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Abstract— About 40% of all marketed drugs have the socalled G-protein coupled receptors (GPCRs) as their target
protein. There exist more than 800 different GPCRs in humans,
of which at least 300 GPCRs are believed to be druggable. Yet,
for only two GPCRs there are three-dimensional (3D) protein
crystal structures available and consequently little is known
about the molecular interactions between pharmacologically active substances and the receptors in this important drug target
protein family. A way to overcome the lack of 3D structural
information is to deduce GPCR structure-function relationships
directly from the enormous amount of small molecule biological
activity data that exist for GPCRs. In this work, we suggest a
new approach for the detection of interdependence of features
in the GPCR sequences and properties of the related ligands
based on the mutual information between ligand and sequence
space.
Index Terms— Drug Discovery, GPCR, Mutual Information,
Chemogenomics

I. I NTRODUCTION
G-protein-coupled receptors (GPCRs) are a protein family
of transmembrane receptors that modulate sensory perception, chemotaxis, neurotransmission, cell communication and
several other vital physiological events. GPCRs comprise
one of the largest superfamily in the genome and the estimated numbers of GPCRs vary widely. In a recent analysis
Fredriksson et al. [1] identified more than 800 human GPCR
sequences and provided a phylogenetic analysis.
The involvement in many biological processes has the consequence that GPCRs play a key role in many pathological
conditions, which has led to GPCRs being the target of up to
40 % of today’s marketed drugs [2], [3]. The expected future
development is also quite promising because it is evident that
drugs have still only been developed to affect a relatively
small number of GPCRs. In a recent study, Russ and Lampel
[4] estimated that there are up to 300 druggable GPCRs in
the humane genome.
For the drug discovery process it is very important to
understand the interaction between the ligand (in general
a small molecule) and the target receptor. Therefore it is
useful to have a 3D model of the receptor (the tertiary
structure of the protein). The common experimental method
of structure determination is X-ray crystallography, but like
other membrane proteins, GPCRs are very difficult to crystallize. For several years there was only one mamalien
GPCR crystal structure published at atomic resolution. It
was the inactive conformation of Bovine-Rhodopsin, the
optical receptor protein solved in 2000 by Palczewski et
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Fig. 1.
The crystal structure of Bovine-Rhodopsin as described by
Palczewski et al. [5], shown from two sides, the extracellular region on top
and the intracellular region on the bottom. The 7 transmembrane domains
are marked with different colors: TM1 in purple, TM2 in blue, TM3 in
dark green, TM4 in light green, TM5 in yellow TM6 in orange and TM7 in
red. The helices are forming a bundle that is perforating the lipid layer of
the cell membrane and contains a binding pocket, where the chromophore
11-cis-retinylidene is located (not shown in this figure).

al. [5] with improvements in resolution reported later [6]–
[9]. The structure is shown in Figure 1. Recently the first
human GPCR crystal structure was published [10]–[12], the
β2 adrenoreceptor (β2 AR) which shows similar structural
features as the Bovine-Rhodopsin structure.
In order to overcome the obstacles that arise from the absence
of more GPCR structures one could try to generate these
structures computationally. The common approach to do so
is homology modeling, where the structure of the target
protein is modeled using the crystal structure of BovineRhodopsin as a template [13]. Thus structure-based drug
discovery which is an important part of the modern drug
discovery process, so far plays only a minor role in the
lead finding and optimization process of small molecule
ligands targeting GPCRs, because homology models based
on the few available crystal structures may have limited
applicability, see Bywater [14] for a detailed discussion.
Another approach to generate 3D structures is the de novo
structure prediction, wherein the model is generated from
first principles [15], [16]. An overview and a comparison of
these two approaches could be found in [17].
In this paper, we like to introduce an approach to analyze
the relationship between the GPCR sequences and the GPCR
ligands without making any explicit use of a 3D model.
The main idea is to estimate the mutual information between
the joint distribution of sequence and ligand properties.

