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Introduction

The growing experimental evidence showing that

GPCR oligomerization has pharmacological and func-

tional implications [1–4] (recent reviews), has prompted

the search for detailed structural information of the

receptor–receptor interface(s) in order to enable a

mechanistic understanding of these complex biological

systems. Despite the results from experimental studies

suggesting the participation of C- [5] and N-terminal

[6] regions in the self association of rhodopsin-like

GPCRs, more recent evidence points to the transmem-

brane helices (TMs) as the most probable structural

elements involved in oligomerization [7–12]. In partic-

ular, the recent atomic-force microscopy map of rho-

dopsin molecules in native mouse disk membranes

[10–12] provides direct evidence for the organization

of rhodopsin protomers into two-dimensional arrays of
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To achieve a structural context for the analysis of G-protein coupled recep-

tor (GPCR) oligomers, molecular modeling must be used to predict the

corresponding interaction interfaces. The task is complicated by the paucity

of detailed structural data at atomic resolution, and the large number of

possible modes in which the bundles of seven transmembrane (TM) seg-

ments of the interacting GPCR monomers can be packed together into

dimers and ⁄or higher-order oligomers. Approaches and tools offered by

bioinformatics can be used to reduce the complexity of this task and, com-

bined with computational modeling, can serve to yield testable predictions

for the structural properties of oligomers. Most of the bioinformatics meth-

ods take advantage of the evolutionary relation that exists among GPCRs,

as expressed in their sequences and measurable in the common elements

of their structural and functional features. These common elements are

responsible for the presence of detectable patterns of motifs and correlated

mutations evident from the alignment of the sequences of these complex

biological systems. The decoding of these patterns in terms of structural

and functional determinants can provide indications about the most likely

interfaces of dimerization ⁄oligomerization of GPCRs. We review here

the main approaches from bioinformatics, enhanced by computational

molecular modeling, that have been used to predict likely interfaces of

dimerization ⁄oligomerization of GPCRs, and compare results from their

application to rhodopsin-like GPCRs. A compilation of the most fre-

quently predicted GPCR oligomerization interfaces points to specific

regions of TMs 4–6.

Abbreviations
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dimers. Inference from this map led to the construction

of an oligomeric molecular model of rhodopsin with

TM4 and TM5 involved in intradimeric contact, while

TM1, TM2, and the cytoplasmic loop connecting TM5

and TM6, facilitate the formation of rhodopsin dimer

rows.

Two modes of association of the TM helices of

GPCR monomers into dimers have been proposed.

One of them, which is termed contact dimerization,

corresponds to the packing of two different TM bun-

dles with separate binding sites through interactions at

interfaces that otherwise would face the lipid environ-

ment [13]. The other one, termed ‘domain-swapped

dimerization’, involves interpenetration of transmem-

brane bundles, where the interacting TMs from two

different polypeptides appear as interlaced units

[14–17]. Experimental data can be found in the litera-

ture to support either contact dimers [10–13,18–21] or

domain-swapped dimers [22–29] of GPCRs.

Regardless of the type of geometry assumed for the

association of the rhodopsin-like GPCRs, the specific

interacting residues that form the dimerization inter-

face remain unknown for most receptor subtypes. To

guide specific experiments aimed at producing such

information, it is necessary to organize the available

data in a structural context. At this stage, only

molecular modeling offers such a structural context,

and even the most direct experimental evidence for

dimer geometry in rhodopsin makes use of such mod-

els [11]. The construction of the molecular models of

dimers ⁄oligomers for other GPCRs, in the absence of

the type of direct data available for rhodopsin, is quite

complex. Thus, even for contact dimers in which the

seven TM bundles of two GPCR monomers are

packed together, there is a large number of alternative

possibilities {at least 49 (¼ 7 · 7) for hetero-dimers

and 28 [¼ 7(7 + 1) ⁄2] for homo-dimers}. This number

of different alternatives for the possible interfaces can

be reduced significantly with the use of a variety of

computational methods, including genome level bio-

informatics tools and homology models [30,31].

Computational methods designed to help identify

protein–protein interaction interfaces (e.g. [32,33]) are

especially appropriate for this task. In general, the com-

putational methods that can serve in the modeling of

oligomerization interfaces fall into two categories. If 3D

structural information is available, approaches generally

known as ‘docking methods’ [33] (review) can be used

to identify protein–protein interfaces, based on a variety

of selection criteria and exhaustive searches of the

‘interaction space’. Still, the accuracy of the predictions

from such computational techniques remains quite

limited [34]. In contrast, even if structural information

about the interacting G-proteins in a complex is not

available, bioinformatics methods based on sequence

and genomic information can be used to predict pro-

bable regions involved in protein–protein interactions.

