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Abstract—Here we present a novel method for assessment of packing quality for transmembrane (TM) domains of a-heli-
cal membrane proteins (MPs), based on analysis of available high-resolution experimental structures of MPs. The present-
ed concept of protein-membrane environment classes permits quantitative description of packing characteristics in terms of
membrane accessibility and polarity of the nearest protein groups. We demonstrate that the method allows identification of
native-like conformations among the large set of theoretical MP models. The developed “membrane scoring function” will
be of use for optimization of TM domain packing in theoretical models of MPs, first of all G-protein coupled receptors.
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Integral membrane proteins (MPs) are of exception-
al biological importance; they are known to mediate
transmembrane (TM) signal transduction, light absorp-
tion, generation of TM potential, etc. For example, G-
protein coupled receptors (GPCR), the broadest and most
important class of MPs, are targets for more than 50% of
all currently marketed drugs [1] since their malfunction is
connected to a number of diseases [2]. The functioning of
MPs depends primarily on the TM domain, which often
binds a ligand and accommodates conformational reorga-
nization initiating intracellular response. Information on
the structure and functioning of TM domains is urgently
required for pharmaceutical applications, such as struc-
ture-based drug design. Modern experimental techniques
of three-dimensional (3D) structure determination, such
as X-ray crystallography and NMR spectroscopy, on the
other hand, often fail to solve the problem due to techni-
cal difficulties related to protein purification and crystal-
lization [3]. Only a few tens of MP structures have been

Abbreviations: GPCR) G-protein coupled receptors; MP)
membrane protein; PhP) photosynthetic protein; RMSD)
root-mean square deviation; S™™) “membrane score”; TM)
transmembrane.

* To whom correspondence should be addressed.

determined to this day, making up <1% of the total num-
ber of known structures in the Protein Data Bank (PDB)
[4], although the genomes sequenced so far encode at least
15-30% of MPs [5].

Molecular modeling, however, could be useful for
prediction of the 3D structure of membrane-spanning
proteins, complementarily to experimental methods.
Since most TM domains of MPs are formed of a-helices
(they and B-barrels are the only two folds discovered in
MPs to date), and therefore, given that exactly this class
is pharmacologically important, we will further focus on
a-helical TM proteins. Most of the modeling protocols
include the following stages: (i) TM segments are identi-
fied in the protein’s amino acid sequence; (ii) optimal
mutual arrangement of the helices is predicted; (iii) spe-
cific structural/functional features, e.g. kinks and other
deviations from the ideal a-helicity, are delineated; (iv)
loop regions are reconstructed. In this protocol, stage (ii)
poses the greatest challenge—even in the case of the sim-
plest helix—helix systems the computational procedure is
not straightforward and requires exhaustive sampling of
the peptides’ conformational space in a heterogeneous
membrane-like environment [6].

Modeling approaches used to build such models can
be divided into two groups: those starting from the “first
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principles” (so-called ab initio approaches) and those uti-
lizing related proteins’ structural information. The first
group is based only on a priori knowledge of TM topolo-
gy of a protein and predicts its structure taking into
account the physicochemical nature of the membrane
and various empiric potentials that describe its properties
[7-10]. Methods of the latter group are based on homolo-
gy with proteins with known experimental spatial struc-
ture [11], assuming that 3D structure of a protein is more
conservative than its sequence [12]. In the case of
GPCRs, however, the choice of a template for homology
modeling is restricted to a single structure available to
date, namely, that of the bovine visual rhodopsin [13].
Note that this protein reveals only limited homology level
with other family members. Given the functional differ-
ences between modeling target and template proteins,
resulting models should be carefully optimized taking
into account their biological specificity. To have this done
(for example, by delicate tuning of mutual arrangement
of helices), all available experimental data (such as infor-
mation on functionally important residues and distances
between them [14], probable mechanism of protein func-
tion, and general packing principles observed in MPs [15,
16]) have to be considered.

