry are compared, namely, the Baker-Hubbard definition (distance

(H-A) < 3.5 Å and angle (D_H_A) > 90.0�) (47) and the VMD definition

(distance (D-A)< 4.0 Å and angle (D_H_A)> 90.0�) (44), where H, D, and
A denote the hydrogen, the donor, and the acceptor, respectively. Both

methods assign NH and OH as donors, and the acceptors are O and N.

The distributions of distance (H-A), distance (D-A), and angle (D_H_A)

for the two definitions are similar; therefore, we choose the VMD definition

for the convenience in visualizing the H-bonds in VMD (Figs. S4–S7).

Energy form and data fitting

The residue locations are defined in terms of the positions of the Cb (HA2

for Gly) atoms and are collected into 2 Å bins along the membrane normal z

(Figs. 1 A and 2). Because individual helical transmembrane proteins may

be embedded in bilayers with different hydrophobic thicknesses, residues

with the Cb atoms lying in the range (0,þN) and in (�N, 0) are referenced

to the interface of the outer leaflet and the inner leaflet, respectively

(Fig. 1 A). A depth-dependent potential profile is generated for each type

of AA from E(Z, exposure) f ln(frequency) for the residues whose lipid

exposure is above a threshold. The inner and outer energy profiles are

FIGURE 2 Burial and exposure levels of 20 AAs. The distribution of each AA (Cb position, HA2 for Gly) is calculated separately for the periplasmic and

cytoplasmic leaflets using kernel density estimation. The dashed vertical line in each subplot marks the water-lipid interface; the dashed horizontal line in

each subplot separates the lipid exposed from the residues buried in the protein, a difference used in the derivation of the potential. To see this figure in color,

go online.
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merged at z ¼ 0 Å to ensure continuity at the origin (Figs. S8–S10). Fitting

parameters are given in Table S7.

Upside

Upside is a new implicit solvent MD method that contains a number of

unique features, including a rapid repacking of the side chains and a calcu-

lation of the free energy at each time step (unpublished data). This proced-

ure enables the dynamics to be explicitly represented in terms of only the

three backbone atoms, thereby eliminating the side-chain friction that often

slows all-atom methods. Molecular detail is regained because the locations

of the remaining atoms are determined in terms of the positions of the

carbonyl oxygen, amide proton, and a CG side-chain bead that may adopt

up to six positions. The free energy of the side chains is computed for every

MD step and provides a contribution describing the dynamics of the back-

bone as traversing a greatly smoothed energetic landscape. This smoothing

implies extremely rapid equilibration and sampling of the Boltzmann distri-

bution. The energy function is derived using the contrastive divergence

technique from machine learning with training from simulations for 450

proteins (unpublished data). After this training, the model is able to fold

proteins up to 100 residues de novo in cpu hours.

RESULTS

Deriving the membrane burial potential

The bilayer thickness and position of most membrane pro-
tein structures are unknown because the structures are not
determined in a native, biologically relevant bilayer. To
obtain this information, we adopt the common practice of
specifying both the protein position and the bilayer thick-
ness with values providing the lowest insertion energy
from the OPM website (41). The method has been validated
experimentally (48) and serves as our standard of ‘‘native-
ness’’ for these two quantities. The OPM database treats
the lipid bilayer as an anisotropic solvent in which the rigid
protein floats in a hydrophobic slab of adjustable thickness
(25). The calculated lipid boundaries in OPM are located
�5 Å from the phosphate groups at the level of the carbonyl
groups of the lipid molecules (Fig. 1 B).

We adopt the convention in which the lipid headgroup
boundary is used as z¼ 0 reference point to define the burial
depth (Figs. 1A and 2). This convention differs from the stan-
dard definition in which the bilayer center defines the z ¼ 0
point. We believe referencing to the bilayer boundary better
accounts for variable bilayer thickness because side chains
are more sensitive to the distance from this boundary, where
the physiochemical properties rapidly change, than to the dis-
tance from the relatively homogeneous center of the bilayer
(e.g., placing a residue 1 or 5 Å from the boundary often pro-
duces a larger energetic difference than placing the residue 1
or 5 Å from the center of the bilayer). As a result, our poten-
tial exhibits sharper features near the boundary (Fig. 1 A).
Because the potential is a measure of the energy difference
in transferring a residue from the aqueous phase to the lipid
bilayer, the potential is defined with E ¼ 0 at jzj ¼ thick-
ness/2 þ 20 Å, which is considered to be far enough from
the bilayer to be considered to be in bulk solvent.

