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ABSTRACT. G-Protein-coupled receptors (GPCRs) are an important superfamily of transmembrane proteins
involved in cellular communication. Recently, it has been shown that dimerization is a widely occurring
phenomenon in the GPCR superfamily, with likely important physiological roles. Here we use a novel
hidden-site class model of evolution as a sequence analysis tool to predict possible dimerization interfaces
in GPCRs. This model aims to simulate the evolution of proteins at the amino acid level, allowing the
analysis of their sequences in an explicitly evolutionary context. Applying this model to aminergic GPCR
sequences, we first validate the general reasoning behind the model. We then use the model to perform
a family specific analysis of GPCRs. Accounting for the family structure of these proteins, this approach
detects different evolutionarily conserved and accessible patches on transmembrane (TM) hélices 4
different families. On the basis of these findings, we propose an experimentally testable dimerization
mechanism, involving interactions among different combinations of these helices in different families of
aminergic GPCRs.

G-Protein-coupled receptors (GPCRaje a superfamily  structure of these proteins is relatively limited. Their nature
of transmembrane proteins, which facilitate communication and location in the cell make them resistant to biophysical
between the cell and its environment. They allow the cell to methods of structure determination such as NMR spectros-
detect external signals and conditions by binding an extra- copy and X-ray crystallography. Currently, there is only one
cellular ligand and activating a coupled intracellular G- determined crystal structure among the more than 4500
protein (). Found in a range of species from yeast to available GPCR sequences, that of bovine rhodopsin (PDB
mammals, GPCRs function in a wide selection of cells from entry 1F88) 4).

muscle cells to neurons. Their abundance and essential . the basis of many experimental studies on different
function in many pathways make them a key figure in many rocentors, dimerization of GPCRs appears to occur quite

diseases, including Alzheimer's, anxiety, depres§ion, and generally (see reb for a detailed review). Although the
Parkinson's ). Al memb_er_s of the GPCR superfamily share existence of homo- and heterodimers from different receptor
the_ same topology C(_)n3|st|ng of Seven transmembrane (TM)famiIies has been show6<9), there is no general agreement
helices connected with extra- and intracellular loops. On the about the molecular mecha,nism of dimerization. There are
basis of the similarity of function and sequence, GPCRs are currently two main hypotheses: domain swépping [as

e e 1 opoSed by Golscnt al 1) and conactdmerization
. . : ) P Although some computational studies seemed to support the
role in the biochemistry of the cell, our knowledge of the : . . )
domain swapping mechanisrl( 12), recent experimental
results seem to be inconsistent with this proposa) 14).
*R-AdG- recetivfed SmpspForé frO{ng;\élfl;Lz(;raéltRLNMOSW_- |\Q-W-D- tOn the other hand, efforts to identify a possible dimer
recelved support rrom ran . R.R.N. receivea support ; H H HI H :
from NIH Grant HL46417. O.S.S. received support from the University "'ierface in different receptors are still inconclusive. Bouvier
of Michigan Bioinformatics Program. et al. showed thqt a peptide d.erl\./eld from thg sngth TM region
~*To whom correspondence should be addressed. E-mail: of $2-adrenergic receptor inhibits dimerization of these
E‘;*;?rﬂgf'gos)tz%”grl‘g‘ggg’-ac-Uk- Phone:44 (0)20 8816 2293.  receptors and proposed a helixelix interaction involving
* Department of Chemistry, University of Michigan. a conserved GxxxG motif on this helid¥). Recently, this
$ Biophysics Research Division, University of Michigan. Current view was supported by studies done a+factor receptors,
gd‘llfeSSZCDepﬁlrtm]ent OKIYBilfillggigal Statistics and Computational which have the same motif on the first TM helikg). Other
iology, Cornell, Ithaca, . . . . . . . i
' Department of Pharmacology, University of Michigan. _exp_erlm_ents _suggested a role for disulfide links in d|m¢r
O National Institute for Medical Research. ization, involving the extracellular end of the fourth TM helix
1 Abbreviations: 5HT, serotonin receptotd, o-adrenergic receptor; in dopamine D2 receptorsl?) and extracellular loops in

pA, f-adrenergic receptor; ACM, muscarinic receptor; AIC, Akaike 1 scarinic M3 receptors1@). Computational studies on
information criterion; ASA, accessible surface area; DA, dopamine

receptor; EM, expectation maximization; GPCR, G-protein-coupled plifferent GPCR subgroups a|50_ proposed Othe_r possible
receptor; HH, histamine receptor; TM, transmembrane. interfaces 19), but these remain to be experimentally
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verified. Finally, recent work on rhodopsin dimers suggests MATERIALS AND METHODS
that this receptor dimerizes through interactions among TM

helices 4 and 520). Taken together, these data raise the Evolutionary Model. Sequence evolution occurs at the

