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The human GPCR signal transduction network  

Panagiota Kontou1, Athanasia Pavlopoulou2, Niki Dimou3, Margarita Theodoropoulou4, Georgia 
Braliou1, Georgios Tsaousis4, Georgios Pavlopoulos5, Stavros Hamodrakas4, Pantelis Bagos1* 

The eukaryotic cell surface G protein-coupled receptors (GPCRs) interact with a wide spectrum of ligands. The intracellular 

transmission of the extracellular signal is mediated by the selective coupling of GPCRs to G proteins, which, in turn, activate 

downstream effectors. GPCRs are of paramount pharmacological importance, with approximately 40% of all commercial 

drugs targeting these proteins. Herein, we have made an effort to unravel the molecular mechanisms underlying the GPCR-

mediated signaling pathway and the way this pathway is associated with diseases. Network-based approaches were utilized 

to delineate the GPCR pathway, incorporating data from gene expression profiles across eleven healthy tissues and disease-

gene associations from three diverse resources. The associations between the tissue-specific expression profiles of the 

disease-related genes along with the relative risk of disease development were further investigated. In the GPCR-activated 

pathway, the signal was found to be amplified at the successive steps of the pathway so that the effector molecules are 

highly expressed compared to ligands. This amplification effect was more pronounced when the respective genes encoding 

the particular proteins were associated with diseases. It was also found that co-expressed genes, corresponding to 

interacting molecules in affected tissues, may constitute powerful predictive markers for disease development. A disease 

risk prediction model based on tissue-specific expression profiles of the disease-associated genes was also generated. These 

findings could be applied to clinical settings.

Introduction 
 

G protein-coupled receptors (GPCRs) constitute the largest 
group of eukaryotic cell surface receptors, spanning the major 
taxonomic divisions1, with a common structure of seven 
transmembrane α-helices2. The human genome encodes 
approximately 800 GPCRs, which, according to a recent 
classification system, can be grouped into six major classes 
based both on sequence and function similarity3. GPCRs interact 
with a wide range of native ligands (peptides and proteins, 
prostaglandins, neurotransmitters, photons, hormones, ions, 
pheromones)4, 5. Upon such interaction, the conformational 
equilibrium of GPCRs is shifted6, 7 and, subsequently, the 
extracellular signal is transmitted within the cell through the 
coupling with the intracellular heterotrimeric GTP-binding-
proteins (G proteins)8. These proteins form heterotrimeric 

complexes composed by the Gα, Gβ, and Gγ subunits 9, 10. GPCRs 
activate an associated G protein by promoting the exchange of 
its bound GDP for a GTP. This results to the dissociation of the 
Gα subunit, along with the bound GTP, from the Gβ/Gγ dimer 
to further activate downstream effector molecules, such as ion 
channels and enzymes, and lead to diverse biochemical, 
physiological and cellular responses 11-13. GPCR-mediated signal 
transduction pathways are implicated in a plethora of 
diseases14-16. As a result, GPCRs are of enormous 
pharmacological importance, with approximately 40% of all 
marketed drugs targeting these proteins17, 18. Moreover, 
crystallographic studies of GPCRs during the last 15 years has 
experienced exponential growth, resulting in the determination 
of more than100 structures of 28 different GPCRs from various 
classes 19, 20. This progress on GPCR structural studies shed light 
on molecular mechanisms of GPCR ligand recognition, 
activation and allosteric modulation, as well as structural basis 
of GPCR dimerization21. This growth has also triggered the 
development of specialized protein resources that gather, 
curate and make available to the public, information regarding 
GPCR crystal structures, family classification, receptor mutants 
and information concerning the GPCRs coupling to G-proteins 
22-28. Taken all this into account it is understood that elucidating 
the underlying molecular mechanisms of the GPCR-mediated 
signaling pathway and the way this pathway is associated with 
diseases is of paramount biological and medicinal importance.  
 The objective of this study is to study the system 
ligand<GPCR<G protein<effector, henceforth referred to as 
‘GPCR signal transduction network’ or ‘GPCR signaling system’. 
Certain phenotypes or pathological manifestations are 
attributed to genes that form functional modules, whereas loss 
of a single gene may disrupt the functional activity of the 
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complete module29-31. To this end, functional networks 
comprising relationships of the four types of molecules of the 
GPCR signaling system were utilized. A global all-against-all 
network was constructed, as well. We further integrated 
information of tissue-specific gene expression profiles to 
enhance the biological significance of our study. Tissue-specific 
networks were generated in order to identify functional 
modules present in particular tissues. Another objective of this 
study was to investigate how the tissue-specific expression 
profiles of the disease-associated genes correlate with the 
relative risk of developing a disease. Characteristic molecular 
pathways that are associated with pathophysiological processes 
were identified, as well. Furthermore, associations between 
components of the GPCR signaling system and other proteins, 
as well as known drugs, were examined. Finally, the potential 
molecular associations among the Gα, Gβ, and Gγ subunits of 
the G protein heterotrimer were investigated. 
 