The frequency of occurrence of each residue type as a
function of depth in the bilayer and exposure to lipids is
used to calculate the two-dimensional cross-membrane dis-
tribution of Cb atoms (Fig. 2). The potential energy is calcu-
lated according to E ¼ �RT � ln(frequency) using only the
lipid-exposed side chains. The potentials for the inner and
outer leaflets are fitted separately to the sum of a Gaussian
and a sigmoid (four functions in total). Additionally, the fre-
quency distributions of unpaired amide and carbonyl groups
are converted to energies irrespective of whether they are
buried inside the protein or exposed to lipid.

The overall trends in the AA distributions are similar to
previously observed distributions. Hydrophobic residues
such as Ala, Gly, Ile, Leu, Met, Phe, and Val have a strong
preference for being buried in the lipid bilayer. When Gly,
Ala, and Ser (and Thr to a lesser degree) are located below
the bilayer boundary, they are more likely than other AAs to
be buried inside the protein than exposed to lipids. The bias
for Gly and Ala may be due to their small size, which facil-
itates more intimate contact between transmembrane heli-
ces. For instance, GxxxG motifs often play an important
role in mediating interhelical interactions in helical trans-
membrane proteins (49). Arg and Lys have higher ten-
dencies than other hydrophilic residues to be situated near
the membrane surface. This tendency reflects the ability of
longer normally charged side chains to ‘‘snorkel’’ toward
the headgroup and aqueous phase (50).

The charged states of the acidic and basic residues (Arg,
Asp, Glu, and Lys) are generally unspecified from the struc-
ture alone. Inherently, residue-level statistical potentials are
agnostic on this issue, being only sensitive to the location of
the residues. When the two acidic residues (pKa �4 in solu-
tion) are deeply buried in the membrane, charge neutraliza-
tion by protonation is likely, as the energetic cost of an
upward pKa shift and protonation is less than the cost of
burying a charged group (51). A similar argument holds
for Lys (52), but the high pKa of Arg (�14) may result in
this side group remaining charged (53). According to our
statistical potential, it costs only 2–2.4 RT to transfer any
of these four normally charged residues from water to the
center of a lipid bilayer. These values are much lower than
those calculated even using sophisticated treatments of the
cost of charge burial (54), and they are similar in magnitude.
These observations support the proposal that these four AAs
have substantial pKa shifts and are charge neutral when
buried deep in the membrane.

The transfer energy for an Asn is less than half that for an
Asp (�1 RT versus �2 RT). The transfer of a Gln is nearly
the same as Glu (�2 RT). Because few charged and polar
residues lie within the lipid bilayer, the statistical error is
higher for these residues. However, their burial energies
do not contribute much to the overall burial energy because
they are infrequently buried. The potential profiles indicate
that each unpaired NH and unpaired CO in the middle of
lipid bilayers has a burial penalty of �2 RT (Fig. S9).

Membrane Burial Potential Using H-Bonds

Biophysical Journal 115, 1872–1884, November 20, 2018 1875



Both Trp and Tyr exhibit pronounced ‘‘snorkeling,’’ in
which a side chain extends toward the solvent, although
Trp penetrates deeper into the lipid bilayer than Tyr.
Exposed phenylalanines exhibit a mild asymmetric prefer-
ence for the inner leaflet. The majority of cysteines are
buried in the protein core, forming disulfide bonds. Histi-
dines are asymmetrically distributed, being depleted on
the cytoplasmic side but enhanced on the periplasmic side.
This difference is mainly due to metal ligation in respiratory
and photosynthetic proteins (36).

