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Abstract: G-protein coupled receptors (GPCR) represent a class of important therapeutic targets. Seeking novel ligands as potential
drugs targeting GPCRs and identifying natural ligands for orphan GPCRs have been long-standing efforts of academic and
pharmaceutical industrial research. To accelerate this effort, there is a critical need for methods capable of predicting GPCR-ligand
interactions on a large scale. Such methods also may help to reveal cross-pharmacology of different GPCRs in order to alleviate side
effects and toxicity of potential drugs. Here we report a support vector machine (SVM)-based method for predicting GPCR-ligand
interactions on a chemo-genomic scale. In this method, GPCRs were characterized by the sequence information of the
transmembrane segments and ligands were represented by their chemical structural information. The application of the method to a
set of known GPCR-ligand interacting pairs that included GPCRs from 28 subfamilies of the A family led to a model of
GPCR-ligand interaction network. The model was able to distinguish interacting pairs from non-interacting pairs with an average
86.9% true-positive rate and 99.97% true-negative rate. Moreover, the model correctly predicted the interactions of a number of new
ligands and orphan GPCRs that were chemically and phylogenetically novel to the training data set. This method is expected to be
applicable to in silico high-throughput GPCR-targeting drug discovery and ligand identification at the GPCRs with unknown

functions.
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1 Introduction

The G-protein coupled receptors (GPCRs) participate in
numerous cellular processes by transducing extracellular signals
into cytoplasm through interaction with guanine nucleotide-
binding (G) proteins. The extracellular signals include sensory
signals of external origin such as odor and taste and endogenous
signals such as biogenic amines, peptides and lipids. The
GPCRs that require specific endogenous ligands to response,
referred to as endogenous GPCRs, are of particular importance
as they are involved in the regulation of a wide range of
physiological processes including metabolism, development
and aging and can be effective drug targets against the
associated diseases. In fact, ca. 50 % drugs on the market are
the modulators of endogenous GPCRs and these drugs act as
either agonists or antagonists. Recent genome sequencing
projects revealed that approximately 370 sequences belong to
the endogenous GPCRs class in the human genome!'™) of
which ca. 270 have been paired with known ligands and 100
still remain as orphan GPCRs. Among the GPCRs with known
ligands, however, only a small fraction (ca. 30 GPCRs) has
been used as drug targets, leaving the majority of the GPCR
family as the potential drug targets that have yet to be explored.
Therefore, seeking for novel ligands as potential drugs targeting
the known GPCRs and identifying natural ligands of orphan
GPCRs have been long-standing efforts of academic and
pharmaceutical industrial research. Success of the effort is not
only crucial to enrich our understanding of the physiological
and pathological significance of the GPCR family but also
important in developing new therapeutic agents®. To accelerate
this process, there is a critical need for methods capable of
predicting GPCR-ligand interactions on a large scale. Also
importantly, such methods may help to reveal cross-
pharmacology of different GPCRs in order to alleviate side
effects and toxicity of potential drugs, which is an important
step towards systems chemical biology™ involving GPCRs.

The GPCR proteins are believed to adopt a common
structural framework comprising seven transmembrane (TM)
helices, as shown in the recently determined crystal structures
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of a few GPCRs, including the bovine and squid rhodopsins!”,

the turkey S, human f-adrenergic receptors!''?, and the
human A,, adenosine receptor!'*l. These are also the only
available crystal structures of the GPCR super family. While
these crystal structures confirmed the high structural similarity
among GPCRs, they also show notable differences relevant to
ligand-binding. For example, the ligand-binding pocket in the
rhodopsin structures are deeply buried and completely isolated
from the protein surface, which raised the question how a ligand
goes in and out of the binding pocket!'*! whereas there is an
obvious ligand entrance site in the /f,-adrenergic receptor
structure. Compared to the conservation of the structures, the
amino acid sequences of GPCRs show considerable diversity
with sequence identity typically lower than 30% between
sequences of different subfamilies. The application of
homology modeling is therefore limited to the GPCRs with
sequences similar to the known crystal structures and it is
difficult to use this technique on a large scale.

Recently, the methods that employed the amino acid
sequence information of receptors in combination with the
chemical information of the ligands have been developed to
predict receptor-ligand interactions, such as Wikberg’s proteo-
chemometrics modeling techniques!'™"® and Bock and Gough’s
approach!"®. Our method, which will be described in this paper,
follows the concept of proteochemometric modeling, but uses a
novel strategy to represent protein sequence space.