Therefor we had to annotate and prepare the GPCR-ligand
database that we used for this purpose. The first step was
the construction of a non-redundant multiple sequence alignment. This is straightforward for GPCRs thanks to sufficient
sequence homology within the seven transmembrane helical
domains. The second step is the calculation of molecular
descriptors in order to describe the physico-chemical features
of the GPCR-ligands. The last step applies mutual information to detect the interdependence of sequence features
in determined alignment positions and distinct chemical
features in the ligand space. We further used a Monte-Carlo
test to assess the validity of our estimates.

Domain
TM1
TM2
TM3
TM4
TM5
TM6
TM7

Alignment Position
1.31-1.58
2.38-2.67
3.25-3.55
4.39-4.62
5.35-5.65
6.31-6.59
7.32-7.56

Conserved Amino Acid
N: 1.50
D: 2.50
R: 3.50
W: 4.50
P: 5.50
P: 6.50
P: 7.50

TABLE I
T HE POSITIONS OF THE TRANSMEMBRANE DOMAINS IN THE
BALLESTEROS W EINSTEIN NUMBERING SCHEME AND THE CONSERVED
AMINO ACIDS .

.

II. GPCR S
All GPCRs share a common motif of seven membrane
spanning domains joined together by three extracellular and
three intracellular loops with an extracellular N terminus and
an intracellular C terminus as shown in Figure 1.
The seven trans-membrane helices (TMs) have several highly
conserved residues which allow to detect and align them
properly. In Table I we listed the alignment positions and
the most conserved residues.
The second extracellular loop (ECL2) and the TM3 contain
a highly conserved cysteine residue which build a disulphide
bond to stabilize the receptor structure. The intracellular
loops interact with the G proteins which are mainly involved
in the process of signal transduction.
Several classification systems have been used to group the
GPCRs into families. Following the work of Fredriksson
et al. [1], the human GPCRs can be grouped into five
main families named Glutamate, Rhodopsin, Adhesion, Frizzled/Taste2 and Secretin, forming the GRAFS classification
system, wherein the Rhodopsin family is the largest one.
Of particular interest to small-molecule drug discovery is the
trans-membrane region of the receptor. Most of the small
molecule GPCR ligands are supposed to bind in an hypothetical binding pocket within the transmembrane domain
[18]. Activation of a GPCR upon ligand binding induces
conformational changes in the position of the TMs that act
like a switch and result in specific interactions with the Gproteins and the related secondary messangers.
III. DATA
A. The Database
We used the GPCR Inhibitor Database from GVKBIO
[19] of about 58,000 GPCR ligands referring to more than
200 different GPCR sequences (mostly human and rodents)
that were gathered from various sources such as articles
published in different journals and patent data. There are
several open source databases available now, that might have
a smaller number of ligands as the commercial ones, see for
example Horn et al. [20] or Okono et al. [21]. We had to do
some preprocessing in order to annotate the database and to
achieve unique names for the protein sequences. Apparently
it is not common, to use unique names for the sequences
under investigation, because different authors published their

ligand binding data using different names. We decided to use
the Swiss-Prot ID for our purpose, removed all ambiguous
entries from the database and renamed the remaining ones
with unique IDs. After this cleaning process we had about
30,000 GPCR ligands (as 2D-structures in sd-files) referring
to 192 GPCRs from the Rhodopsin family.
B. Sequence Alignment
The Rhodopsin family GPCRs share several highly conserved residues in all seven helices so the multiple sequence
alignment is straightforward and was performed with a
Profile Hidden Markov Model (HMM) as included in the
HMMER software [22]. In addition we adjusted the outcome
of the HMM by hand in order to align the second extracellular loop (ECL2) around the conserved Cysteine residue
between TM4 and TM5. We compared our HMM alignment
of the seven TMs with the GPCR alignments published by
Horn et al. [20] and found congruence in almost all cases.
The last transmembrane domain (TM7) has an extention
that is also known as Helix 8. The extracted TMs and the
conserved residues are given in Table I wherein we used
the numbering scheme of Ballesteros and Weinstein [23] to
describe the alignment position.
C. Molecular Descriptors
According to Todeschini and Consonni [24], a molecular
descriptor is the ’final result of a logical and mathematical
procedure which transforms chemical information encoded
within a symbolic representation of a molecule into a useful
number or the result of some standardized experiment’.
We calculated several molecular descriptors in order to
characterize the physical and chemical properties of the
compounds in our ligand data base. All molecular descriptors
were calculated with the Pipeline Pilot software [25]. The
molecular descriptors were simple element counts, molecular property counts, Ghose-Crippen AlogP counts [26] and
electrotopological state counts [27], [28]. We listed the most
important descriptors in Table II ranked by their mean mutual
information that was taken over all alignment positions.
IV. M UTUAL I NFORMATION
The mutual information measures the mutual dependence
of two random variables. In our case, we are dealing with