Materials and Methods 
 
All human GPCRs, G-proteins (Gα subunit) and effectors, as well 
as their corresponding pairwise associations, were collected 
from Human-gpDB 26. The classification of GPCRs was retrieved 
from IUPHAR/BPS Guide to PHARMACOLOGY 32 and Human-
gpDB 26. Interactions between peptide ligands and GPCRs were 
found by an extensive literature search. 
 Gene expression profiles determined in 11 normal human 
tissues (hypothalamus, spleen, ovary, lung, liver, kidney, heart, 
colon, adipose, testes and skeletal muscle) were obtained from 
the RNA-Seq Atlas 33. 
 Gene-disease association was investigated by utilizing 
information from three different publicly available databases: 
Genetic Association Database (GAD)34, Genome Wide 
Association Studies (GWAS)35 and Online Mendelian Inheritance 
in Man (OMIM)36. Due to disease name heterogeneity and 
ambiguity, a consistent nomenclature and classification for 
diseases was needed, and thus the naming conventions 
described in the International Classification of Diseases (ICD) 
were used. In order to maintain a uniform nomenclature across 
all datasets, all gene names were converted to the official HGNC 
(HUGO Gene Nomenclature Committee)37 gene symbols. 
Integrating these data from different sources, a gene-disease 
network was constructed covering different types of gene-
disease associations, ranging from rare monogenic disorders to 
multifactorial diseases 38. 
 The diseases were mapped to their corresponding tissues 
based on information retrieved through database and 
biomedical literature mining. To this end, PhenoDigm39, 40, a 
database that includes curated annotations of tissue-
phenotype associations, was searched. In addition, PUBMED 
was mined using combinations of a given disease term with 
each one of the 11 tissue terms. The top 20 most relevant 
articles were read thoroughly to identify any relationships 
between the given disease and tissue.  
 For each type of molecule (peptide ligands, GPCRs, Gα, 
effectors), the number of drugs interacting with them was 
retrieved from UniProt, which is cross-referenced to DrugBank 
41, a knowledgebase that contains information on drugs and 
drug targets. To this end, all entries in DrugBank referred to 
each corresponding protein entry in UniProt were counted in 
order to calculate the total number of interacting drugs. 

 The well annotated and experimentally verified interactions 
among the four types of molecules, as well as with other non-
GPCR network component proteins, were retrieved from 
UniProt 42. In particular, these protein–protein interactions (PPI) 
were derived automatically from Intact 43, a database of PPI 
data. 
Given that experimentally verified data regarding interactions 
among the various Gα, Gβ, and Gγ subunits that comprise the G-
protein heterotrimer are not generally available, the potential 
interactions among these component proteins were 
investigated through the construction and analysis of a gene co-
expression network 44. In this way, genes of known similar 
function can be grouped together based on their co-expression 
patterns 45. The expression profiles of the Gα, Gβ, and Gγ 
subunits in the 11 normal human tissues from the RNA-Seq 
Atlas were used to construct a gene co-expression network. As 
a gene co-expression similarity measure, the Pearson 
correlation coefficient was calculated for all pairs of expression 

profiles (
( , )i jcor x x

). This similarity measures the level of 
concordance among gene expression profiles across tissues. To 
define a signed co-expression measure among gene expression 
profiles, a simple modification of the Pearson correlation was 
used: 

