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Abstract. Incremental/iterative development is often considered to be the best
approach to develop large scale information management applicatioas.dp-
plication using an ontology as a central component at design and/or ruairn
tology basedystem) that is built using this approach, the ontology itself might be
constantly modified to satisfy new and changing requirements. Since otiaery
artifacts, e.g., queries, inter-component message formats, totes applica-

tion are dependent on the ontology definition, changes to it necessitatgesha

to other artifacts and thus might prove to be very expensive. To alleviatenéa
address the specific problem of detecting the SPARQL queries that néed to
modified due to changes to an OWL ontology (T-Box). Our approachsesda

on a novel evaluation function for SPARQL queries, which maps a cfoettye
extensions of T-Box elements. This evaluation is used to match the query with
the semantics of the changes made to the ontology to determine if the query
is dirty- i.e., needs to be modified. We present an implementation of the tech-
nigue, integrated with a popular ontology development environment rmvitie

an evaluation of our technique on a real-life as well as benchmark afipfisa

1 Introduction

OWL and RDF, the ontology languages proposed as a part of tharge web stan-
dards stack, provide a rich set of data modeling primitipescise semantics and stan-
dard XML based representation mechanisms for knowledgeseptation. Although
originally intended to address the problem of finding anéripteting content on the
World Wide Web, these standards have been proposed as actiaétralternative to
traditional technologies used for addressing the infolmnaand knowledge manage-
ment problems in large enterprises [7]. As more robust aathbte tools appear in
the market, the motivation for applying semantic web tedbgies in large-scale enter-
prise wide solution increases steadily. A common use oftheshnologies is to build
ontology-basedystems [4]. In such systems an ontology, which is a formalehof
the problem domain, is a key entity in the design of othereyselements like the
knowledge bases (KBs), queries to the KBs, messages bethve@omponents in the
system, and the code itself.

Vast experience in building large-scale information sysgincluding those based
on traditional RDBMS, data warehouses etc., point to theofiaa incremental/iterative



approach as being the most effective [2, 13, 6]. In such anoagh, the requirements
are assumed to be evolving as the system is developed (atid Tke software itself is
built in phases- with new requirements added at the begjnofieach phase and work-
ing sub-systems delivered at the end of it. Frequent chamggsthus be made to the
ontology in order to accommodate the new requirementseSitier artifacts that form
a part of the system are closely tied to the ontology, chatmése ontology necessi-
tates changes to them. This may lead to a situation in whiamgéds to an ontology
could trigger an expensive chain of changes to other atsifd®ols that ease the de-
tection and performance of such changes can increase teqtroty of the software
engineers and hence reduce the cost of building softwatbase/ery important for the
success of such a development methodology.

We address a specific case of this broader problem for the ofapplications that
use OWL for representing the ontologies and SPARQL for theigsieln general, we
assume that the ontologies are built ground up- perhapsngeesisting ontologies.
Our technique uses the changes made to an OWL TBox to detechgberies need
to be modified due to it- we call such querigisty queries. To understand why this is
non-trivial consider the following simple scenario showrfig. 1.

b ¢ TBox Change Log

Sub-Surface .

Entity » Add Class: Injector
+ Add Sub-class:

well Injector—>Well
f ‘\ Query
Producer Injector SELECT ?sse WHERE {sse

rdf:type Sub-SurfaceEntity}

Fig. 1. A ontology change scenario

The original setup consists of a TBox with three clasSedb¢ Sur f aceEnti ty,
Wel |, Producer) and a query to retrieve aub- Sur f aceEnt i ty elements. A
new clasd nj ect or is then added to the TBox and specified as a sub-clagsltd
(this is recorded in the change log). A naive change deteeatigorithm [10] would
have compared the entity names from the 1#¢l(l, | nj ect or) to those in the
query Sub- Sur f aceEnt i t y), and determined that the query need not be modified.
However, there could be a knowledge base consistent witiélae ontology which
contains statements asserting certain elements to be 1 typect or . Since these
elements/type assertions are not valid in any knowledge tiassistent with the original
ontology and will be returned as the results of the said quesyconsider the query to
be dirty. The naive algorithm does not detect this invalidreple because tremantics
are not considered in this approach (in this case the clasarbhy).



