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Abstract. Provenancef r om t h e Fproeeni, Hescwbes the lifeage
or history of a data entityProvenance is criticainformation in scientific
applications to verify experiment process, validate data quality and associate
trust valus with scientific results Current industrial scale eScience projects
require an endto-end provenance management infrastructur€his
infrastructure needs to herderpinned by formal semantits enableanalysis

of large scale provenance information Ispftware applicationsFurther,
effective analysis of provenance informatigrquires well-defined query
mechanismsto support complex queries over large dataseThis paper
introduces anontologydriven provenance management infrastructure for
biology experimendata, as part of the Sem# Problem Solving Environment
(SPSE) forTrypanosoma cru4T.cruz). This provenance infrastructureglled
T.cruzi Provenance Management System (PMiS) underpinned by (a) a
domainspecific provenance ontology called Parasite Experiment onto{bpy
specialized query operators for provenaagcalysis and (c) gprovenancejuery
engine. The query engine uses a novel optimization technique based on
materialized views called materialized provenance views (MB\gcale with
increasing data size and query complexityis comprehensiventology-driven
provenance infrastructure not only allows effectiaeking and managemeoit
ongoingexperimentsn the TarletonResearch Groupt theCenter for Tropical
and Energing Global Diseases (CTEGD)but also enablesesearchers to
retrieve the complete provenance information of scientific results for
publicationin literature.

Keywords: Provenance management framework, pravemtology, Parasite
Experiment ontologyprovenance query operators, provenance guery engine,
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1 Introduction

Life scienceslomainis witnessing a exponentiaincrease in availability of scientific
data through use of industrial scale experitotocols,easyaccess to distributed
data resourcesand computational toal3his deluge of datwill beneft the scientific



community only if it can beffectively analyzed to gaimew researchinsights. The

correct interpretation adcientific resultgequiresanalysis ofmetadata describingow

the data was generatefdr example the material andmethodsused,date on which

the data was generatednd the research contexfThis category of metadata

describing the history or lineage# a dataseis called provenancevhich is derived

from t he Fprogenmio h miegfintdo fic o mBrovénancenriformation
enables validation of data, verification of the experiment protocols that generated the
data, and association of trustlues with scientific results.

Information provenance has been recognized as a hard problem in computing
science[l], and there are many challenges being addressed by the provenance
research communitj2] [3]. For example,riteroperability of provenandaformation
from differen sourcess essentiasinceintegraton of scientific result§rom disparate
sourcesrequires theanalysisof their associated provenance informatidRecent
initiatives to create aommonprovenancenodelto facilitate interoperabilitynclude
the upperlevel provenance ontology callgatovenir [4] and the open pwvenane
model (OPM) [5]. Another important issue provenance researdls the ability to
analye the provenance informatiorusing robust query mechanisni8rovenance
analysis will enable scientists to make informed decisions about the reliability of
results from experiment3.hese challenges irrgvenance management has bten
focus ofextensiveresearch efforts in the databdég, scientific workflow [7], and
morerecentlyin the Semantic Web communify].

Recently, gorovenance management framework (PMF)derpinned bysemantic
Web standardshas been proposedto manag provenance information in large
eScience projec{8]. The PMF consists of:

(@) The provenir upper level provenance ontology modeled in ODIL [9].
Provenirontologywas developed using tl@@pen Biomedical Ontologies (OBO)
foundry principles

(b) A set of specialized operators to query provenance information and facilitate
analysis of provenance information

(c) A query engine to support the provenance operatgptemented on an Oracle
RDF database

We haveusedthis frameworkin a real worldeSciencerojectfor parasite researdo

create an endto-end provenance management infrastructufiehe next section

presents an overview of thesScienceproject.