Specifically, we take advantage of the unique feature of the
transmembrane domains of GPCRs and developed a method
capable of building a single model of GPCR-ligand interaction
network for the GPCRs that interact with ligands at the
transmembrane domains. These GPCRs include the entire A
family that constitute over 80% of known GPCR genes and
subsets of other families. In the method, GPCRs were
characterized by the sequence information of the trans-
membrane segments and each of the sequence of varied length
was converted into a numerical array of fixed length. The ligands,
which interact with a single or multiple GPCRs were represented
by their chemical structural information. A support vector
machine (SVM) technique was used to derive the binary
interaction relationships between the GPCRs and the ligands. The
application of the method to a set of known GPCR-ligand
interacting pairs, which included GPCRs from 28 subfamilies of
the A family, led to a highly predictive model, able to distinguish
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interacting pairs from non-interacting pairs with an average
86.9% true-positive rate and 99.97% true-negative rate.
Moreover, the model correctly predicted the interactions of a
number of new ligands and orphan GPCRs that were chemically
and phylogenetically novel to the training data set. With the
model, it is straightforward to perform simultaneous
multiple-receptor screening for small molecules, which would
reveal the cross- pharmacology among different GPCRs. The
method is expected to be applicable to in silico high-throughput
GPCR-targeting drug discovery and ligand identification at the
GPCRs with unknown functions.

2 Method and materials
We used the support vector machine (SVM) classification
technique® to derive binary interaction relationships between
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GPCRs and ligands based on the amino acid sequence information
of the GPCRs and the chemical structure information of the ligands.
The SVM technique requires two data sets as input: interacting
GPCR-ligand pairs and non-interacting pairs.

2.1 Data sets of GPCR-ligand pairs
2.1.1 Interacting pairs

Our data set of GPCR-ligand interacting pairs contain 1307
known GPCR-ligand pairs: 817 from the GLIDA database!®!
(release of March 24, 2006) and 490 from the International Union
of Pharmacology (IUPHAR) GPCR database (http://www.iuphar-
db.org/GPCR/). This dataset contained 106 human GPCR genes
that spanned 28 subfamilies of the A family, and the corresponding
mouse and rat genes were also included if they are not identical to
the human ones, resulting 214 unique genes as listed in Table 1.

Table 1 GPCR genes in the training set, including 106 human genes and 108 non-redundant
corresponding mouse and rat genes belonging to 28 subfamilies of the A family.

amine peptide lipid nucleotide - like
family gene species family gene species family gene species family gene species
acetylcholine ACM1 HM (10)¢ angiotensin AG2R H (8) bile acid GPBAR H(#) adenosine  AAIR H,M,R(11)
ACM2 HR (9) AG22 H#) cannabinoid CNRI1 HM (13) AA2AR HM,R(12)
ACM3 H,R (10) bombesin GRPR HM,R (4) CNR2 HM (10) AA2BR H,M,R(10)
ACM4 H,M,R (10) NMBR  HM,R (4) cys.leukotriene® CLTR1 H(2) AA3R H,M,R(6)
ACMS5 HR(9) bradykinin BKRBI HM,R (8) leukotriene LT4R1 H(6) P2Y P2RY1 HM,R(12)
adrenoceptor ADAIA H,R(26) BKRB2 HM,R (11) LT4R2 H(6) P2RY2 HM,R(5)
ADAIB  H(23) chemokine CCR1 HM (2) free fatty acid GPR40 H(1) P2RY4 HM,R(7)
ADAID HM (22) cholecystokinin CCKAR H,R (3) GPR41  H(1) P2RY6 H,M,R(8)
ADA2A  HM,R (16) GASR HM,R (5) GPR43  H(1) P2Y11 H(11)
ADA2B  HM,R (16) endothelin EDNRA HM (3) PAF® PTAFR  HM (8) P2Y12 H(6)
ADA2C HM (16) EDNRB  H,M,R (2) prostanoid PD2R H,M,R (20) P2T13 H(5)
ADRB1  HM,R (22) melanocortin MSHR  HM (2) PE2R1  HM (19) P2Y14 H,M,R(3)
ADRB2 HM,R (23) ACTHR H(2) PF2R2  HM (15)
ADRB3  HM,R (15) MC3R  HM,R 4) PE2R3  HM (18)
dopamine DRDI1 H (13) MC4R H(®) PE2R4 HM (14) others
DRD2 H,R (20) MCS5R HM (3) PF2R HM,R (14) family gene species
DRD3 H,M,R (10) neuropeptide Y NPYIR HM(1) PI2R H (15) melatonin ~ MTRIA HM(4)
DRD4 H,M,R (16) NPY2R HM (2) TA2R H (20) MTRI1B H(9)
histamine HRHI1 HM,R (12) NPY5R  HM (1) sphingolipid EDG1 H(1)
HRH2 H,M,R (10) neurotensin NTR1 H,M,R (5) EDG3 H(1)
HRH3 H(19) NTR2 HM,R (3) EDG4 H(1)
HRH4 HM,R (16) opioid OPRD HM (15) EDG5 H(1)
serotonin SHTIA  HMRR (10) OPRK H(8) EDG6 H(1)
SHTIB  HM(8) OPRM  HM (11) EDG7 H(1)
SHTID HM () somatostatin SSR1 H 4) EDG8 H(1l)
SHTIE H@3) SSR2 H(9) * cysteinyl leukotriene.
SHT1F H,R (2) SSR3 HM,R (5) ® platelet-activating receptor
SHT2A HM 4) SSR4 HR(2)  number of distinct ligands.
SHT2B  H,R (4) SSR5 HM (3)
SHT2C  HM (5) urotensin II UR2R HM,R (2)
5HT4R  HM,R (3)
S5HT5A  H(@3)
SHT6R  H,R (1)
SHT7R  H(3)