 
The resulting similarity matrix was transformed into an 
adjacency matrix which encodes the connection strength 
between each pair of nodes. The signum function was used as 
an adjacency function, which implements ‘hard’ thresholding 

(dichotomizing) involving the threshold : 

 
Consequently, an unweighted gene co-expression network was 
constructed, where the different Gα, Gβ, and Gγ subunits are 
represented as nodes and the co-expression relationships as 
links. 
 The RNA-Seq Atlas33 gene expression profiles were 
visualized graphically with the HeatmapGenerator software 
package 46.  Cytoscape v.3.2.1 47 was employed for the statistical 
analyses, processing and visualization of the network data. The 
network analysis was focused on the topological properties of 
the GPCR signal transduction network. The Markov Cluster 
Algorithm, MCL 48, 49, an unbiased cluster algorithm for graphs 
implemented in Cytoscape was used to identify clusters in the 
generated networks.  
 A logistic regression model was constructed to predict the 
relative risk of developing a disease for the case of the pairwise 
interactions of the components of the GPCR signaling system 
(i.e. ligands-GPCRs, GPCRs-G-proteins and G-proteins-
effectors). We calculated robust standard errors accounting for 
the number of the pairwise interactions. In particular, the 
model was adjusted for the type of interacting molecules, the 
tissue, the logarithmic mean of the product of the expression 
values, the sum of the number of drugs, the sum of the total 
number of interactions and the sum of the outgoing edges 
coming from a node and the incoming edges onto a node per 
tissue of the implicated genes. All statistical analyses were 
performed with the Stata 13 statistical software package 50. 
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Results 
 
The components of the GPCR signaling system interact with 
each other through pairwise associations. Collectively, 964 
molecules and 2471 unique pairwise associations among them 
were retrieved from Humam-gpDB. By comparing the names of 
the retrieved molecules with the gene terms in RNA-Seq Atlas, 
483 unique molecule entries and their corresponding 
associations were retained. Since in 32 out of the initial 483 
corresponding genes the expression value was equal to 0 in all 
tissues, these entries were removed from the subsequent steps 
of this study. In addition, 18 molecules that were linked 
exclusively to these 32 molecules were removed. Therefore, a 
total of 433 molecules and 1666 pairwise interactions were 
analyzed in this study. The distribution of the 433 molecules per 
tissue is shown diagrammatically in Fig. 1Α. Of the 433 
molecules, over half represent GPCRs (Fig. 1A). On the contrary, 
G proteins are under-represented, with only 13 members.  
 
Tissue-specificity of gene expression  
The tissue-specific expression patterns of the 433 
corresponding genes were determined by utilizing the 
expression data provided for the 11 healthy tissues in RNA-Seq 
Atlas. Seven genes (i.e. AGT (angiotensinogen), ANXA1 (annexin 
A1), APP (amyloid beta precursor protein), C3 (complement 
component 3), GNAI2 (G protein subunit alpha i2), KNG1 
(kininogen 1) and SAA1 (serum amyloid A1)) had extremely high 
levels of expression. The expression level of a gene in a 
particular tissue was estimated by calculating the average of the 
logarithmic values of gene expression per tissue. Paradoxically, 
G proteins display, on average, the highest level of expression 
(Fig. 1B). Effectors exhibit slightly lower level of expression 
compared to G proteins across tissues. On the contrary, GPCRs 
display the lowest level of expression in all tissues (Fig. 1B). This 
is probably due to the fact that different ligands display 
differential binding affinities for GPCRs 51, thereby leading to 
distinct expression levels. Furthermore, the highest levels of 
expression for G proteins and effectors were found in the 
hypothalamus, whereas for ligands and GPCRs were found in 
the liver and the spleen, respectively (Fig. 1B).  
 
