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Current protein-protein interaction data is disttésl across a wide range of disparate, large-spatdicly-
available databases and repositories. Semantic Minologies such as RDF, OWL ontologies and the
SPARQL query language appear to provide solutioribe data integration challenge. However exisRibf-
triple stores suffer from limited scalability andqy querying performance. In this paper we presentvel
approach that combines Google’s distributed pracgddapReduce architecture with Semantic Web tekhno
ogies to enable high-speed querying and reasorirags large-scale protein-protein interaction datasVe
describe the system architecture, implementatiahtihe results of performance evaluations baseduenies
across integrated PPI data specified by molecuddodists.
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1. Introduction and Background

1.1.The BioMANTA Project

BioMANTA is a collaborative project between PfiZzResearch and the University of Queensland
that is applying Semantic Web technologies to tloeleling of biological pathways and protein-
protein interaction data. It aims to enalslssilico drug discovery and development by identifying
candidate therapeutic targets through the anabysismtegrated datasets that relate molecular
interactions and biochemical pathways to physi@algieffects such as toxicology and gene-
disease associations. As such, BioMANTA is intaggatdata from protein datasets such as
MPact [16], DIP [37], IntAct [23] and MINT [8] via common model/ontology.

The common model is the BIOMANTA OWL-DL [5] ontolphthat was developed [11, 29] by
reusing vocabularies from well-established onta@egsuch as the Gene Ontology [2], the Cell
Type ontology [4], BioPAX [6], PSI-MI [19], and thdCBI taxonomy. Using the BioOMANTA
ontology, protein datasets are converted to RDfaimes and stored in a distributed RDF triple
store where they are available for subsequent sisaiynd querying.

Figure 1 below shows a set of RDF triples descglairyeast protein with UniProt ID “Q12522",
together with other information such as host segenomic sequence, external references, etc.,
that are compliant with our BioMANTA ontology.
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Figure 1. RDF triples about a yeast protein — ctebtemerging data from UniProt and MIPS.

! http://biomanta.sourceforge.net/2007/07/biomantteresion_02.owl



The molecular biologists with whom we are collaltimgwant rapid responses to queries such as
“Show me all the human kinases expressed in tlee that are strongly inhibited by at least two
compounds and are localized to the nucleus”.

In order to answer such queries, we need to fifgtlg solutions to two major barriers to the
seamless, semantic integration of large-scaleildigéd datasets:

1. Poor performance of RDF querying and reasoning;

2. Obiject co-identification — identifying when two elofs are the same.

These issues are particularly problematic withiltfe sciences domain and were recently iden-
tified by the W3C’s Semantic Web Health Care arfé Sciences Interest Group (HCLSf@)s
two of the greatest challenges to the adoptionemhé&htic Web technologies in the life sciences
[35].

1.2.Distributed, Real-time Processing of Large-scale RDF Data

The challenge of large-scale data integration gldugh demands on processing, storage and
querying speed. Distributed processing in a clest@nvironment offers a low cost, high perfor-
mance approach to processing massive amounts of iR2&nce data (billions or trillions of
triples).

In particular, Google’s MapReduce architecture [p&jvides a software framework to support
distributed computation over extremely large ddatasesing clusters of commodity-grade hard-
ware. Each compute node processes its local copgtafand returns the results, which are sub-
sequently combined to obtain the complete answapR&duce has been successfully deployed
within Google on a number of large-scale tasksuidiclg the indexing of web pages and has been
shown to be a highly reliable, scalable and econaharchitectureOur aim is to investigate
methods by which MapReduce could be used to expegliquerying and reasoning over
large-scale RDF triple stores.