Many of the limitations and considerations of accuracy

and reliability of these methods have been reviewed

recently [32].

Some of the computational techniques developed to

predict protein–protein interactions have been applied

to modeling of GPCR interactions. Most of these

approaches utilize sequence and genomic information

to predict putative functionally important residues, such

as those involved in the interaction of GPCRs with

cognate G-proteins [35–41], as well as in signal trans-

duction [35,42–44]. Similarly, bioinformatic methods

were tapped for approaches used to predict possible

interfaces of GPCR dimerization ⁄oligomerization

[16,17,40,45–50]. We review here the underlying princi-

ples of these methods, as well as results of their

application to rhodopsin-like GPCRs. To enable com-

parisons, we use the generic numbering system of

GPCR sequences (N1.N2) originally described in Bal-

lesteros & Weinstein [51]. Specifically, this numbering

scheme consists of a number (N1) corresponding to

the TM number, and another (N2) counting the posi-

tion relative to the most conserved residue in the

particular TM. The conserved locus is assigned the

number 50, and the N2 values of the other loci

decrease towards the N-terminus and increase toward

the C-terminus.

The compilation of the predicted dimerization ⁄oligo-
merization interfaces obtained from the comparison

shows that regions in TMs 4–6 have the highest num-

ber of occurrences. From specific examples, it becomes

evident that this type of analysis for GPCR interaction

interfaces can provide valuable structure-based hypo-

theses for further probing of functional mechanisms,

because: (a) they can be tested specifically (e.g. with

mutagenesis) for sequence determinants of dimeriza-

tion ⁄oligomerization, as well as for disruption of the

dimers and, (b) they provide criteria for the design of

experiments to probe the functional effects of dimeriza-

tion ⁄oligomerization on mechanisms of ligand binding

and extent of activation (i.e. pharmacological efficacy),

as well as on the involvement of protein–protein inter-

actions in GPCR function (e.g. transactivation).

Methods employed

The evolutionary trace method

The evolutionary trace method is an adaptation of an

earlier strategy for the hierarchical analysis of residue
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conservation in protein sequence alignments [52]. It

was first described by Lichtarge et al. [38,53,54] as a

technique that predicts functionally important residues

(e.g. active sites and functional interfaces) in proteins

of known structure. The set of assumptions used to

extract such evolutionary trace residues from sequence

conservation patters in homologous proteins includes

the following: (a) protein structures descendant from a

common ancestor retain their fold (even if sequence

identities are as low as 25% [55]), as well as the loca-

tion of their functional sites and (b) functionally

important residues undergo fewer mutations than other

residues [56], and their lower mutation rate is inter-

rupted mainly by mutations that cause divergence.

Using a dendrogram (or phylogenetic tree) to represent

graphically a multiple sequence alignment of homo-

logous proteins, an evolutionary trace residue can be

identified as a residue which, upon partitioning of the

dendrogram at a certain level of sequence divergence,

is conserved within each group into which the dendro-

gram is divided, but may vary from one group to

another.

An example of the steps involved in identifying evo-

lutionary trace residues from a hypothetical multiple

sequence alignment is shown in Fig. 1. Based on a

dendrogram, sequences in a family can be divided into

subfamilies at selected sequence identity cutoffs. At

high sequence identity cutoffs, a subfamily is com-

posed of a smaller number of groups of sequences,

which are expected to show functional specificity. In

contrast, at low sequence identity cutoffs, the sub-

families contain more groups of sequences with less

specificity, but perhaps reflecting functional common

elements. In general, the exact cutoff value that must

be used to obtain reliable predictions is depending on

the protein of interest.

In the example shown in Fig. 1, the dendrogram of

a hypothetical multiple sequence alignment was parti-

tioned into four subfamilies using the sequence identity

cutoff shown as a vertical dotted line. For each sub-

family, a consensus sequence can be compiled by

transcribing conserved residues, and leaving variable

positions blank, as shown on the right of Fig. 1. Com-

parison of these consensus sequences allows for the

identification of evolutionary trace residues, which

are supposed to be part of a protein active site, or a

functional interface. More specifically, such residues

include: (a) class-specific residues, i.e. residues con-

served within a subfamily that are different between

subfamilies, but never a gap (e.g. X in Fig. 1) and

(b) conserved residues, i.e. residues conserved across

the entire sequence family (e.g. E and R in Fig. 1).