Positioning into a flat membrane

To assess the ability of UChiMemPot to reproduce the ori-
entations in OPM, grid searches in tilt and burial depth
are performed to find the lowest energy orientations for
the 31 proteins in the test set (Fig. S11). Although a variety
of knowledge-based burial potentials exist, we only
compare ours to the relatively recent asymmetric Ez-3D
Cb statistical potential (36) because other potentials are
derived in a similar manner, and the increase in the size
of the training set likely accounts for much of the improve-
ment in accuracy. UChiMemPot on average predicts a very
similar orientation as OPM (Fig. 3, A and B). The SDs from
the OPM orientation for the tilt and shift for 31 test cases
are 5.3� and 1.2 Å, respectively, which are similar to the
precisions of OPM (4.0� and 2 Å, respectively) (55).
When the unsatisfied H-bond (UHB) terms are included
in UChiMemPot, the SDs are 3.0� and 1.4 Å, respectively.

As a comparison, the SDs of tilt and shift from using the
asymmetric Ez-3D potential are larger—6.5� and 2.0 Å,
respectively.

Because UChiMemPot uses a training set nearly twice as
large as that of the asymmetric Ez-3D Cb potential, it is ex-
pected to outperform the older potential (Fig. 3 C). The
asymmetric Ez-3D Cb potential predicts five inverted orien-
tations, whereas UChiMemPot without the UHB terms pre-
dicts six. The asymmetric Ez-3D potential does not fare as
well for tilt angles; two cases yield deviations in excess of
20�, compared to none from UChiMemPot. Upon addition
of the UHB terms, the quality of UChiMemPot further im-
proves the prediction of the tilt and asymmetry, with only
two cases having a deviation in the tilt angle exceeding
5�, although the number of inverted orientations remains
at five. An examination of the energy landscape indicates
that the flipped conformations are nearly isoenergetic with
the correct conformation (Fig. S12).

Bilayer thickness with lowest insertion energy

The lowest insertion energy is used to distinguish the
optimal hydrophobic thickness of the bilayer for a given
protein. As a first example, UChiMemPot identifies the
lowest energy of the 518-residue GLUT3 glucose trans-
porter (PDB: 4ZW9A) occurring at a bilayer thickness of
33.8 Å, similar to OPM’s value of 32.8 5 1.4 Å. Table 1
presents 10 more comparisons that generally agree with
OPM predictions (the average difference is 1.9 Å, with

FIGURE 3 Protein positions with the lowest

membrane insertion energies. Tilt and shift distribu-

tions of the lowest energy orientations for the 31 pro-

teins in the test set are shown. The three potentials

applied are the UChiMemPot potential (A) with or

(B) without UHB penalties and the (C) asymmetric

Ez-3D Cb potential. Nonzero values are colored

for visualization purposes. (D) An illustration of

the relative shift and tilts from the native z axis is

given. To see this figure in color, go online.

Wang et al.
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only one protein (PDB: 4OD4A) differing by more than 3 Å
from OPM’s value). Our identification of the membrane
thickness producing the lowest insertion energy does not
imply that any given membrane/lipid composition actually
adopts this thickness.

Identification of decoys in structure prediction

Here, we test whether UChiMemPot’s insertion energy can
be used to select more native-like decoys (lower Ca-RMSD;
root mean square deviation) generated by modern structure
prediction methods. We begin with the example of the
GLUT3 glucose transporter (4zw9A), containing 12 trans-
membrane helices. The recent area-under-curve-maximized
DeepCNF method utilizes evolutionarily determined con-
tacts that are identified from sequence covariation (56,57)
and produces a best model that is quite good with a trans-
membrane TM-score ¼ 0.74 (58), a Ca-RMSD ¼ 6.0 Å
(Fig. 4), and the lowest membrane insertion energy,
although higher than the native structure. Individual resi-
dues have similar burial energies in the best model as in
the native protein.

To broaden the test, we generated additional decoys of
poorer quality by randomly removing a fraction of the pair-
wise contacts (between 10 and 100%) and replacing them
with an equal number of randomly chosen contacts. This
decoy set yields a strong correlation between RMSD and
burial energy (Pearson correlation coefficient ¼ 0.944).
Ten additional cases are summarized in Figs. S13–S22.
In general, the native structure has a low or the lowest
insertion energy compared to predicted models, and lower
Ca-RMSD correlates with lower insertion energy. These
promising results suggest that UChiMemPot (or another
burial potential) could be incorporated in the future as
part of the DeepCNF energy function to produce better
models.