Thus our approach goes beyond the simple entity matchingbgidering the se-
mantics of the ontology, the changes and the queries. Aarigl we face in our ap-
proach arises because SPARQL is defined as a query languagBFographs and its
relationship with OWL ontologies is not very obvious. We ak¥r this challenge by
defining a novel evaluation function that maps the SPARQLrigago the domain of
OWL semantic elements (Sect. 4). Then the semantics of thegekaare also defined
on the same set of semantic elements (Sect. 5). This enabtescompare and match
the the SPARQL queries with that of the changes made to th@agyt and hence de-
termine which queries have been effected (Sect. 6). We preseimplementation of
our technique, which seamlessly integrates with a popajznly available OWL on-
tology development environment (Sect. 7). We show an etialuaf our technique for
a real-life application for the oil industry and two publicvailable OWL benchmark
applications (Sect. 8). Finally we describe some relatedk\{®ect. 9) and discussions
and conclusions (Sect. 10).

2 Preliminaries

2.1 OwWL

The OWL specification is organized into the following threetgms [16]:

1. Abstract Syntax: In this section, the modeling features of the language age pr
sented using an abstract (hon-RDF) syntax.

2. RDF Mapping: This section of the specification defines how the constructise
abstract syntax are mapped into RDF triples. Rules are gedvihat map valid
OWL ontologies to a certain sub-set of the universe of RDF liggaphus RDF
mappings define a subset of all RDF graphs called well-forgraghs WFow 1)
to represent valid OWL ontologies.

3. Semantics:The semantics of the language is presented in a model-tiefmen.
The OWL-DL vocabulary is defined over @WL Universagiven by the three tuple
(I OT, | OC, ALLPRCP ), where:

(a) 1 OT is the set of albwl:Things, which defines the set of all individuals.
(b) I OCis the set of albwi:Classs, comprises all classes of the universe.

(c) ALLPROR s the union of set obwl:ObjectPropertyl OOP), owl:DatatypeProperty

(I ODP), owl: AnnotationPropertyl OAP) andOWL:OntologyPropertyl OXP).
In addition the following notations are defined in the speation, which we will
use in the rest of this paper:
— A mapping functionT is defined to map the elements from OWL universe to
RDF format.
— An interpretation functioeXT;: ALLPROP —P( R; xRy) is used to define
the semantics of the properties.
— The notationCEXT; is used for a mapping frorhOC to P( R;) defining the
extension of a clas€ from | CC.

From now on we will usentologyto refer to the TBox, ABox combine as commonly
used in OWL terminology.



2.2 SPARQL

SPARQL is the language recommended by the W3C consortiumgiyRDF graphs [20].
The language is based on the idea of matclgraph patternsWe use the following
inductive definition ofgraph-pattern[17]

1. A tuple of form (IUL UV)x(l UV)x (I UL WV) is a graph pattern (also a triple
pattern). Where | is the set of IRIs, L set of literals and V iscfevariables.

2. If P, and R, are graph patterns thé® AND P,, P, OPT B, P, UNION P, are
graph patterns

3. If Pis a graph pattern and R is a built-in condition therFILTER Ris a valid
graph pattern.

The semantics of SPARQL queries are defined using a mappiragida 1., which
is a partial functionu:V—r, whereV is the set of variables appearing in the query and
7 is the triple space. For a set of such mappifigsthe semantics of the AND),
UNION and OPT { ) operators are given as follows

21 ) 29 = {1 Upoluy € 21, us € 25 are compatible mappings

U2y = {/L|[A e orpce Qg}
ng.(ZQ = (Ql X 92) @] (91\02)

where
21\ 2o = {p € 1 |Vy' € 25, p andy’are not compatible

Since SPARQL is defined over RDF graphs, its semantics witperet to OWL is
not very easy to understand. In an attempt to clarify thisjset of SPARQL that can be
applied to OWL-DL ontologies is presented in SPARQL-DL [ZRhe kind of queries
we use in our work are the same as those presented in theirbworke also consider
graph patterns that SPARQL-DL does not- more specificabyathithors consider only
conjunctive (AND) queries, where as we consider all SPAR@Erators, viz, AND,
UNION, OPTIONAL and FILTER. Note that the main goal of [22]tsdefine a (sub-
set of the) language that can be implemented using currasbners, whereas the goal
of our work is to be able to detect queries that effected bglogy changes.

3 Overview

In Sect. 1 we provided the intuition that a dirty query witepect to two TBoxes is one
which can match some triple from an ontology consistent wither one of the TBoxes
but not both. We further formalize this notion here, using:

— Ois the original ontology.

— Cis the set of changes applied@

— O is the new ontology obtained aft€ris applied toO.

— Qis a SPARQL query. We need to determine if it is dirty or not.