Residues that cannot be classified as conserved or

class-specific residues are called neutral (shown as

underscore characters in Fig. 1). Once the evolutionary

trace residues have been identified, they can be

mapped (e.g. by color-coding) to the structure of one

of the proteins in the sequence family, and clustered in

3D space, as shown schematically in Fig. 1.

In the application to over 700 aligned GPCR

sequences from classes A (rhodopsin-like), B (secretin-

like), and C (metabotropic glutamate-like), an enhan-

ced evolutionary trace method using Monte–Carlo

techniques [57] suggested a potential functional site on

the lipid-exposed faces of TM5 and TM6 in common

to each family or subfamily of receptors [40]. Although

this analysis did not result in the identification of

exactly the same residues for all the GPCR families

and subfamilies studied, the presence of a functional

site in the same lipid-exposed region of TM5 and TM6

suggested these helices as candidates for the dimeriza-

tion interface of GPCRs. As these studies only used

the TM regions of GPCRs, the authors could not dis-

tinguish between contact and domain-swapped dimers,

and suggested that, for the purpose of signaling, the

two alternative models are equivalent [16,17,40]. Using

the enhanced evolutionary trace method [40], a second

functional site on the lipid-exposed faces of TM2 and

TM3 was also predicted. Specifically, this functional

site was suggested to be implicated either in hetero-

dimerization, or in the formation of higher-order oligo-

mers [17,40]. On the other hand, considerably less

functionality was observed on TM1, TM4, and TM7

when using this enhanced evolutionary trace method

[40].

Fig. 1. Steps involved in identifying evolutionary trace residues

from a hypothetical multiple sequence alignment. The vertical dot-

ted line identifies the sequence identity cutoff used to partition the

dendrogram into four subfamilies. Class-specific and conserved resi-

dues, shown in blue and red, respectively, are mapped to the

structure of one of the proteins in the sequence family, and clus-

tered in 3D space.
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In order to identify clusters of residues that might

be responsible for global and class-specific functions,

the evolutionary trace method was applied recently to

a multiple sequence alignment of visual opsin, bio-

amine, olfactory, and chemokine class A GPCRs [43].

Among the trace residues suggested to mediate a gen-

eric signal transduction mechanism, only one (position

4.47, according to the generic numbering scheme) was

predicted to be lipid-exposed based on solvent accessi-

bility values (> 45%) calculated with the getarea

software version 1.1 [58] using the rhodopsin crystal

structure [59]. Interestingly, a mutation at this position

in chemokine receptors was recently suggested to affect

receptor homodimerization [49].

Correlated mutation analysis

Correlated mutations are typically identified in multiple

sequence alignments as loci that mutate simultaneously.

A correlated mutation algorithm was described by

Gobel et al. [60] as a powerful tool to correctly predict

physical contacts in homologous proteins. Oliveira

et al. [61] used a similar approach as Gobel et al. [60]

to first determine the correlation between residue posi-

tions in GPCRs. Such inferences based on correlated

mutation analysis (CMA) have been verified experi-

mentally to indicate spatial adjacencies between GPCR

TMs in the intramolecular portion of the proteins (e.g.

[62,63]). In addition, the observation that the type of

compensatory changes identified by CMA tend to accu-

mulate at protein interfaces [61,64] led to the extension

of the concept of correlated mutations to predict pro-

tein–protein contacts. This approach is based on the

reasoning that sequence changes that occur during evo-

lution at one of the interaction interfaces must be com-

pensated by changes in the other interacting protein

in order to preserve the protein–protein interface. This

implementation is illustrated schematically in Fig. 2.

Specifically, sequence changes that occur during evolu-

tion at the interaction interface of a given protein

(Fig. 2B) must be compensated by changes in the inter-

acting protein (Fig. 2C) to preserve the protein–protein

interface. In the hypothetical multiple sequence align-

ment shown in Fig. 2, these compensatory changes

occur at positions 36 and 140. This basic principle was

used not only to identify likely interfaces of GPCR–

G-protein interactions [35–37,41,43,45], but also to

predict interfaces of homo- and heterodimerization in

GPCRs [16,17,30,31,45,47–49].