Insertion into curved membranes

The calculation of protein-membrane interactions and
the determination of the lowest energy conformation of
the combined bilayer-protein system is a very challenging
task (59–61). The shape of the membrane affects the posi-
tion and conformation of the embedded membrane proteins
(59,60) and conversely, the membrane proteins can play a
pivotal role in altering membrane shape and local properties
(60,62). Furthermore, membrane thickness can vary around
the protein as the lipids adjust to the hydrophobic pattern of
the protein’s surface (21,59,60). A complete solution to this
problem requires considering all these factors, which is
beyond the scope of our study.

Statistical potentials can provide an estimate of the differ-
ences in insertion energy into bilayers of different thick-
nesses or geometries for a given protein conformation, or
of the insertion of proteins with different conformations
into a bilayer of given thickness, or of a combination of
the two. Although these calculations do not include the en-
ergy required to curve the membrane or change its thickness
or the protein’s conformation, they can be used to identify
whether bilayer thickness or curvature can have a significant
effect on the relative insertion energies.

Applications to curved membranes introduce the added
complexity of calculating the effective depth of a residue.
The depth is the shortest distance between the residue and
a middle hypersurface, halfway between the inner and outer
surfaces (Fig. 1 D). Because we reference to the bilayer
interface, determining the burial depth is straightforward
(Supporting Materials and Methods).

As an illustration of our ability to study curved mem-
branes of variable thicknesses, we examine the opening of
the mechanosensitive channel MscL. This channel adopts
open and closed conformations depending on multiple
factors including the membrane composition, which affects
thickness, curvature, line tension, and lateral pressure
(42,63–65). Experiments find that a hydrophobic mismatch
and a thinner membrane lowers the activation free energy of
MscL and promotes the open state. By itself, however, the
mismatch is insufficient to open the channel because the
open state has a larger cross-sectional area, which is nor-
mally disfavored because of lateral membrane pressure by
19 RT (63). However, an increase in membrane curvature
in a manner that reduces the pressure helps trigger the gating
and open the channel.

We have calculated the difference in energies for insertion
of the closed and open states of MscL for several different
classes of curved membranes and varying radii (Figs. 5 and
S23–S26). The thickness of a planar bilayer with the lowest
insertion energy is �28 Å for the closed state but below
22 Å for the open state (the lower limit of our thickness calcu-
lation). However, the insertion energy for the closed state
always is lower (preferred) than the insertion energy for the
open state at all thicknesses (e.g., Einsert

open > Einsert
closed at

TABLE 1 Prediction of Optimal Bilayer Thickness Based Only

on Insertion Energy

PDB name PDB ID UChiMemPot (Å) OPM (Å)

GLUT3 glucose transporter 4ZW9A 33.8 32.8 5 1.4

Protease GlpG (Haemophilus

influenzae)

2NR9A 25.4 28.2 5 1.6

Bile acid sodium symporter

ASBT

3ZUXA 25.8 27.8

Biotin transporter BioY 4DVEA 29.6 31.8 5 1.2

Nickel/cobalt transporter

CbiM

4M58A 28.4 29.8 5 0.9

C-C chemokine receptor

type 5

4MBSA 34.0 34.4 5 1.5

Protease GlpG (E. coli) 4NJNA 25.6 28.6

4-hydroxybenzoate

octaprenyltransferase

4OD4A 30.8 27.4

Protein YetJ 4PGRA 31.4 29.8 5 2.0

Rhodopsin I 5AWZA 30.2 32.4 5 2.2

ECF transporter, S-component 5D0YA 30.4 29.8 5 1.8

Error bars are shown when provided by the OPM website.
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22 Å thickness). A membrane thickness of 22 Å provides the
best option for stabilizing the open state relative to the closed
state andminimizes the penalty for hydrophobicmismatch in
adopting the open state (Fig. 5 G). This finding supports the
experimental proposal that hydrophobic mismatch (e.g., by
altering the lipid composition to change the bilayer thick-
ness) and an increase in curvature combine to promote
conformational transitions to the open state of the channel
(the curvature also helps reduce line tension, which also pro-
motes the open state (42)).