1.1 T.cruzi Semantic Problem Solving EnvironmentProject

The T.cruzi Semantic Problem Solving Envinoent SPSH is a collaborative
bioinformaticsresearctprojectinvolving researchers at the Kno.e.sis Cenf¢right

State Universitythe Tarleton Research Growgt CTEGD, University of Georgia, and

the National Centerof Biomedical Ontologies (NCBO) &tanford UniversityThe
primary objective of the project ito create an ontologydriven integrated
environment to facilitate identification of vaccine, diagnostic, and chemotherapeutic
targets in the human pathog@iypanosoma Cruz{T.cruz) [10]. T.cruziis a
protozoan parasite and a relative of other human pathogens that cause African
sleeping sickness and leishmaniasis. Approximately 18 million people in Latin
America aranfected with this parasite



Parasite researchers use data froaitiple sourcesnamelyfi wé tab o exper i ment
protocols (for example, expression profiling, and proteome analysis), external
databases (for example, UniProtDBL], TriTrypDB [12]), and published literature
(for example PubMed[13]). These datasets not only have different representation
formats but also use different methods for data generation and curation. Existing
approaches ustedious manual techniqués integrate these datasets from mugtip
sources. The T.cruzi SPSE aims to utilize Semantic Web technologies to integrate
local and external datasets to answer biologgpa¢stionsat multiple levels of
granularity(Figurel).
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Figure 1: A schematic representatiorof the T.cruzi SPSE
A coherentintegration of the disparate datasetsTirtruzi SPSErequires the
analysis of the associatedexperimental conditiongn which the datasets were
generatedTo achieve this objectiva provenance management infrastructure called
T.cruziProvenanceManagemen®ystem (PMShas beerimplementedIn this paper,
we describecreation ofthis infrastructureusing the theoretical underpinning of the
PMF [8]. The key contributions of the paper are described below:
1. Creation of an entb-end provenance management infrastructure for parasite
research called.cruziPMS.
2. Developmenof a domairspecific provenance ontolodgr T.cruziPMS called
Parasite Experiment (PE) ontology The PE ontology modek provenance
information of experiment protocols usedparasite researcfhe PE ontology



extends therovenirupper level provenance ontologgfined in the PMH8] to
facilitate interoperability with provenance ontologies in other domains

3. Anevaludion of theT.cruziPMS capabilities to answegrovenance queries/er
experiment datetsgenerated in the Tarleton research grisupresentedThe
provenance queries aggecutedisingprovenance query operators implemented
in aquery engin®ver anOracle RDF database

4. The scalbility of the T.cruzi PMS is also demonstrated in terms of both
increasing size of dataand complexity ofprovenance queries usiragynovel
optimization techniquéased on materialized view

1.2 Outline of the Paper

Sectbn 2 describes the challenges faced in manageaigmovenance information
using the current infrastructuie the Tarletonresearctgroup. Section 3describes the
architecture of th@.cruziPMS andintroduces theParasiteExperiment ontologyto
model provenance of experiment protocolSection 4 discusses thequery
infrastructure for provenancanalysisin T.cruzi PMS. Section 5 presents the
evaluationresults forT.cruzi PMS. Section 6 correlates the work described in this

paper with existig work in provenance management and Section 7 concludes with

summary and future work.

2 Challenges in Provenance Management foF.cruzi SPSE

An important approach to the studyTatruziinfection is the use of reverse genetics
to createavirulent (honvirulent) strains of th@.cruziparasite in the laboratory. The

creation of such parasite strains requires the identification of genes that control a core
biochemical function. These genes can be deleted from the genome of the parasite

( g ene -dktnmpdito ablate the biochemical function, possibly resulting in
an avirulent strain. The two experiment processes used in creafiocrudiavirulent
strains are (a) Gene Knockd@®@KO) Protocol, and (b) Strain Proje@P)Protocol.