Correlated mutation analysis performed by Gould-

son et al. [45] on multiple sequence alignments of

bioaminergic, somatostatin, neurokinin, opioid, thyro-

trophin, and chemokine receptors, using the whatif

molecular graphics software [65], showed an accumula-

tion of correlated mutations on the lipid-exposed sur-

face of these receptors. Specifically, the occurrence of

correlated mutations on the external faces of TM1,

TM5, TM6, and TM7 was interpreted as an indication

that these helices may be involved in the formation of

domain-swapped dimers. In contrast, conformational

changes and ⁄or the formation of higher order struc-

tures were invoked to explain the simultaneous appear-

ance of correlated mutations on the external faces of

TM2, TM3, and particularly TM4.

This type of approach was enhanced with filtering

algorithms to enable identification of the likely hetero-

and homo-oligomerization interfaces of family A

GPCRs [47,48]. These methods take advantage of an

improved CMA-based algorithm [66] that combines

correlated mutations with other types of sequence

properties (e.g. sequence conservation and contact den-

sity), and utilize the structural information from the

rhodopsin crystal structure [59] as the basis to predict

functionally important residues at the dimerization

Fig. 2. Schematic representation of the concept of correlated mutations applied to protein–protein interactions. In the specific example,

compensatory changes occur at positions 36 and 140 of the hypothetical multiple sequence alignment.
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interfaces of GPCRs. Specifically, the approach we

developed to identify probable interfaces of GPCR

heterodimerization, termed Subtractive Correlated

Mutation (SCM) method [47], consists of a modified

version of the original algorithm [66] that provides a

means to filter out the intramolecular pairs of correla-

ted residues within each interacting monomer from the

complete list of intra- and intermolecular pairs of cor-

related residues. These correlated mutations are identi-

fied in a multiple sequence alignment of concatenated

monomeric sequences of the two different GPCRs,

obtained from the same organisms. The concatenation

step is essential for the identification of the hetero-

dimerization interface, as outlined in detail [47]. A sim-

ilar approach was developed independently by Pazos &

Valencia [67].

Although a powerful bioinformatics tool that was

demonstrated from specific tests to identify residues

that are functionally essential, the CMA in itself does

not usually achieve specific identification of the residue

composition of the dimerization interfaces of GPCRs

(e.g. results of Gouldson et al. 2001, which essentially

show correlated mutations in all seven TM helices).

Consequently, additional stringency criteria must be

added to the CMA approaches, especially in the appli-

cation to GPCR homo-dimerization, in order to

achieve reliable predictions of the dimerization ⁄oligo-
merization interface of GPCRs. To this end, we intro-

duced the filtering criteria described below, which are

applied to the list of calculated correlated mutations

to reduce the number of false positives [31], and are

combined with the geometric filtering derived from the

construction of 3D molecular models of putative

configurations of GPCR dimers ⁄oligomers [48]. Experi-

ence shows that application of these criteria may cause

the procedure to overlook some correct predictions of

residues involved in the actual interface, i.e. false negat-

ives. Nevertheless, this multistep filtering remains

advantageous because it ensures elimination of isolated

residues (as opposed to complete interfaces), which

have high correlation index values. Briefly, we devel-

oped an approach in which the correlated pairs of resi-

dues are first sorted by decreasing correlation values

(from 1 to 0). To increase the chance of obtaining cor-

rectly predicted contacts, only highly correlated pairs

are taken into account for each case. This is achieved

by limiting the predictions to a maximum of L ⁄ 2,
where L is the length of the sequence of each receptor

subtype (i.e. only the most significant L ⁄ 2 predictions

are retained, and the others discarded). This specific fil-

tering is carried out because a list of L ⁄ 2 was demon-

strated to be enriched in correctly predicted contacts

[66]. However, even the L ⁄ 2 list is purged of correlated

pairs with a correlation index £ 0.7, in order to reduce

the number of false positives. Conversely, however, if

the number of correlated pairs with a correlation index

equal to 1 exceeds the number of L ⁄2 correlated pairs,

they are all taken into account. Finally, the location of

the identified residues on the ‘outward’ facing portions

of the monomers is established using the information

contained in the crystal structure of the cognate rho-

dopsin receptor [59]. Any pair of correlated residues

with either one, or both inaccessible to solvent (thus

not considered to be outward-facing) is eliminated from

the list of predictions. Specifically, only pairs of correla-

ted residues where both positions have a surface expo-

sure of more than 45 Å2 are considered as candidates

for intermolecular contacts (the implicit assumption

is that association of GPCRs occurs only via contact

dimers ⁄oligomers). A final filtering criterion is based on

the requirement for interaction neighborhoods on the

proposed helix interface. Specifically, one definition

of the neighborhood that we have used [47,48] is that

residues in a TM helix are considered to define an inter-

face only if at least three appear close to each other,

within i+7. Application of this final filter further redu-

ces the number of false positives obtained from the bio-

informatics approach of CMA.