For an already built model, one should have a possi-
bility to assess its packing “quality” — compliance with
similar characteristics known for high-resolution MPs’
structures. Such assessment may guide further optimiza-
tion of the models and be of use for elimination of gross
errors made during modeling. There have been a number
of attempts made to optimize theoretical models with uti-
lization of such characteristic features of M Ps as distribu-
tions of hydrophobic [17-19] and variability [17, 20-22]
properties of TM segments, as well as the preferences of
residues for membrane-interacting [23] or interhelical
interface-forming [24-28] positions. These regularities
are undoubtedly important for understanding MP organ-
ization principles, though availability of experimental
high-resolution spatial structures of MPs permits more
delicate structural examination of features by exploration
of microscopic environments of individual residues.
Solitary studies of this organization have already been
described [29-31]; however there is still no packing qual-
ity assessment method for MPs, e.g. analogous to well-
known ones designed for globular proteins [32, 33], and
based on the analysis of individual microenvironments of
residues in high-resolution structures. The necessity of
separate methods, optimized or constructed especially for
MPs, is imposed by major differences in physicochemical
properties of surrounding medium for globular and mem-
brane proteins, and therefore considerable dissimilarities
in their spatial organization [17, 34, 35].

In this work we present a novel method for assess-
ment of packing quality of TM domains of a-helical MPs
based on the analysis of packing properties of residues
observed in a non-redundant “training” set of 26 MP
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structures that have been determined to a high experi-
mental resolution. This analysis allowed computation of
preferences of residues to five predefined classes of mem-
brane-protein environment, characterizing the residue by
the degree of membrane exposure and the polarity of
proximal protein groups. No proteins with TM domains
abounded by a high number of cofactors, such as photo-
synthetic proteins, were used in parameterization of the
method. We discovered a linear dependence of the
“membrane score” function on TM domain sequence
length, which permits comparison of the “quality” of the-
oretical models with those of experimental structures of
comparable size. Moreover, the method allows identifica-
tion of “close-to-native” structures among sets of models
including those with serious structural errors. The pre-
sented approach will be applied to optimization of theo-
retical models of TM domains, first of all for GPCR
modeling.

METHODS OF INVESTIGATION

MP structures and rhodopsin theoretical models. The
initial list of MPs with known structure was obtained from
site “Membrane proteins with known structure”
(http://blanco.biomol.uci.edu/Membrane Proteins_xtal.
html). Low-resolution (>3.5 A) and NMR-derived struc-
tures, as well as B-barrel and closely related proteins were
removed from it. Only the structure determined at highest
resolution in a family of homologous proteins was taken
for further inquiry. In total, a non-redundant training set
of 26 a-helical MPs was established, and corresponding
structures were taken from the PDB database [36]. Six
structures of photosynthetic proteins comprised a sepa-
rate set—couples of structures of light-harvesting com-
plexes (PDB IDs: INKZ and 1LGH), photosynthetic
reaction centers (PDB IDs: 1PRC and 10GV), and pho-
tosystems (PDB IDs: 1JBO and 2AXT).

All proteins were spatially aligned in such a way that
the principal moments of inertia of their TM domains
were collinear to the Z-axis (corresponding to the mem-
brane normal). Negative Z-values corresponded to the
cytoplasmic side of the cell membrane or matrix side of
the inner mitochondria membrane. Then, the structures
were “scanned” along Z-axis with a virtual “hydrophobic
slab”, mimicking the membrane, and the “mem-
brane”—protein interaction energy (E,,,) was calculated
at every step. The “hydrophobic slab” was defined by two
XY planes, separated with a distance D (varying in the
range 20-40 A), corresponding to the membrane thick-
ness. Hydrophobic properties of the membrane were
described by an empirical function E,,, in the framework
of the atomic solvation parameters (ASP) formalism:

N
Esolv = Z Ao-z ASAI ’ (l)

i=1
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where ASA, and Agc; are the solvent accessible surface area
and ASP for atom i, respectively, and N is the number of
atoms. Hereinafter, ASA means the area exposed to sur-
roundings. Depending on the Z coordinate of atom i, the
values of ASPs were taken to approximate cyclohexane
and water inside (|Z] < D/2) and outside the slab, respec-
tively [37, 38]. Zand D values, corresponding to minimum
of E,,, were defined as “optimal” position and membrane
thickness, respectively. Then, the PDB file coordinates
origin was transferred into the middle of the “membrane”.
The database for parameterization of the “membrane
score” method was constructed from residues in a.-helical
segments (as determined by the DSSP software [39])
inside the “optimal” hydrophobic layer, constricted by 5 A
at each side in order to avoid boundary effects (|Z| < D/2 —
5 f\). The final database (the “training set”) consisted of
4991 residues in 217 TM a-helical segments.