The GPCRs in Table 1 can be clustered to five groups
according to traditional classification of the A family on the
basis of ligand similarity:

1) The amine group, including the acetylcholine, the
adrenoceptor, the dopamine, the histamine and the serotonin
subfamilies;

2) The peptide group, including the angiotensin, the
bombesin, the bradykinin, the chemokine, the cholecystokinin,
the endothelin, the melanocortin, the neuropeptide Y, the
neurotensin, the opioid, the somatostatin and the urotensin II
subfamilies;

3) The lipid group, including the bile acid, the
cannabinoid, the leukotriene, the cysteinyl leukotriene, the
prostanoid, the sphingolipid and the free fatty acid subfamilies;

4) The nucleotide-like group, including the adenosine
and the P2Y subfamilies;

5) The melatonin group,
subfamily.

There are 494 distinct ligands paired with the GPCRs,
including both agonists and antagonists that are natural or
synthetic small molecules, lipids and small peptides or peptide

including the melatonin

mimics, of which, 209 were paired with the amine group, 105
with the peptide group, 110 with the lipid group, 60 with the
nucleotide group and 10 with the melatonin group. No ligand
was paired with GPCRs across the groups. The number of
distinct ligands that interact with each of the GPCRs is also
listed in Table 1. The sum of these numbers exceeds the total
number of the distinct ligands (494) because some of the
ligands interact with more than one GPCR, especially those
belonging to a same subfamily. In addition, we can see that
about half of the ligands are paired with the amine group
GPCRs. This is not surprising as the amine group is the most
studied GPCRs, but this bias may lead to that models derived
based on this dataset perform better for the amine group than
the other groups.

The original source of each pair included the amino acid
sequence of the GPCR protein and the 2-dimensional structure
of the corresponding ligand.

2.1.2 Non-interacting pairs

Non-interacting pairs were not readily available in public
databases but are necessary for building a SVM model. A
commonly used practice was to make an assumption that if a
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compound is not listed as active for a target, the compound is
not active for that target although it was known that this
assumption could introduce false negativesi>*). However, in
the case of GPCRs, this assumption can be highly problematic
because it is well known that a single drug may interact with
multiple GPCRs. This cross-pharmacology is prevalent within a
subfamily and has also been observed cross subfamilies,
particularly in the amine group. Other known cases are that
melatonin agonists were often found to be selective serotonin
antagonists® and the cysteinyl leukotriene receptor 1 was
found to be a dual receptor that can be activated by leukotri-
energic ligands and also a nucleotide, the ligand of P2Y
receptors[25’26],

Our strategy of constructing non-interacting pairs was to
cross-combine the ligands and GPCRs in the interacting data set
with three exceptions:

1) no cross-combination within a subfamily;

2) no cross-combination from different subfamilies in the
amine group and the largest pair-wise phylogenetic distance in
the amine group was used to define a distance cutoff;

3) no cross-combination if the phylogenetic distance of two
sequences is smaller than the defined distance cutoff. To compute
the phylogenetic distances, we first performed sequence
alignment for all the human GPCRs studied in this work by using

the Clustal W program®”.

Fig.1 Phylogenetic tree of the GPCRs studied in this work. Sequences
were aligned using the ClustalW program>”! and the tree was built using the
PHYLIP program™. Proteins in a subfamily were placed in a shadow and
all the subfamilies belonging to the amine group could be placed in a single
shadow.

Then the PROTDIST program in the PHYLIP package™
was used to compute the distance matrix of the sequences. The
distance matrix computed is provided in the Supporting
Information. Here we present the phylogenic tree of the
sequences in Fig.l. The largest pair-wise distance is 2.57482
(between ACM3 and DRD4) in the amine group, 2.35351
(between MTR1A and SHT7R) between the melatonin subfamily
and the serotonin family, and 2.66446 between the cysteinyl
leukotriene receptor 1 (CLTR1) and the P2Y receptors (P2Y11).
We then defined 2.6 as the distance cutoff for the cross-
combination between different subfamilies and excluded the
combination between CLTRI and P2Y11. As a result, 25230
non-interacting pairs were generated. It is worth noting that while
the risk of introducing false negatives could be largely reduced,
this strategy may result in the loss of some information on
receptor selectivity, particularly for the receptors in a subfamily
and in the amine group as no non-interacting pairs were made
crossing these receptors.

