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Abstract

We now know of hundreds of genes that have some association with pain.
Several genes have been shown to alter pain sensitivity in humans, and can
be found in the OMIM database. The Pain Gene Database gives details of
genes that have been shown to alter pain-related behaviour in transgenic
mouse models (usually gene knockout). Genes identified in this way are often
studied in isolation, or alongside a handful of other genes. Techniques from
systems biology, and methods for identifying protein interactions and gene
associations using data derived from functional genomics studies allow us to
study these genes in the context of the biological systems and pathways on
which they operate. Predicted gene associations, generated by various
bioinformatics tools, can be used to extend these associations and enrich the
information available on protein networks.

Here we describe a resource, available at www.painnetworks.org,that allows
the user to visualise pain genes in the context of an interaction network.

The user can also enrich the networks using data from a number of pain-
focused gene expression studies to highlight genes that change in expression
in a given experiment and genes showing correlated patterns of expression in
a number of different experiments. The website currently contains several
pain-related datasets and the user is able to input their own experiment to
view alongside these datasets (without the need to send any of their data over
the web). We also invite users to submit their own data to the website. We
expect this resource to grow over time and become a valuable asset to the
pain community.

Introduction
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We have discovered much about pain and nociception using in vivo animal
studies. Knock out mice, pain models and related approaches have led to
advances in our understanding of the genes involved in pain [1,20,27,34].
However, many of the drugs designed to target single proteins have shown a
lack of efficacy when trialled in humans and led to unforeseen side-effects
[46]. This may be due to the polygenic nature of pain. It has a highly
heterogeneous physiologic and molecular basis - at least ten independent
(albeit overlapping) mechanisms have been proposed for the initiation and
sustenance of pain [15,46]. Recent work suggests there may be many more
pain-associated genes waiting to be discovered [34]. Pain researchers often
consider a single aspect of pain in isolation, perhaps a given physiological
process or group of genes. However it seems clear that systems biology,
defined as “the strategy of pursuing integration of complex data about the
interactions in biological systems from diverse experimental sources using
interdisciplinary tools and personnel” [7], will become an important and
necessary paradigm for the future study of pain, and lead to a greater success
in the development of analgesics [4].

Microarrays represent one way in which pain has been studied at a system-
wide level [13,24,26,32]. However most microarrays give a snap-shot of pain,
specific to a given tissue type, for a given animal or human model of pain, at a
given point in time, often long after the pain generating insult has occurred [4].
A further way to study pain is at the systems level, by combining the data
available on the interactions and associations of pain genes to produce
networks. Such approaches have been successfully applied in many research
areas outside pain, including cancer [11,36,42], diabetes [30] and asthma [21].
Closer to the fields of pain and neuroscience, module-based methods have
been used to study neurological disorders including Parkinson’s [35] and
Alzheimer’s [25,39], and systemic inflammation. Several websites and
resources exist that allow a researcher to build such networks, in order to
examine their gene(s) of interest in the context of their protein associations.
These include both experimentally detected interactions and
inferred/predicted associations [28,41,45].

Here we present a publically available resource, PainNetworks.org, aimed at
pain researchers, that allows the user to build pain specific networks,
integrating microarray data from a wide range of pain related experiments,
profiling expression changes in animal models of pain and knock-out mice.
The user can compare their experimental data to that included in the
PainNetworks.org site, client-side, without uploading anything to the web. The
user can also cluster their constructed networks using node and edge based
clustering methods, request various functional annotations, such as GO
categories and known drug targets, and filter the networks to only include
genes from a specific tissue-type or anatomical structure of interest, based on
tissue-specific expression data. In addition to customising the content of their
network, the user can move the protein components around on the screen
interactively, allowing them to focus on whatever part of the network they wish
to examine further.



In this short paper we will describe the website and the underlying
methodology used to provide its features. We will also present some example
usages of the site. A more detailed reference manual is available from the site
itself, showing the different features of the sites and explaining how they can
be used. Video tutorials and example queries are also available from the site.

Methods

Pain related genes

The user can input a set of query genes in order to produce a network.
However the website also contains lists of pain related genes sourced from
public sources, namely 1) the Online Mendelian Inheritance in Man (OMIM)
database, which is an online database of diseases and related genes
(containing traditional “Mendelian” diseases and more complex polygenic
diseases) [3],and 2) the Pain Genes Database (PGD) maintained by Jeffery
Mogil’s Pain Genetic Lab, which contains genes that, according to a published
study, lead to a change in pain-related behaviour when knocked out in mouse
[27]. PainNetworks.org will be updated regularly in order to capture any
additional genes placed in either the PGD, OMIM or other published pain
based resources. The user can use genes from these resources to annotate
their network, or to identify clusters in the network with an over-representation
of pain-associated genes, as described below. These pain-related genes can
come from two different sources.