possibility of different dimerization interfaces in different molecular Ieve_l through a n_umber of m_ech_anlsms, including
. the accumulation of errors in DNA replication. These errors
GPCR families 16). . ) .
can lead to a mutant gene, of which some fraction will be
While most of our insights into protein structure and accepted in the population and become the dominant
function still come from experimental methods such as NMR, genotype. One can create a mathematical model to simulate
X-ray crystallography, and spectroscopy, there has been athis process at the DNA or amino acid level and optimize it
rapid development of computational techniques for analyzing in light of the given data, that is, a multiple alignment of a
proteins on the basis of only their sequences. Several of thesdamily of proteins and a phylogenetic tree that relates them.
techniques aim to detect important locations in proteins that  The general model for site substitutions is a matrix that
might be involved in functions such as substrate binding or specifies the rate at which every possible amino acid or
dimerization (e.g., ref21—24). Most are based on compara- nucleotide substitution occurs on an evolutionary time scale
tive sequence analysis, taking advantage of the availability (37, 38). Most available models of this kind use a single
of a number of different representatives of various types of substitution matrix for all locations in all protein sequences.
proteins. The underpinning of such analyses is the fact thatThe probability that a given mutation would result in a
the proteins under inspection are evolutionarily related and functional protein and be accepted in the population is,
thus might share common structural and functional features,however, certainly not constant over all locations in the
which might leave detectable patterns in their sequences. Asequence of a protein. For example, a change from a
proper representation of the evolutionary relationships is hydrophilic to a hydrophobic residue in the interior of a
critical in detecting and evaluating such patterns. Proper Soluble protein might be easily accepted, while it would not
consideration and modeling of the evolutionary process haveP€ accepted so easily if it occurred on the outer surface. There
led to significant performance improvements in secondary M&y be more specific restrictions on the acceptable amino
structure predictionZs), detection of homologous proteins acids at locations of structural or functional significance.

; ; : Thus, the use of a single substitution matrix is an inappropri-
26, 27), and creation of multiple-sequence alignme2®). ' . : . )
( L P g g ( ate model of the evolutionary process, especially if we wish

The amount of evolutionary information that can be {5 yse these models to improve our understanding of protein
incorporated into a sequence analysis method is limited by strycture and function.
the available evolutionary models. Current popular models  there have been attempts to account for this site variation
of evolution (e.g., ref29—31) have primarily been developed py incorporating absolute rate heterogeneity among locations
for inferring phylogenetic relationships among proteins and by multiplying the substitution rates by a location specific
are of limited use in deriving functional or structural scaling factor 80). While these models are better able to
information. This limitation is mainly due to the use of a represent bio|ogica| data, they cannot accouan_m"tative
single substitution matrix to model the evolution over the variations in the type of selection pressure at various sites.
entire sequence of the protein. We have been developing aOther models have been developed that allow for different
novel evolutionary model32—35) to relax this limitation locations to be under different types of selective pressure,
and allow substitutions in different parts of the protein to be either due to differences in local structuB2(39, 40) or by
represented by different substitution matrices. This model allowing every location to be described by a different model
allows us to base the entire analysis on the modeling of the (41). The former method ignores differences in selective
molecular evolution instead of ignoring or including such pressure due to factors other than local structure, while the
information as a secondary consideration, and can be usedatter is limited by the amount of available data, since it is
directly to gather functional and structural insights about the unlikely that all amino acids would be observed at each
proteins under study. In previous work, we demonstrated the location of a given set of sequences, no matter how many
ability of the model to achieve better phylogenetic inference currently existent organisms are sequenced.
(35) and gather general structural and functional information ~ We have been developing a novel, mixture (or “hidden-
about the proteins under stud36j. In this paper, we present ~ states”) model in a number of publication32{-35). The

an application of this model to aminergic G-protein-coupled novelty of this method is that it allows for variation at
receptors (GPCRS). different locations by postulating that each location in a set

of aligned sequences can be described by one of a number
of different types of sites, called “site classes”, each

data set of aminergic GPCRs, demonstrating the COr- 55qqciated with a specific substitution model. Neither the
respondence between the information derived in our COM- gqgignment of locations to different site classes nor the

parative analysis and what is known about these receptorsyorresponding substitution models are knownpriori.

from other sources of information. We then consider dimer- Rather, these models are optimized using a maximum
ization and use the evolutionary model to predict locations jikelihood formulation. Once the substitution models have
involved in this process, resulting in inference of a dimer- peen derived, however, it is possible to assign the locations
ization interface among TM helices 5 and 6 in most to different site classea posteriori This approach allows
aminergic families and helices 4 and 5 in the muscarinic us to identify the locations in the protein which are under
and opsin family. On the basis of these inferences and othersimilar selective pressure, characterize the nature of these
experimental findings on dimerization mechanisms, we selective pressures, and characterize changes in the selective
propose a testable hypothesis for GPCR dimerization. pressure, while avoiding many unnecessary and potentially