3 11 andpus are compatible if for a variabbe (161(X) = p2(X) V(i1 (X) = @) V(i2(X) = ¢)



— WF; is the set of RDF graphs which represent ontologies that@msistent wrt.
the statements 0.
— Similarly the set of well-formed OWL graphs wid is given byWF,'.

Theextension of a querg defined as follows:

Definition: The extension of a quel® containing a graph patte@P, wrt. an
OWL T-Box O (denotedEXT,(Q) or EXTo(GP)), is defined as the set of alll
triples that matclGP and are valid statements in some RDF graph fibiy .

A more formal definition of a dirty query is given as:

Definition: A query is said to be dirty wrt. two OWL TBoxe® and O/, if it
matches some triple WF," \WFo or WFo \WFy', i.e., EXTo(Q) N(WFy'
\WFO UWFo \WFO/) 7£(;5

Thus to determine if a given query is dirty we find the extengibthe given query.
Apart from this, we also need to determine and compare it thithset of triples that
are present iWFy' \WF, UWF, \WFy'. To do this we consider the changes C and
determine the set of triples added, removed or modifidlfp due to it- we call this as
the semantics of the chang&hus our overall approach to detect dirty queries consists
of the following four steps:

1. Capture ontology change: The changes made to the ontalegpgged. Ideally,

the change capture tool must be integrated with the ontoliegygn tool, so that

the changes are tracked in a manner that is invisible to ttedagy engineer. Since
many other works [14, 15, 8] have focused on this aspect gbitbielem we re-use

much of their work and hence do not delve into it.

Determine the extension of the query.

Determine the semantics of change.

Matching: Determine if the ontology change can lead tonaonsistent result for

the given queries, by matching the extension of the quety thi2 changed seman-
tics of the ontology.

pODN

Each of these steps is detailed in the following sections.

4 Extension of SPARQL Queries

Due to the complexity of consistency checking for DL ontaésg [3, 5], it is very
hard to accurately determine the EXT of a query. In order kevilte this we use a
simplified function calledNEXT, which determines the set of triples that satisfy a graph
pattern by using a necessary (but not sufficient) conditmmaf triple to be a valid
statement in an ontology K From the SPARQL semantics point of vieMEXT can

be thought of as a function that provides the range for eadhbla in a query, in the
evaluation functiorf2. The range itself is defined in terms of the semantic elenuats
OWL TBox. In other wordsf2:Q —T(NEXT(Q)- whereT is the function to map OWL
semantic elements to triples [16]. The semantics presdantéite RDF-Compatible
Model-Theoretic Semanticgection of the OWL specification has been used as the basis
for definingNEXT. We first show howNEXT is defined for simple triple patterns and
then generalize it to complete queries.



4.1 Triple Patterns

Queries to OWL ontologies can be classified into three tygesse that only query
A-Box statements (A-Box queries), those that query onlyokBtatements (T-Box
queries) or those that contain a mix of both (mixed querig].[In the interest of
space and as all the queries in the applications/benchmeksave considered are
A-Box queries, we will only present thdEXT values for them. A similar method to
the one below can be used to create the corresponding taildefmixed and TBox
queries.

Our evaluation oNEXT for triple patterns in A-Box queries is based on the follow-
ing observations:

1. The facts/statements in an OWL A-Box can only be of thredkitype assertions,
or identity assertions (sameAs/ differentFrom) or propealues.

2. Atriple pattern contains either a constant (URI/lit@l a variable in each of the
subject, object and predicate position. Correspondinggje patterns are evaluated
differently based on whether a constant or a variable odnuh& subject, property,
or object position of the query.

We illustrate howNEXT values for triple patterns are determined through an exam-
ple. Consider a triple pattern of the foravar 1 const Property ?var 2, where
(?var 1 and ?var 2 are variables andonst Property is a URI). We know that
for this triple to match any triple in the A-Boxgonst Property must be either
rdf:type orow : sameAs/ different Fr omor some datatype/object property
defined in the T-Box.

Consider the case whee®nst Property isrdf:type. The only valid values
that can be bound tBvar 2 are the URIs that are defined as a class (or a restriction)
in the T-Box. In other words it belongs to the $60C. The valid values of the subject
(?var 2) is the set of all valid objects in O, i.4.0T, because every elementli®T can
have a type assertion. Therefore tHEXT (tp)is given asP(l OT x{rdf:type} x| OC)-
the power-set of all the triples frofl OT xrdf:type x| OC}.