In a recent application to rhodopsin-like GPCR sub-

types for which homo-dimerization has been demon-

strated experimentally [31], our enhanced CMA-based

approach identified TM1 and TM4 most often as puta-

tive interfaces among the studied GPCRs. The fre-

quency with which these two TMs appear in the

predictions suggested them as the most probable seg-

ments of rhodopsin-like GPCRs to be involved in

dimerization ⁄oligomerization interfaces. This finding is

intriguing given the recent experimental data suggest-

ing a role for precisely TM1 and TM4 in the dimeri-

zation ⁄oligomerization of rhodopsin-like GPCRs

(including rhodopsin [11], dopamine D2 [9], a1 adren-

ergic [7], and C5a [68] receptors).

Methods that detect tree-determinant positions

Two of the fully automatic methods recently imple-

mented in Valencia’s lab to detect tree-determinant

positions in multiple sequence alignments [69] (specific-

ally, the Level Entropy and the SequenceSpace Auto-

matization methods) were combined recently with

CMA [60,67] to identify probable interfaces of dimeriza-

tion in chemokine receptors [49]. Tree-determinant posi-

tions correspond to residues that are conserved within

a subfamily of proteins, but differ between subfamilies.

Several algorithms have been developed to search for

the best tree-determinants involved in the function of a

Computational study of GPCR oligomerization M. Filizola and H. Weinstein
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protein family [52,53,70–79]. It is clear that each of

the different implementations of this bioinformatics

approach presents special advantages as well as specific

drawbacks. However, comparing the results of all these

methods is beyond the scope of this review.

The main features of the approach are illustrated

here for the combination of the Level Entropy method

and the SequenceSpace Automatization method with

CMA. The Level Entropy method searches automatic-

ally for different partitions of the phylogenetic tree of

a protein family in order to identify an optimal parti-

tion according to the number of tree-determinants

involved in the function of the protein family, normal-

ized by the number of conserved positions in each

subfamily. The distance between the distribution of

tree-determinants and the product of the distributions

of conserved positions in each subfamily is calculated

using the concept of Relative Entropy from Informa-

tion Theory [80]. In some protein families there could

be more than one optimal dendrogram partition that

features tree-determinants involved in different func-

tions, but this method has been shown to identify the

most informative partition according to the number of

tree-determinants involved in biological activity [69].

The SequenceSpace Automatization Method consists

of an automated version of the earlier SequenceSpace

analysis method [70], which had been shown to work

more effectively than other approaches in the predic-

tion of functionally important residues [81]. This new

automatic implementation of the method attempts to

reduce human intervention in the recognition of resi-

dues with similar tendencies by using a geometric

criterion that identifies clusters of residues in the multi-

dimensional space. Both the Level Entropy method

and the SequenceSpace Automatization Method have

been tested on nonredundant lists of protein families,

and demonstrated to predict residues that have a clear

tendency to be close to functionally important resi-

dues.

A combination of these two methods together with

CMA [60,67] was applied to the chemokine receptor

family to predict a specific interface of dimerization in

the chemokine receptor corresponding to the SWISS-

PROT sequence identity code CKR5_HUMAN [49].

Specifically, TM1, TM2, and TM4 were proposed as

candidates of the homodimerization interface of chemo-

kine receptors. The predicted helices were then used as

a guide to build 3D models of the CKR5_HUMAN

homodimer using the automated docking procedure

embedded into the global range molecular match-

ing docking program [82]. The potential homodimer

model was selected from among 100 initial solutions

proposed by this docking program. Using the correct

membrane orientation and the proximity of the calcu-

lated lipid-exposed tree-determinants and ⁄or correlated
residues as criteria for selection, this proposed homo-

dimer model produced an asymmetric interface invol-

ving TM1 and TM4 helices. Interestingly, experimental

evaluation of several mutants with alterations in TM1

and TM4 identified a two-point mutation I52V ⁄V150A
at positions 1.54 and 4.47, respectively, as responsible

for the disruption of the homodimer of CKR5_

HUMAN [49].