2.2 Description of GPCR sequence and ligand structure
2.2.1 Protein sequences

For the family A GPCRs, it is believed that the ligand-
binding pocket is located in the transmembrane region that is
enclosed by seven transmembrane helices and connecting loops,
as shown in the few solved crystal structures®™'"'%, We first
detected the transmembrane region of each GPCR sequence by
using the GPCRHMM web server (http:/gperhmm.cgb.ki. se/)?.
This reduced the sequence length to between 246 and 475, and
more importantly, the protein sequences were thus aligned to take
similar spatial orientations. We then converted each of these
sequences of varied lengths to a numerical array of fixed length
by counting the types and frequencies of tripeptide composition
in the transmembrane segment, starting from the second residue
preceding the N-terminal of the first transmembrane helix.
Tripeptide was used because it is the shortest peptide to reflect the
local environment of residues in a sequence.

Since there are 20 amino acids, there could be 20x20x20 =
8000 types of tripeptide composition, which is a huge number
compared with only 214 protein sequences studied here (Table
1). In general, to obtain a statistically significant model, the
number of variables should be smaller than one-third of the
number of samples. Therefore, the 20 amino acids have to be
grouped. It is well known that the transmembrane segments of
GPCR sequences are dominated by neutral residues but ligand
binding affinities are significantly determined by the relatively
much fewer charged residues. Thus, we classified the 20 amino
acids into three types on the basis of their charge properties:

1) neutral group, including A, C, F, G, H, , L, M, N, P, Q,
S, T,V,W,and Y;

2) positively charged group, including K and R;

3) negatively charged group, including D and E. We also
explored other classifications and the results are discussed later.

This classification resulted in 3x3x3=27 different types of
tripeptide composition. As a result, each of the protein sequence
was transformed to a 27-dimensional numerical vector. A
schematic illustration on how to convert a sequence into such a
vector is shown in Fig.2. The vectors of all 221 GPCR
sequences (214 in the training set plus 7 in external tests)
studied in this work are listed in a Microsoft Excel table in the
Supporting information.

Sequence VAFIGRTTGDLSLATETGNLLVLISFKVNEEKTVN
(ACFGHILMNPSTYNY )

l 1)

nonnodnnn=nonon-nnnonnonnondnn tnnn

|

nnn —»appeared 17 times in the sequence * v1=17

_ nnt — sappeared 2 times in the sequence * v2=2
Iripeptide types . i g L Ly
nn sappeared 3 times in the sequence * v3=3

ntn — sappeared 3 times in the sequence  * y4=3
5 vector

-—+ ~appeared | times in the sequence * y26=1

-==—»appeared 0 times in the sequence * v27=0

Fig.2  Schematic illustration on how to convert a sequence to a
27-dimensional vector that counts for the frequencies and types of
tripeptide composition, where the 20 amino acids are classified to 3 types
based on their charge properties.

To investigate the distribution of the proteins in the
numerical space defined by the 27 variables, we performed a
principal component analysis (PCA) for the 106 human GPCRs
in Table 1. The score plot of the first four PCs (PC1 to PC4) is
shown in Fig.3. We can see that PC1 distinguishes the amine
group (black symbols) from the others (symbols in other



692 Computers and Applied Chemistry / E-mail: jshx@home.ipe.ac.cn

colors), with a few exceptions that are HRH2, SHT4R, SHT6R,
ADRBS3 in the amine group, CCKAR, GASR EDNRA, EDNRB
and NPY5R in the peptide group, and PD2R in the lipid group.
But no a single PC could separate any of the other groups from
the rest. This is consistent with the phylogenetic profile of the
proteins as shown in Fig.1. But the clustering of the subfamilies
is less obvious in this numerical descriptor space.
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Fig.3 Score plots of the first four principal components (PC1 to PC4) for the
106 human GPCRs in Table 1 that were represented by 27-dimensional
vectors. upper) PC1 and PC2; lower) PC3 and PC4. The proteins are
represented by symbols with different styles representing different subfamilies.
Black is for all the subfamilies belonging to the amine group, red is for the
peptide group, cyan is for the lipid group, yellow is for the nucleotide group
and purple is for the melatonin group.