The next section describes the twaperiment protocolsand the associated
provenance information thated tdbe captured along with the experiment results

2.1 Provenance Information in Gene Knockout and StrainProject Experiment
Protocols

Given a listof genesfor creaton of potentialavirulent T.cruzi strains each gene
forms an input tahe GKOexperiment protocolTo totally ablate (or at a minimum
reduce) the function of genesach of thalleles ofthe genes are targets of knoekut
(Figure 2). The output of theGKO e x per i me nt nopkoub tonstruct!
pl asmido, which is created wusing the
chosen antibioti resistance gene. This plasnsdugsed in the SP experiment protocol
to create a new strain @fcruzi(Figure3).
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Figure 2: Alleles of target genes are used to create knockout plasmids
The SP Protocol is composed of three spincesses (described Figure 3)

namely, Transfection, Drug Selection, and Cloning. Briefly, during transfection the

Knockout Construct Plasmid will replace the target gene iff tlreuzigenome with a

selectedant i bi oti c

resi

stance gene

resul

t

expression of the antibiotic resistance gene will allow parasites that were successfully
transfected to survive drug treatment (Selection) with an antibiotic such as Neomycin.
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At the end of above two protocols we not only obtain a aewlent T. cruzi
strain, but also a plethora of data that need to be stored and analywegdrocess to
create a new strain may take many months, and at each step, impootaertance
information must be collected and stored.iFIprovenance informatiooan be used
by the technicians and project managers to track the progress efgaegmentsand
is also important for publicatios of resultsin literature Specific examples of
provenanceriformation that must be collected include #amplesdentifier, names
and anntation information for the targeted gengsstification for knockoutplasmid
constructs, antibiotic resistance genes, dmmion methods (e.g. sonication,
electroporation), number of transfection attempts, selection antibiotic, period of
selection, anthe ultimate success of knockiogt the gene from the genome.

The collectionyepresentatiorgtorage, and querying of the provenance information
is difficult using the existing infrastructure in the Tarleton research group. In the next
section, we discs these challenges using a set of example provenance queries.

2.2 Querying Provenancelnformation of Experiment Data

The provenance information collected during GKO and SP experiments is used by

multiple users with different requirements:

1) Technicians prforming the lakrelated work,

2) Project managers or principal investigators who want to track progress and/or
view strains successfully created,

3) New researchers such as visiting faculty or jolugts who want to learn the kab
specific methods, and

4) Reseathersin the parasite research communitiio can infer phenotype of the
related organisms that they study from the work don€&. anuzi

The curreninformatics infrastructure ithe Tarletonresearchgroupis built using

multiple relational databasebatare accessed via custom web [mtgestore, track,

and view data fom project. We describe hovan example set of provenangeeries

areexecutedising the existing infrastructure

Query 1: List all groupsusingitarget_region_plasmid_Tc00.104705356380.70_b
target region plasmid

Current Approach: This query cannot be performed byuserusing thecurrent
infrastructure in the Tarleton research grotlipe informatics specialist has to search
for data from different databases and then create a sastufmized SQL queried
scriptsto answer the qugr

Query 2: Find the name of the researcher who created the knockout plasmid

fiplasmid6® ?

Current Approach: Answering this query requires access to three tables from two

database schemas and usé’biPrbased web tools. A custom query builder tool is

used to search f orplagnidééG .mi Mesx tw,i tihn i @denhi éeé est ép
including searching for fAStraind record associ
and gene details, the name lo¢ researcher is located.

-
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Query 3: ficloned sampé&66 dis not episomalHow many transfection attempase
associated witlthis sample?

Current Approach: Using a custom query builder took SQL query joining two
tables is generatet list the strains wih cloned samples with confirmed episomal
insertion of the plasmid. From this list theercan obtain the number of transfection
attempts to create the strain.

Query 4: Which gene was used create the cloned safigid®ed_sampe660?
Current Approach: To answer this query the researcher again uses a custom query

buil der t o sel ect t he fnKO Gene Na me 0 i n a tab

ficloned_sample@®6 . The custom query buil der perfor ms
combine data from three tables and credtesSQL query automatically. However,

changes to the underlying database requidalification of the PHP code by the

informatics specialist.