We first review the evolutionary model as applied to a
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limiting assumptions about the causes underlying thesebelongs to site classis given by
differences. In addition, we are able to include both absolute

and relative substitution rate variations in a consistent P(D,16,, T)P(K)

framework. P(kiD) = (2)
The method has been described previou83, 389, 40) ZP(DH@I«T)P("')

and is summarized here. The analysis starts with a set of

aligned homologous protein sequences and the correspondingr ) ] ] . )
phylogenetic tree. As this evolutionary model does not assign ' his equation allows us to group locations in the protein
locations to site classea priori, we instead define an that are under similar selective pressure into the same site

unknown prior probabilityP(K) that any given location in  class, while the parameters of that site class give us insight
the protein belongs to site clads The set of prior  into the nature of the selective pressure at these locations.
probabilities, that is, our confidence in assigning a given In particular, the overall substitution rate provides informa-

location to any specific site class prior to considering the tion about the magnitude of the selective pressure, while the
residues found in the proteins at that location, are the samefithess values for each amino acid type can indicate which
for all locations in the protein. As all locations must belong types of amino acids are preferred for these locations. This

to some site clas$;P(k) = 1. At each location, the local information can then be used to obtain structural and
likelihood L, can be calculated as the probability of the functional insight into the proteins under study. _
observed amino acids at that locati@)(given the model’s Applications to GPCRsThe evolutionary models used in

parameter® and the evolutionary tree topology and branch this study are obtained using a multiple-sequence alignment
lengthsT. Since each location can be represented by any of @hd phylogenetic tree of 199 aminergic receptors from the

the site classes and each site class has distinct parametei@ass A family of the GPCR superfamily. The alignment is
6., we must sum over all possible site classes to calculate©btained from the September 2002 version of GPCRdb, a

this likelihood: GPCR specific databasé3) (http://www.cmbi.kun.nl/7tm/
). The tree for this data set was created with MrBay&8, (
_ a phylogenetic tree creation tool employing Bayesian sta-
L ZP(D'W"’T)P(k) (1) tistics and Markov chain Monte Carlo search algorithms. The
final tree was a consensus created from 2000 trees sampled

where P(D)|6,.T), the conditional probability that the ob- thro.ugh a run using 2 million generations and four Markov
served data would result in given site specific mddelith chains. _ , , _ , _
parametersd), and evolutionary tred, is calculated using The physicochemical properties of amino acids used in
standard technique&9). Summing the log of this likelihood correlation calculgtlons were obtame_d from the_AAmd_ex
over all locations in the alignment gives us the log likelihood database 45), which contains 434 different amino acid
(LL) for the entire set of proteins. We can then adjust all of indices. We avoided m@ces rel_ated_ to_spectroscopm metho_ds
the various parameters, the prior probabilities as well as the@d selected 145 physicochemical indices (see the Supporting
parameters describing the substitution models, to maximize 'nformation for AAindex database codes of the indices that
this log likelihood. This is done using a modified form of Were used_). Surface a_lccessmlllty c_alculatlo_ns for rhodopsin
the expectation maximization (EM) algorithm2). were carried out using the publicly available software
The hidden-sites model allows us to use all of the data to GETAREA 1.1 @46). These calculations give the ratio of side
determine the parameters for a limited number of site classeschain surface area of a residue in the three-dimensional (3D)
Even with this simplification, the limited amount of available Structure to the “random coil” value (i.., the average solvent-
sequence data (either currently or in the foreseeable future)""ccess'bIe surface area of X in the Gly-X-Gly tripeptide).
makes it necessary to reduce the number of adjustabIeThe proposed dimerization mterz_ictlons are V|_suaI|zed using
parameters used to describe the substitution rates. We dé& hodopsin-based model of pig2-adrenergic receptor,
this by considering the relative “fitnes§i(A) of amino acid which is avallable from h_ttp://mosberglab.phar.um|ch.edu/
A for any location described by a particular site clasEhe resources/. This model is based on the 3D structure of
fitness value is related to the logarithm of the propensity of rhodopsin, modified by residue substitution and side chain
finding such an amino acid at any location described by this "otamer optimization (see the above link for more details).
site class. We further assert that the probability of substitution Dimers are visualized by manual docking of two copies of
between two amino acids should be a function of the changeth€ receptor model (and rhodopsin structure), based on the
in fitness values resulting from such a substitution. Thus, iNteractions proposed in the text. , ,
for each site class, we define a matrix for all possible _ The evolutionary models are optimized using a maximum
substitutions based on an overall substitution rate, the fitness/ik€lihood s_cheme on a r_nultlple-sequence alignment and
values of the amino acids in that particular site class, and Phylogenetic tree of proteins under study. The software for
two additional adjustable parameters that define the func- Ptimizing and employing such models is available from the
tional relationship between substitution rate and fitness @Uthors upon request.
change. The decision on how many site classes to use tORESULTS AND DISCUSSION
achieve a reasonable model is not trivial and will be
discussed in detail (see Results and Discussion). To assess the statistical behavior of the model with an
While we do not know the site class to which a given increasing number of site classes, we optimized a set of
location belongsa priori, following optimization of the models containing between 4 and 17 site classes on the set
model we can calculata posteriori probabilities using of 199 aminergic receptors from class A GPCRs, using the
Bayes’ rule. The conditional probability that a locatibn  associated phylogenetic tree (see Figure 1) and multiple-
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i guantified using the Akaike information criterion (AIG}7)
12 ROARY (see refd8 for a detailed discussion of model comparison).
,_E L This criterion adjusts the log likelihood value (LL) to take
i 1”;; SHT1 into account the expected dependence on the number of
Eﬁm parameters in the modeK), giving the distance between
Bse(E the “true” underlying model that created the data and the
T proposed model fitted from the data.
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According to this measure, the most informative model
among a set of related models is the one with the lowest
AIC value. Figure 2 shows the continual increase in log
likelihood and decrease in AIC values with an increasing
number of site classes. While these evaluations suggest that
the most statistically appropriate site class model has even
more than 17 classes, the larger number of site classes makes
the analysis of the results more difficult. In practice, we found
that models with 512 site classes are reasonable to analyze
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TOTIm