1.3.TheLife Sciences | dentifier Problem and Blank Nodes

In life sciences, large ontologies such as the tiniPl4], OBO ontologies [40], the Gene Ontol-
ogy [2], KEGG [21] and NCBI [42] are being activedynployed by communities to markup data
and integrate datasets — and as a result are widgrgpnstant refinement and maintenance. The
UniProt protein database, for example, contains@apmately 400 million base RDF statements
based on its ontology. In addition, these ontolegiee being merged to facilitate the integration
of compliant datasets to enable the discovery of kisowledge — such as new protein interaction
pathways that highlight potential targets, biomaskend drug side-effects.

The difficulty is that many of the most significaatge-scale protein databases such as UniProt,
DIP [37], IntAct [23] and MPact [16] each employffdient naming conventions — both for pro-
teins and their various attributes. A single proteiay be annotated with a variety of properties
including different accession IDs, labels, its gamo sequence, the host organism, publication
information, etc. A protein may participate in irgetions with another protein in observed expe-
riments, documented in a variety of databasesekample, the protein identified as “27628” in
DIP is the same protein as the one identified 4% ‘dax human” in IntAct. It is important to be
able to refer to the real protein by either ideetifind to be able to query and retrieve its proper
ties from both databases.

The harmonization of such databases and their cégpeontologies is a significant research
challenge for the Semantic Web community and hashlihe focus of a number of research
projects [10, 38, 41]. Previous attempts to stadidarnaming and identification (e.g., LSIDs

2 http://www.w3.0rg/2001/sw/hcls/



3
[36]) have had limited beneficial impact [15]. Welieve that inventing another naming conven-
tion or trying to reach a consensus will not salve identification problem [17]. We also reject
the idea of creating yet another URI to create -seference bundle [20], instead we propose an
identity reconciliation process for the “life sctas identifier problem” based on ROffank
nodes
RDF blank nodes are nodes with no globally addi#ssaames and are used to represent real-
world proteins in our solution. A blank node is dige represent a specific protein and to provide
the hub that links to the relevant entries in d#fe (translated) datasets to create a single repre
sentation encompassing all information about aiqdatr protein. The properties of this protein,
including various identifiers from different datales, are modeled as triples with this blank node
as the subject. Although RDF blank nodes have ptsly been demonstrated to provide a useful
approach to the object co-identification problerf) fBey also introduce a number of associated
problems that arise during distribution of a laRj@F graph over a distributed MapReduce archi-
tecture.
In a scale-out MapReduce architecture, large RDeuhents (graphs) need to be sub-divided
into smaller ones for distributed processing. Dgiijuerying, processing results must be merged
in order to eliminate duplicate protein represdotet This requires the disambiguation and
identification of blank nodes. This is complicatiey the fact that blank nodes are wgbdbally
addressable. Hence, a consistent way of uniquédyrieg to them is required. The concept of
RDF molecule$[13] was proposed to tackle the problem of addingsslank nodes by decom-
posing an RDF graph losslessly into a set of RDFeoubes which distributes graph and query
processing. In the original definition, an RDF nmlke is essentially a set of RDF triples inter-
connected by blank nodes. In the work describeé,hge extend the definition of RDF mole-
cules with hierarchy and ordering to make the sgferaetrieval and querying more efficient in
the distributed environment.

1.4.Objectives

The high-level objectives of the work describedhis paper are to investigate solutions to the

two problems of: inefficient semantic querying ardsoning across large-scale triple stores; and

co-identification — within the context of the BioMNY A project. These two highly critical issues

hinder the adoption of Semantic Web technologigkimimany disciplines and applications. The

more specific objectives are to investigate anduate:

* Methods by which the MapReduce scale-out architeatan be used to improve the perfor-
mance of semantic querying and inferencing oveyelacale RDF triples;

e The adoption of RDF molecules for decomposing asttiduting RDF graphs across com-
putational nodes in the MapReduce architecture;

e The use of blank nodes to resolve the co-identibogoroblem;

» Extensions to RDF molecules to overcome problenawdfiguity, data loss and inefficiency
introduced by blank nodes.

In addition, the aim is to evaluate our proposedlesout RDF Molecule Store using bio-
molecular pathway datasets that have been intebriate the purposes of the BioMANTA
project.