discrete random variables, following the mathematical definitions of Shannon’s original work [29]. A detailed introduction including rigorous mathematical proofs of the theorems
below could be found in [30].
If we consider a discrete random variable X with n possible
values taken from the alphabet Ax = {x1 , x2 , . . . , xn }
with the associated probability
Pn distribution P (X) =
{p(x1 ), p(x2 ), . . . , p(xn )} and
i=1 p(xi ) = 1, then the
entropy H(X) is defined as
H(X) := −

n
X

p(xi ) log(p(xi )),

(1)

i=1

with the following properties:
• H(X) is maximized if the probabilities are equally
distributed over all letters off the alphabet p(xi ) = n1 .
• If there is only one possible outcome for X, then
H(X) = 0. This reflects the common interpretation of
entropy as as a measure of uncertainty about a random
variable.
• In the case of impossible events X = xi with p(xi ) = 0
we define p(xi ) log(p(xi )) ≡ 0 because in the limit case
we have limρ→0 ρ log(ρ) = 0.
• We use the natural logarithm in the following work.
The basis of the logarithm doesn’t affect any of the
above properties but could be used to scale the entropy.
The entropy can be extended to the case of two random variables X and Y . With the alphabet Ay =
{y1 , y2 , . . . , ym } and the joined probability distribution
P (X, Y ) = {p(x1 , y1 ), p(x1 , y2 ), . . . , p(xn , ym )} we define
the joined entropy H(X, Y ) as
H(X, Y ) := −

n X
m
X

p(xi , yj ) log(p(xi , yj )),

(2)

H(X, Y ) = H(X) + H(Y ).

(3)

The conditional entropies are given by
H(X|Y )

= H(X, Y ) − H(Y )

H(Y |X)

= H(X, Y ) − H(X).

(4)

If the entropy H(X) is regarded as a measure of uncertainty
about the random variable X, then H(X|Y ) can be seen as
the average amount of uncertainty remaining about X after
Y is known. The mutual information I(X, Y ) between two
random variables X and Y is defined as
:= H(X) + H(Y ) − H(X, Y )

(5)

H(X) − H(X|Y )
H(Y ) − H(Y |X).

The mutual information as defined in Eq. 5 is a basic concept
of information theory and provides a general measure of

= I(Y, X)

(6)

H(X, Y ) ≥ I(X, Y ) ≥ 0
I(X, X)

wherein p(xi , yj ) denotes the probability of the joined occurrence of xi and yj . If the two random variables X and Y
are statistically independent the joined probabilities factorize
and the joined entropy turns into

=
=

interdependence between random variables.
From Eq. 5 and Eq. 3 we see, that the mutual information is
zero if X and Y are statistically independent. In this sense
mutual information quantifies the distance between the joint
distribution of X and Y and what the joint distribution would
be if X and Y were independent random variables. Since it
makes no assumption about the type of relation between X
and Y, mutual information is sometimes considered to be
an extension of the linear correlation coefficient [31]. But in
contrast to the correlation coefficient, the mutual information
is always nonnegative. Here are some basic properties of the
mutual information:
I(X, Y )

i=1 j=1

I(X, Y )

Fig. 2. The Venn-Diagram of the mutual information. If the entropy H(X)
is regarded as a measure of uncertainty about the random variable X then
the mutual information I(X, Y ) measures how much the uncertainty of X
is reduced if Y has been observed.

