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Summary. As an important transmembrane protein family in eukaryon,
G-protein coupled receptors (GPCRs) play a significant role in cellular
signal transduction and are important targets for drug design. However, it
is very difficult to resolve their tertiary structure by X-ray crystallography.
In this study, we have developed a Delaunay model, which constructs a
series of simplexes with latent variables to classify the families of GPCRs
and projects unknown sequences to principle component space (PC-space)
to predict their topology. Computational results show that, for the classi-
fication of GPCRs, the method achieves the accuracy of 91.0 and 87.6%
for Class A, more than 80% for the other three classes in differentiating
GPCRs from non-GPCRs and 70% for discriminating between four major
classes of GPCR, respectively. When recognizing the structure of GPCRs,
all the N-terminals of sequences can be determined correctly. The max-
imum accuracy of predicting transmembrane segments is achieved in the
7" transmembrane segment of Rhodopsin, which is 99.4%, and the aver-
age error is 2.1 amino acids, which is the lowest in all of the segments
prediction. This method could provide structural information of a novel
GPCR as a tool for experiments and other algorithms of structure predic-
tion of GPCRs. Academic users should send their request for the
MATLAB program for classifying GPCRs and predicting the topology
of them at liml@scu.edu.cn.
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1. Introduction

G-protein coupled receptors (GPCRs) are one of the largest
superfamilies of membrane proteins in human. According
to similarity of sequences and ligands binding data, GPCRs
can be divided into five classes (Horn et al., 1998): Class A
(receptors related to rhodopsin and the adrenergic receptor),
Class B (receptors related to the calcitonin and PTH/
PTHrP receptors), Class C (receptors related to the meta-
botropic receptors), Class D (receptors related to the pher-
omone receptors), Class E (receptors related to the cAMP

receptors). The topology of GPCRs includes five main com-
ponents, namely, the N-terminal and the C-terminal of the
sequences, seven hydrophobic transmembrane o-helixes
(TM1-TM7), three extracellular loops and three or four
loops in the cytoplasm. This arrangement makes these
proteins capable of transducing an extracellular signal into
the cell (Attwood et al., 2001) and is helpful to discover the
mechanism of signal transduction in or between the cells
by annotating the structure and function of GPCRs.
Unfortunately, it is hard to solve the tertiary structures
of GPCRs by X-ray crystallography, except for that of
one GPCR (bovine rhodopsin) (Palczewski et al., 2000).
Meanwhile, a number of computational methods have
been developed trying to predict various attributes of pro-
teins based on their sequences (Cai et al., 2003; Chou and
Cai, 2002, 2005; Chou, 2005a; Chou and Elrod, 1999;
Chou and Zhang, 1994; Feng, 2001, 2002; Lubec et al.,
2005; Shen et al., 2005; Xijao et al., 2005, 2006; Zhou,
1998; Zhou and Assa-Munt, 2001; Zhou and Doctor,
2003). Early methods rely mainly on alignment and simi-
larity-based comparisons (Needleman and Wunsch, 1970;
Smith and Waterman, 1981; Altschul et al., 1990, 1997;
Pearson and Lipman, 1988; Pearson, 2000). In recent
years, basing the analysis on common patterns and pro-
files, it is taken into account that the structure and func-
tion of proteins are determined by the physicochemical
properties of their sequence constituents. Based on the con-
cept of pseudo amino acid composition (Chou, 2001), the
Fourier transform spectra has been used to predict mem-
brane protein type (Liu et al., 2005a; Wang et al., 2004,
2005), particularly their low-frequency parts (Chou, 1988),
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have been used to predict membrane protein types. A
number of methods have been also developed to predict
GPCRs (Chou, 2005b; Chou and Elrod, 2002; Elrod and
Chou, 2002; Inoue et al., 2004), classify GPCRs at family
and subfamily level (Bhasin and Raghava, 2004; Karchin
et al., 2002; Lapinsh et al., 2002) and recognize the trans-
membrane segments of the proteins (Cserzo et al., 1997;
Hirokawa et al., 1998; Tusnady and Simon, 1998; Pasquier
et al., 1999; Lio and Vannucci, 2000; Krogh et al., 2001;
Qiu et al., 2004). However, all the transmembrane seg-
ments recognizing algorithms, except TMHMM, cannot
predict the 7 transmembrane segments of GPCRs exactly
(Moller et al., 2001).