s
gf}%?&gﬁ probability for th'e various Iresullting site classes are listed in
4% O Table 1. Also included in this table are the top three
% E%%eg AcM 2,4 correlations between fitness values and amino acid properties
X Sl = for each site class (see Materials and Methods for properties
£ s used). One site class (class 1) represents highly conserved
D i acw locations as indicated by the low overall rate of substitution
S pauY 1,3,5 (), while two site classes (2 and 3) have a moderate rate
S e of evolution and a positive correlation with properties such
fﬁgﬁg as hydropathy, membrane preference, afielix propensity.
1”&{ win Most locations in the TM helices are assigned to these three
Sﬁ,m site classes (see Figure 3). The remaining three site classes
TAE ML (4—6) exhibit increasing substitution rates, with fitness values
g sur4 showing a positive correlation with properties such as
Eggg'“;’ﬂgg HE2 flexibility and hydrophilicity. Locations outside the mem-
R TSHTE brane are almost entirely assigned to these latter site classes.
by Besides this general correlation between site class distribution
RERE{: and the topology of GPCRs, the evolutionary model provides
3*&5‘% pA 1,5 further insights into locations in the membrane. A careful
pati analysis of the site class distribution over TM helices reveals
Eéﬁ e a correlation with the accessible surface area from rhodopsin
E;Eg%:f structure; almost all residues with high accessible area (facing
ﬂE?ﬁ# the lipid or so!vent) are assigned to site classes 3 and up in
Ei%?&m pa the model, while residues that have a small accessible surface
ERaul (facing the interior) are generally assigned to site classes 1
L and 2.
Jﬁgg;g Increasing the number of site classes in the model can
BiAR SR lead to detection of new features of proteins under study as

FicuRe 1: Unrooted phylogenetic tree of aminergic GPCRs. demonstrated in Figure 4. Here we show the site class
Receptors forming a monophyletic family on the basis of their distribution for a model with 11 site classes, where trans-
ligand are indicated on the right side of the figure (SHT, serotonin; \,embrane residues are generally assigned to five different

oA, a-adrenergic; ACM, muscarinicpA, p-adrenergic; DA, . - . .
dopamine; HH, histamine). Sequences falling under the numberedSlte classes (site classes-3), while loop residues are

nodes are used in the dimerization analysis. The same node numberdistributed among the remaining six site classes. It is
are referenced in Table 3. interesting to note the distribution of site class 6 (green),

which holds mainly residues from intracellular loops 1 and
sequence alignment. While the choice for the number of site 2, residues at the beginning and end of intracellular loop 3,
classes is a complex problem, involving questions of both and residues at the beginning of the (intracellular) C-
statistical significance and ease of interpreting the results, terminus. This site class has a moderate rate of evolution
an incomplete but useful measure of the behavior of the (0.40), and its fitness values correlate best with properties
model with an increasing number of site classes can besuch as positive charge (correlation coefficien.60) and
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—) and Akaike information criterion (AIC)-f).

Table 1: Parameters for the Six-Site Class Model As Optimized on the Aminergic GPCR Data Set

first correlation

second correlation third correlation

substitution prior
site rate () probability CcC property CC property CcC property

1 0.01 0.10 —0.64 helix frequency —0.55 helix indices —0.52 helix probability
(PALJ810109) (GEIM800104) (KANM800101)

2 0.08 0.24 0.89 hydropathy 0.81 membrane 0.81 helical
(KYTJ820101) (ARGP820103) (ARGP820102)

3 0.27 0.20 0.92 hydropathy 0.82  f-sheet 0.80 membrane
(KYTJ820101) (KANM800104) (DESM900102)

4 0.59 0.15 0.84 flexibility —0.84 buried 0.80 water-occluded site
(VINM940103) (WERD780101) (KRMV790102)

5 1.15 0.15 0.72 vap. to Chx E. —-0.71 hydrophobicity -0.71 polarizable
(RADA880103) (CIDH920105) (CHAM820101)

6 2.46 0.16 0.74 charge donor 0.74 vap. to Ehx E. —-0.73 polarizable
(CHAM830108) (RADA880103) (CHAM820101)

a Also included are three highest correlation coefficients (CC) betw
(see Materials and Methods).

een fitness values and selected physicochemical properties of amino acids

Cl it ity

TMI1 TM2 TM3 TM4

TMS

TM6 TM7

100 200 300 400
Multiple Sequence Alignment Position

Posterior Probability

Ficure 3: Posterior probabilities of site classes for the six-site class
model. The posterior probability for each site class at a given