Upside dynamic simulations

To illustrate the integration ofUChiMemPotwith theUpside
algorithm, we have run MD simulations for a variety of mul-
timeric helical transmembrane proteins as well as for their
monomeric units using the UChiMemPot and the asym-
metric Ez-3D method applied only to the lipid-exposed

residues. Energies for the contributions from UHBs are as-
signed to all residues with an unpaired backbone H-bond
partner, regardless of the exposure status for residues
located within the bilayer. Proteins are restrained as quasi-
rigid bodies such that only minimal internal movements
are allowed (short strong springs are placed between back-
bone atoms allow atomic vibrations).

The simulations begin from the OPM position and bilayer
thickness, and the distribution of conformations in the tra-
jectory is analyzed (Fig. S27). Regardless of the applied po-
tential, the proteins, on average, execute small deviations
from the orientation of the native state (the SD of the relative
shift and tilt on average are �1 Å and �2�, respectively,
for the multimers). When UHB energies are incorporated,
UChiMemPot produces a tighter angular distribution than
asymmetric Ez-3D.

We have investigated the effects of oligomerization on the
position within the membrane. Specifically, we compared

A B C

D
E

FIGURE 4 Decomposition of residue burial energies for the known 518-residue human GLUT3 glucose transporter structure (PDB: 4ZW9A) and models

predicted by DeepCNF. (A and B) Plots of residue position versus membrane burial energy using UChiMemPot. Residues buried in the protein interior have

zero value and are plotted on the x axis. Vertical dashed lines delineate the boundary of the membrane bilayer after insertion. (C) A structural comparison

between the native structure (in blue) and the best predicted model (in red). (D) Correlation in the burial energy between residues in the native structure and

the best predicted model. The numbers in parentheses are the numbers of residues in that category (e.g., there are 51 hydrophobic residues located outside the

membrane). (E) The total insertion energy of predicted models versus Ca-RMSD. The horizontal dashed line is the insertion energy of the native structure.

The contact map is predicted using area-under-curve-maximized DeepCNF and used to generate models. Fifty additional decoys for testing are obtained by

removing a random fraction from 10 to 100% of the pairwise contacts and replacing them with an equal number of randomly chosen contacts (five models are

generated at every 10% increment). To see this figure in color, go online.
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the positions of the constituent monomers in the complex
to the position they would have if they were isolated (but
with the same protein conformation). For most complexes,
we find the isolated monomers retain a very native-like
orientation in the membrane, both for depth and tilt. This
observation suggests that docking of properly positioned
monomers is a viable assembly strategy (Fig. 6).

However, monomers from some ion channels experience
larger movements because of the exposure of charged and
polar residues normally solvated and lining the channel cav-
ity. These channels include the potassium channel KcsA
(tetramer, PDB: 1R3J), formate transporter FocA (pentamer,
PDB: 3KCU), calcium-gated potassium channel MthK
(tetramer, PDB: 3LDC), NaK potassium channel (tetramer,
PDB: 3OUF), sodium pumping rhodopsin NaR (dimer,
PDB: 3X3B), and nitrite transporter NirC (tetramer, PDB:
4FC4). This implies that the assembly of these helical trans-
membrane proteins may involve a partial-induced-fit mech-
anism. We are unaware of experimental studies of isolated
subunits, so these results should be considered testable
predictions.

DISCUSSION

We advance, to our knowledge, a new statistical potential
for the burial into membranes of AAs and hydrogen bond
donors and acceptors that incorporates several new features.
First, positions within the bilayer are referenced to the lipid
headgroup interface, which more accurately integrates data
from systems with variable bilayer thicknesses (Figs. 1 A
and S10). This referencing is important because helical
transmembrane proteins come from different species and
organelle locations, and the thicknesses vary widely (e.g.,
from 26 to 38 Å for the nine organelle locations in 74 spe-
cies for the 140 helical transmembrane proteins in the
training set). Nevertheless, the use of a thickness of 30 Å
suffices as a reasonable compromise for most purposes
(Fig. S2 A). Our ability to employ bilayers with a range of
different thicknesses also permits calculating the membrane
thickness and curvature that provides the lowest insertion
energy.