2.2.2 Ligand structures

For the ligands, we used 57 classical quantitative structure-
activity relationship (QSAR) descriptors. The descriptors mainly
account for the molecular physical properties, molecular surface,
volume and charge properties that were calculated based on the 2D
and 3D structures of the ligands in the MOE software (Chemical
Computing Group, Inc. See the Supporting information in Table S1
for the list of the descriptors). Prior to the calculations of these
descriptors, the 2D structures of the ligands were converted to 3D
and energy minimized by using the default parameters in the MOE
software. It is important to properly treat the protonation states of
the ligands as this can affect the net charge and charge distribution
of a ligand and charge-charge interactions have been found
important in GPCR-ligand binding. The proto-nation state is mainly
dependent on the local chemical environment and the pH value. In
this work, as the structure of the receptor is not considered, we
determined the protonation states of the ligands based on their own
chemical structures at physiological pH. As a result, the protonation
states were assigned by setting amino and guanidino groups to be
protonated and carboxylic acid and phosphate acid groups
deprotonated.

Thus, a GPCR-ligand pair was characterized by
concatenating the vectors of the protein and the ligand and
represented by an 84-dimensional vector (27 for the protein
sequence plus 57 for the ligand). In addition, a label of +1 or -1
was added to indicate the interacting and non-interacting pairs.

2.3 Support vector machine
The support vector machine (SVM) is a binary classification
technique that attempts to define a hyperplane to separate two

classes of data: interacting pairs and non-interacting pairs. The
hyperplane is generated by computing supporting vectors based
on the descriptors of the data. The accuracy of a model generated
by SVM relies on the robustness of the algorithm and the
relevance of the descriptors to the problem. Since first introduced
in 19952% the SVM method has increasingly been used in the
chemoinformatics™*=%*1 and bioinformatics™*** to solve
classification problems and achieved high precision in many
applications.

In this work, we used the SVM algorithm implemented in
the libsvm 2.84 package (http://www.csie.ntu.edu.tw/~cjlin
/libsvm/) and the radial basis function (RBF) kernel for feature
space transformation. The RBF kernel is also called Gaussian
function kernel that non-linearly transforms the original data
into a higher dimensional space. The RBF kernel is set to be the
default kernel in the libsvm 2.84 package among three other
kernels: linear, polynomial and sigmoid functions because it can
better handle non-linear problems with less numerical difficulty.
The RBF kernel has two user-adjustable parameters: the error-
tolerance parameter C and the kernel width parameter y, as well
as a weighting parameter for unbalanced data in which the
numbers of the data of the two classes are not equal. The value
of the C parameter is usually between 1 and 1000. Although
there is no established guidance as to what is an appreciate
value for a classification problem, in general, a larger C would
lead to better fitting but may introduce a problem of over fitting.
The y parameter is usually a positive number smaller than 1.0
and we used the default value of 0.5. The weighting parameter
(-wi option) can be set to be a number larger than 1 to penalize
the possible misclassification of the class with much fewer
number of data, i.e. the interacting pairs in this study. This will
lead to more pairs to be classified as interacting. But we decided
not to use any penalty for two reasons:

1) we were concerned about both true positive rates and
true negative rates.

2) a positive decision made by a model generated without
such a penalty for a data set with significantly more negative
data may exhibit higher confidence, compared to using the
penalty.

In other words, an interacting pair predicted by the model
has a higher possibility to be a true positive, compared to a
prediction using a penalty. This confidence is particularly
important in drug discovery and also in the ligand identification
of orphan GPCRs. In addition, before model generation, the
data set was subject to scaling, which is to normalize the values
of the descriptors to be between —1.0 and +1.0.

In addition to the libsvm 2.84 package for the SVM
classification task, a variety of C language programs and Linux
C-shell scripts were used to prepare the data and validate the
models.

3 Results

3.1 Model generation and validation

The data set consisting of 1307 interacting pairs and 25230
non-interacting pairs was trained to generate SVM models with
default parameters in the libsvm 2.84 package, except the error
tolerance parameter C, which was tested between 10.0 and 20.0
with an increment of 2.0 by using a 10-fold cross- validation
test (—v option in the libsvim 2.84 package). The test results
showed that the accuracies (fraction of pairs correctly predicted)
of models improved slightly from 99.12% to 99.23%. We then
chose 20.0 for C to build the final model.

The model correctly recognized 1251 of the 1307 interacting
pairs and all non-interacting pairs, yielding a sensitivity of 95.7%
(fraction of interacting pairs predicted as such), a specificity of
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100% (fraction of non-interacting pairs predicted as such) and an
accuracy of 99.79% (fraction of pairs correctly predicted). In the
56 interacting pairs that were not recognized by the model, two
were paired with SHT6R of the amine group and the rest 54 were
paired with 27 GPCRs in the other four groups (the peptide, the
lipid, the nucleotide-like, and the melatonin groups). Besides the
10-fold cross-validation provided in the libsvm 2.84 package, we
performed another 10 tests. In each test, 100 interacting pairs (ca.
one-tenth of the total interacting pairs) and 2000 non-interacting
pairs (ca. one-tenth of the total non-interacting pairs) were
randomly selected from the training set and predicted by the
models generated by the remaining data. The results are shown in
Fig.4. In the ten cross-validations, the average sensitivity was
86.9%, the specificity was 99.97% indicating that the high quality
of the model was not due to over fitting and the model thus has
strong predictive power.

