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A Machine Learning Based Method for the
Prediction of G Protein-Coupled Receptor-Binding

PDZ Domain Proteins

Hae-Seok Eo, Sungmin Kim', Hyeyoung Koo?, and Won Kim*

G protein-coupled receptors (GPCRs) are part of multi-
protein networks called ‘receptosomes’. These GPCR in-
teracting proteins (GIPs) in the receptosomes control the
targeting, trafficking and signaling of GPCRs. PDZ domain
proteins constitute the largest protein family among the
GIPs, and the predominant function of the PDZ domain
proteins is to assemble signaling pathway components
into close proximity by recognition of the last four C-
terminal amino acids of GPCRs. We present here a ma-
chine learning based approach for the identification of
GPCR-binding PDZ domain proteins. In order to character-
ize the network of interactions between amino acid resi-
dues that contribute to the stability of the PDZ domain-
ligand complex and to encode the complex into a feature
vector, amino acid contact matrices and physicochemical
distance matrix were constructed and adopted. This novel
machine learning based method displayed high perform-
ance for the identification of PDZ domain-ligand interac-
tions and allowed the identification of novel GPCR-PDZ
domain protein interactions.

INTRODUCTION

G protein-coupled receptors (GPCRs) are the largest family of
cell surface receptors. GPCRs interact with GPCR interacting
proteins (GIPs) that are implicated in various functions such as
trafficking and targeting of GPCRs into appropriate subcellular
compartments, assembly of the receptors into multi-protein
networks called ‘receptosomes’ and fine-tuning of GPCR sig-
naling events (Bockaert et al., 2004; Eo et al., 2007; Hanyaloglu
and von Zastrow, 2008; Kreienkamp, 2002). During the last
several years, a wide range of membrane associated and intra-
cellular GIPs have been discovered, suggesting that a better
understanding of the physiological mechanisms associated with
GPCRs and other components may be provide a solid founda-
tion for GPCR-directed pharmacotherapy (Hanyaloglu and von
Zastrow, 2008).

PDZ (PSD-95, DIg and ZO-1) domain proteins constitute the
largest family of proteins that is involved in the organization of

GPCR signaling complexes (Day and Kobilka, 2006; van Ham
and Hendriks, 2003). PDZ domain proteins play a critical role in
the targeting of GPCRs to specific membrane compartments
and their assembly into receptosomes (Bockaert et al., 2004).
Single PDZ domain proteins contain one or multiple copies of
the PDZ domains, and structural features allow the proteins to
mediate specific protein-protein interactions (Skelton et al.,
2003).

A PDZ domain consists of approximately 80 to 100 amino ac-
ids, which form six Bstrands, BA through BF, and two « helices,
oA and aB (Basdevant et al., 2006; Chi et al., 2006). The four
C-terminal residues of the PDZ ligand interact with an elon-
gated surface groove located between the BB strand and the
oB helix in an antiparallel manner (Hung and Sheng, 2002;
Nourry et al., 2003). However, PDZ domains can bind to distinct
peptide motifs, and such promiscuity in ligand recognition has
been the main obstacle to the development of effective meth-
ods for the identification of PDZ domain-ligand interactions
(Basdevant et al., 2006; Vaccaro and Dente, 2002). Further-
more, recent studies have shown that the binding specificity,
which is primarily determined by the last four residues of the
ligand, can also be influenced by residues located further up-
stream (Kurakin et al., 2007). In this study, we present a novel
machine learning based method for the characterization of PDZ
domain-ligand interactions and for the identification of novel
PDZ domain-GPCR interactions.

In order to infer and to characterize PDZ domain-ligand bind-
ing specificity, several studies have attempted to place PDZ
domains into discrete functional classes based on the physico-
chemical properties of specific residues in the PDZ domain or
based on the amino acid patterns of their ligands (Bezproz-
vanny and Maximov, 2001; Songyang et al., 1997). In addition,
high-throughput or computational techniques have also been
used to facilitate a better understanding of PDZ domain-ligand
interactions (Day and Kobilka, 2006; Giallourakis et al., 2006;
Reina et al., 2002; Stiffler et al., 2007; Wiedemann et al., 2004).
However, most of these studies have not succeeded in pre-
senting an understanding of the specificity of these interactions
due to the relatively short length of the ligands that participate in
PDZ domain recognition and many false positive interactions
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have been identified in the studies.