Interaction/association data

Protein interactions were taken from eight public databases (IntAct, MINT,
MIPS, BIOGRID, DIP, HPRD, and Reactome [5,12,16,18,23,37,40] and
combined to produce a protein interaction network. Proteins were mapped to
their genes, allowing the data from different databases to be combined using
a common identifier. This allowed us to resolve ambiguous mapping between
databases. Current technology identifying protein interactions is such that the
specific splice variant of the gene involved in the interaction is only known in a
small minority of cases and so combining at the gene level does not lead to
much loss of information. Direct protein-protein interactions (such as
interactions curated from the literature or found using yeast-2-hybrid screens)
are displayed in the network as solid lines. Indirect associations (such as
associations inferred through co-complex membership) are displayed as
broken lines, representing the reduced confidence in these interactions.

The focus of PainNetworks.org is on experimentally defined interactions.
However we also provide the user with the ability to add prediction
interactions from the String resource [41], v 9.0. As with many features of the
website this option is not enabled by default, but can be selected by the user
and may be valuable for poorly annotated, less well studied genes for which
few interactions are known.



Microarray data and analysis

The currently available datasets in the website consist of microarray data
taken from 4 animal pain models,, collected by researchers in the London
Pain Consortium and other pain researchers based in London. Several of
these are published [13,14]; Details on experimental design have either been
published or are provided on the website and are summarized in Table 1.
Further details of all currently available experiments can be viewed by clicking
on the experiments tab. This allows lists of genes and fold changes to be
downloaded for each experiment, in a variety of formats, or browsed online.
More datasets will be added in time and we invite members of the pain
community to upload datasets to the site. Users can also view their own
expression datasets through the site locally (client side), without having to
send any data via the web.

All microarray datasets were produced using Affymetrix technology.
Microarray data was pre-processed using the RMA package [10,22].
Differential gene expression was calculated using limma [38], which produced
a p-value for each gene probed by the array. False discovery rate (FDR) was
estimated from these p-values using the Benjamini-Hochberg method [8]. Fold
change in gene expression were computed between case samples (i.e.
animals subjected to the model, or knock-out animals) and control samples
(i.e. the corresponding control for the model, or wild type animals for the
knock-out models). An FDR of 0.1 was accepted when deciding if a gene is
differentially expressed between case and control samples.

Filtering to obtain context specific networks

Networks can be filtered using various methods to make the networks more
context-specific. For example a list of Gene ontology [6] (GO) IDs can be
entered, and only genes annotated with one or more of the selected terms
would be retained in the network. In this way networks can be filtered to only
display genes involved in specific biological processes (e.g. GO:0006954,
inflammatory response), molecular functions (e.g. GO:0005244, voltage-gated
ion channel activity) or expressed in given cellular components (e.g.
G0:0045202, synapse).

Additionally the user can filter to select genes differentially expressed in one
or more of the microarray experiments. Another option is to filter the network
so that it displays interactions where both genes show significant differential
expression (in the same direction) in a given number of experiments. Such
filtering can greatly reduce the size of an interaction network, making it easier
to examine and interpret, and make the network more pain relevant. It is also
provides a way to combine and visualise different microarray datasets. The
filtering can also be applied to networks that include predicted interactions.

Networks can also be filtered using tissue specific expression data, in order to
produce networks that only contain genes expressed in a given
tissue/anatomical structure. This is taken from the Gene Expression Database
(GXD)[19]. This database combines large compendia of gene expression
data in several anatomical systems and structures in mice produced using



various techniques including immunohistochemistry, in situ hybridisation and
RT-gPCR [19].. The user is able to filter by genes expressed in several
different anatomical structures, such as the dorsal root ganglion, the dorsal
horn, skin, immune cells such as macrophages, and various nerves. The user
can also filter using higher-level structures, for example the nervous or
immune system.

The website has been designed to allow the user to use the GXD data as a
search option (i.e. the user can search specifically using genes expressed in a
given tissue) or to filter resultant networks, in which case all genes not
expressed in the selected tissue would be removed from the network, along
with their interactions.