99.95 100 100 99.85 99.95 100 100 100 99.95 100

s
Tl 9B s7l sl O 57 &5 a3l 55l 6

“test] test2 test3 testd testS test6 lest test8 test9 test10
Fig.4 Performance of 10 cross-validation tests of the SVM model.
Sensitivity (%, light grey column) and specificity (%, dark grey column) are
listed for each of the 10 tests.

As we can see in Fig.4, the validation models showed a
common feature that specificities or true negative rates were
always much higher than sensitivities or true positive rates. The
main reason could be the over-abundance of the non-interacting
pairs compared to the interacting pairs: a ratio of ca. 20:1 in the
datasets. This led to that the algorithm knew more about what
promoted a non-interacting pair and therefore identified the
non-interacting pairs better. And on the other hand, this could
give a high confidence to a predicted interacting pair, which
would be a desired feature for drug discovery.

It is worth to mention that although high quality models
were generated by SVM, it is difficult to interpret the models,
especially to figure out the most important descriptors. There
are advances®>® towards feature selection and ranking, but
these methods are still not commonly integrated into available
software. So, it is not clear here that which of the 27 receptor
descriptors and the 57 ligand descriptors contributed to the
models most.

3.1.1 Prediction of novel GPCR-ligand pairs

The predictive ability of the model was evaluated by
external tests in which either the ligands were chemically and
structurally distinct from those in the training set or the GPCR
sequences were novel.

3.1.2 Novel ligands

The first test was for two novel compounds that were not
present in the training set, lysergic acid diethylamide (LSD) and
salvinorin A (SA) (see Table 2 for their chemical structures).
Both compounds are known hallucinogens. LSD is a synthetic
compound that mainly acts as an antagonist of serotonin
receptors””. SA is the main active ingredient of a psychoactive
plant called Salvia divinorum and was recently identified as the
first naturally occurring non-nitrogenous x-opioid selective
agonist®. LSD was in the GLID database but not collected in
our data set and two structurally related compounds lisuride and
pergolide were also excluded. Fingerprint-based similarity

searches for LSD and SA were carried out with the bit-packed
MACCS structure keys™™ that characterize molecules by using a
set of small substructures in the MOE software. With the
Tanimoto coefficient cutoff of 0.65, no hit was found for LSD
and one hit, ginkgolide A was found for SA, which is an
antagonist of the platelet-activating receptor (PTAFR). With a
lower Tanimoto coefficient cutoff of 0.60, 12 hits were found for
LSD, which are the ligands of ACM1, ACM4, DRD1, DRD2,
DRD4, MTRIA, AAIR, AA2BR, EDNRI, and OPRD,
respectively. 3 hits, ginkgolide A, B and J were found for SA,
which are antagonists of the platelet-activating receptor (PTAFR).

Table 2  Prediction of interactions between compounds
lysergic acid diethylamide (LSD) and salvinorin A (SA) and 30
GPCR proteins, which experimental results were reported in
reference®].

ligand

GPCR

LSD

Exp." Pred. Exp.

SHTIA_HUMAN ¢
SHT1B_HUMAN
SHT1D_HUMAN
SHT1E_HUMAN
SHT2A_HUMAN
SHT2B_HUMAN
SHT2C_HUMAN
SHT5A_HUMAN
SHT7R_HUMAN
DRDI_HUMAN
DRD2_HUMAN
DRD3_HUMAN
DRD4_HUMAN
DRD5_HUMAN
OPRK_HUMAN
OPRD_HUMAN
OPRM_HUMAN
ACMI_HUMAN
ACM2_HUMAN
ACM3_HUMAN
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X X

T38

* experimental results from reference™. ° predicted results. ¢ interacting.

¢ non-interacting.

We made predictions for the interactions between these
two compounds (LSD and SA) and all 106 human GPCRs in
the training data set. This can be regarded as simultaneous
multiple-receptor screening. The evaluation of the prediction
results was based on a single literature resource, an
experimental report by Roth and coworkers®®. In that work,
Roth and coworkers measured the inhibitory activities of LSD
and SA at 10 uM concentrations against a large number of
GPCRs, of which 30 belonged to the A family and were in the
serotonin, the dopamine, the opioid, the acetylcholine, the
adrenoceptor and the histamine subfamilies. We defined that
>50% inhibition indicates interactions between the protein and
ligand and converted the quantitative experimental results into
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binary results, accordingly. The predictions from our model as
well as the experimental results are listed in Table 2. We can
see that for LSD, the model correctly predicted 25 of the 30
GPCR-ligand pairs measured in the experiments’®*), leaving the
rest 4 as false positives and 1 as false negative. Importantly,
the model correctly predicted the major biological activity of
LSD, the interactions with serotonin receptors. In addition, the
model made negative decisions for SHT6R and HRH2 of the
amine group and all the proteins in the peptide group, the lipid
group, the nucleotide-like group and the melatonin receptors.
For SA, the model made only three positive decisions, which
were for two dopamine receptors DRD4 and DRDS5 and a
serotonin receptor SHT4R. Although these are false positives
and the only true positive was missed, the high selectivity of SA
for receptors was obvious in the prediction and more
importantly, the model correctly predicted the inactivity of SA
at serotonin receptors, which is an important feature
distinguishing SA from other classical hallucinogens.