The remainder of the paper is organized as folldw&ection 2 we discuss related work. Section
3 provides a high-level description of system deztiure and the BioMANTA testbed used in
evaluation. In Section 4 we present the initialihssof the system’s performance of critical steps

% Note that the word “molecule” here and throughtetpaper is not about molecules in biologi-
cal sense, but a definition in RDF.



of the system: graph decomposition/merging and SBIARB3] querying. Finally in Section 5
we present our conclusions and discuss future work.

2. Previous Related Work

A number of projects have focused on the applicatibSemantic Web technologies to the inte-
gration of data associated with protein-proteiriattions [39, 43]. In [39], a protein ontology
was developed to define common vocabularies inotitelogy language OWL [5] for the de-
scription of proteins of all species. In [43], thethors presented a case study that involved de-
veloping an OWL ontology for a protein family in QWDL and reasoning over a genome. In
[22], a biological pathways tools ontology/schenssdd on Minsky-style frame system (a pre-
cursor of Semantic Web ontology languages) wasldped. In this work, entities such as chem-
icals, organisms, enzymatic-reactions are modedetiasses (frames) and annotated with values
(in slots). GORouter [45] is an RDF model that de§i vocabularies to describe GO terms,
creates additional mappings between GO terms aratlirces a set of inference rules. RDF as a
standard data model has been proposed in [24]ctlitde the representation and integration of
neuroscience datasets BrainPhaamd SWAN [14]/Alzform. The integration process in this
work is performed in an ad-hoc way based on quehef25], a number of case studies of se-
mantic integration, aggregation and inferencingfathways using the BioPax ontology [3] as a
common representation have been presented. Thgratitsn strategy is based on external refer-
ences (publication, unification, DB reference, Jetc.

However, as far as we are aware, none of thesaopieefforts has resolved the problems of
poor querying performance or the life sciencestifienproblem.

Apart from our own previous work [31], there havsoabeen a number of similar or related ap-
proaches to support scalable semantic queryingsadewge RDF triple stores. Abadi et al and
Muster [1, 28] investigated improving RDF queryfpemance through the use of column data-
bases that vertically partition the data. This apph improves query performance for certain
types of data and uses a very similar indexing @ggr to our proposal but does not take advan-
tage of multiple compute nodes in a cluster. TheR&R and SWSE use a similar “shared noth-
ing” scale-out approach to achieve scalability [b8} it is not based MapReduce processing.
There have also been a couple of discussions ohVite proposing MapReduce for improved
RDF query performance. Hadoop’s HRDF prdjantl OpenLink Virtuoso’s clustering technol-
ogy use the MapReduce scale-out architecture. Howesdar as we are aware, there have been
no publications describing actual implementationsesults.

Other work has suggested ways to increase théyutfliMapReduce by adding a Merge stage to
provide a relationally complete scale-out systes].[4 similar, but alternative idea is found in
Yahoo's Pig Latin [32]. Both of these systems cdoddused to store and process RDF by treat-
ing RDF as tuples. The drawback with both of theggeroaches is that they are “batch” oriented
and not real-time.

3. The BioMANTA System

In this section, we briefly present the BioMANTAssgm architecture and the biological data
that we use as a testbed for the integration amdyimg of PPl data. A brief discussion on the
implementation of SPARQL querying over RDF molecstlere is also presented.

* http://senselab.med.yale.edu/BrainPharm

® http://www.alzforum.org

® http://wiki.apache.org/hadoop/HRDF

" http://www.openlinksw.com/weblog/oerling/?id=1270



3.1. System Architecture

The five-step approach that we have adopted cernsfist

1. The PSI-MI XML files are converted to RDF moleculesising UniProt
identifiers and genomic sequences as primary @iteridentify same proteins.