Clustering the network

Since there is a large amount of experimental data available for many genes
(some of which may be noise), it is very easy to generate large networks (i.e.
greater than 100 nodes), which are difficult to interpret. Therefore
PainNetworks.org allows the user to cluster the network. The advantages of
clustering are twofold: to help visualisation, and to find modules enriched in
specific functions. We use established module detection algorithms, the aim
of which is to find groups in the network with a high number of interactions
between group members, but a small number of interaction between
members of the group and the other genes in the network outside the group.

Two methods are implemented to look for clusters in the network, Louvain
clustering [9] and Links clustering [2]. Louvain looks for distinct clusters of
genes in the network, not allowing a given gene to belong to more than one
network. Links clustering groups the edges of the network, i.e. the interactions.
This second approach has the potential advantage that it allows communities
to be found with overlapping nodes, the same gene can belong to different
clusters in the network. This fits in well with the functional pleiotropy of many
genes.

Once clusters have been built they can be ranked according to their size or
the number of pain related genes they contain. Enriched GO categories for
each cluster are also displayed.

Transferring annotation between species

The known pain genes deposited in the Pain Genes Database are associated
with a change in pain-related behaviour when knocked out in mouse [27]. The
protein protein interaction (PPI) and OMIM data is largely from humans,
though the PPI data includes data from other species. The pain related
microarray data is largely from rat or mouse and the tissue-specific
expression data is from mouse. To integrate the data, annotations must be
transferred to one species. PainNetworks.org currently allows the data to be
transferred to mouse, rat or human. Thus there are three different possible
views of the site, human-centric, mouse-centric or rat-centric.



The Ensembl Compara method, for identifying orthologues, is used to map
genes between species [44].

In order to transfer PPIs between species, a method similar to the interlogs
procedure [33] is used, which we name Homologous Inheritance of Protein
Protein interactions by Orthology-Conservative (HIPPO-C): Given an
interaction between a pair of genes in one species, if both of these genes
have unambiguous orthologues in another species, this interaction can be
inherited between species. Inherited interactions will be visualised as a green
edge in the network, as opposed to black for interactions not inherited from
other species. For example, when looking at the mouse interaction network
(i.e. using the mouse centred view), inherited interactions found using human-
based methodology would be coloured green; interactions discovered using
mouse-based methodology would be coloured black.

We also include a further method for protein interaction inheritance, named
HIPPO-DB (Homologous Inheritance of Protein Protein interactions by
Orthology-Domain Based). This method uses the CATH superfamily
classifications [17,29] to identify the likely subset of domain interactions
underpinning the protein interactions. Interactions are transferred when their
domain interactions are consistent with this subset (paper under revision).

Predicted gene associations taken from the STRING database are available
for the human centric view, and are not transferred between species. Only
high confidence predictions (i.e. with a STRING score > 400) are included.

Implementation

The website was implemented using Python and CSS. Cytoscapeweb, a
Flash-based plugin [31], available from http://cytoscapeweb.cytoscape.org/
was used to visualise the networks.

Results and Discussion

Here we show the numbers of interactors for the genes within the network,
and how that corresponds to the proportion of interactors that are pain-related.
followed by some example usage scenarios for the site. However, the best
way to get to know the site is to use it. We have tried to make the site as
intuitive as possible, however there is a large amount of functionality and a
number of ways to view the networks and export the data. We will not
document all of the different features of the site here, since there is a
reference manual available from the site at
www.PainNetworks.org/RefMan.pdf. This manual describes how to use all of
the features of the site, illustrated with screenshots. There are also video
tutorials, available at
http://www.youtube.com/channel/UCflI06Zr51Sy3BgN9eca wOA/videos?view=
0, which present potential usage scenarios. It is also possible to search the
site using example queries presented on the site itself, easily accessible by
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clicking on the “Click for simple tutorial” link, located at the top right of the
homepage.

A non-exhaustive summary of potential uses for the site is also presented in
Table 2. We describe three such potential uses in further detail below:

Total number of interactions for each gene in the network,
compared to the number of pain genes they interact with

Figure 1 shows, for each gene in the database for which an Ensembl ID is
known, and for which at least one interaction is known, the number of
interactions each gene has (network degree), and the number of its
interactions that are pain related. There is a general increase in the number of
pain related interactors as the total number of interactions increases. However
we see a division, with many genes showing much increase in pain related
interactors with increasing degree, and others showing a much faster increase.
The red genes represent genes with pain-related annotation. We see that
many of these genes are included in the group of genes that show a fast
increase in pain related genes interactions with increasing network degree.
This figure is produced at the human level, that is, annotations and
interactions have been transferred to humans, using the methods described
above.