These example queries demonstrate the limitations of current infrastrtizatiethe
cannot answer a query (Qwel) or requires the user to follow a medtiep process to
retrieve the resultThese limitationsespecially the manual effort required, assume
significance in a highhroughput experiment environment with multiple concurrent
projects and the need to égrate provenance information across projects to guide
future researchin the nextsection we describe theontologydriven provenance
managemerinfrastructurehat has beeareated to address these challenges.

3 T.cruziProvenance Management System

The T.cruziPMS infrastructureaddresses four aspects of provenance management

the T.cruziSPSEproject(Figured):

1. Provenance Capturei The provenance information associated with &hd
GKO experimentprotocols are capturedvia web pages used by researchers
during an experiment. This data is transformedinto RDF instance data
corresponding to the PE ontology schema.

2. Provenance Representatiofi The parasite experimerfPE) ontology is used to
model theprovenance informationf GKO and SPexperiment protocols. The
integrated provenance informatijofrom both these experiment protocolsis
represented dground RDF graphthat is without any blank nodeg4d.4].

3. Provenance Storagei The provenance information is stored in @macle 10g
(release 10.2.8.0) RDF database management system (DBMS). Oracle 10g was
chosen due to its widpreaduse in biomedical informatics applicatiofi$] [16]
andit satisfied the requirements of tiliecruziPMS. For example, it supports the
full SPARQL query specificatiofiL7], use of RDF$14] as well asuserdefined
reasoning rules, and is a proven platform for large scale RDF stidri@djjé&/e
note that th& .cruziPMS can beémplemented over any RDF DBMS that support
the above listed requirements.

4. ProvenanceQuery Analysisi In addition to storage of provenance information
the T.cruzi PMS supportgjuerying of provenance informatiornysing a set of



specializedprovenanceajueryoperators The query operators ai@plemented in
a query engindeployedoverthe Oracle RDF database.
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Figure 4: The architecture of theT.cruzi PMS addressing four aspects of
provenance management

In this section weocus onthe PE ontologythat forms the key component of the
T.cruziPMS (Figure4). Provenance information includegnificantdomainspecific
information (for example, trypsienzyme is usetbr proteolysisof a protein sampje
But, a single monolithic provenance ongofor different domains is clearly not
feasible. Hence, a modular approachs proposedin the PMF [8] and involves
integrated use of multiple ontologies, each modeling provenance metadata specific to
a particular domainFor example, e ProPreOontology [19] representgproteomics
domainspecific provenancd.heseprovenancentologiesextendthe provenirupper
level provenanceontologyto facilitate interoperability We present a brief overview
of theprovenirontology.

3.1 Provenir ontologyi Upper Level Provenance ontology

The provenir ontology has beercreated using the OBO Foundry principlg].
Using t he t wo primitive phil osophical
fi ¢ o nt i[2ly @mavanidbdefines three basic classes namdbta *, agent , and

1 We use theourier  font to denotentology classes and properties

ont ol
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process (Figure 5). The two base classedata and agents are defined as
specialization (suolass) ofthe continuant class. The third base clpsscess is a
synonym of occuentclass

The datasets that undergo modification in an experiment are modeled as
data_collection class and the parameters that influence the execution of
experiments are modeled parameter class. Both these classes are-slasss of
thedata class. Theparameter class has three sutbasses representing the spatial,

temporal, and thematic (domadpecific) dimensions namely
spatial_parameter , temporal_parameter , and domain_parameter
(Figureb).