Theoretical models of visual rhodopsin, which were
used for validation of the “membrane score” method,
were either collected from the public domain (from the
GPCRDB server [40] or other sites) or specially built for
this purpose using common homology modeling tools. All
theoretical models were constructed prior to release of the
crystal structure of rhodopsin [13] and contained inaccu-
racies or errors. In the case of specially built models, such
errors as misalignments and others were advisedly intro-
duced or not corrected.

Environmental parameters and “membrane score”
calculation. Environments of residues in the database are
characterized by two parameters, Fpl and Fn‘p, correspon-
ding to fractions of the side chain surface area covered by
polar (nitrogen or oxygen) and non-polar atoms of neigh-
boring helices in the TM domain, respectively:

0
Fl = S, _OSP

P S ?

1 Snp—SI?p (2)
EIP:T >

where S, and §,,, are the total areas of polar and non-polar
contacts, respectively; Sp0 and Sgp are the areas of polar
and non-polar contacts within the same helical segment,
respectively, and S° is the surface accessible area of a
given residue (X) in Gly-X-Gly tripeptide [41] (Scheme).
According to F, and F,, values every residue was
attributed to one of five predefined membrane-protein
environment classes defined by three parameters: a, b, and
tana (Fig. 1b). “Compatibility” of each of 20 residue types
with every environment class was calculated based upon
frequencies of occurrence of residues in these classes:

Sy =n(8, [P). 3)

where P;is the probability of finding residue i in class j,
and P; is the probability of finding any residue in class j
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Scheme of surface area division of residues. The total residue sur-
face area (S°) is subdivided into the following parts: ASA is the sur-
face area accessible to membrane; S, and S, are the areas covered
by polar and non-polar protein atoms, respectively. The two latter
are further subdivided into SpO and Sfp (the contact areas with
residues of the same TM segment) and Sg and S,‘,p (the contact
areas with other helices)

(“occupancy” of the class). Boundaries of the classes
(Fig. 1b) were systematically varied with simultaneous re-
calculation of §;"" at each step in order to maximize the
total membrane score value over the whole database (the
“quality” of the training set should be maximal):

Se = Y NS (4)
.

where N is the number of residues of type i in class j. If
there were no i residues in class j, N; in Eq. (3) was set as
unity to avoid critical points in the logarithmic function,
but the whole term in Eq. (4) was not accounted in the
total sum. Final S;/°" values for “optimal” border param-
etersa=0.7, b= 0.05, and tano. = 2 are given in the table.

“Rotameric test”. Model “rotamers” were created by
systematic independent rotation of all seven TM o.-
helices as rigid bodies around their axes with 90° incre-
ment. If a chemical bond of either residue penetrated
cyclic structure of another residue, the y, dihedral angle
of the latter was varied until this error is gone. Then the
structure was subjected to energy minimization in GRO-
MACS 3.14 [42] to avoid rough atomic clashes. In total,
(360°/90°)” = 16,384 rotameric conformations were con-
structed, and only one of them (“zero rotamer”) corre-
sponded to the crystal structure (nevertheless, it was ener-
gy-minimized in the same manner).
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Preferences of residues for environment classes (for definition of classes, see Fig. 1b)

Environment class
Residue
1 2 3 4 5
Ala 0.09 —0.33 —0.10 0.29 0.64
Arg —0.04 —0.94 0.51 —1.20 0.82
Asn 0.21 —1.05 0.56 —1.13 0.60
Asp —0.04 —-1.12 0.86 —1.67 —0.09
Cys —0.42 —0.23 0.25 0.71 —0.41
Gln —0.22 —1.02 0.66 —0.18 0.38
Glu —0.56 —0.77 0.57 —0.34 0.63
Gly —0.16 —0.32 —0.15 0.36 0.79
His —0.72 —0.55 0.90 —-0.97 —1.87
Ile 0.27 0.40 —0.65 —0.19 -2.29
Leu 0.10 0.34 —0.53 0.01 —-0.97
Lys 0.48 —0.78 0.64 -2.02 —0.15
Met —0.21 0.44 —0.74 0.19 —1.27
Phe —0.20 0.25 —0.28 0.26 —0.64
Pro —0.36 —0.38 0.50 —0.87 0.35
Ser —0.25 —0.51 0.54 —0.37 0.23
Thr —0.19 —0.19 0.22 —0.11 0.30
Trp —0.31 0.11 0.10 —0.11 —0.32
Tyr —0.58 —0.40 0.44 —0.21 0.46
Val 0.28 0.10 —0.12 0.03 —0.81