2. The RDF molecules are added to the Hadoop Clustad anerged with
existing information on a per node basis.

3. The RDF molecules form one conceptual RDF graphe tRDF molecule
store.

4. Queries issued by the query engine are made acithes RDF molecule
store stored across the many nodes in the cliRBF. molecules,
across multiple nodes, are merged together in order return all the
data required for query results.

5. Queries are issued by the client to the query engirusing SPARQL
and results are returned.

Figure 2 below illustrates this approach.
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Figure 2.Architecture of the BioMANTA RDF Molecu&tore.
3.2.The BioMANTA Testbed

For the purpose of the BioMANTA project, we initiakelected datasets from DIP, IntAct and
MINT. In our previous work [30], we have developintegration process to (a) represent them
as RDF instances compliant with the BioMANTA on@oand (b) integrate the PPl RDF in-
stances to form new RDF graphs based on UniProtalids genomic sequences of proteins,
which are represented as RDF blank nodes. Therates) RDF graphs were subsequently de-
composed into molecules, distributed into the makestore and queried.

In protein-protein interaction (PPI) networks, atein may be annotated with properties such as
identifiers, external references, a genomic seqeistring, a host organism, etc. The protein may
also participate in interactions with other progeiAs discussed in Section 1, RDF blank nodes
are used to represent proteins; they are also tosegpresent interactions, external references,
etc. Hence, each proteins and all its associafednmation will belong to a single RDF molecule,
as shown in the example below.

Figure 3 below shows the corresponding RDF moleafitbe triples in Figure 1. Note the differ-
ent indentation levels representing different memaes within the molecule; the lexicographical
and “groundedness” ordering of the triples and difterentiation of blank nodes _Xrefl and
_Xref2 based on hierarchy.



_Protein FullName “Eukaryoticfactor 6”

_Protein Sequence “MATR..."

_Protein ShortName “eLF-6"

_Protein Synonym “CDC95”

_Protein CrossReference _Xrefl
_Xrefl Accession “Q12522”
_Xrefl Database “UniProt”

_Protein CrossReference _Xref2
_Xref2 Accession “YPR016C”
_Xrefl Database “MIPS”

Figure 3. The RDF molecule corresponding to a sfiedlyeast protein.

Such molecules will be stored in a distributed RDBlecule store, which when queried, will
return partial answers based on local molecules.pHrtial answers will be combined to generate
the complete result. Our molecular biologist caletiors identified a set of queries that would
be likely to reveal previously unrecognized protpintein-interactions. For instance, the query
“Find all yeast protein-protein interactions tha¢ &nown to be localized to the endosomal sys-
tem” helps biologists to filter protein-protein émactions (PPIs) more efficiently and requires the
integration of the Gene Ontology, the NCBI taxonoamd PPl datasets. Given the size of the
PPI data and associated datasets (well over brbilfiples), only a distributed processing envi-
ronment would be capable of handling the integratind querying on such scale.

3.3. Semantic Querying

We have implemented a memory-based SPARQL querinerayer the RDF molecule store
based on the JRBRProject. An indexing structure for storing the emiles was designed with
four indices. Three of the indices use the diffenemssible combinations of subject, predicate
and object (spo, pos, and osp) together with aitiaddl molecule ID pointing to the molecule
that contains this triple. The fourth index holtde parent molecule ID (O if there is none) and the
molecule ID together with the triples. This suppaefficient addition, retrieval and removal of
RDF molecules in the molecule store. An adaptor Wraps around the molecule store provides
an RDF API and SPARQL query functionality. Futuevelopment of additional index adaptors
would allow query engines from other RDF triplers®such as Jena and Sesame to be reused.

4. Evaluation Results

In this section, we provide initial performance lexdion results for the critical steps in our me-
thodology: RDF graph decomposition, RDF moleculegimg and SPARQL querying.