Networks 
A joint network including all pairwise molecular interactions 
across tissues was constructed which is shown in Fig. 2 using 
four different types of visualization.The joint network is a 
directed network, where each node has two different degrees 
(k), that is, number of edges connected to the node. The out-
degree (kout) indicates the number of outgoing edges coming 
from a node, and the in-degree (kin) is the number of incoming 
edges onto a node. The total degree of the node (ktot) is the sum 
of its out- and in-degree (kout + kin) 52. The overall topology of 
the joint network is best described as a highly non-uniform 
scale-free, in which the probability P(k) that a given node has k 

edges approximates a power law 53 (Fig. 3A). Therefore, the 
nodes of the joint network have varying degrees, with few 
nodes (hubs) having a greater number of edges compared to the 
rest.  
 In a similar manner, networks specific for each tissue were 
generated by taking into account the expression profiles of the 
genes encoding the four types of molecules in each tissue. The 
eleven tissue-specific networks displayed the same 

architecture53 as the joint network (Fig. 3B, 3C). An 
unsupervised graph clustering technique 48 was employed for 
the detection of functional modules in these networks. In each 
of the tissue-specific networks, a large cluster of associated 
molecules and several smaller clusters were detected, 
consistent with their scale-free property 53. These 11 networks 
are slightly denser compared to the joint network, since the 
values of total connectivity/density and centralization (Table 
S1) are marginally higher compared to the ones of the joint 
network 52; this means that more edges are connected to a 
given node in these networks compared to the same node in 
the joint network. The above observations lead to the 
suggestion that specific genes are overexpressed in particular 
tissues and are associated with each other to form a complex 
that exerts their functions.  
 All nodes of the joint network were ranked based on the 
number of their degree centrality. The top ten ranking hubs per 
molecule are listed in Table 1. Among them, 40% of ligands and 
G proteins, as well as 30% of GPCRs and effectors, are 
associated with diseases. Notably, all ligands belong to the 
wingless-type MMTV integration site family (WNT)54, 55, 
whereas all effectors belong to the tubulin (TUB) family of 
globular proteins56 (Table 1). Furthermore, the G proteins 
GNAI2, GNAI3 (G protein subunit alpha i3), GNAS (GNAS 
complex locus) had, by far, the highest total degree (ktot) 
distribution in all tissues (Table 1). 
 
Expression profiles of disease-associated genes 
As mentioned above, in a recent study, data for gene-disease 
associations from three diverse resources were integrated57, 
and a list of disease-related genes was created (Table S2). 
Approximately one-third (28.6%) of the total number of genes 
encoding the four types of molecules were found to be 
associated with one or more diseases/classes of diseases (Fig. 
1A). Of those, endocrine, nutritional or metabolic diseases and 
diseases of the circulatory system were the most frequent. Of 
particular importance, less than half of the total number of 
genes (i.e. 57 genes) were found to be associated with a tissue-
specific disease. This relatively low number is probably due to 
the fact that the gene expression was investigated in a limited 
number of 11 tissues that were available in the RNA-Seq Atlas. 
Notably, a tendency of overexpression of ligands, GPCRs and G 
proteins in disease states was displayed (Fig. 1B), consistent 
with the critical role of these molecules in disease 14-16.  
 
Drugs and interactions of the GPCR network components  
For each type of molecule (ligands, GPCRs, G proteins and 
effectors), the number of drugs targeting them and the total 
number of interactions were retrieved. The highest number of 
drugs was recorded for GPCRs, from the four types of 
molecules, with a mean value approximately equal to 8, ranging 
from 0 to 85, whereas no drug was found to target G proteins.  
The number of drugs targeting both ligands and effectors varied 
from 0 to 5. Furthermore, effectors were found to have the 
highest number of protein-protein interactions (PPIs) with a 
mean value approximately equal to 28; less than half 
interactions were calculated for G proteins (mean value equal 
to 12.5). A mean value of 6 interactions was estimated for 
ligands, whereas the number of interactions ranged from 0 and 
77 for GPCRs.   
 