RESULTS AND DISCUSSION

Development of the method using structural data.
There are now more than 200 experimentally-solved spa-
tial structures of MPs. However, this list is highly redun-
dant, and after omitting low-resolution and NMR-
derived structures, -barrel proteins, and closely homol-
ogous proteins, the training set of 26 a.-helical membrane
proteins was established. A separate set was composed of
six structures of photosynthetic proteins (see “Methods of
Investigation”). Development of a scoring function for
TM a-helical domains requires accurate delineation of
the “optimal” boundaries of membrane-spanning seg-
ments in each protein structure. These boundaries were
determined by “scanning” of a protein model, aligned
along the membrane normal, by a “virtual hydrophobic
slab” of varying thickness. The latter imitates the
hydrophobic membrane environment, specific for MPs
(see “Methods of Investigation”). A single “solvation
energy” minimum was detected for every structure. It
corresponds to an optimal position of the protein relative
to the “membrane” center and an optimal “membrane”
thickness. A database used for parameterization of the
method was comprised of residues that belong to a-heli-
cal segments in the “hydrophobic layer” (in total, 4991

residues in 217 TM helices). Spatial distributions of
residues along the membrane normal, hydrophobic prop-
erties of their microenvironments, and preferences for
membrane-exposed and buried positions turned out to be
in a very good agreement with data reported earlier [29,
30, 43] (data not shown).

To characterize environments of residues and to
define environment classes, we chose parameters Fp1 and
Fnlp, which represent the fractions of side chain area form-
ing, respectively, polar and non-polar contacts with other
TM helices in MPs (see “Methods of Investigation”).
Examples of distributions Fp1 X Fn'p for leucine and argi-
nine residues in the training set, as well as the scheme
defining environment classes, are given in Fig. 1.

As seen in Fig. la, distributions for leucines and
arginines differ significantly. Arginines are concentrated
near the membrane boundaries, while almost all of the
leucines are found in the hydrophobic membrane core.
Moreover, leucines mainly occur in either membrane-
exposed (class 7I; see definitions of environment classes in
Fig. 1b) or partly buried non-polar surroundings (class 2),
while arginines prefer more polar positions (classes 3 and
5). Arginines situated in the central membrane regions
are usually buried to avoid unfavorable contacts with
hydrophobic acyl chains of lipids. Finally, interfacial
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Fig. 1. Classes of membrane-protein environments for MP residues. a) Distributions of parameters characterizing arginine and leucine
residues from the database of TM a-helical domains (Fpl and Fnlp definitions are given in the text and in “Methods of Investigation”). Every
data point corresponds to a single residue in the database. Gray and black dots denote residues on the interface (|Z| > 15 A) and in the mem-
brane core (|Z| < 15 A), respectively. b) Scheme for environment classes based upon parameter distribution from (a). Class  corresponds
to residues preferentially exposed to the membrane (proximity to the zero of both Fp1 and Fnlp parameters means that almost all area is acces-
sible to the membrane; see Scheme), classes 2, 3 and 4, 5 are composed of residues partly and completely buried inside the bundle, respec-

tively. Classes 2 and 4 denote non-polar, while classes 3 and 5 denote polar environment.

leucine residues have a higher affinity to polar environ-
ments than the “central” ones. To quantitatively charac-
terize these preferences, the “membrane score” function
was introduced, which describes propensities of a residue
to occur in a certain environment class in the training
data set (see “Methods of Investigation™). Positive mem-
brane score values indicate favorable environment for this
residue, and negative a disadvantageous one (to be more
precise, that this residue is placed to the current environ-
ment rarer than any residue on average). Membrane
scores for each pair of residues and environment classes
are listed in the table.