Second, our statistical potential excludes contributions
from the residues buried within the protein, in contrast to

A CB

D E F

G

FIGURE 5 Insertion of MscL into flat or spherical

membranes. The insertion energy is calculated at

different bilayer thicknesses and curvatures. The

thickness refers to the distance between the cyto-

plasmic and periplasmic interfaces at (x, y) ¼
(0, 0). (A and D) An illustration of the insertion of

the open state and closed state. The curvature of

the bilayer is exaggerated for illustration purposes.

(B and E) The insertion energy profile as a function

of bilayer thickness and radius. (C and F) The inser-

tion energy profile as a function of sphere radius at

different bilayer thicknesses. (G) The difference of

insertion energies between the closed and the open

states indicates that thicker bilayers are more likely

to trap the protein in the closed state. Note that

the cost of altering the membrane curvature is not

included in the calculation but must be accounted

for when determining the total energy of the

protein/bilayer system. To see this figure in color,

go online.
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most previous methods that retain all residues located within
the bilayer region (33–37,66). A very recently published
method (67) takes advantage of a recent automated method
implemented in Rosetta, mp_lipid_acc (68), to distinguish
lipid-accessible and lipid-inaccessible residues in the deri-
vation of the potential for helical transmembrane proteins
and b-barrels. Unlike our procedure, a potential profile for

lipid-inaccessible residues is considered as part of the total
insertion energy.

Third, we take into consideration the presence of unpaired
backboneH-bonding groups. The free energyof transferring a
peptide group containing an amide proton and carbonyl
oxygen from water to liquid alkane is estimated to be 13 RT
(69–71). This magnitude is considerably larger than our

FIGURE 6 Distributions of relative shift and tilt from Upside simulations for multimers and monomers. For each of the oligomers, the contour maps of the

distribution of the relative shift and tilt of the multimer (blue) and monomer (red) are plotted. The one-dimensional projections of the tilt angles are plotted to

the right of each plot on a scale normalized from 0 to 1. Proteins shown in VMD’s New Cartoon representation are obtained from the website of OPM.

Monomeric units have different colors. Multimeric complexes in general have small movements in the simulation, retaining their native orientations, as

opposed to some of the monomeric units. In the two-dimensional projection of the residue burial of Ca atoms on the xy-plane (top), some residues in or

near the cavity in the tetramer become exposed to lipid in the monomer (green circle becomes a red circle). The 3D structure illustrates that the tilt angle

of the monomer and multimer can be different. To see this figure in color, go online.
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statistical potential’s value of �4 RT. Support for the lower
cost is consistent with our values for the transfer of Gln,
Arg, and Asn side chains from solvent to inside the
bilayer—2.0, 2.0, and 1.0 RT, respectively—or 3.5, 3.5, and
2.5 RT higher than the value for transferring an alanine.
Fleming and co-workers obtained similar values for the
change in folding free energy at the center of the bilayer for
a b-barrel upon substitution of a Gln, Arg, or Asn with an
alanine (2.4, 3.6, or 2.3RT, respectively (72,73)). The smaller
energies in the statistical potential and experiment for burying
an amide side chain, compared to transfer studies, suggests
that other factors stabilize the burial of peptide groups in
membrane proteins. These factors could include residual sol-
vent in the bilayer and interactions with nearby backbone and
other side-chain atoms, resulting in only partial exposure to
the lipids (74). As a result of carefully treating the bilayer
boundary position, lipid exposure, and inclusion of hydrogen
bonding, our statistical potential is able to accurately repro-
duce the optimal thickness and position determined recently
by the OPM implicit bilayer method (41,75).

None of the current statistical potentials have been em-
ployed in MD simulations to the best of our knowledge.
Likewise, all CG models employing implicit lipids typically
over count protein-lipid and protein-protein interactions.
This is partly due to the difficulty of determining the burial
status of residues during simulation with implicit solvent
methods. For example, the AWSEM-membrane model
(a learned potential) can fold some helical transmembrane
proteins at modest resolution (19), although a residue
embedded in the lipid bilayer always retains the membrane
burial potential irrespective of its exposure to lipids.