Identifying Sites of Functional Significanc&/e would
expect that a large fraction of mutations at locations that are
unimportant for the protein’s structure and function would
be neutral, with the result that mutations accumulate rapidly
at these locations because of genetic drift. Conversely,
positions that are more important in the protein will be more
constrained; fewer mutations will be accepted, and there will
be a slower substitution rate. Thus, locations that are
conserved in a set of related proteins over the course of
evolution are likely involved in structural and functional
roles. In the evolutionary model, such locations are assigned
to site classes with the slowest rate of substitution (smallest
). Because the evolutionary model considers both the
overall substitution rate and the propensities of the various
amino acids for different locations, this list of locations is

location is shown as a colored bar. The bars for each site class arenot necessarily the same as the list of locations that are highly

stacked on top of each other starting with site class 1. TM helix
locations are given at the top of the figure: site class 1 (white), 2
(turquoise), 3 (magenta), 4 (yellow), 5 (red), and 6 (green).

isoelectric point (correlation coefficient 0.64). It is clear

conserved in the multiple-sequence alignment. A location
could be assigned to a site class with a higher rate of
evolution, even though it is highly conserved, if it contains
residues that are consistent with that site class. In addition,
many of the more generic selective pressures, such as

that this site class picks the residues that are under a selectivéydrophobicity and flexibility, are included in the distribution

pressure which seems to satisfy the “positive-inside rule”,
the high frequency of positively charged residues found in
cytosolic loops of membrane proteingdj.

of fitness values and thus are removed from the estimation
of v This behavior of the model might make it easier to
identify conservation and could allow discrimination among
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Table 2: Slowly Evolving Locations that Have a Total Posterior
Probability for Site Classes 1 and 2 Equal to or Greater than 0.7 in

. TMI TM2 TM3 TM4 M5 the 11-Site Class Modgl
= I [ | [ TM index a2a TM index a2a
2 Asnl4 4.50 Trp158
g, | 1.49 Gly50 4.59 Pro167
5 | 1.50 Asn51 5.47 Phe205
‘E 1.53 Val54 5.48 Phe206
g ‘ ‘ 1.63 Leu64 5.50 Pro208
& ' - LI 2.40 Asn69 5.58 Tyr216
2.42 Phe71 5.61 lle219
™I TM2 ™3 T™M4 T™MS 2.45 Ser74 5.65 Ala223
g 1 2.46 Leu75 6.30 Glu33l
= 2.50 Asp79 6.32 Arg333
£ 257 Valg6 6.33 Phe334
E 0.5 2.59 Phe88 6.37 Leu338
5 Trp99 6.44 Phe345
£ Gly102 6.48 Trp349
- 3.25 Cys106 6.50 Pro351
£ o 3.28 Tyr109 6.51 Phe352
50 100 150 200 250 3.32 Aspl13 6.52 Phe353
Multiple Sequence Alignment Position 3.37 Thr118 7.40 Trp375
FIGURE 4: Posterior probabilities of site classes for a model with 3.39 Ser120 7.43 Tyr378
11 site classes: (top) full view and (bottom) expansion for the first 3.40 lle121 7.45 Asn380
five TM helices. Color coding is as in Figure 3, with additional 342 His123 746 Ser3sl
site classes 7 (blue) and 8 and above (black). TM helices are given 3.43 Leul24 7.49 Asn384
at the top of each panel. Locations from the beginning and end of 3.46 lle127 7.50 Pro385
intracellular loops %3 (between helices 1 and 2, 3 and 4, and 5 3.49 Asp130 7.53 Tyr38s
and 6, respectively) and locations from the beginning of the carboxyl 3.50 Argisi 7.57 Asn392
tail are primarily assigned to site class 6 (green) as discussed in 351 Tyris2 7.60 Phe395
the text. Alal138 7.63 Ala398
Tyrl4l 7.64 Phe399

conserved locations that are solely functional and those that_ ° TM indexing is that of Ballesterast al. (50), where the first index
are under other constraints identifies the TM helix and the second gives the relative location in

the helix, with 50 representing the most conserved residue in each helix.
Table 2 lists the locations that have a total posterior Residue identities are from the humarRa-adrenergic receptor.

probability of 0.7 or higher as belonging to site classes 1 Locations gxperim_entally dgterm_ingd to be involved in ligand binding
and 2, the slowest evolving site classes, in the 11-site class>r &-Protein coupling are given in italics.

model. The indexing scheme is that of Ballestezbal. (50).

Twenty-one of these 56 locations have been experimentallyinvolved in dimerization of the corresponding family. Table
determined to be involved in ligand or G-protein binding 3 summarizes the results of this analysis where each model
and specificity 1, 52). These include 16 of 33 locations is designated by the node code from which it was derived
that have been experimentally defined in ligand binding in (see Figure 1 for node codes) and locations are indexed again
aminergic receptorssg). by the indexing scheme of Ballesteresal. (50).