Delaunay triangulation method creates a series of sim-
plexes in PC-space, which ensures that it gives the smal-
lest space in clustering analysis compared with other algo-
rithms (Jin et al., 2003). Following our previous work,
which have successfully predicted GPCR subfamilies
(Guo et al., 2005) and classified GPCRs and NRs (Guo
et al., 2006), it becomes a kernel issue how to resolve the
structure features of GPCRs efficiently. In the present
study, a fast Delaunay model with PLS has been proposed
to predict their topology. By projecting to latent variables
and converting the protein sequences into digital signal
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with three descriptor scales (Sjgstrgm et al., 1995), a set
of Delaunay tessellations has been constructed with two
main latent variables for unknown protein sequence iden-
tification and structure recognition.

2. Materials and methods

Delaunay triangulation method and PLS

In multivariate calibration, the Delaunay triangulation (DT) method has
been introduced as a new method with the advantages of less time con-
suming and the ability of forming the best simplexes (Jin et al., 2003). The
DT method (in two dimensions) connects a given set of mesh nodes in
such a way that the circle circumscribing any triangular element contains
only the nodal points belonging to that triangle (except in the case where
four or more nodal points are co-circular). There are two restrictions in this
procedure: one is that the circumcircle of every triangle does not contain
other data points, the other is that the smallest interior angle of each
triangle in the Delaunay mesh must be as large as possible. These two
restrictions ensure that the simplex surrounds the point to be predicted well
and the error bound can be reduced.

When the Delaunay mesh has been constructed, it is used for prediction
of new samples. In two dimensions, if a new sample M falls within a
simplex defined by 3 neighbours (M, M,, M), its associated property can
be calculated through the properties of 3 neighbours according to the
following equations:
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Fig. 1. Diagrammatic view of the classification procedure and topology prediction
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where x; and xy; are the scores of the objects in PC-space, ayy,, ay, and
oy, are the contribution of samples M, M, and M3, respectively. Then the
property of an unknown sample can calculated as follows:

M = Y, + amYm, + Qmy Yy (4)

where yy, yu,, Yu, and yy, are the property for samples M, M,, M, and
M3, respectively.

Compared with other multiple calibration methods, the results from DT
are better than those from the law of mixtures (LM) method (Jin et al.,
2003) and the components used in DT for prediction are fewer than those
used in PLS and principle component regression (PCR) (Jin et al., 2003).
Therefore, the DT method is our mainly method in this study to identify an
unknown protein sequence and locate the positions of 7 transmembrane
segments and N-terminal of GPCRs.

Partial least squares projection to latent structures (PLS) as a chemo-
metrics tool for multivariate calibration is widely applied in many fields
(Wold et al., 2001). When modeling multidimensional data, PLS is often
suggested to reduce original variables. It can save much time in calculation
procedure. It provides latent variables that are the combinations of original
variables, and relates predictor variables X and response variables y by
means of the linear regression model:

279

where b is the PLS coefficient matrix, e is the residue vector and b is the
offset vector:

by =y — Xb. (6)

In classical PLS modeling, the eigenvector w of the mixed dependent
and independent variables matrix X7 YY”X should be calculated first and
PLS component is obtained as follows:

b=Xw (7)

This can be accomplished by using NIPALS, the power method (Wu et al.,
1997).

Datasets

The dataset used for training and testing is four major classes of GPCRs
(1526 from Class A, 231 from Class B, 160 from Class C and 58 from
class D) obtained from the March 2005 release of the GPCR database
(http:/ /www.gpcr.org/7tm/; Horn et al., 1998). When we predict the
topology of GPCRs, 4 subfamilies from Class A: Amine, Olfactory,
Peptide and Rhodopsin, are selected as the training and testing datasets.
The proteins with high sequence identity in all classes were not removed
in order to provide enough sequences to construct DT mesh that can be
applied to GPCR families.