Use of statistical potentials and other limitations
of the approach

Although widely used, the interpretation of a statistical po-
tential obtained using the Boltzmann relationship has been
debated (36,76,77). Some believe that the use of statistical
potentials implies the presumption that the observed distri-
butions reflect the average of individual free energies for
each element. However, context along with structural and
functional requirements also can contribute to the prefer-
ence for a location, thereby reducing the validity of the
connection between energy and frequency of each compo-
nent. Generally, the relationship between statistical poten-
tials and basic statistical mechanics can be uncertain
(77–79). Some statistical potentials have been derived using
only probability theory, but the defining relations are gener-
ally the same (80–83).

Statistical potentials typically neglect explicitly nonaddi-
tive many-body interactions, both to greatly facilitate prac-
tical computations and because of a gross paucity of training
data (77,80). Studies using continuum/implicit membrane
models (61) as well as atomistic work (84,85) have found
that nonpairwise terms are important for multiple charged

or polar residues in the membrane. For example, the trans-
location of Arg through the hydrocarbon core of a lipid
bilayer proceeds by the formation of a water-filled defect
that keeps the Arg hydrated even at the center of the bilayer.
In this case, adding additional Arg residues to the water
defect causes only a small change in free energy (84,85).

Errors associated with neglecting many-body interactions
in statistical potentials can be minimized by using condi-
tional probabilities. In membrane burial potentials, lipid
exposure and burial depth implicitly include the impact of
some many-body effects while retaining the benefits of
additivity. In the end, the utility of a statistical burial poten-
tial for membrane proteins should be judged by its the cor-
relation with experimental hydrophobicity scales (34) and
success in a number of applications (33–37).

Our method contains some issues. First, we deliberately
include the exposed polar or charged residues in the pores
or cavities so as to be compatible with the implementation
of the statistical potential in our MD simulations. This defi-
ciency arises because the identification of whether a residue
is lipid exposed is not a readily solvable problem. A proper
evaluation requires the complete knowledge of the entire
structure to determine whether a residue is in contact with
lipids or lines an internal cavity or channel. Consequently,
results for systems with charged or polar residues in
solvated pores are compromised in this regard. Generally,
however, there are few solvent-exposed polar or charged
residues in pores in the training set, so their exclusion would
have minimal effect on the derivation of our potential. For
simulation purposes, this problem can be resolved when
the solvated residues are known a priori, as the Upside
code has the option of excluding their burial energies.

Our model is not suitable for studies that require atomic
details of the lipid bilayer, such as the composition of lipids
or dynamic changes in the membrane curvature. As dis-
cussed above, we are limited to considering insertion en-
ergies that are evaluated assuming a specific membrane
curvature or protein conformation and ignoring the energy
required to alter the membrane’s geometry or the protein’s
conformation. A full treatment should include both the en-
ergy of deforming a membrane and perturbing the protein
structure (60). A good example of this inclusion is in
work by Panahi and Feig, who have developed an implicit
membrane model allowing for local bilayer deformation in
response to the insertion of transmembrane proteins and
have employed the potential in MD simulations (21).

CONCLUSION

We provide an updated statistical potential for the burial of
proteins in membranes. Our potential is referenced to the
interfacial region rather than the bilayer center to better
capture the physiochemical properties of this region. In
addition, we include a penalty for the presence of unsatisfied
hydrogen bond donor and accepters, finding that the penalty
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for each is�2 RT, which is lower than many prior estimates.
We address challenges inherent in devising implicit bilayer
models of properly accounting for the exchange of protein-
lipid interactions for protein-protein interactions upon pro-
tein contact. Our model cannot yet fold membrane proteins
from an extended solvated chain, especially for those
requiring insertion by the translocation (very hydrophobic
proteins tend to form collapsed globules in solution). None-
theless, when our membrane burial potential is integrated
with our Upside algorithm, the combination offers a compu-
tationally efficient, flexible tool that lays the groundwork for
a variety of simulations of membrane protein dynamics.

SUPPORTING MATERIAL
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