Finding more about genes of interest and their interactors

In Figure 2 (Fig2.pdf) we show some basic analyses of the four different
human opiod receptors, the & opiod receptor, K opioid receptor, y opioid
receptor and nociceptin receptor. The top of Figure 1 shows a basic search of
the website using the genes that encode these receptors, OPRD1, OPRK1
OPRML1 and ORL1, in the human-centric view. This results in a very large
network, too large to interpret visually. Therefore only interactions with the
guery genes are shown in the network; interactions between the interactors of
the query genes are not shown. Three further analyses to refine the network
are shown in the bottom half of the figure. On the left one of the clusters found
using the Louvain clustering is shown. The Louvain method partitions the
genes into separate, non-overlapping clusters. We see that two of the opioid
receptors are placed into a cluster with guanine nucleotide binding protein (G
protein), alpha activating activity polypeptide O (GNAO) and a number of
other genes from the pain genes database (Figure 1a). Druggable targets are
then highlighted (Figure 1b). The middle network (Figure 1c) shows the
results of clustering using the links based method, we see a highly connected
subnetwork between a number of genes including several pain genes and
some chemokines. The right-most network (Figure 1d) network shows the
results of filtering the network to only show direct physical interactors (not co-
complex membership) of the opioid receptors and the interactions between
them.

Fig2 Caption: Looking for druggable proteins associated with opioid receptors.
Building the network using all four opioid receptors results in a large network.
Different ways of reducing the network to make it more interpretable are
presented and explained further in the text.



Similarly, Figure 3 (Fig3.pdf) shows how we can use PainNetworks.org to find
out more about another gene, angiotensin Il receptor, type 2 (AGTR2).
Recent studies have shown in a phase Il clinical trial that an inhibitor of this
receptor (EMA 401) is effective in reducing pain experienced by suffers of
postherpetic neuralgia [43]. In figure 2A we show that a large number of the
interactors of AGTR2 are also pain-related. 73 of its 278 interactors are pain
related or 27%. This proportion of interactors that are pain related is higher
than 96% of the genes in the network. Figure 2B shows the network formed
from all direct physical interactions involving AGTR2, AGTR1 (angiotensin Il
receptor, type 1) and AGTRAP (angiotensin Il receptor-associated protein),
onto which differentially expressed genes from the SNT microarray
experiment have been painted. We notice that the interactors of AGTR2 are
all differentially expressed, suggesting a potential role of this pathway in
neuropathic pain.

Fig3 Caption: Finding out more about angiotensin Il type 2 receptors. A:
Looking at the direct and indirect interactors. Note that the shaded circles
represent pain-associated genes. B: The direct physical interactors of AGTR1,
AGRT2 and AGTRAP. Using the results of a microarray experiment of a
model of neuropathic pain, we see many members of this pathway are
significantly differentially expressed.

Using the results of a microarray experiment to find out more
about a given gene

Cyclic AMP-dependent transcription factor (ATF3) has been shown to
change in expression in a number of microarray models of neuropathic pain
[26]. Figure 4 (Fig4.pdf) shows ATF3 alongside its network
associations/interactions (top). Although ATF3 shows differential expression
in a number of different neuropathic pain models, relatively few of its
interactions are known to be associated with pain. We only see 1 pain-model
gene, NFKB1, interacting with ATF3. However, if we click on the “Fold
Change” link for the spinal nerve transection, transected L5 nerve vs. sham
experiment, we see that many of ATF3's network interaction partners are
differentially expressed in this experiment. As we would expect, many of these
differentially expressed interaction partners are also transcription factors. This
suggests that spinal nerve transection may be leading to changes in gene
expression through the actions of a network of transcription factors during the
induction phase of neuropathic pain.

Fig4 Caption: ATF3 interactors that change in expression in a nerve injury
model of pain. Top: the network returned by querying PainNetworks.org with
ATF3. Pain-model genes, which in this case are the PGD genes, are
highlighted as grey in the network. Bottom: the genes that change under the
SNT L5 vs. sham dataset are highlighted in the network by the addition of red
or blue rings, for increased or decreased expression (respectively) in L5
compared to sham

To conclude, we have developed a resource for the pain community, allowing
them to build networks based on their gene(s) of interest, and combine protein



interaction, gene association and expression data in order to examine pain at
the systems level. We expect this resource to expand over time and to
become a valuable asset to the pain community.
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