Hidden-site class model of evolution

As shown for the methods described above, most of

the bioinformatics techniques that detect putative func-

tional sites in proteins from multiple sequence align-

ments, share the assumption that proteins that are

evolutionarily related might exhibit common structural

and functional features corresponding to detectable

patterns in their sequences. As a result, a suitable rep-

resentation of the evolutionary relationships between

proteins under study is an essential requirement for the

prediction of sequence locations bearing structural or

functional significance. In general, evolutionary rela-

tionships between proteins can be represented by a

matrix indicating the rate at which every amino acid

substitution occurs during evolution. Current models

of evolution use a single substitution matrix for all

locations in all protein sequences. This is, however, a

limitation of these models because the probability that

an amino acid substitution at a particular location in

the sequence of a protein would produce any func-

tional effect is not the same at all locations. A novel

model of evolution, termed hidden-site class model

[83–85], was proposed to overcome this limitation by

using different substitution matrices to represent amino

acid substitutions at different locations in a protein

sequence. Specifically, each location in a multiple

sequence alignment can be described by one of the dif-

ferent types of sites, thus creating site classes that are

each associated with a specific substitution model.

While the assignment of locations to different site clas-

ses is unknown a priori, it can be calculated iteratively

after optimization of the corresponding substitution

models using a maximum likelihood formulation. This

hidden-site class method was demonstrated to attain

better phylogenetic inferences by identifying locations

in the protein sequences that are considered to be

under similar selective pressure, and by characterizing

changes in this selective pressure. Specifically, locations

that are assigned to site classes with the slowest rate of

substitution are expected to correspond to structural

or functional important positions.

M. Filizola and H. Weinstein Computational study of GPCR oligomerization
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In an application to 199 aminergic receptors from

the class A family of GPCRs [50], this hidden-site class

model of evolution identified 56 locations that

belonged to the slowest evolving site classes in one of

the site class models expected to provide the most rea-

sonable insights into the structural and functional fea-

tures of the aminergic receptors. Among them, 16 of

33 locations that are known to be involved in ligand

binding in aminergic receptors were identified. The

method also detected lipid-exposed evolutionarily con-

served locations on TM4, TM5 and TM6 in different

subfamilies. Specifically, a general abundance of lipid-

exposed locations on TM5 and TM6 of most

aminergic receptors was interpreted to suggest the

involvement of these helices in the dimerization of the

aminergic receptors, whereas TM4 and TM5 were sug-

gested to be involved in the dimerization of muscari-

nic, opsin, and serotonin receptors.

Common elements in the prediction
of GPCR–GPCR interaction interfaces

The various computational studies that looked for

possible dimerization ⁄oligomerization interfaces of

GPCRs, using the type of bioinformatics approaches

described above, did not predict exactly the same inter-

faces for all the GPCR subfamilies studied. This is not

entirely surprising given the differences not only in

methodology, but also in the selected data sets and the

corresponding multiple sequence alignments. Both the

assumptions underlying the computational algorithms

and the selection of the sequences in the alignment

determine the nature of the answers returned by the

application of the computational tools. The statistical

nature of these tools makes their success in predict-

ing likely dimerization ⁄oligomerization interfaces of

GPCRs strongly dependent on the number of sequences

available for each family or subfamily of these

proteins. As more sequences become available with the

completion of sequencing of more genomes, the power

of these approaches is expected to increase signifi-

cantly.

In spite of the specific differences in the results from

different methods, it is notable that some TM seg-

ments appear more often than others in the prediction

of GPCR interfaces. To zoom into the level of specific

lipid-exposed residues, we mined the prediction data

(Fig. 3) – to see whether some loci were more fre-

quently predicted to be at interfaces than others – by

comparing the results of the different studies

Fig. 3. Occurrence of the lipid-exposed residues in the predictions from bioinformatics methods applied to search for dimerization ⁄ oligo-

merization interfaces of GPCRs. Residues within a TM region that are predicted more than a baseline of four times are indicated for each

TM (purple, blue, red, green and magenta for residues in TM1, TM2, TM4, TM5 and TM6, respectively).
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[16,17,30,31,40,45,47,48,50] that have looked so far for

possible dimerization ⁄oligomerization interfaces of

rhodopsin-like GPCRs. Among all predicted residues

in each study, we only compared the lipid-exposed res-

idues within TM regions, and subject to the solvent

accessibility criterion of values > 45%. These values

were calculated with the getarea software version 1.1

[58] using the atomic coordinates of the rhodopsin

crystal structure [59]. It is important to keep in mind,

however, that rhodopsin and rhodopsin-like GPCRs

may exhibit structural differences that affect local

exposure of residues to the environment [86]. This can

create differences in the details of GPCR interfaces,

and therefore inaccurate estimation of solvent accessi-

bility values assigned to equivalent positions in differ-

ent receptors.