Insights into the Dimerization Interfacés discussed in As seen in Table 3, we observe a general abundance of
the introductory section, dimerization of GPCRs could conserved locations on TM helices—8, with different
involve different regions in different families, making distributions among different families. Interestingly, these
evolutionary considerations more important for any sequence-three helices have been predicted to be involved in dimer-
based analysis. We used the evolutionary model to detectization by both experimental and computational studies as
possible dimerization interfaces in different families of discussed in the introductory section. More specifically, we
GPCRs by employing the following strategy. First we fixed observe a number of conserved locations in almost all
all parameters of the 11-site class model we derived from families. These are 2.59, 3.51, 3.53, 5.48, 5.58, 5.62, 6.42,
the phylogenetic tree of all aminergic receptors. Then we and 6.50, corresponding to P88, Y132, S134, F206, Y216,
updated the posterior site class distribution of this model at Y220, G343, and P351 in the humaBa-adrenergic receptor,
different nodes of the tree, corresponding to monophyletic respectively. Location 3.51 contains the last residue in the
families based on the ligand specificity of the receptors. Thus, conserved “DRY” motif at the N-termini of the second
each updated model is a representative of the evolutionaryintracellular loop that has been shown to be important in
constraints acting on the family defined by such node. stabilizing the receptor in a functional conformatids)
Models from different nodes are then analyzed for evolu- Locations 2.59 and 6.50 contain proline residues in almost
tionarily slow evolving locations (posterior probability of the all aminergic receptors and are inferred to induce functional
three most slowly evolving site classes above 0.7) that arekinks in these helice$0, 54). Location 5.48, which contains
in the TM region and accessible according to the rhodopsin a phenylalanine in 5HT2 receptors, has been shown to be
structure [accessible surface area (ASA) ratio>&0%]. involved in ligand binding in this subfamilys6), but such
Although there may be other reasons for conservation of evidence is not reported for any other subfamily where this
these locations, we argue that identifying such locations (i.e., location is sometimes replaced with a tyrosine. Thus, the
locations conserved in a family and accessible in the conservation at these four locations in each subfamily is not
rhodopsin structure) would highlight regions potentially surprising given these experimental findings. Location 3.53
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Table 3: Locations that Are Slowly Evolving According to the 11-Site Class Model (total posterior probability for site clagse$410.7)
and Are Accessible in the Rhodopsin Structure (ASA value 80%), for Various Subgroups of Aminergic GPCRs

a2A (1) 5HT2 (2) DA2,3,4 (3) ACM2,4 (4a) ACM1,35(4b)  alA(5) DAL,5 (6) BA (7)
159 T 134 W 1.40 G 159 C 1.40 A
1.41 S
255 T 2.48 C 2.48 C
259 P 259 P 2.59 P 2.59 N 2.59 N 259 P 259 K 259 P
263 A 267 Y 263 Y
326 D 3.48 F 326 E
351 Y 351 Y 351 Y 3.51 Y 3.51 Y 351 Y 351 Y 351 Y
353 S 353 A 353 A 3.53 S 3.53 F 353 G 353 A 353 L
438 T 438 T 438 T
439 P 4.43 G
454 A 455 G 4.47 G 454 A
461 P 454 F 458 F 458 F
537 W 5.36 P 537 S
5.40 F
548 F 548 F 548 Y 5.48 Y 5.48 Y 548 Y 548 Y 548 Y
549 A 556 F
558 Y 558 Y 558 Y 5.58 Y 5.58 Y 558 Y 558 Y 558 Y
569 C 559 T
562 Y 562 Y 5.62 S 5.62 Y 562 Y 562 Y 562 F
6.30 E 5.67 S 627 F
635 F 630 E 628 S 626 S 630 E
631 T
642 G 642 G 642 G 642 G 6.42 G
6.49 F 6.49 C
650 P 650 P 650 P 6.50 P 650 P 650 P 650 P
653 F 656 P 656 C
656 S 6.60 F 6.60 F
734 T
744 C 737 A 755 C 741 F
7.44 A
758 D
769 G 769 C
770 C 7.70 C 7.70 C 770 C

a Subgroup identification and number (in parentheses) match the data in Figure 1. The most common amino acid in each particular subgroup is
also included. Locations that are present in almost all models are given in italics, and locations possibly involved in dimerization and discussed in
the text are given in bold. TM indexing is as described in the footnote of Table 2. Corresponding locations are approximately aligned.