Classification and structure recognition

In this paper, three steps have been taken to identify whether an unknown

y=bo+Xb+e, (5)  protein sequence is GPCR and which Class or family it belongs to. Then,
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Fig. 2. Projected results of 7 transmembrane segments of Alpha-1B adrenergic receptor (P35368) by PLS. Subgraphs a—g show the distribution of the
sample sequence projected to PC-space. The DT-meshes are constructed by 242 corresponding transmembrane segments of training sequences of Amine
and the points indicate the segments of Alpha-1B adrenergic receptor, which are obtained by scanning the protein with a window size of 20 amino acids.
When the points fall into the DT-mesh, we consider that these segments are the transmembrane segments and locate the start and the end position



280

according to the structure features of the specific family, we predict the
topology of the sequence. The whole procedure is shown in Fig. 1.

Initially, all of the sequences, including the sample and the training
sets (Class A—D), are converted into numeric array by substituting each
amino acid with three descriptor scales (Sjgstrgm et al., 1995). All
auto-covariances (ACs) (Sjgstrgm et al., 1995) of these sequences are
calculated according to Eq. (8) with all lags from —/g to lg, which form
a new multivariate data matrix with dimensionality m (objects) times
(2x1g + 1) x3 %3 (variables).

<xj(i +lag) — I%ng(i)) <xk(i) - %gn(io ,
(8)

where index i,lag are the amino acids positions and the lags
(lag = [—Ig, Ig]), respectively and N is the length of a sequence. Index j
and k are the descriptor scales (j = 1,2,3 and k = 1,2, 3).

Secondly, two latent variables (PLS1 and PLS2) of the ACs matrix of
the training sets (Class A-D) are extracted to form a new PC-space with
PLS1 versus PLS2. All of the coefficients are projected to the PC-space
and used to construct the DT mesh (Wold et al., 1993). When the sample
sequence is projected to the same space, we can determine whether this
sample belongs to the Class or family according to the projected point
falling in the DT mesh or out of it. If the sample is classified as the Class
A, an additional DT mesh should be constructed with the sequences of the
subfamilies of the Class A to determine which subfamilies it belongs to.

Finally, 8 structure features of the specific Class or subfamily, namely,
7 transmembrane segments (TM1-TM7) and N-terminal, are selected to
calculate the ACs and constitute 8 characteristic DT meshes. To determine
the positions of the corresponding region in the sample sequence, the
sliding window analysis with the window size of L amino acids as used
by Chou (2001a, b, c; 2002) in predicting protein signal peptides is carried
out. According to the experimental data, the transmembrane segments in
GPCRs usually include 20-25 amino acids, and the length of N-terminal
in each class of GPCRs is different. In order to achieve the best-predicted
results, a proper length of the segments should be taken to project to the
PC-space. In this paper, L is 20 for transmembrane segments and is
decided for N-terminal by specific class or subfamily of GPCRs. There-
fore, we can obtain n — L segments of the sample sequence in this way.
These segments are projected to the same space of the characteristic DT
meshes in turn. Then, the start point of each characteristic region can be
located by selecting the first point falling in the DT mesh and the length of
it can be calculated by m + L, where m is the points in the DT mesh. All
the results of our experiments are detailed in Section 3.

As an example, consider the subgraghs a—g of projecting results of
7 transmembrane segments of Alpha-1B adrenergic receptor (P35368)
(Fig. 2). Each DT-mesh in the subgragh is constructed with projecting
points of the corresponding transmembrane segments of 242 sequences in

N—[lag|

ACx(j‘k)‘lag = Z

i=1

Table 1. Comparing predicted results of our method with measured data
and the results of three other algorithms in recognizing 7 transmembrane
segments of Alpha-1B adrenergic receptor (P35368)

Measured Predicted PRED-TMR HMMTOP TMHMM

(AA) (AA) (AA) (AA) (AA)