Gene co-expression patterns 
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In this study, the corresponding genes of the interacting 
molecules expressed in the same tissue are termed as co-
expressed genes 58; hereafter referred to as gene pairs. These 
gene pairs are: ligand-GPCR (20.6%), GPCR-G protein (63.3%) 
and G protein-effector (16.1%). The gene co-expression 
patterns were investigated in nondisease, as well as disease 
states, since pathophenotypes are largely restricted to certain 
tissues 59. More than half of the gene pairs (55%) were related 
to a disease (i.e. either one or both genes of the gene pair were 
associated with a disease). In one out of ten gene pairs, both 
genes were related to a disease. Among them, only three gene 
pairs were associated with the same disease/disease category: 
AGT - AGTR1 (angiotensin II receptor type 1), associated with 
disorders resulting from impaired renal tubular function; GRM7 
(glutamate receptor, metabotropic 7) - GNAI3, related to 
depressive episode; LPAR1 (lysophosphatidic acid receptor 1) - 
GNA12 (G protein subunit alpha 12), associated with height 
abnormalities. The expression level of the gene pairs was 
calculated by the product of the expression values of the 
interacting genes. It was shown that these values fluctuate 
according to the presence or absence of disease, type of the 
interacting molecules (e.g. ligand-GPCR, etc.) and tissue; in 
other words, there is a three-way interaction. In particular, 
skeletal muscle tissues have the lowest and hypothalamus the 
highest expression levels. As expected, G proteins-effector pairs 
present the highest expression levels compared to the other 
gene pairs. Overall, the expression levels of the gene pairs 
(especially GPCR-G protein and G protein-effector) associated 
with diseases appear to be consistently higher compared to 
those of the corresponding gene pairs that are not involved in 
diseases across tissues. Notably, in hypothalamus, the 
expression level of gene pairs is similar for the ones associated 
with diseases and for those that are not involved in diseases. 
Furthermore, there is a positive correlation between the gene 
co-expression patterns and the clinical manifestations of the 
diseases. For example, the gene pair AGT - AGTR1 expressed in 
kidney is associated with a kidney disease. 
 
Identification of associations among the Gα, Gβ, and Gγ 
subunits 
The unweighted gene co-expression network among the 
components of the G protein heterotrimer was constructed by 

using a threshold value of = 0.85. The network consists of 27 
G proteins (15 Gα, 5 Gβ and 7 Gγ subunits) that are represented 
by nodes and a total of 88 connections between gene pairs (co-
expressed genes) that are denoted by edges. By analyzing the 
connections between the different G protein subunits, 32 
potential heterotrimeric complexes of the Gα, Gβ, and Gγ 
subunits were identified. Co-expression relationships among 
these complexes were further examined using high confidence 
curated molecular interactions in String 60. Of note, using this 
approach, 17 out of the 32 potential heterotrimeric complexes 
were also confirmed. Furthermore, 7 out of the 17 complexes 
were found to consist of subunits all of which are involved in the 
chemokine signaling pathway (KEGG PATHWAY, map number: 
hsa04062). 
 
Molecular pathways  
Possible molecular pathways, both in disease and nondisease 
associated genes in certain tissues, in which all four types of 
serially interacting molecules participate, were identified. The 
genes encoding the components of the molecular pathway in 