is highly conserved in a family-dependent manner, where it helices. The possibility of such an interaction is supported
is occupied by a different residue in different families. by the observation that the described entities from these two
Although there is no experimental evidence for its role, this helices are at the same level in the lipid bilayer according
residue is located at the beginning of the second intracellularto rhodopsin-based models (see Figure 5). Furthermore, some
loop and could be involved in a functional role such as experimental studies gfradrenergic and.-factor receptors
interaction with the G-protein. suggest a role for the same GxxxG motif in dimerization
The fully conserved tyrosine at location 5.58 and the highly (15, 16).
conserved tyrosine and serine residues at location 5.62 in Such a model must explain the absence of a GxxxG-like
most families are accompanied by the conserved GxxxG motif on TM helix 6 in some aminergic families. This motif
motif at locations 6.38 and 6.42 in TM helix 6 in all of these is even absent in rhodopsin, which has recently been shown
families, except for muscarinic (ACM) and serotonin type 2 to dimerizein vivo (57), even though the tyrosine at location
(5HT2) receptors (location 6.38, which contains the other 5.58 is still conserved in these receptors. In muscarinic
glycine of this motif, is also highly conserved among families receptors, a potential resolution of this question is suggested
but does not show up in this analysis because of its ratherby the presence of several highly conserved locations on TM
low ASA ratio of 21.7% in the rhodopsin structure.). In some helix 4. In fact, locations 4.43 and 4.47, which we detect
receptors, one or both glycines from this motif are replaced upon carrying out the above-explained analysis on nodes 4a
with a serine or alanine. These data could be explained if and 4b, contain an alanine or glycine in all muscarinic
dimerization in these receptors is stabilized through,H-C receptors. (Because of such interchange between these
--O hydrogen bond between these conserved entities, a typaesidues, locations 4.43 in ACM1, -3, and -5 and 4.47 in
of interaction known to be an important factor in protein ACM2 and -4 have a total posterior probability that is slightly
dimerization and TM helix interaction®). As described less than the set threshold of 0.7.) Thus, a possible resolution
by Engelmaret al. (56), the key residues involved in such is that the interaction in muscarinic receptors is between the
an interaction are alanine, glycine, and serine with their small conserved tyrosine and these conserved residues on TM helix
side chains, and serine and threonine with their extended4. Interestingly, all rhodopsin sequences show a similar motif
oxygen atom. Such an interaction could involve a tyrosine composed of a fully conserved alanine at position 4.42 and
as easily. An interaction like this could bring TM helices 5 a highly conserved glycine at position 4.45, supporting a
and 6 closer, creating a dimerization interface explaining the possible interaction between TM helices 4 and 5 as suggested
observed conservation on the accessible surface of thesdy other studies20). Finally, serotonin type 2 receptors also
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Ficure 5: Molecular models of two receptor molecules dimerized manually based on the proposed interactions. The two receptors are
shown as a ribbon and-carbon trace to indicate the two separate molecules. The top panel shows the dimer interaction through TM
helices 5 and 6 as modeled using a @Rradrenergic receptor model (see Materials and Methods for model description). The bottom panel
shows the dimer interaction through TM helices 4 and 5 as modeled using the rhodopsin structure. Panels from left to right show increasing
detail: complete receptor molecules with all seven TM helices, TM helices 5 and 6 and TM helices 4 and 5 in the top and bottom panels,
respectively, and close-up views of the proposed interaction. Residues discussed in the text (4.42, 4.45, 5.58, 5.62, 6.38, and 6.42) are
shown in the close-up views.

have a similar motif created by a highly conserved serine lying on external faces of TM helices. The latter analysis
and alanine at locations 4.38 and 4.42, respectively (theseused 525-adrenergic receptor sequences and detected two
locations are not listed in Table 3 because of their low clusters of locations, one on helices 5 and 6 and another on
accessibility in the rhodopsin structure). Again, an inspection helices 2 and 3. The authors concluded that these findings
of the rhodopsin structure shows that these entities are atsupported a domain swapping mechanism that they had
the same level in the lipid bilayer (see Figure 5). proposed previouslylQ). The same group also carried out

In summary, we propose that the above-mentioned interac-a correlated mutation analysis using sequences from chemo-
tion is the main driving force in dimerization of these Kkine, neurokinin, opiate, thyrotropin, somatostatin, and
receptors and involves TM helices 5 and 6 for most of the aminergic receptors to further support such a mechanism
analyzed families, and TM helices 4 and 5 for the muscarinic, (12). While the general results of their studies are similar to
opsin, and possibly serotonin type 2 families. The associationours in terms of the abundance of detected locations on
of these helices by the interaction of a GxxxG-like motif helices 5 and 6, there are many differences. For example,
and a tyrosine or serine residue from location 5.58 or 5.62 among the 28 locations that make up the two clusters they
could then further be stabilized by other interactions, detected orf-adrenergic receptors, only three are detected
explaining the relatively high level of conservation on in our analysis (locations 5.48, 6.42, and 6.50). The domain
accessible surfaces of these helices. Using rhodopsin-base@wapping mechanism has been challenged recently by some
homology models of aminergic receptors and rhodopsin experimental findings with vasopressit¥f and dopamine
structure, we found that the proposed interactions result in areceptors 13).
possible spatial arrangement for dimers without any structural - The second correlated substitution analysis was carried out
conflicts, as shown in Figure 5. by Weinsteinet al. (19) usingd-, u-, andx-opioid receptor

Comparison with Other Computational Studid®.evi- sequences. They used the predicted locations of correlated
ously, there have been several other computational studiessubstitutions to construct possible structural models of
on GPCRs for detecting possible dimerization interfadés (  homodimers of these receptors. Their analysis suggests a
12, 19) and mechanismsl(Q). The studies that looked for  possible dimer interface involving TM4 and TM5 or
possible dimerization interfaces used correlated mutation combinations thereof in- and«-opioid receptors. Although
analysis 12, 19) and the evolutionary trace methasi] in this study involves a completely different family of GPCRs,
conjunction with 3D models to detect functional locations and analyzing correlated substitutions is problematic, it is
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interesting that the results suggest helices 4 and 5 as possiblef different locations in the protein to their corresponding
candidates for the dimer interface. site classes on the basis of the posterior probabilities as well
The specific differences in the outcome of different as the fitness parameters for each site class, provide valuable
analyses can be attributed both to the differences in selectednformation about these proteins. These include information
data sets and to methods employed in the analyses. Althoughabout the environment of locations among the sequence (i.e.,
comparison of different approaches to detecting functional |ocations in the membrane vs the cytosol and TM locations
locations and correlated mutations is beyond the scope offacing the lipid vs the protein interior), about the preferred
this paper, it is important to note the importance of secondary structure at such locations (i.e., locations with
accounting for evolutionary relations in any type of sequence q-helix propensity), and about regions of functional signifi-
analysis. Such relations can introduce their own patterns intocance (i.e., locations involved in ligand and/or G-protein
the sequences, causing possible problems in sequencgjnging). More significantly, we were able to detect likely
analysis as demonstrated in the case of detecting correlateq{imerization regions in a family-dependent manner, identify-