= H(X).

In Figure 2 we depicted the relation of entropy, joined
entropy and mutual information in the case of two random
variables. In this context, mutual information quantifies the
reduction of uncertainty of a random variable X (as given
by H(X)) if Y is known and vice versa. Methods of feature
evaluation were developed and discussed in different areas
by many researchers, see for example Guyon et al. [32] for
a detailed discussion. Mutual information was shown in the
literature to be very robust and precise to evaluate a feature
set [33].
A. Estimating Mutual Information
In order to calculate the mutual information of two random variables, one should know the associated probability
distributions. In general these probabilities are not known
and have to be estimated. A common way to do this is the
histogram approach which is straightforward. This approach
calculates the relative frequencies in the histogram bins in
order to estimate the probability distribution of the random
variable. In general the choice of the number and the width
of the bins is crucial and has some effects to the outcome of

the estimate, see Steuer et al. [34] for a detailed discussion.
In our case the situation is more comfortable because the 20
amino acids which are the building blocks of the proteins
are the canonical alphabet that we use. The same is true
for almost all molecular descriptors that are discrete, like
element counts or molecular property counts. In the case of
continuous descriptors1 we follow a suggestion of Li [31]
who proposed the number of bins Nbin for non-Gaussian
distributions should be
p
Nbin = log2 (K) + 1 + log2 (1 + κ
b K/6),
wherein κ
b is the estimated kurtosis of the distribution and
K is the number of samples. This is a generalization of
Sturges’ rule which is an established rule of thumb for
binning Gaussian distributions [35].
Let us consider K simultaneous measurements of the two
random variables X and Y with the alphabets Ax =
{x1 , x2 , . . . , xn } and Ay = {y1 , y2 , . . . , ym } and let kij be
the total number of measurements with X = xi and Y = yj .
Then the probabilities p(xi , yj ) are approximated by the
corresponding relative frequencies of the pairwise occurrence
kij
K
and accordingly for the single probabilities
p(xi , yj ) =

ki
K
kj
.
p(yj ) =
K
The mutual information I(X, Y ) of the two random variables
X and Y turns to


1 X
kij
.
(7)
I(X, Y ) = log(K) +
kij log
K ij
ki kj
p(xi )

=

B. Significance Tests
The degree of interdependence between two random variables could be measured in several ways, but the central question is how much interdependence is necessary to exclude
more trivial explanations. All quantifiers of interdependence
(like mutual information or cross-correlation) show fluctuations when estimated, but the distributions are not available
analytically. It is therefore necessary to use Monte Carlo
techniques to assess the significance of results. We calculated
the mutual information on randomly drawn subsets of the
whole data set but only 50% of the size and repeated this
100 times. The variances of these estimates were very small
and in all cases below 2% of the mean values, which means
that we have very stable estimates.
V. B INDING S ITE D ETECTION
The mutual information of the different TMs and for the 20
most important molecular descriptors is shown in Figure 4. It
offers very interesting insights into the interrelation between
ligands and amino acid positions.
1 We

have only a few molecular descriptors that have continuous values:
Molecular weight, AlogP, estimated solubility and molecular surface area.