Fig. 4A are expressed in heart, suggesting that the increased 
level of expression of these genes is required for the normal 
activity of the heart. These genes were found to regulate 
diverse cardiovascular functions. For example, the chemokine 
CXCL11 is suggested to play a role in heart transplantation 
models 61, whereas ACKR3 (Atypical Chemokine Receptor 3) is 
implicated in vasoconstriction62. The G protein GNAI1 is 
involved in the regulation of in vivo heart rate dynamics 63. The 
effector TUBGCP5 (Tubulin, Gamma Complex Associated 
Protein 5) is necessary for microtubule nucleation 64. 
Microtubules, along with actin, compose the major component 
of the cardiomyocyte cytoskeleton65. Given that TUBGCP5 is 
required in heart, we propose that it could, also, play a role in 
the cardiac cytoskeleton. 
 The molecules participating in the heart-specific pathway 
shown in Fig. 4B are highly expressed in heart tissue where 
defects in the respective genes cause heart-specific 
pathologies, such as cardiovascular diseases. In particular, the 
gene EDN1, which encodes the ligand endothelin-1, is believed 
to contribute to the pathogenesis of hypertension, heart failure 
and atherosclerosis 66. Furthermore, HDL (High-Density 
Lipoprotein) cholesterol levels are associated with a 
substitution, K198N, in endothelin-1 67. The endothelin receptor 
type A, encoded by the gene EDNRA, mediates most of the 
vasoconstrictive properties of the ligand endothelin-1. Besides, 
polymorphisms in EDNRA were found to be associated with 
arterial hypertension68. The ADRA2C gene encodes the alpha-
adrenoreceptor 2C, which is required for the regulated release 
of neurotransmitters from noradrenergic neurons in the heart. 
Polymorphisms in the ADRA2C gene are linked to systemic 
hypertension69. Besides, the protein encoded by the gene 
GNAI2 is activated by both receptors, EDNRA and ADRA2C. It is 
proposed that GNAI2 is implicated in the pathogenesis of 
hypertension, since individuals with single nucleotide 
polymorphisms in the gene GNAI2 were found to have an 
increased risk of developing essential hypertension 70. 
Polymorphisms in the gene encoding the effector CSK (C-Src 
tyrosine kinase) are associated with a significantly increased risk 
of hypertension 71.  
 These data are particularly important, since these four 
genes likely contribute to other phenotypes, as well, like the 
phenotypes of the metabolic syndrome (LDL cholesterol, 
hyperlipidemia and type II diabetes) 72. These genes could also 
provide the foundation for targeted studies to detect gene-gene 
interactions in genetic association studies 73. The major obstacle 
in these studies is that, on a genomic scale, simultaneous 
analysis of all pairs of genes is computationally intensive and 
statistically unreliable, as the type I error would be too large due 
to multiple comparisons. 
 
Disease risk prediction model 
A logistic regression model was constructed to predict the 
relative risk of developing a disease in the case of co-expressed 
gene-pairs. We chose the pairs as the units of analysis and not 
the single genes, in order to capture the flow and direction of 
information from one level to the other (i.e. from ligands to 
GPCRs, from GPCRs to G proteins and so on). Towards this end, 
we calculated robust standard errors, in order to account for the 
dependencies that arise from the fact that the expression data 
are provided for the 11 healthy tissues within the same gene-
pair. In particular, this model was adjusted for the type of 
interacting molecules, the tissue and the logarithmic mean of 


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the product of the expression values of the interacting genes, 
including highly significant three-way interactions between 
these terms. The sum of the number of drugs, the sum of the 
total number of PPIs and the sum of the outgoing edges coming 
from a node and the incoming edges onto a node per tissue of 
the interacting molecules were also evaluated as covariates. 
Overall, the interactions between the molecules GPCRs-G 
proteins and G proteins-effectors demonstrate a greater 
probability of developing a disease with increasing expression 
levels (Fig. S1). The estimated disease risk probability goes 
above 0.9 when the expression of the GPCR-G protein pair 
reaches its peak value, in ovary and skeletal muscle (Fig. S1). 
This trend, however, is not observed in hypothalamus with 
prediction probabilities almost uniformly equally to 0.63 in 
GPCRs-G proteins with even decreasing estimates in colon, 
hypothalamus and testes in G proteins-effectors. Of particular 
interest, there is a negative correlation between the probability 
of ligands-GPCRs interacting molecules that are implicated in a 
disease and the expression values in all tissues examined here 
(Fig. S1). In addition, we estimated an 23% increase in the 
likelihood of developing a disease for every 10 additional PPIs 
for a given pair and a 15% decrease for every 10 additional 
outgoing and incoming edges of the gene pairs. The drugs 
targeting GPCR network components apparently do not alter 
the probabilities of presenting a disease. Of particular note, our 
model indicated a probability of developing a disease greater 
than 0.8 in 34 interactions between gene pairs that have not 
been associated with diseases thus far. GNAQ (Guanine 
Nucleotide Binding Protein (G Protein), Q Polypeptide) 
participates in 11 of these cases suggesting that the role of this 
protein in diseases should be further investigated.  
 