Figure 3 presents a histogram plot of the number

of times that each lipid-exposed residue has been pre-

dicted with the methods discussed here to belong to

dimerization ⁄oligomerization interfaces of GPCRs.

Residues within a TM region that were predicted more

often than a base line of four times, are indicated for

each TM (purple, blue, red, green, and magenta for

residues in TM1, TM2, TM4, TM5 and TM6, respect-

ively). Most of these residues are within TM4, TM5,

and TM6, indicating that the prediction of dimeriza-

tion ⁄oligomerization interfaces of GPCRs with various

computational methods has thus far pointed to a speci-

fic role for the lipid-exposed regions of these three heli-

ces. Among the loci identified within each of these

three helices, 4.58, 5.48 and 6.42 have the greatest

number of occurrences. In particular, the latter has

almost the same frequency of occurrence as 6.30.

(Note that the large frequency of occurrence for 6.30,

at the boundary between TM6 and the cytoplasmic

loop connecting TM5 and TM6, could be explained by

an involvement of this locus in a broader oligomeriza-

tion scheme of GPCRs. This is suggested by the

atomic force microscopy map of rhodopsin in native

membranes [11], which indicates that the cytoplasmic

loop connecting TM5 and TM6 facilitates the forma-

tion of rows of rhodopsin-dimers.)

Interestingly, position 4.58, which corresponds to a

cysteine in dopamine D2 receptor, was shown recently

to form a copper phenanthroline-induced disulfide

cross-link resulting in the appearance of a dimeric

band [9]. This finding is consistent with the hypothesis

that TM4 is involved in a symmetrical interface in

dopamine D2 receptor dimers, and that 4.58 is part of

this interface.

To the best of our knowledge, no information about

the involvement of position 5.48 in the dimeriza-

tion ⁄oligomerization of rhodopsin-like GPCRs exists

in the literature. In contrast, a phenylanine at this

position in the 5HT2 subfamily of serotonin receptors

has been suggested to be involved in ligand binding

[87]. On the other hand, early experimental studies

pointed to the involvement of 6.42 based on inhibition

assays with synthetic peptides comprising the amino

acid sequence of TM6 of b2-adrenergic receptor that

contains the glycophorin-like dimerization motif

GXXXG [88]. Thus, the involvement of position 6.42

(G280 in human b2-adrenergic receptor) in the dimeri-

zation ⁄oligomerization of GPCRs was inferred. How-

ever, these data do not necessarily establish TM6 as

the dimer interface in b2-adrenergic receptor, because

a specific peptide–receptor interaction at one site may

modulate the ability of the receptor to form dimers at

a different interface.

Last but not least, it is important to emphasize here

that the specific lipid-exposed positions shown in

Fig. 3 may also have been picked out by the bioinfor-

matics tools due to functional roles different from

dimerization ⁄oligomerization. Such functional roles

may include correct protein folding, required interac-

tions with the lipid bilayer, or interactions with other

proteins. The high number of occurrences of position

2.59 seems to relate to this hypothesis because the pro-

line residue found at this position in almost all aminer-

gic receptors, on which most of the studies focused,

may induce a functional kink in this helix [86] that

could affect the structural integrity of the receptors.

The specific reason for the structure ⁄ function role of

the predictions shown in Fig. 3 notwithstanding, they

probably represent valuable hypotheses for further

experimental exploration of functionally important resi-

dues located on the surface of rhodopsin-like GPCRs.

Interpreted in the structural context offered by models

of the GPCRs [30,86,89] and their oligomers [11,48],

the putative interfaces are ripe for specific probing

with dimerization-disrupting mutations, cross-linking,

and derivatization. Such experiments should yield valu-

able insight not only about the structural details of the

GPCR–GPCR interaction in both homo- and hetero-

meric complexes, but will offer specific tools for the

elucidation of the functional roles of GPCR inter-

actions and the molecular details of signaling.

Structural details from computational
modeling and bioinformatics

As anticipated above, structural details from computa-

tional modeling and bioinformatics may provide valu-

able hypotheses for the experimental exploration of

interfaces of GPCR oligomerization. The goal is to

identify key residues responsible for disrupting the
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GPCR oligomeric structures in order to probe effects

on receptor function, and achieve a better understand-

ing of the mechanisms that regulate these complex

systems.