™1 46-70 45-74 69-89 68-90 48-70

T™2  84-105 81-107 - 103-125 82-104
TM3 116-141 120-141  113-134 140-161 119-141
T™4 162-182  161-182  141-162 182-203 162-184
T™5 202-224  194-220 183-203 222-241 204-226
T™M6 296-319  294-320 223-243 315-334 295-317
TM7 327-340  325-349  317-335 349-368 332-351
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Amine. Then, all the segments of Alpha-1B adrenergic receptor are ob-
tained by scanning it with a fixed window size (20 amino acids) and are
projected to the PC-space (points in the subgragh). When the points fall
into the DT-mesh, we consider that these segments are the transmembrane
segments. By finding the 1*' point falling into the mesh and counting the
number of points, we can locate the start and the end position of the
transmembrane segment. Table 1 shows the predicted results of 7 trans-
membrane segments. Predicted results of three other algorithms, PRED-
TMR (Pasquier et al., 1999), HMMTOP (Tusnady and Simon, 1998, 2001)
and TMHMM (Krogh et al., 2001), are also listed in the table. It can be
seen that the predicted results of our method and TMHMM are very close
to the measured data, whereas two other algorithms make more prediction
errors.

3. Results and discussion

As is well known, the jackknife (leave-one-out) test is an
objective and rigorous testing procedure and has been
used widely for cross-validation in statistical prediction
(Chou and Zhang, 1995; Cai and Chou, 2005; Chou,
2005¢c; Chou, 1995; Chou and Cai, 2004; Fielding and
Bell, 1997; Gao et al., 2005; Liu et al., 2005b; Shen
and Chou, 2005a; Shen and Chou, 2005b; Xiao et al.,
2005; Zhou, 1998; Zhou and Assa-Munt, 2001; Zhou and
Doctor, 2003). However, it is time-consuming for large
samples. In this paper, 5-fold cross-validation is adopted
to test Class A and other Classes (Class B, Class C and
Class D) are validated by jackknife test. In the 5-fold
cross-validation, the Class A is separated randomly into
five equal-size sets. One of them is used for testing and
the others are used for constructing the DT mesh in turn.
During the process of the jackknife, n samples of 1 case
in the Class of GPCR are tested sequentially. The remain-
ing n — 1 cases form the training set and construct the
DT mesh.

To measure the performance of our method, we use
specificity (Sp), sensitivity (Se), total accuracy (Acc) and
Matthew’s correlation coefficient (MCC), which can provide
a better summary of performance in our study (Matthews,
1975; Baldi et al., 2000).

The testing results on Class A—D are shown in Table 2.
The module performs the best classification on Class A
with the total accuracy of 91.0% in differentiating GPCRs
from non-GPCRs and can classify the four classes with
more than 80% accuracy. The method performs the best in
Class A among the four classes. In distinguishing the
GPCRs from non-GPCRs, all the Sp of our method in
the four families is over 90%; the best Sp is 98.9% in
Class A. In identifying the classes of the GPCR, the high-
est Sp, Se and Acc are still in Class A, namely 95.2%,
91.4% and 87.6%. The lowest Se is 58.6% in Class D. It
may be because there are sufficient training sequences in
Class A to form the DT-mesh, whereas the less training
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Table 2. The performance of the method in differentiating GPCRs from non-GPCRs and discriminating between four major classes of GPCR

GPCR Number Non-GPCRs GPCRs
classes of sequences

Sp (%) Se (%) Acc (%) MCC Sp (%) Se (%) Acc (%) MCC
Class A 1526 98.9 91.4 91.0 0.54 95.2 91.4 87.6 0.11
Class B 231 95.0 83.6 85.5 0.69 79.1 83.6 72.3 0.28
Class C 160 94.3 83.1 85.6 0.73 78.2 83.1 74.4 0.43
Class D 58 97.1 58.6 84.2 0.67 64.2 58.6 71.0 0.38