mutations §9, 60). Itis also very important to consider such g notential differences in the dimerization location between
relat!ons when.evaluatlng conserved locations and their \ha muscarinic receptors and most of the other aminergic
relation to function. For example, two sequences that seemgp-Rg

to be most closely related in the analysis of a family could o )

actually be separated by many sequences that are not included '€ explicit model of the evolutionary process allowed

in the study. Not accounting for these evolutionary relations US to derive structural and functional information in a
can have vital effects on the results of the analysis, such asStraightforward manner without imposing arpriori basis
defining conservation from a lack of divergence time as for the relationship between these properties and the evolu-
functionally important. Such issues related to the method thattionary behavior. Thus, the approach presented here can be
is used, and to the way it is applied, could explain the applied to any set of evolutionarily related proteins, provided
differences between the results presented here and those frofine has sequence information for a sufficiently divergent
other studies. set of members. Although some of the results presented here

All of the predictions in this study, and some other may be available for GPCRs from other sequence-based or
computational studies, are based on the rhodopsin structuregxperimental studies, the simplicity and applicability of this
the only available structure for class A GPCRs. Although method make it quite attractive for studies on other, less-
rhodopsin and aminergic GPCRs are members of this samestudied protein families.
class, itis believed that there are structural differences among There may be some potential issues associated with this
the two ©0). Thus, one must keep in mind the possible 5hr0ach. One concern, as with all sequence-based analyses,
effects that such differences might have on sequence-basegs the accuracy of the multiple-sequence alignment. The
analyses t_hat use the rhodopsin structure to make pr_ediction%mmysiS is vulnerable to this issue as much as any other
about aminergic GPCRs. There should be special Cal€sequence-based approach. This is a minor problem in the

e]>c<ercifsed with ide.B_tli.ftication of (;e.Si?ﬁ.eS Witlh high %eg:ﬁes analysis of the TM regions of GPCRs, as these regions are
ot surtace accessibility, as used in this analysis and o erS'relatively easy to align because of the presence of highly

ne should al ware of the main mption on which “ N . - .
One should aiso be aware of the main assumption o N conserved “anchor” residues in the transmembrane helices

;Zgzegaeg;ﬁgggzngﬁe|0bcﬁﬁ)dn’s n;:n g%,ertr?ael fO; (r;(;t (;?l.?_t"\;m (50). Outside the membrane and egpecially in the long third
helices and dimerization. Such locations do not have to bem_tracellula_r loop and ca_rboxyl tail, the accuracy Of. the
involved solely in dimerization and could have many other a"gnm.e”t IS more questlonable. A seco_nd_ concern is the
roles such as structural integrity or interactions with the lipid reliability of the phylogenetic tree. To optimize the param-
bilayer or other proteins. Still, such predictions could be very eters of the m0(_je|, we assume that we_know the underlym_g
helpful in developing experimentally testable hypotheses, astfue phylpge_netlc tree relating the proteins U”‘?'ef study. This
demonstrated in this study. assumption |s_probably not entlre_ly_correct given the Iargt_a
space of possible trees and the limitations on phylogenetic
CONCLUSION inference tools. Still, we expect the model to be robust toward

We present a probabilistic model, employing site specific small changes in the tree structure, as shown for similar
substitution matrices, to simulate the underlying evolutionary Medels 61).
process, resulting in a set of related proteins. The approach A final potential issue with this approach is the optimiza-
simultaneously and naturally includes two different types of tion procedure. We are faced with finding the global
information, the degree of conservation and the preferenceminimum in a high-dimensional space. This is certainly not
for specific amino acid types, in one integrated model. This an easy problem to solve, and it is likely that we are not
work along with our earlier resultS8%, 36) shows that this  reaching a global optimum for our parameters. Despite this
model is capable of defining the selective pressures actingfact, the results presented here show that the optimization
on different locations in a set of evolutionarily related procedure is sufficient to provide reliable and biologically
proteins, and that such selective pressures correlate withinterpretable results.
structural and functional features of the proteins under study.
Such capabilities of the introduced model allow it to be used ACKNOWLEDGMENT
as a sequence-based tool to analyze protein structure and
function. Thanks to Sarah E. Ingalls for her contributions in writing
Applying the evolutionary model to GPCRs, we were able the software, Roger K. Sunahara for insightful discussions,
to show that the model's main parameters, the assignmentand Todd Raeker for computer support.
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