In this study, we present a support vector machine (SVM)
classifier that integrates PDZ domain-peptide binding data veri-
fied by biological experiments with structural information de-
rived from the crystal structure of the PDZ domain (Doyle et al.,
1996). The interaction interfaces are encoded in a set of nu-
merical variables and an SVM classifier is then trained to infer
PDZ domain-ligand interactions. With the classifier, we show its
performance by the use of a 10-fold cross validation test and
illustrate the utility for the identification of novel PDZ domain-
GPCR interactions.

MATERIALS AND METHODS

Dataset

The PDZ domain-ligand binding dataset used for constructing
the amino acid contact matrices and training the method was
obtained from the PDZBase database (Beuming et al., 2005).
The PDZBase database contains all the known PDZ domain-
ligand interactions that have been identified from in vivo or in
vitro experiments. The PDZ domain-ligand non-binding dataset
was also extracted from a previous study (Stiffler et al., 2007)
for constructing non-binding contact matrices and training the
method. These investigators adopted protein microarrays and
then used quantitative fluorescence polarization to verify the
interactions of mouse PDZ domains. A total of 348 PDZ do-
main-ligand binding interactions were obtained from the PDZ
Base database, along with the same number for the negative
dataset, which was confirmed by the use of the quantitative
fluorescence polarization method (Stiffler et al., 2007).

Prediction of PDZ domain-peptide interactions

Application of the machine learning approach for the prediction
of PDZ domain-peptide interactions was motivated by the ca-
nonical binding mechanism where individual residues in a pep-
tide ligand always target the same position of residues of the
PDZ domain-peptide binding pockets (Songyang et al., 1997;
Wiedemann et al., 2004). The framework of the machine learn-
ing approach to PDZ domain-peptide binding prediction is de-
scribed in Fig. 1.

Contact matrices

To describe the specificity of PDZ domain-ligand interactions,
contact matrices were constructed from the training dataset.
The contacting PDZ domain residues for each peptide position
were determined based on the solved structure of a PDZ do-
main-peptide complex (Doyle et al., 1996). Corresponding resi-
dues lying on the interaction surface of PDZ domains were
deduced by alignment of their sequences with PSD95-3 and
AF6 PDZ domains and were labeled (Doyle et al., 1996;
Songyang et al., 1997; Wiedemann et al., 2004) (Fig. 1A). The
network of interactions between amino acid residues is de-
scribed in Fig. 1B.

The contact preferences of individual peptide positions with
the contacting PDZ domain residues were defined as '\Tl— ,
where N, indicates the number of occurrence of any specific
pair of residues and T, is the total number of amino acid con-
tacts of the ith-contact pair in a PDZ domain-peptide binding.
Figure 1C indicates the contact preference between the P-1
residue in a peptide and the BC7 residue in a PDZ domain.
Thus, a total of 20 contact matrices were constructed between
a domain and a peptide (Fig. 1B). The same procedure was
performed with the PDZ domain-ligand non-binding dataset
(Stiffler et al., 2007) for the construction of non-binding contact
matrices (see Dataset). In addition to the contact matrices, a

physicochemical distance between each contact pair was cal-
culated based on polarity, molecular volume and the chemical
composition of the amino acids (Grantham, 1974) and was
normalized in the range of [0, 1] by dividing by the largest dis-
tance (Grantham’s distance = 215). The normalized physio-
chemical distances were adopted to describe the cooperative
contributions of each residue in a peptide with all of its contact-
ing residues in the PDZ domain. For example, the cooperative
contribution of a P-3 residue in a peptide that interacts together
with BB3, BB5, BC4 and BC5 in a PDZ domain was calculated
by the average of the physicochemical distances between the
residues (Fig. 1B) (Altuvia and Margalit, 2004; Ferraro et al.,
2006).

Feature extraction

The specificity and stability of domain-ligand interactions have
been described by the two assumptions of the independent
contribution of each contact residue pair between a domain and
a ligand and the cooperative contribution of each peptide posi-
tion with all of its contacting domain residues (Altuvia and Mar-
galit, 2004; Ferraro et al., 2006). To improve the reliability of the
SVM classifier, we combined the two assumptions in the de-
scription of the PDZ domain-ligand interaction.