Instead of defining a new set of properti@set of fundamentaroperties defined
in the Relation ontology (ROJ21] have been reused and adaptedpmovenir
ontology (Figure 5). For example fpart of 0, confained_in 0,
fipreceded by o , das dpartitipant 0 .The provenir ontology is defined
using OWL-DL [9] with an expressivity oALCH ; further detailsof the ontology
are describeth [8]. In the next section we describe thE éhtology thatextends the
provenirontologyfor T.cruziPMS

3.2 Parasite Experiment ontology

The PE ontology modelthe provenance informatioassociated wittGKO and SP
experiment protocojslescribed in Section 2.Rlew classes and properties are added

to PEontology whileensumng that any new constructdoes not contradict constructs

in the provenir ontology. The PE ontology is modeled using the OVIL [9]
language and contains 94 classes and 27 properties (23 object and 4 datatype
properties) with a description logic (DL) expressivof ALCHF(D) . We now
describe thdifferentcomponent®f the PE ontology(Figure5).

First, we discuss thenodelingof processntitiesthat constitute th6&KO and SP
experiment protocolsTwo classes namelygene_knockout process and
strain_creation_process , are created as subclasgpodvenir:process 2
class to model generic gene knockout and strain creation experiment procHsses.
kn ockout_project_protocol andstrain_creation_protocol classes
represent th@articularprotocols used in the Tarleton research grdipe GKO and
SC protocols consist of multiple syloocesses, whiclare also modeledin PE
ontology, for examplesequence_ext raction , plasmid_construction ,
transfection , drug_selection , andcell_cloning (Figureb).

Next, we describehe PE ontology concepts that model the datasets and parameters
used in the GKO and SC experiment protocols. A novel feature oprtheenir
ontology is the distinct modlag of provenir: data_collection (that
represents data entities that undergo processing in an experiment) and
provenir:;p  arameter (that represents parameters that influence the behawior of

2 Provenir classes and properties are represented using the provenir namespace as
provenir:process where provenir resolves to
http://knoesis.wright.edu/provenir/provenir.owl



process oragent ). This distinction is maintained in the PE ontplpfor example,

given thetransfection
a subclass oprovenir:  data_collection

transfection

5).

process its input valu€cruzi_sample is modeled as
class whereas the parameter value

_buffer is modeled as a sublass of the
provenir;p  arameter

categorized along the space, time, and theme (despaicific) dimensionsHigure

class. Further, the parameter values in PE ontology are
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Figure 5: The PE ontology extends the provenir ontology to model domain
specific provenance for experiment protocols iff.cruzi research

The third set of PE ontology concepts extend phevenir:agent

model researchers

transfection_machine

modeled as subclass pfovenir:agent ; researcher
agent andknockout_plasmid

class to
and instruments invohied an experiment. For example,

, Mmicroarray_plate_reader are instruments

is an example of human
is an example of a biological agent

Finally, we describe theropertiesused toconnectthe PE ontology classem
addition to the eleven relationships pnovenir ontology, new object and datatype

propertiesspecific to

GKO and SP experiment protooakye createdFor example,



four new olject properties are defined to model the similarity relationships between
two genomic regions, namelis_paralogous_to , Is_orthologous_to .
is_homologous_to , andis_identical_to

In addition toextending theprovenir ontology, the PE ontology reses class
from existingontologies listed aheNCBO, whichis discussed in theext section

3.3 Interoperability with Existing ontologies

The NCBO currentlylists 137 publicly availablebiomedtal ontologie422] andit is
important that new ontologies, such as PE ontology, are interoperable with these
existing ontologiesHence, the PE ontology-tesesrelevantclasses and relationships
from four public ontologies namely, Sequence ontold§®) [12], the National
Cancer Institute (NCI) thesaur[3], Parasite Life Cycle ontolog§PL) [24], and the
W3C OWL Time ontology25] (Figure5).