The proposed method is conceptually close to the
well-known 3D-profiles approach developed by
Eisenberg et al. [32], but there are important differences.
First, apart from the 3D-profiles method that was para-
meterized on a set of 16 structures of globular proteins,
the “membrane score” approach is designed specially for
a-helical MPs and considers their structural peculiarities.
Second, it takes into account only one type of secondary
structure, i.e. a-helices, since we concentrated on this
MP subclass, and irregular structure is very unfavorable in
the membrane environment. And, finally, the proposed
scheme of environment classes significantly differs from
that used in [32].

Validation of the method. Assuming that almost all
residues in proteins are located in favorable environments,
one could expect that the total membrane score value
(that equals a sum of all residual values (S™™)) will lin-
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early depend on protein sequence length (L). Figure 2a
shows this dependence for proteins of the training set, six
structures of photosynthetic proteins (PhPs) (that were
not used upon parameterization), and a set of theoretical
models of rhodopsin, built prior to release of its crystal
structure (here they are used to assess the method’s abili-
ty to distinguish between “well-packed” from misfolded
structures). It is seen that the data points corresponding to
the training set proteins fit well a regression line, confirm-
ing the assumption. If the method of parameterization was
done using only some of the proteins from the training set,
utilizing another part as a test set gave a very similar mem-
brane score dependence on protein length, membrane
score values, and classes borders (Fig. 1b). Data points,
corresponding to test set proteins fitted well a regression
line for the training set (data not shown). All of the pre-
ceding confirms that the proposed method is robust and
reliable, and the data set used is rather representative and
does not lead to over-determination of the method.

At the same time, as seen from Fig. 2a, there is a dis-
tinct dependence of S™™ on L for photosynthetic pro-
teins (PhPs). This effect does not depend on training set
(data not shown). Evidently, this is caused by consider-
able distinctions in PhPs and other MP packing charac-
teristics due to high abundance of their (the PhPs’) TM
domains in light-accepting photosynthetic pigments.
Probably the latter change inter-helical interactions char-
acteristic for other MPs and/or partially substitute them
with protein—pigment interactions. Probably, individual
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Fig. 2. Validation of the “membrane score” (§™™) method. a)
S™Mvalues vs. TM domain length (L) for the training set (7), pho-
tosynthetic proteins (2), and computer models of rhodopsin (3).
The solid and dashed lines represent the least squares fits obtained
for the training set and photosynthetic proteins, respectively. The
position of rhodopsin crystal structure (PDB ID: 1U19) is shown
with an arrow. Inset: dependence of the values S™™ on the root-
mean-square deviation from the crystal structure (4) for theoreti-
cal models of rhodopsin. The regression trend-line is given. b)
Values of 3D-1D score [32] for the final set of membrane proteins.
The solid line shows the “ideal” score value for a protein with a
given length (L) [46]: 3D-Score;., = exp(—0.83 + 1.008 - In(L)).

parameterization of the “membrane score” method for
PhPs is needed.

The “membrane score” method was also applied to
assess a set of theoretical models of visual rhodopsin (Fig.
2a). These models were either constructed before the
crystallographic structure of rhodopsin became available
or built using common homology modeling software.
Such estimations were specially designed to validate the
“membrane score” approach. The proposed method per-
mits unambiguous identification of the crystallographic
(“correct”) rhodopsin structure—its score value is signif-
icantly higher than for other models. Moreover, there is a
prominent relation between closeness of a model to the
experimental structure (in RMSD (root-mean square
deviation) terms; see Fig. 2a, inset) and the membrane
score. Generally, the models, carefully optimized by their
authors, score better, and post factum (after release of the
rhodopsin crystal structure) reveal lower RMSD values.
On the contrary, the models that were built in an auto-
mated manner (via available web-servers Swiss-Model
[44], ModBase [45], or GPCRDB [40]) and often con-
taining improper sequence-alignment or other modeling
errors, have high RMSD values and poor scores.

CHUGUNOV et al.