A PDZ domain-peptide complex, which has the 20 contact
residue pairs, can be defined as a set of the element f, | &
{1, ..., 20}, where f is the relative frequency I\(I)f the specific
amino acid contact of the ith contact pair (f = +, see Contact
matrices). The relative frequency, f(+) and f(-), of each contact
pair can be extracted from the ith binding and non-binding
contact matrices, respectively. If f(+) is greater than f(-), the ith
contact is more relevant for binding whereas if f(-) is greater
than f(+), the ith contact is more relevant for non-binding. The
i-th contact pair in a PDZ domain-peptide complex can be rep-
resented as the numerical code C(f), where C(f) can be en-
coded according to its binding significance:

cRy=1 it fi(+)>1()
C(f)=0 it fi(+)=1()
Cf)=-1 it fi(+)<f()

Consequently, a set of 20 contacts in the PDZ domain-ligand
binding was transformed into a set of 20 numerical codes that
reflect the assumption of an independent contact representa-
tion.

The cooperative contributions of the individual peptide posi-
tion to the stability of the complex were calculated by the aver-
age of the physicochemical distances between the contact
residues (see Contact matrices) and were also added into a
feature vector (Fig. 1D).

Performance evaluation .
To implement the SVM classifier, we adopted the SVM™™
package version 6.01 (Joachims, 1999) and tested the classi-
fier with linear, polynomial and radial basis function (RBF) ker-
nels. Subsequently, the classifier was applied to the GPCRs to
identify PDZ domain-GPCR interactions.

The performance of the SVM classifier was evaluated by
the use of a 10-fold cross validation test. We trained the SVM
classifier ten times, each time leaving out one of the subsets
from the training. The remaining subset for each time was
used to estimate the performance of the trained SVM classi-
fier. The performance quality of the SVM classifier was evalu-
ated by five measurements including sensitivity, specificity,
positive predictive value (PPV), negative predictive value
(NPV) and accuracy.
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Fig. 1. The computational procedure for encoding a PDZ domain-ligand interaction into a feature vector is presented. (A) Structure-guided
sequence alignment of PDZ domains; 14 underlined amino acids, which contact with residues in the ligand peptide, were extracted. (B) Con-
tact combination between ligand and PDZ domain residues; column 1 represents the four carboxyl-terminal positions of a ligand peptide with
the P-0,..., P-3 nomenclature as defined by Songyang et al. (1997) and column 2 represents the PDZ residues that forming contacts with the
peptide position. (C) A contact matrix between peptide position P-1 and PDZ position BC7; Each amino acid contact frequency is illustrated
using color gradients (dark blue shows more frequent contact and light blue shows less frequent contact). (D) Feature vectors extracted from

PDZ domain-ligand interactions; the first column contains class labels (1 for the positive class, and -1 for the negative class).

These measurements were defined as the following:

sensitivity =

TP+FN
N

TN +FP
P
TP +FP
N
FN+TN

accuracy (%) =

specificity =

PPV =

NPV =

__TP+TN 400,
TP+TN+FP+FN

where TP, TN, FP and FN were the number of true positives,
true negatives, false positives and false negatives, respectively.

RESULTS AND DISCUSSION

Model evaluation

The reliability of the SVM classifier, which includes the coopera-
tive effect in the feature vector, was confirmed by the use of 10-
fold cross validation test and was compared with an encoding

model that included only the independent contacts representa-
tion. During the 10-fold cross validation procedures, the kernel
functions and parameters were optimized and the polynomial
kernel with d = 3 and a regulation parameter of C = 0.0001 was
selected. The prediction accuracies of the SVM classifiers are
shown in Table 1. The accuracy of the classifier reached
88.93% when only the independent contribution of contact pairs
was reflected. However, the accuracy of the SVM classifier
increased to 92.39% when the cooperative contributions of the
contact residues were added to the description of the PDZ
domain-ligand interaction (Table 1).