Such a process of inquiry is illustrated by an

approach developed to identify the molecular determi-

nants for the oligomerization of rhodopsin-like GPCRs

as an iterative protocol of computational prediction

and experimental validation [31]. In this protocol,

results from CMA-based methods are used to guide

the construction of 3D molecular models of GPCR

homo- and heteromers [47,48]. Inferences from these

models (and not from correlated mutations alone) are

then implemented in the design of key collaborative

experiments that serve to probe, validate, and refine

the hypotheses of interaction between monomers (e.g.

an important validation probe is the design of dimeri-

zation-disrupting mutants). Specifically, the experimen-

tal designs can use a cysteine cross-linking method that

was recently implemented to identify residues at the

homo–dimerization interfaces of dopamine D2 recep-

tors. The success of the application of this experimen-

tal procedure is documented in the literature [9].

An illustration of the structural details that were

identified for dopamine D2 receptor dimers using this

combined computational and experimental strategy

is given in Fig. 4. Our CMA-based approach for

the identification of homodimerization interfaces of

GPCRs [48] predicted that 4.58, 4.48, 4.55, and 4.60

are part of the interface of dopamine D2 receptor

dimers. These predictions were then used to build geo-

metrically feasible configurations of dopamine D2

receptor homodimers using the criteria reported in

[48], as reviewed above. Notably, the initial (unrefined)

models suggested that position 4.60, which is located

at the extracellular boundary of TM4, should not be

considered in the construction of the dimer models,

because of its possible inaccurate solvent accessibility

value (loop regions are missing in these models). Fig-

ure 4 shows the three residues that were used to guide

the construction of the receptor homodimeric interface

in CPK representation. Among them, C4.58 at the

extracellular end of TM4 had already been proposed

from cysteine cross-linking experiments to be part of a

symmetrical interface in dopamine D2 receptor dimers

[9]. Additional cysteine cross-linking experiments (with

copper-phenanthroline) were then carried out at the

predicted positions 4.48 and 4.55, and these positions

were also suggested to be at the interface between

interacting monomers of the dopamine D2 receptor

(W. Guo, L. Shi, M. Filizola, H. Weinstein, J. A.

Javich, unpublished results). The refined 3D models

that incorporate the new information are currently

being used to refine the scheme of dimerization disrup-

tion by single mutations (or a stretch identifiable as a

motif) of dopamine D2 receptor homodimers. The pre-

dictive ability of this combined computational and

experimental strategy in the application to dopamine

Fig. 4. Proposed interface for dopamine D2 receptor homodimers. Specific residues predicted with our CMA-based method to be at the

interface between monomers are shown in CPK representations.
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receptors creates exciting expectations for the study of

the structural and functional properties of oligomeriza-

tion in other GPCRs as well, and possibly also in any

other membrane protein. Moreover, it points to the

exiting possibilities for exploration of functional

mechanisms of GPCRs in a structural context offered

by models of the protein–protein interaction. The

types of structure-based hypotheses that can be derived

from such models are essential for the development of

mechanistic understanding of the multibody, time-

dependent elements of GPCR function in cellular-

signaling pathways.

Experimentally tested predictions

Most experimental methods that have been used so far

to study GPCR oligomerization, such as inhibition

assays using synthetic peptides, coexpression, biolu-

minescence resonance energy transfer (BRET), and

fluorescence resonance energy transfer (FRET), do not

reveal the details of the GPCR oligomerization inter-

face. In particular, they do not reveal the specific resi-

dues that are in actual contact. As a result, only a few

positions have been reported in the literature to parti-

cipate directly to the oligomerization interface(s) of

GPCRs based entirely on experimental data. Specific-

ally, these positions are: 1.54 and 4.47 in the chemo-

kine receptors [49]; 4.58 in the dopamine D2 receptor

[9] and 6.42 in the b2-adrenergic receptor [88]. Nota-

bly, three of these four positions had been predicted

with bioinformatics approaches to lie at the dimeriza-

tion interface more often than the four times consid-

ered as a base line (see Fig. 3).

As detailed information about the oligomerization

interface of GPCRs is essential for designing dimeriza-

tion-disrupting mutants, and thus for probing structural

and mechanistic hypotheses by interfering with GPCR

function, more incisive experimental approaches are

needed that are better suited for the identification of

specific residues at the dimeric ⁄oligomeric interface of

GPCRs. The close collaboration established between

the computational and experimental approaches to

investigation of GPCR oligomerization, as illustrated

in this review, should then enable rapid success in

unraveling the mechanisms and functional implications

of GPCR oligomerization in GPCR signaling processes.
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