Note that this is a necessary but not sufficient conditiorabee, although every
triple in NEXT cannot be proved to be a valid statement with respe@ oot suffi-
cient), but by the definition of these semantic elements itdcessary for a triple to
be in it. As a simple example to illustrate this, consider aXBrith two classed/an
andWorman that are defined to baisjoint classes and a triple pattePx r df : t ype
?var . An implication ofMan andWonan being specified as disjoint classes is that an
individual cannot be an instance of both these classesX&(tp)¢{(al nd rdf:type
Man)A(al nd rdf:type Worman)}. However as described above tHEXT for the
triple pattern isP(I OT x {rdf:type} x| OC) and does not preclude such a combination
of triples from being considered in it.

Using similar analysis, we evaluate tNEXT values for other kinds of triple pat-
terns as shown in Table 1.

4.2 Compound Graph Patterns

We now extend this notion to arbitrary graph patterns. Réicah Sect. 2 that a graph
pattern Q is recursively defined as Q = Q1 AND Q21 UNION Q2| Q1 OPT Q2|



Type|Triple Pattern (TP) Case

NEXT o(TP)

1 ?varl ?var2 ?var3 -

P(IOT xPropx(IOT ULV 1))

2 ?varl ?var2/al ue (Class Name)

Val ue is a URI from the TBoxP(IOT x {rdf:type} x{Value})

Val ue is an unknown URI

Uowl:differentFron}
x {Value})

P(IOT x{IOOP Uowl:sameAs

P

Val ue is a literal

P(IOT x{IODP} xValue)

Property is rdf:itype

P(IOT x{rdf:type} x(I0C))

3 ?varlPr operty?var3 Property

owl:sameAs(differentFrom)

is|P(IOT x{owl:sameA$ x|0T)

i.e.Property CIOOP

Property is object property

P( |J CEXT(D)
DeEDOMp
x{Property}x
U CEXT(R)

RERANp

erty i.e.Property CIODP

Property is Data-type prop

P( |J CEXT(D)
DeDOMp

x{Property} xLV)

4 ?varlPr operty Val ue|Value CIOC)

Property is rdfitype (andP(CEXT(C)) x{rdf:type}

xValue) C = T-*(Value)

Property

isa URICIOT)

is|P(1OT x {owl:sameA$

sameAs/differentFrom  (Value {Value})

literal)

Pr operty is a object property
or data type property (Corre-
spondingly Value is a URI or|la P(Upeponm, CEXT(D)

x {Property}x{Value})

5 Value ?varl ?var2 -

P({Value} X ALLPROP
x {IOT ULV UIOC})

(o]

Value ?varl Value2

Same as case 2.

~

ValuePr operty ?var2

Same as case 3.

8 ValuePr operty Value2

TP

Table 1.NEXT values for SPARQL queries to OWL A-Boxes

Q1 FILTER R. The NEXT value for a query Q is defined based on wiatonnecting

operator is as follows:

1. Consider a simple example of the first case in

which both QL @2 are triple

patterns connected through AND2x type A AND ?x type BJor the variable



x to satisfy the first (second) triple pattern, it has to haveakes in CEXT( A)
(CEXT( B) ). However, due to the ANDx has to be a compatible mapping. Thus
the valid values ok are in CEXT( A) NCEXT( B)). For a variable that only appears
in either of the sub-patterns, tNEXT does not depend on the other sub-pattern.

2. For a UNION query, the mappings of the variables occurim@®1 and Q2 are
completely independent of each other and thus the evatuedio be independently
performed.

3. If the two sub-queries are connected by OPT, which hasetigoin semantics,
the variables on the left side (Q1) is independent of vagimioh Q2 . However the
extension of the variables in Q2, is similar to the queriegnirAND query.

4. When expressions are connected using the FILTER opetta¢cextension is deter-
mined as that of Q1 (we examine two special cases later).

Once theNEXT values of the variables in each sub-query are computedyEX€T
values of the query can be computed as follows:
For a constant dANEXT(c,Q) ={c}. The extension of the quey is given as

NEXT(Q) = | J PUNEXT(subyy, Q)x NEXT (propey, Q)x NEXT (0bjip, Q)})
tpeQR

wheretp is each triple pattern i@ and suh,, prop,, and obj;, represent the con-
stant/variable in the respective positiortjn

This procedure is summarized in algorithm 4.2. The algoritakes as input a
SPARQL query that is fully parenthesized, such that therimmest parenthesis contains
the expression that is to be evaluated next. For each of firessions surrounded by a
parenthesis, we maintain the value of MEXT value to which the variable is mapped.
When this is modified during the evaluation of the expressiandifferent sub-query, it
is updated to be the new value of the variable, based on thatopeemantics described
above.