Fig. 3.
The Rhodopsin structure wherein the color of the residues
represents the mean mutual information. The positions with the highest
mutual information are facing the inner part of the receptor and are located
in the part that points to the extracellular site, where the hypothetical small
molecule binding pocket is supposed to be.
Rank
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Descriptor
Number of Aromatic Bonds
C-Count
Number of Hydrogens
Number of Chain Assemblies
Number of Atoms
Electrical State Count ssCH2
Number of Bonds
N-Count
Electrical State Count aaN
Molecular Weight
Number of Chains
Electrical State Count sssCH
Molecular Solubility
Electrical State Count dO
Molecular Surface Area
O-Count
Electrical State Count dssC
Electrical State Count aaCH
Number of H-Acceptors
Number of Ring Bonds

Mean MI
0.132
0.132
0.125
0.119
0.119
0.117
0.116
0.116
0.116
0.115
0.115
0.112
0.112
0.111
0.111
0.111
0.101
0.101
0.098
0.094

TABLE II
T HE TWENTY MOST IMPORTANT MOLECULAR DESCRIPTORS RANKED BY
THEIR MEAN MUTUAL INFORMATION

In TM1 are the positions 1.32, 1.35, 1.39 and 1.43 very
prominent, reflecting the helical structure of the domain.
This becomes even more evident if we use the mean mutual
information to color the Rhodopsin structure as shown in
Figure 3. The positions with the highest mutual information
are facing the inner part of the receptor and are located in
the part that points to the extracellular site. This is both in
accordance with the postulated binding pocket in this region
[18] and thus reflects structural information that we generated
without any explicit structural assumption.
The most important outcome of our study is the detailed
connection of sequence and ligand features that allows to
rank the chemical features of the ligands for each position
of the binding site. This is a useful tool for the construction
of focused screening libraries [36] in the early stages of the
drug discovery process.
VI. A PPLICATIONS TO L IBRARY D ESIGN
A common method in the drug discovery process is
High Throughput Screening (HTS), where a huge collection
of compounds from a compound library is tested against
the biological target of interest and to identify new active
compounds as candidates for the further drug development
process. In order to reduce costs and to speed up the
screening process it is preferable to use only a smaller subset
of a huge library. In the recent years, several methods were
described how to design, select or synthesize gene familyfocused or -biased libraries (see [37]–[39] for an overview).
The mutual information approach allows to detect the interdependence of sequence features and distinct chemical
features in the ligand space. Moreover it could be used
to rank the molecular descriptors of the ligands and the
alignment position of the GPCRs with respect to their
importance and to learn a mapping between the sequences
and their ligands. The main paradigm of this approach is that
molecules sharing a high similarity to existing ligands have
an enhanced probability to share the biological profile. The
crucial point is the definition of similarity. Therefore we have
to establish a distance measure in the space of the sequences
and in the space of their ligands by building vectors from the
most important alignment positions and the most important
molecular descriptors.
First we have to select the N positions in the alignment with
the highest mean mutual information. There is no general
rule how many positions should be selected, i.e. how to set
the cutoff in the mean mutual information. Starting from
structural considerations, Surgand et al. [18] identified 30
critical positions supposed to line the generic binding cavity
inside the TM region and constructed phylogenetic trees for
several GPCR sub-families. Based on an analysis of the
functional conservation indices for the 7 TM helices of the
Rhodopsin family GPCRs, Kratochwil et al. [40] identified
28 critical positions in the 7 TMs. We decided to select 46
positions in 7 TMs based on our mutual information analysis.
In the first step, a descriptor for each of the 20 amino acids
is created, for example the hydropathicity [41] or simply the
mutability with respect to a certain amino acid, that could

Fig. 4.
The mutual information of the seven transmembrane regions.
The positions are named according to the Ballesteros Weinstein numbering
scheme. The conserved alignment positions are marked on the top of each
image. The twenty most important molecular descriptors are ranked as
defined in Table II.

Sequence Space

Chemical Space

VII. C ONCLUSION

New Target
Decision Boundary

We introduced mutual information to study the mutual
dependence between a wide array of small molecular-weight
ligands on a wide array of GPCR targets. Although we
focus on GPCRs, it is expected that such chemogenomics
approaches which are connecting the chemical and the
bioinformatics world could open new perspectives in drug
discovery in respect of other target families.
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display and analysis of macromolecular structures, J. Mol. Graphics
14 (1996) 51–55.