Identification of novel PDZ domain-GPCR interactions

Encouraged by the performance of the SVM classifier, we de-
cided to apply this method to discover novel PDZ domain-
GPCR interactions. To identify novel interactions between neu-
ronal PDZ domain proteins and GPCRs, which play a central
role in the organization of signaling complexes and in neuronal
synaptic communication (Fang et al., 2003), PDZ domain pro-
teins were extracted from SwissProt (Release 56.2, Boeck-
mann et al., 2003) based on the following three conditions. The
conditions included a description of “Homo sapiens’ in the OS
line, a description of “Synapse” in the KW line and a description
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Table 1. The performance of the SVM classifiers to discriminate
PDZ domain-ligand binding from non-binding

Sensitivity Specificity PPV® NPV Ac‘z;rf‘cy
(o]
Classifier 0.925 0922 0923 0925 92.39
model 1'
Classifier 0.885 0.894 0893 0886 8893
model 2°

'SVM classifier when both the independent and cooperative contribution
of contact pairs was used.

2SVM classifier when only the independent contributions of contact pairs
were used.

3Positive predictive value

“Negative predictive value

of “PDZ” in the FT line. Using this procedure, 49 PDZ domain
sequences from 20 PDZ domain proteins were obtained, but
several redundant domains, which have identical 14 contact
residues, were excluded from the test (Table 2). To identify
GPCRs that interact with the synaptic PDZ domain proteins, all
metabotropic glutamate receptors including their splice variants,
which regulate the process of communication from a neuron to
the target across a synapse, were adopted and their last four
amino acid residues were extracted. Two of 12 metabotropic
glutamate receptors, which have the same carboxyl-terminal
motifs with others, were excluded from the test.

The SVM classifier was tested on the 410 vectors, which
were created by combining the PDZ domains and the last four
C-terminal amino acids of the above-mentioned GPCRs for the

identification of novel PDZ domain-GPCR interactions. From
the 410 PDZ domain-GPCR vectors, 57 vectors were positively
classified by the SVM classifier, suggesting that the PDZ do-
main-GPCR pairs could form constitutive complexes (Table 3).
The results were compared with the experimentally derived
protein-protein interaction data in the Human Protein Reference
Database (HPRD) (http://www.hprd.org; Mathivanan et al.,
2006) and the protein microarray data (Stiffler et al., 2007).
Among the positively classified vectors, the six PDZ domain-
GPCR interactions including PICK1 (GRM3 and GRM7) and
GRASP (GRM1, GRM2, GRM3 and GRM5) could be con-
firmed from the HPRD and one false negative interaction be-
tween the SHANK3 and GRM3 could be verified from the pro-
tein microarray data (Stiffler et al., 2007). In addition to the six
interactions, SHAN1-GRM1 and SHAN3-GRM1 interactions
were also confirmed from the SwissProt database. As shown in
Table 3, our method correctly classified all experimentally de-
termined neuronal PDZ-metabotropic glutamate receptor inter-
actions in the databases and predicted novel PDZ-GPCR inter-
actions.

CONCLUSION

During the past few years, several high-throughput techniques
have been developed for the identification of possible domain-
ligand interactions and the techniques have produced a large
amount of interaction data. However, the interaction data ob-
tained with the use of high-throughput techniques have resulted
in a considerable number of false positives and false negatives.
Ultimately, in order to understand better the specificity of domain-

Table 2. Details of the neuronal PDZ domain proteins used for the identification of the PDZ domain-GPCR interactions

PDZ domain proteins Accession no. PDZ domains'
Disks large homolog 1 (DLG1)° Q12959 3
Disks large homolog 2 (DLG2) Q15700 3
Disks large homolog 4 (DLG4) P78352 3
Gilutamate receptor-interacting protein 1 (GRIP1) Q9Y3R0 6°
SH3 and multiple ankyrin repeat domains protein 1 (SHAN1)* Q9Y566 1
SH3 and multiple ankyrin repeat domains protein 2 (SHAN2) QIUPX8 1
SH3 and multiple ankyrin repeat domains protein 3 (SHAN3) Q9BYBO 1
Delphilin (GRD2I) A4D2P6 2
Membrane-associated guanylate kinase, WW and PDZ domain-containing protein2 (MAGI2) Q86UL8 6
Multiple PDZ domain protein (MPDZ) 075970 13
Lin-7 homolog A (LIN7A) 014910 1
Lin-7 homolog B (LIN7B)° Q9HAP6 1
Lin-7 homolog C (LIN7C) QINUP9 1
Golgi-associated PDZ and coiled-coil motif-containing protein (GOPC) Q9HD26 1
Neurabin-1 (NEB1) QouLJ8 1
Neurabin-2 (NEB2) Q96SB3 1
Regulating synaptic membrane exocytosis protein 1 (RIMS1) Q86UR5 1
Regulating synaptic membrane exocytosis protein 2 (RIMS2) Q9oUQ26 1
PRKCA-binding protein (PICK1) Q9NRD5 1
General receptor for phosphoinositides 1-associated scaffold protein (GRASP) Q726J2 1

"The number of PDZ domains
2PDZ domain 3, which has an abnormal structure, was excluded.