4.1. Graph Decomposition & RDF Molecule Merging

We have developed the graph decomposition and neergligorithms to decompose an RDF
graph into a set of RDF molecules, and then médrgmtback to form an equivalent graph. RDF
graph equivalence testing is a critical step faladategration and analysis as equivalence rela-
tionships between corresponding nodes in two grapksl to be established in order to integrate
them. It has been shown in [7] that the problendetermining RDF graph equivalence can be
reduced to the problem of general graph isomorphg#h which aims at determining equiva-
lence between graphs. In order to evaluate th@peance of the molecule store, we conducted a
comparison against Jena [26], which is, to the béstur knowledge, the only RDF triple store
that provides the functionality to perform grapbrisrphism testing.

A set of RDF graphs was created for the comparisbe.graph contains triples that have chain-
ing blank nodes, e.g.; 1 pl _:2, :2 p2 _:3,_:3 p3 _:4. Different number and depth of
chains are generated for comparison. For examphbei left table about Jena, the table cell with
number 0.05 means that given that chain depthasd3chain number is 10 (total graph size is

8 http://jrdf.sourceforge.net/



7
30), the time taken to perform isomorphism te€.@5 seconds. Below is a summarization of the
statistics of the result of Jena and RDF moledutie that DNF stands for “Did Not Finish” (>
900 seconds).

Table 1. Time measurement of Jena and moleculeaphdsomorphism (in secs).
Jena Depth=3 5 Molecule Depth=3 5
Chain=10 d 0.1 0.3 Chain=10 0.09 0.1 0.2
100 0.2 0.4 1.8 9.2 100 0.2 0.3 0.4 0.7
1000 13.1 37.7 197.7 DNF 1000 0.9 1.3 25 5.0
10000 DNF DNF DNF DNF 10000 7.7 13.0 26.4 57.4

From the above two tables, we can see that the IR@IEcule approach is faster as the number of
chains becomes 100. Moreover, the RDF moleculeémphtation gives consistently superior

performance as both the number of chains and dlgith increase. As can be seen from the
tables, when chain depth is at least 10 and griaph(#chains times chain depth) is at least 1,000
triples (i.e., 100 chains and chain depth of 183, molecule implementation performs orders of
magnitude better than Jena, with Jena not being tabtietermine isomorphism for graph sizes
over 20,000 triples. Also note that with the in@@af chain size and depth, the performance of
molecule implementation exhibits linear degradation

4.2.SPARQL Query Responses

As mentioned in Section 3.3, our SPARQL query eadias been developed by adapting the
indexing structure of our RDF molecule store sd th& compatible to the indexing structure of
the JRDF RDF triple store. Hence, comparable qypenformance and memory usage is ex-
pected. We ran the same SPARQL query (see tabbevpeler the RDF molecule store and the
JRDF triple store using an RDF graph describingsy®®Is obtained and translated from the
IntAct dataset. The RDF graph contains 70,613dspl
The SPARQL query (below) tries to find all instasad the class “physicalEntity” that has

NCBI taxonomy ID 4932 and has a primary referenaemf the UniProt database with ID
“013516".
PREFIX rdf:  <ttp://www.w3.0rg/1999/02/22-rdf-syntax-rrs#
PREFIX biopax: #ttp://www.biopax.org/release/biopax-level2.owl#
PREFIX biomanta: kttp://biomanta.sourceforge.net/2007/07/biomantgeresion_02.owl#
PREFIX ncbi: sttp://biomanta.sourceforge.net/2007/10/ncbi_taxbio
SELECT ?x
WHERE {

?x rdf:itype biopax:physicalEntity .

?x biomanta:hasNCBI ncbi:ncbi_taxo_4932_.ind

?x biomanta:hasPrimaryRef ?y .

’Z’y biomanta:fromKB biomanta:uniprotkb .
?y biomanta:hasID biomanta:013516

}
At this scale level, the query time is almost thene for the two stores (~18 seconds) with

the RDF molecule store taking up more memory h@ages (87MB versus 55MB) which trans-
lates to ~1 million triples per gigabyte. This igsedto the fact that greater indexing information is
maintained for RDF molecules and no compressiontber space-saving optimizations have
been applied at this time.