3.2 Orphan GPCRs

The second external test was for four human GPCRs that were
not present in the training set, GPR44, GPR23, P2RYS and P2Y10.
These four GPCRs are recently de-orphanized lipid mediator
GPCRs, in which GPR44 is a prostanoid receptor***", GPR23 and
P2RYS5 are lysophosphatidic acid (LPA) receptors™***? and P2Y10
was reported to be a dual receptor of lysophosphatidic acid (LPA)
and sphingosine 1-phosphate (SlP)[44‘45]. LPA is the ligand of
EDG2, EDG4 and EDG7 of the EDG subfamily and S1P is the
ligand of the rest member of the EDG subfamily. The phylogenetic
relationships between these four novel GPCRs with other training
GPCRs can be seen in Fig.1. None of them can be easily assigned
to the identified ligands as they are phylogenetically located far
from the GPCRs known to respond to such ligands, i.e. the
prostanoid subfamily and the EDG subfamily, respectively. The
sequence identity between GPR44 and the members in the
prostanoid subfamily is lower than 20%. Instead, GPR44 is more
closely related to leukotriene subfamily (LT4R1 and LT4T2) with
sequence identity of 32% and the urotensin II receptor (UR2R) with
sequence identity of 27%. GPR23, P2RYS5 and P2Y10 fall into the
cluster of the P2Y receptors, the platelet-activating receptor
(PTAFR) and the cysteinyl leukotriene receptor 1 (CLTR1). Based
on the assumption that neighboring GPCRs in the phylogenetic tree
may share the same ligands, we constructed the putative interacting
pairs by combining the four GPCRs with the representative ligands
of their close neighbors as well as with their identified ligands. The
results of prediction are shown in Fig.5.

For GPR44, the model predicted that it had interactions
with five prostanoid compounds and had no interaction with
any of the six ligands of the leukotriene receptors or the agonist
of the urotensin II receptor. As the five prostanoid compounds
were experimentally verified agonists of GPR44“%*2] this
prediction correctly identified the cognate ligands of GPR44
and assigned it as a new member of the prostanoid receptor
subfamily although it is dissimilar to other members in
sequence.

For GPR23, P2RYS5 and P2Y10, although they are the
most related sequences as shown in Fig.1 and they share
identical sequences of 50% between GPR23 and P2RY5 and
30% between P2RYS and P2Y 10, our model placed P2RY5 and
P2Y10 in two distinct subfamilies: the P2Y subfamily for
P2RYS and the sphingolipid subfamily for P2Y10 while no
ligand was predicted for GPR23. In detail, the model predicted
interactions for P2RYS with four of six typical agonists of the
P2Y receptors and no interaction with the ligands from other
subfamilies or with LPA. Although the very recent evidence
showed that P2RYS is a LPA receptor, P2RY5 was previously

reported to response to ATPI*?. For P2Y 10, the model correctly
predicted S1P as the ligand although the protein has low
sequence identity (< 18%) with the EDG subfamily that was the
only proteins interacting with S1P in the training data set.

In addition, we applied the model to three other orphan
GPCRs, GPR4, GPR65, and GPR68, which were previously
reported to be activated by sphingosylphosphorylcholine (SPC)
and lysophosphatidylcholine (LPC) and formed a novel family
of receptors for lipid messengers. Our model made negative
decisions for all the pairs between these three GPCRs and SPC
or LPC, in agreement with the recent experimental results
showing these three GPCRs are proton-sensing receptors (see
review!*’) for the history of the de-orphanized of these three
GPCRs).

The results of these external tests showed that the model
was able to predict the GPCR-ligand pairs coming from a
different chemo-genomic space that were not learnt by the
model. Moreover, the first external test demonstrated that the
method could be applied to in silico high-throughput screening
for the discovery of new chemicals that bind to different
GPCRs, namely simultaneous multiple-receptor screening.
Furthermore, the predictions for the orphan GPCRs in the
second external test, particularly for GPR44 and P2Y10
indicated that the method was able to uncover the similarity of
dissimilar protein sequences in terms of ligand binding, which
distinguishes it from sequence-homology-based methods.