3Each PDZ domain of DLG 1 has identical 14 residues to the PDZ domains of DLG 2 and 4.
4PDZ domain of SHAN1 has identical 14 residues to the PDZ domain of SHAN2.

5PDZ domain of LIN7B has identical 14 residues to the PDZ domain of LIN7C.



Hae-Seok Eo et al. 633

Table 3. A list of predicted PDZ domain-GPCR interactions

Entry name of GPCR Ligand sequence1 Putative interacting PDZ protein( )2
GRM1 (Q13255) SSTL SHAN1*, SHAN2, SHAN3*, GRD2I(2), GRASP**
GRM1 (Q13255-2) HVQL -
GRM2 (Q14416), GRM3 (Q14832) TSSL PICK1, GRASP**
GRM4 (Q14833) NHAI SHAN1, SHAN2, SHAN3, MAGI2(2), DLG1(2), DLG2(2), DLG4(2),
MPDZ(2, 3, 9, 10, 11, 13), NEB1, NEB2
GRM5 (P41594, P41594-2) SSSL PICK1, GRASP>*
GRM7 (Q14831) NLVI GRIP1(3,4,5,6), SHAN1, SHAN2, SHAN3, MAGI2(1,2,4,6),

MPDZ (1,2,3,5, 6,7,9,10,11,13), GRD2I(1), NEB1, NEB2, GOPC, LIN7B,
LIN7C, PICK1%*

GRM7 (Q14831-2) PPTV SHAN1, SHAN2, SHAN3, GRD2I(2), MPDZ(12), GRASP
GRM7 (Q14831-3) QSNL PICK1
GRM7 (Q14831-4) HKED -

GRM7 (Q14831-5) CNCY

GRIP1(5), MPDZ(9, 11), NEB1, NEB2

'the last four C-terminal amino acids of GPCRs
2PDZ domains in a PDZ domain protein that interact with GPCR

%pDZ domain-ligand interactions verified by HPRD (Mathivanan et al., 2006)

“Protein-protein interactions predicted by SwissProt database

ligand interactions and to identify novel domain-ligand interac-
tions, the development of accurate computational methods and
experimental validation must be simultaneously performed.

Ferraro et al. (2006) have developed an accurate machine
learning based method for inferring SH3 domain specificity.
Although their method did not take into account the cooperative
contributions in each ligand position of the SH3 domain-ligand
complex, the network of interactions between amino acid resi-
dues, which was characterized by 27 domain positions and 10
peptide positions, was still sufficient to describe binding
specificity. Based on a similar encoding method, Altuvia and
Margalit (2004) developed an accurate threading approach to
describe MHC-peptide complexes. However, in the case of
PDZ domain-ligand interactions, the relatively short ligand
sequence, which participates in PDZ domain recognition, has
been the main obstacle in the development of a robust
classification method.

In this study, we investigated PDZ domain-ligand binding
specificity and developed a computational method for the pre-
diction of novel PDZ domain-GPCR interactions. The method
was based on the network of interactions between residues
that independently and cooperatively contribute to the stability
of the PDZ domain-ligand complex. The SVM classifier con-
structed with the integration of the network of interactions dis-
played a high level of performance accuracy and the SVM
classifier was applied for the prediction of neuronal PDZ do-
main-GPCR interactions.

The performance results suggest that the classifier, which in-
tegrates a suitable encoding of the interaction interfaces of PDZ
domain-ligand binding, can be used to provide information
about the nature of PDZ domain-ligand interactions and can be
effectively used for the identification of novel PDZ domain-
GPCR interactions. Further investigations with the use of the
SVM classifier for the identification of PDZ domain-GPCR in-
teractions have the potential to provide a steady foundation for
GPCR-directed pharmacotheraphy.
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