Identification of “native” (or “close-to-native”)
structures in voluminous sets of theoretical models is one
of the crucial tasks in molecular modeling. In fact, having
this task solved and being able to effectively sample con-
formational space of a protein of interest, one could
resolve the whole problem of structure prediction. Unlike
the “membrane score” method, the 3D-1D algorithm
mishandles this problem in the case of MPs. For instance,
it does not distinguish crystal structure from computer
models—3D-1D Score in the former case was either not
maximal, or the gap with the next model was small and
not steady. More importantly, since the 3D-1D method is
not optimized for MPs, the correlation between RMSD
and 3D-Score value gets lost. As seen in Fig. 2b, M Ps sys-
tematically score worse than globular proteins of the same
sequence length. Although they do not fall into “misfold-
ed structures” zone (which is characterized by 3D-Score
values lower than 0.45 - 3D-Score,q., [46]; see Fig. 2b leg-
end), this difference gives evidence for distinctions in
organization of membrane and globular proteins.

This systematic impairment of 3D-1D Score is not
the only consequence of its application to MP packing
quality assessment. As has been already said, the main
limitation in this case is the loss of ability to discriminate
between “correct” and misfolded structures. In order to
compare in more detail such “differentiation” capabili-
ties of “classic” assessment method (3D-1D Score [32])
and the novel approach, designed specially for MPs, the
following test was proposed. The crystal structure of
rhodopsin was modified in such a way that model struc-
tures were, given the fine MP organization, most proba-
bly misfolded and therefore unstable. These modifica-
tions consisted in systematic rotation of all TM a.-helices
as rigid bodies around their axes and energy relaxation of
resulting “rotamer” models for elimination of rough
atomic bumps. With account of independent rotation of
all seven helices with 90° increment, this procedure yield-
ed more than 16,000 conformations, only one of which
(“zero-rotamer”) corresponded to the crystal structure
(see “Methods of Investigation). Results of application
of both methods to this data set are given in Fig. 3.

The 3D-profiles method declared itself incapable of
identifying a “correct” structure among a generated
decoy set, placing it near the mean value for the distribu-
tion, shown in Fig. 3a. The “membrane score” method
appeared to be much more sensitive (Fig. 3b), placing the
“zero-rotamer” at the very top of the list, outside of the
30 range from the mean value of the membrane scores
distribution. Moreover, only ~4% of structures received
positive scores, eliminating the necessity of considering
the majority of the generated conformations.

Practical optimization of MP packing is unlikely to
require such thorough exploration of “rotational space”
of an a-helical bundle, since even 90° rotations (not to
mention 180° ones) will conflict with known regularities
in orientations of helices with the most hydrophobic [17]

BIOCHEMISTRY (Moscow) Vol. 72 No. 3 2007
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Fig. 3. Distributions of 3D-1D [32] (a) and membrane (b) scores for the ensemble of “rotameric” conformations of visual rhodopsin. The posi-
tion of the crystallographic structure (“zero rotamer™) is shown with an arrow.

and most variable [17, 20-22] sides to the membrane.
However, while exploring the position of helices within a
single 90° sector, the “membrane score” method might be
of use and supplement existing methods for optimization
of MP models.

The proposed “membrane score” method for assess-
ment of packing quality of TM segments in membrane
proteins permits determination of “compatibility” of
amino acid residues with their environments in the struc-
ture, based on the data derived from the analysis of exper-
imental high-resolution MP structures. The method was
tested on a number of theoretical models of MPs, and its
ability to identify “close-to-native” structures was
demonstrated. This approach may be used for optimiza-
tion of a-helical TM domain packing of models. One of
the promising computational protocols looks as follows:
starting mutual orientations of helices in TM bundle
(obtained via homology modeling or by ab initio predic-
tions) are varied in a systematic manner (e.g. by transla-
tions and rotations of helices as rigid bodies), and the val-
ues of $™™ are calculated for each resulting conforma-
tion. Those obtaining the highest S™™ values are consid-
ered as the most probable candidates for the “native-like”
model. One of the shortcomings of the method is that the
membrane score is quite sensitive to positions of the side
chain rather than to overall protein fold. However, being
combined with effective procedures for sampling of side
chains, this shortcoming may turn into an advantage and
give a possibility of optimizing “low-resolution” theoret-
ical models, i.e. containing only C, atoms or protein
backbone. We believe that one of the most practically
important applications of the “membrane score” method
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is optimization of GPCR models, either built on a
rhodopsin template or generated ab initio.

Supplementary materials about the method are
available on the website: http://model.nmr.ru.
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