........ P2Y10

Sr27417
Y24180

Fig.5 Putative interaction pairs of GPR44, GPR23, P2RY5 and P2Y 10 and
their prediction results. The ligands are the agonists or antagonists of the
GPCRs that are the closest neighbors of the tested GPCRs in the
phylogenetic tree as shown in Fig.1 (see text for the detail). The ligands of
the same GPCR subfamily are circled. Bold solid lines represent predicted
and experimentally verified interactions. Thin solid lines represent predicted
interactions without experimental confirmation. Dash lines represent
predicted non-interactions.

4 Discussion and conclusion

GPCRs and their ligands comprised a complex receptor-
ligand interaction network. We have developed a method for
predicting such a network by building a binary classification
model to distinguish interacting GPCR-ligand pairs from
non-interacting pairs. The good predictive performance of the
model obtained indicates that the chemo-genomic information-
based descriptors of GPCR-ligand pairs have captured the
fundamental properties of GPCR-ligand interactions. In
particular, this reflects the importance of the charge properties of
the amino acids in the transmembrane segment for ligand
binding, as a minimum 3-type classification (neutral residues,
positively charged residues and negatively charged residues) has
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been able to generate a predictive model. In principle, such a
3-type classification does not necessarily represent the only
suitable classification of the amino acids. For example, the neutral
residues could be further classified. However, such classification
may be the most practical one for GPCRs when considering the
limited number of the proteins.

We did tests on the 7-type classification proposed by Shen
and coworkers®®! based on the dipoles and volumes of the
amino acids, in which the neutral residues were classified to
additional 5 types. This classification generated a 7x7x7=343-
dimensional vector for a protein sequence. Our test of using this
7-type classification generated a model with similar quality to
that of the 3-type classification, having a sensitivity of 98.0%.
However, the model did not make any positive decision for the
putative GPCR-ligand pairs in the external tests. One possible
reason could be over fitting because the number of the
descriptors of a receptor far exceeded the number of the
receptors in the data set. And its complete failure in predicting
any interacting pair for the novel orphan GPCRs could suggest
another possible reason that the similarities between protein
sequences were overly diminished by the sparse and high
dimensional protein descriptors. In principle, however, if
feature selection®® that is similar to variable selection in
classical QSAR methods could be integrated into the available
SVM software, high dimensional descriptors could be used, for
example, all 20 amino acids could be used to generate a
20x20x20=8000-dimensinal vector for a protein sequence and
then subject to feature selection. We speculate that this would
very likely highlight charged residues as the most important
descriptors as revealed in this work.

Furthermore, as demonstrated in the external tests, the model
was able to correctly predict the interactions of a number of
GPCR-ligand pairs in which the ligands and the GPCRs were
chemically and phylogenetically novel to the training data set. In
particular, the predictions for the orphan GPCRs demonstrated
that the method is superior to sequence-homology-based
methods. Moreover, the method provided a straightforward way
to investigate the cross-pharmacology among different GPCRs by
enabling simultaneous multiple-receptor screening.

Supporting information available:

1) list of the 57 classical QSAR descriptors used to
represent ligands (Table S1);

2) list of the 27-dimensional vectors of all 221 GPCR
sequences (214 in the training set plus 7 in the external tests)
studied in this work (a Microsoft Excel table);

3) distance matrix of 113 human GPCRs computed by the
PROTDIST program in the PHYLIP package.

And the C language programs and Linux C-shell scripts that
were used to prepare the data and test the models are available
upon request.

Abbreviations:

PGD2 prostaglandin D2

PGE2 prostaglandin E2

PGF2A prostaglandin F2a

PGJ2 prostaglandin J2

U46619 15-Hydroxy-11 o9 a-(epoxymethano) prosta-5,13-

dienoic acid

LTBI 12-oxoleukotriene B4

LTB2 12R-HETE; LTB3, 20-carboxy-leukotriene B4

LTBA1 N-[4-0x0-2-(2H-tetrazol-5-yl)chromen-7-yl]-4-
(4-phenylbutoxy)ben-zamide

LTBA2 6-(6-(3-Hydroxy-1,5-undecadien-1-yl)-2-pyridinyl)-
1, 5-hexanediol

LPA lysophosphatidic acid

S1P sphingosine 1-phosphate
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2CySATP  2-cyanohexylthioATP

2MeSADP  2-methylthio-ADP

2MeATP 2-methylthio-ATP

1UP inosine triphosphate

ATP adenosine triphosphate

UDPG UDP-glucuronic acid

PAF Platelet activating factor

SR27417 N,N-dimethyl-N'-(pyridin-3-ylmethyl)-N'-[4-(2,4,6-
tripropan-2-ylphenyl)-1,3-thiazol-2-yl]ethane-1,2-diamine

LTC4 Leukotriene C4

LTD4 Leukotriene D4

AC79543 (4-chlorophenyl)-3-(2-(dimethylamino)ethyl)isochroman-
1-one hydrochloride (agonist of UR2R)
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