As shown in previous modeling [27], the responseetdf Nutch (a clustered search engine
using Hadoop— an open-source MapReduce implementation) isméalg constant as the num-
ber of servers reaches 2000 nodes with up to 4@fGkta per node. We expect that our imple-
mentation of the on-disk, distributed RDF molecsiere will conservatively reach 800 billion

® http://hadoop.apache.org/core/



triples with a similar setup. Improving index eféincy will easily boost the capacity. Note also
that given a certain overhead in communication mode balancing, the performance gain will
depend very much on the number of compute nodekercluster; the larger the cluster, the
greater the benefits.

5. Conclusions

Efficient querying and inferencing across largelesdategrated datasets drawn from many distri-
buted sources is a challenge facing many commahnitie

Semantic Web technologies such as RDF, OWL and $RA&e ideal candidates for the
task of data integration as they offer open, ungonis and extensible solutions. At the same
time, distributed processing paradigms such as MdpBe have demonstrated economic and
practical ways to index and process massive amdpetabytes) of data. Hence, the synergistic
combination of MapReduce and Semantic Web techiedappears to offer a perfect solution to
the problem of large-scale heterogeneous dataratteg, querying and reasoning.

However the co-identification problem, particulavisthin disciplines such as life sciences,
introduces additional complications. Attempts tanstardize naming conventions have had li-
mited impact. RDF blank nodes, on the other hanakige a novel way of referring to entities of
common interest without creating new names or cgmiip with new naming conventions. But
RDF blank nodes introduce complications when attamgpto distribute RDF graphs across a
MapReduce architecture.

In a MapReduce framework, it is a necessary fitsp 20 decompose large datasets into
smaller units for processing. With the ubiquitoussence of blank nodes, RDF graphs provide
too coarse a granularity for effective processiaghe context of an entire graph is needed to
disambiguate RDF blank nodes. A finer granulastydaquired to support the distributed integra-
tion and processing of RDF data. We believe thaF Ridlecules provide a finer grained solution
to the semantic integration and distribution/decosiipon problem. As such, we have developed
optimized algorithms to losslessly decompose an REdph into a set of smaller RDF “mole-
cules” and subsequently merge them, enabling Map&edtyle processing of RDF graphs.
However this process revealed that the presen&Déf blank nodes can cause problems of data
loss, integrity loss, ambiguity and slow performan€onsequently we have had to extend the
definition of RDF molecules to include hierarchydasrdering. By incorporating hierarchy, orig-
inally flat RDF molecules now contain explicit sttural information, beneficial in enabling
more intelligent processing. More importantly, @rarchy makes it possible to disambiguate
blank nodes within a molecule. The ordering of leégpprovides an efficient way of cross-
checking data integrity during the processing ofauoles.

We have implemented an in-memory, local versiothefRDF molecule store and evaluated
the performance of critical algorithms such as Ri§#&ph decomposition and RDF molecule
merging. The performance of the RDF graph decontipasand merging steps was compared
with the graph isomorphism algorithm in Jena andob&ined promising results. We have also
run SPARQL queries over the RDF molecule store, gardonstrated performance that is com-
parable to the JRDF triple store for moderate numioé RDF triples. As greater numbers of
triples are loaded into the scale-out RDF moleattge and as the size of the computational
cluster grows, we can expect the performance tease relative to traditional RDF triple stores.

Finally, an important future research directiorttie development of a disk-based, distri-
buted, processing environment for the extended Rkecules. We believe that such an envi-
ronment will greatly enhance our ability to quendareason across large amounts of data effi-
ciently. While our current RDF molecule definitidecomposes a graph according to blank node
connectedness, the definition could be extendextdate molecules based on the connectedness
of grounded triples (triples without blank nodesihvmatching subjects and objects as well.
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