Discussion 
 
This is the first, to our knowledge, in silico study of the GPCR 
signaling network. First, a single global network comprising 
functional relationships among the components of the GPCR 
signaling system was generated. The global network analyses, 
however, ignore the biological processes that contribute to 
certain phenotypes taking place within specific tissues74. 
Therefore, information of tissue-specific expression profiles 
was utilized. To this end, 11 tissue-specific functional networks 
were created in order to investigate the dynamic potential of 
the different tissues. The joint and the tissue-specific networks 
have the same topological properties, leading to the suggestion 
that the mode of transmitting the extracellular signals through 
the ligand<GPCR <G-protein<effector system is the same. These 
networks are scale-free, suggesting that they are dominated by 
few highly connected nodes that hold the individual networks 
together. Other prominent biological scale-free networks 
include the protein-protein interactions network 75, and the 
metabolic and the biochemical networks 76. 
 Genetic diseases exhibit pathological manifestations that 
are often restricted to specific tissues and, therefore, defects in 
the genes or pathways responsible for these diseases may have 
varying impact on different tissues 59, 74. In this study, the gene 
expression in tissues affected by a disease was elevated as 
compared to genes in non- affected tissues, albeit in an 
inconsistent manner, as in the case of effectors. This 
corroborates previous studies which showed that the genes 
with higher expression levels under normal conditions are those 
which are most likely to have polymorphisms predisposing to 

disease 77 and, also, the proteins with more PPIs are more likely 
to be implicated in diseases 78. To provide further support to the 
latter hypothesis, the disease-associated G-protein GNAI2 was 
among the ones with the highest number of interactions. 
 It is postulated that protein complexes play an important 
role in disease formation 59. Motivated by this hypothesis, the 
expression profiles of gene pairs, were investigated, in this 
study. Uniform patterns of expression of gene-pairs across 
tissues were observed. For example, the expression of the G-
protein-effector pair was found to be higher compared to the 
GPCR-G-protein pair across tissues, consistent with the 
amplification of the transmitted extracellular signal along the 
GPCR signaling cascade. Of particular importance, it was shown 
that 916 disease-associated gene-pairs, representing 55% of the 
total gene-gene associations, span a wide variety of diseases or 
disease categories. The expression of genes associated with 
diseases appears to be consistently higher compared to that of 
the corresponding gene pairs that are not involved in diseases 
across tissues. This is in agreement with the hypothesis that 
inactivation of genes the functions of which are essential to a 
certain tissue can have detrimental effects on this tissue that 
could be reflected in tissue-specific pathophenotypes 79. Of 
importance, gene pairs were found to constitute robust 
predictive factors for the risk of developing a disease. However, 
the hypothalamus-specific gene pairs were found to be poor 
predictive factors for the disease risk. Of importance, the 
hypothalamus secretes different hormones which stimulate or 
inhibit the production of other hormones within tissues 
throughout the body 80.  
 Both potential associations among the Gα, Gβ, and Gγ 
subunits of the G protein heterotrimer, as well as associations 
of Gα with GPCRs and effectors, were identified in disease-
affected tissues. Given that no commercial drugs have been 
developed for the G proteins investigated in this study, it would 
be intriguing to speculate that the aforementioned G proteins 
could represent attractive targets for therapeutic interventions. 
Likewise, the interactions among the protein molecules 
encoded by gene pairs that are potential predictive markers of 
disease risk could be taken into consideration for rational drug 
design 81.    
 Taken together, the above findings highlight the association 
between disease-related genes, co-expressed gene-pairs and 
tissue specificity. Acquiring functional information for specific 
diseased tissues would be very important in the identification 
of biomarkers for disease diagnosis, prognosis and monitoring. 
Tissue-specific networks revealed molecular pathways that 
participate in the same disease or disease category that would 
not be detected in the global network. Only a few disease-
associated pathways restricted to a specific tissue were 
identified. This is probably due to the fact that signal 
transduction pathways traverse multiple tissues 74. A 
theoretical limitation of this study was the low availability of 
tissue-specific gene expression data. Besides, the genes 
encoding the molecules under study were acquired from 
Human-gpDB which contains peptide and protein sequences. 
Thus, there are other types of molecules (such as 
neurotransmitters, ions, photons, etc.) information of which 
was not included in this study. Besides, no unconventional 
relationships, such as GPCR-effector 82, were identified. 
Nevertheless, in this study, the first network-based approach 
for investigating the relationships among the components of 
the GPCR signaling network, is presented. 
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Conclusions 
 