The SO models biological sequences and is a joint effgrigenome annotation
centers and users of sequenac@otation datfl?]. The PE ontology reisesmultiple
SO classesincluding so:plasmid , so:genome along with its subclasses such as
so:.chromosome , so:gene , and so:flanking_region . Similarly,
NCI:gene_function , PL:organism_strain ,
Time:DateTimeDescription are some ofthe otherclasses raisedin PE
ontology from the NCI, PLand OWL Time ontology respectively. In addition, PE
ontology also rauses the object propertfPL:h as_base_strain from PL
ontology. Therefore the PE ontology not onlgllows interoperabilitywith domain
specific provenance ontologies by extending gha/enir ontology, but also ensures
interoperability with existing biomedical ontologiksted at NCBO

In the next section, we describe the query capabilities of greziPMSthat uses
PE ontology for query composition and query optimization

4 Query Infrastructure of T.cruzi PMS: Provenance Query
Operators and Query Engine

The capture and storage of provenance informaisoif limited usewithout an

effective query mechanism to enable provenance anallises.query capability of

T.cruziPMS is constituted of two componentamely

a) Provenance Query Operators A set of specialized query operators for
provenance information

b) Provenance Query Engine A query engine to support the provenance query
operators oveanOracle 10g RDF databasang SPARQL query languagd@he
guery engine uses a novel materialized vimsed optimization technique to
ensure scalability with increasisize ofdata as well as complexity of queries



4.1 Provenance Query Operators

The provenance query operatore hased on the classification of provenance queries

proposed irPMF [8], thatcategorize provenance queriestmthree classes:

1. Query for provenance metadata Given a data entity, this category of queries
returns the complete set of provenance informaigsociated with data entity.

2. Query for datasetusing provenance information An oppositeperspectiveo
the first category ofjuery is,given a set of constraintefined over provenance
informationretrieve a set of data entitisatisfying theseconstraints

3. Operations on provenance information This category ofqueries defines
operations overthe provenance metadatach as comparing or merging of
provenance information

Using this clasification scheme, a set specialized quergperatorshas been defined

[8] namely, (a)provenance () i to retrieve provenance information for a given

dataset, (bprovenance_context ( J to retrieve datasets that satisfy constraints on

provenance information, (@rovenance_compare ( )i given two datasets, this

query operator determines if they were generated under equivalent conditions by

comparing the associated provenance information, andr¢denance_merge ( ¥

to merge provenance information from different stages of an experipmetocol

The formal definition of these query operatisiescribed if8].

In contrast to thexistinginformaticsinfrastructure in the Tarleton research group
the T.cruzi PMS usesthe provenance query operators (implemented in a query
engine)to execute provenance queriesvéh an inputvalue, he query operators
compose the corresponding SPARQL query pattéigure 6describs the use of the
provenance (yuery operator to answer tbgample provenance queriesroduced in
Section 2.2
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The provenancejuery operators are implemented in a query enginean/@racle
10g RDF databas&Ve describe the details of this provenance query engine in the
next section



4.2 Provenance Query Engine andaterialized Provenance Views

The provenanceguery engings designed as a Jabased Application Programming
Interface (API)for use withany RDF DBMS that supports SPARQL query language
and rulebased reasoningThe query engineuses the formal definition of the
provenance query operatdey, to automatically compose the corresponding query
expression in SPARQL syntax.

Provenance querieare m@mth computatios over RDF graphsand are expensive
operatiors that requirecomputation of fixed pathsecursive patterbased paths and
neighborhood reieval. As discussed in8], a straightforward imgimentation does
not scale with the large scale datagetscomplex provenance querjdsence a new
class of materialized views called materialized provenance views (M&x8 been
definedin PMF[8].

Theoretically, the MPV correspond to a single logical unit of provenance in a given
domain, for example one complete experiment cycle dnuzidomain A logical unit
of provenance information islentified using thedomainspecific ontology useébr
an application.The MPV inT.cruziPMS is defined using the PE ontology as a set of
processes starting with tikequence_extraction classand terminating with the
cell_cloning class Figure7). Animportant advantage of defining an MPV using
the PE ontology is the ability of a single MPV tcsatisfy all queriedor data enties
created or used in a single experiment cycle
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Figure 7: The result of Query 4 corresponds to a Materialized Provenance
View (MPV) in T.cruziPMS




The query engine uses atige index to identify query inputs that can be satisfied
by a MPV instead of being executed against the underlying database. The use of MPV
results insignificant gain in query response time with increasing data size and
complexity of provenance query expression pattefre riext section discusses the
evaluation resultsf theprovenance queriefroduecdin Section 2.2).