Sp, Se, Acc, MCC: specificity, sensitivity, total accuracy and Matthew’s correlation coefficient, respectively. Class A, Class B, Class C and Class D of
GPCR are selected from GPCR database after removing the fragmental sequences. The method performs better in Class A than in the other three classes.
In distinguishing the GPCRs from non-GPCRs, all the Sp of our method in the four families is over 90%, best Sp is 98.9% in Class A. In identifying the

classes of the GPCR, the highest Sp, Se and Acc are still in Class A, namely 95.2%, 91.4% and 87.6%

set of Class D results in more errors. To calculate the true
negative (TN) and the false positive (FP) of our method in
discriminating between the four major classes of GPCR,
the DT mesh is constructed by one class and 90 negative
samples selected randomly from the other three classes.
The total accuracy decreases slightly owing to the increas-
ing identity of the sequences between the test set and
training set. In this case, the method can also achieve the
accuracy of more than 70%. Poor results of MCC were ob-
tained for Class A, as the numbers of the negative samples
are much less than those of the positive samples.

When one GPCR protein’s family is identified, we try
to predict its topology. Four subfamilies of Class A,
namely, Amine, Olfactory, Peptide and Rhodopsin, have
been selected as the test sets. All the segmental sequences
and the sequences without the annotation of transmem-
brane segments are removed. To assess the performance
of method in predicting the start and end positions of 7
transmembrane segments and locating the N-terminal, the
jackknife /Leave-one-out test has been used in this case
(Fielding and Bell, 1997).

During the procedure of the jackknife test, one se-
quence of the subfamily has been singled out as the test-
ing data in turn and the 8 feature structures (7 transmem-
brane segments and N-terminal) of the rest are projected
to the PC-space separately. Then, 8 DT-meshes are con-
structed with the PLS coefficients. After scanning the test
sequence with a fixed window size, we project the seg-
ments of the test sequence to the PC-space and locate the
positions of the feature structures according to the points
falling into the DT-mesh.

The performance of our method in predicting the topol-
ogy of four subfamilies of Class A is shown in Table 3.
More than 90% accuracy has been achieved in predicting
the topology of Rhodopsin and the average error is within
8 amino acid residues. In addition, all the N-terminals of
the sequences are correctly predicted. The prediction ac-
curacy of Peptide in our method is lower than that of the
other three subfamilies because of the much discrepancy
of the structures in these four subfamilies. In Peptide, the
N-terminal often includes some structures, which are sim-
ilar to transmembrane segments, such as signal peptide,

Table 3. The results of predicting 7 transmembrane segments and N-terminal of four subfamilies of Class A

Subfamilies Seq Prediction results of all segments
of Class A
TM1 ™2 ™3 T™4 TMS T™M6 T™7 N-term
Amine 243 PN 183 231 197 207 175 223 230 243
Err 4.1 4.3 3.0 2.9 6.2 4.5 3.7 -
Olfactory 395 PN 328 364 378 347 340 380 383 395
Err 8.0 5.0 4.6 6.6 10.1 3.5 3.5 -
Peptide 486 PN 338 337 338 339 308 305 306 486
Err 3.6 6.4 6.0 5.1 5.6 39 5.7 -
Rhodopsin 168 PN 152 161 158 162 157 164 167 168
Err 2.7 5.6 4.0 54 74 2.7 2.1 -

Seq, TM1-TM7, PN, Err: total number of sequences, 7 transmembrane segments, number of segments predicted correctly in our method and average
errors (n amino acid residues) in predicting the start and the end positions of 7 transmembrane segments, respectively. The prediction of N-term is to
determine which side is the N-terminal of the sequence
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and the third loop regions consist of 10—50 amino acids
residues, which are much less than those of the other three
subfamilies.

4. Conclusions

The present study illustrates a Delaunay model, which
based on PLS, for classification of GPCRs and structure
recognition. For classification, the method can achieve
more than 80% and 70% accuracy in differentiating an
unknown sequence from non-GPCRs and between the
four major classes, respectively. When predicting the to-
pology of the GPCR protein sequence, the model also gets
a high accuracy, especially in predicting the N-terminal
of the sequence. Accordingly, this model can be used to
identify a novel GPCR as well as its topology. Moreover,
the standard DT-mesh can be constructed when the
GPCRs database is established. It should save much time
in the procedure of classification and prediction. For our
further study, the model will be extended to solve issues
of the tertiary structure of proteins and the interaction
between specific proteins.
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