Concluding, this is the first, in silico study of the GPCR signaling 
network. A global network comprising functional relationships 
among the components of the GPCR signaling system was 
generated. Therefore, information of tissue-specific expression 
profiles was utilized. To this end, 11 tissue-specific functional 
networks were created in order to investigate the dynamic 
potential of the different tissues. The functional relationships 
among the components of the GPCR pathway and their 
association with diseases were further elucidated, in this study. 
A disease risk prediction model based on tissue-specific 
expression profiles of the disease-associated genes was also 
generated. These findings could be very important in the 
identification of biomarkers for disease diagnosis, prognosis 
and monitoring.  
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Figures 
 
Fig. 1: Gene expression data. A) Distribution of the 433 retrieved 

molecules based on the type of molecule and the disease 
state per tissue. B) Logarithmic mean of the expression value 
of the four types of molecules per tissue in normal and 
diseased states.  
 

Fig. 2: Joint human GPCR signal transduction network with four 
different types of visualization. (A) 3D network visualized by 
Arena3D 83. 126 Ligands (orange), 223 GPCRs (purple), 13 G 
proteins (pink) and 71 Effectors (green) are connected with 
1666 connections across layers (B) 3D network visualized by 
Arena3D 83. White color indicates the 124 molecules that are 
implicated in a disease and their interactions. (C) 2D network 
visualized by Cytoscape. (D) 2D network visualized by 
Cytoscape. The order of the four types of interacting 
molecules corresponds to their order in the signaling network. 
Ligands (green); GPCRs (orange); G proteins (pink); effectors 
(blue). The nodes represent molecules and the links (edges) 
associations between molecules. 

 
Fig. 3: Networks’ degree distributions. (A) Degree distribution P(k) 

of the out- and in-degree nodes in the joint GPCR signaling 
network. The degree distribution results to a straight line on 
the double-logarithmic plot, indicative of scale-free property. 
(B) Degree distribution P(k) of the in-degree and (C) Degree 
distribution P(k) of the out-degree nodes in the tissue-specific 
GPCR signaling networks. 

 
Fig. 4: Molecular pathways. (A) Example of pathways in which all 

four molecules are implicated in the same class of disease. (B) 
Example of pathways where none of the molecules are 
implicated in diseases. Ligand (green); GPCRs (orange); G 
protein (pink); effector (blue). The second pathway lacks a 
ligand. 

 
Tables 
 
 
Table 1: The top ten hubs of the joint network. The molecules 

associated with diseases are indicated by an asterisk. 
 

Ligands GPCRS G proteins Effectors 

WNT11* FZD1 GNAI1 TUBA1A 

WNT2B FZD8 GNAI2* TUBA1B 

WNT4* CCR10 GNAI3* TUBA1C 

WNT5A FZD4* GNAO1 TUBA3C 

WNT5B FZD3 GNAQ TUBA3D 

WNT16* FZD5 GNAZ TUBA3E 

WNT3* FZD6 GNA11 TUBA4A 

WNT7B FZD7 GNAS* TUBB3* 

WNT9A TSHR* GNA14 TUBA8* 

WNT9B F2R* GNA15* TUBB1* 

 
 