5 Evaluation and Results

Theobjective ofour evaluationof the T.cruziPMSis threefold:

1. Verify that the example provenance quer{@ection 2.2)can be answered
correctly intheT.cruziPMS

2. Evaluatethe scalability off.cruziPMS with increasingize ofRDF data

3. Evaluate the ability of the T.cruzi PMS to answerincreasinty complex
provenance queries

5.1 Experiment Setup, Queriesand Dataset

The experimentsvere conducted using Oraclel(&eleasel0.2.03.0) DBMS on a
Sun Fire V490 serverunning 64-bit Solaris 9with four 1.8 GHz Ultra Sparc IV
processors and 8GB of main memory. The database used an 8 KB block size and was
configured with a 512 MB buffer cache.

The dataset (Table 1) correspondsamumber of experiment cycles and were
generated in the Tarleton reseagroup. The standard RDFS entailment rules and
two user defined rules were used to create new inferred tripkasde 1) The first
userdefined rule assertsthatl f t he | nppeess (pH is same as butpat
value of anotherprocess (p2), then pl is linked to p2 by property
ro:preceded_by 0. The second useatefined rule asserts thatl forocass (pl)
is part of anotheprocess (p2)and pal is @arameter for p2,then @l isalso a
parameter foprocess (pl).

Table 1. The four RDF datsetsusedto evaluate scalability of.cruziPMS

Dataset ID Number of RDF Total Number of
Inferred Triples RDF Triples

DS 1 2,673 3,553

DS 2 3,470 4,490

DS 3 4,988 6,288

DS 4 47,133 60,912

The SPARQL query patterns corresponding to the example provenance queries
represent varying levels of query patterns complexity in term®taf number of
variables the total number of triplesand use of the SPARQDPTIONAL function
[26]. This complexity is also callefiexpression complexity[27], and Table Il lists
the expression complexity of the example queries expressed in SPARQL syntax



Table 2. The fourqueriegSection 2.2)Jusedto evaluate scalability of query engine

Query ID Number of Total Number of Nesting Levels
Variables Triples using OPTIONAL

Query 1: 25 84 4
Target plasmid

Query 2: 38 110 5
Plasmid_66

Query 3: 67 190 7
Transfection attempts

Query 4: 67 190 7
cloned_sample66

5.2 Experiment 1

This experimentinvolved the verification of the results fure four queriegxecuted

using the T.cruzi PMS by the informatics specialist in the Tarleton research group.

The results of the four queries are:

1) f Goupld used fitarget region_plasmid_Tc00.1047053504033.14 1t ar ge't
region plasmido create cloned samples

2) Researcher witheasted tBe=kfAdbokout plasmid Apl

3) AClI oned s ,avhighlis@ot &Bamal, involvedransfection attempt

4) Genewi th identifier A T we® Qsed orehfé @hd 8lGnBd6 7 27 . 1 000
sample fAcloned_sampl e660

5.3 Experiment 2

The four queries, Q1 to Q4 (in Table II), were executed against a fixed RDF dataset,
DS4 (in Table I) to evaluate the performance of queryrenfpr provenance queries

with increasing complexityFigure8 (a) shows that the response tiimereasesvith
increasing complexityof the provenance queriesSimilarly, to evaluate the
performance of the query engine with increasiizg ofdata,query Q4 (in Table Il) is
executed againshé four RDF datasets, DS1 to DSd Tiable I).Figure8 (b) shows

that the response time of the query engine increases with increasing size of RDF data.
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Figure 8: The response time for provenance query engine witfa) increasing size
of RDF datasetand (b) increasingcomplexity of queries