Exceptions: Two exception cases which are treated separately are;

— Aninteresting use of the FILTER expression is used to exmnegation in queries [21].
E.g., to query for the complement of instances of a class Canevrite a query of
the form:

(?x type owl:Thing.OPT(?a type C.Filter(?x = ?a)).FiltéBound(a))

In this query?xis bound to all objects that aret of type C i.e., theNEXT value
for the variable?x should be assigned 49T \CEXT(C) .

— Another interesting case is the useisffiteral condition in a FILTER expression.
Consider the triple patterPc type Student. ?c ?p ?val. FILTER(isLiteral(val)jth-
out the FILTER clause, we might conclude that the variabie bound to all prop-
erties with domain Student. But since the filter conditioadfies thawval has to be
a literal, p can be restricted to the set of data-type properties withailo@. Note
that by not considering the FILTER we obtained the supeofgossible bindings.
Therefore any change to one of these properties would héMeestn detected but
some false positives may have been present.



Algorithm 1 Algorithm to compute the NEXT of a compound query
Require: Fully Parenthesized Query in Normal form Q, Ontology O
Ensure: NEXT of Q

1: while all patterns are not evaluateld

2. P—innermost unevaluated expression in Q

3: if Pis atriple pattern(tphen
4: NEXT(var, P)«~NEXTs(var, tp)
5: NEXT (var, tp)«—NEXT g(var, tp)
6: elseifP is of the form (P AND P,) then
7: for each variable v in BP; do
8: if if v occurs in both P and B then
9: NEXT(v, P) = NEXT(v,R) NNEXT(v,P;)
10: Update the NEXT of v in Pand R as well all sub-patterns it may occur in to
NEXT(v, P)
11: else ifif v occurs in both P and B then
12: NEXT(v, P) = NEXT(v,R)
13: end if
14: end for
15:  elseifP is of the form (P OPT P) then
16: for each variable v in BP, do
17: if voccursin R then
18: NEXT(v, P) = NEXT(v,R)
19: else ifv occurs in B then
20: if v also occurs in Pthen
21: NEXT(v, ) = NEXT(v, P;) "NEXT(v,P;)
22: else ifv occurs only in B then
23: NEXT(v, P) = NEXT(v,B)
24 end if
25: end if
26: end for
27:  elseifP is of the form (R FI LTERR) then
28: for each variable vin PP, do
29: NEXT(v, P) = NEXT(v, R)
30: end for
31: elseifP is of the form (P UNI ON P,) then
32: NEXT(v, P) = NEXT(v, R)
33: endif
34: end while

35: return The union of NEXT of each triple pattern in the query

5 Semantics of Change

The second step of our change detection process is to maphamges made to the
ontology to OWL semantic elements, which will enable the gpgeand the changes to
be compared. We observe that the changes to a TBox can bifiethaslexical changes
andsemantic change&exical changes represent the changes made to the nams}(UR
of OWL classes or properties. Such changes can be handldd leasi simple string
match and replace in the query.



Semantic changes are more interesting because they effeairanore OWL se-
mantic elements and need to be carefully considered. Theybedurther classified
as:

— Extensional change&xtensional changes are the changes that modify the exten-
sional sets of a class or a property. E.g., adding an axiotrsfieifies a class as a
super-class of another is an example of this because, thestah of the super-class
is now changed to include the instances of the sub-class.

— Assertional/rule changed\ssertional changes do not modify the extensions of
TBox elements but add additional inference rules or assestiE.g., specifying
a property to be transitive does not change the extensidreaddmain or range of
the property but adds a rule to derive additional triplesfiasserted ones.

— Cardinality changedhe cardinality changes specify constraints on the calitjn
of the relationship.

The complete list of semantic changes that can be made to an (@) ontology
is presented in [8]. We have used it as the basis of captumagrepresenting the
ontology changes in our system. Téemantics of a changes the effect of the change
to extension of the model is represented as a set of all OWL sicredements that are
effected by the change. By matching this to the extendEXT value) of the query,
we can determine if the query is dirty or not. In table 2, wevelsome examples of the
changes and their semantics.

Object Operation Argument(s) Semantics of Change
Ontology Add_Class Class definition (C) I0C #I0C’
RemoveClass Class ID (C) IOC #I0C, CEXT(SC
Ontology #+CEXT'(SC)
CEXT(Dom(P))
#CEXT (Dom(P)),

CEXT#CEXT (Ran(P)yP|| C
eDom(P) or Ran(P)

Class (C) | Add_-SuperClass Class ID (SC) CEXT(SC)#£CEXT/(SC)
Class(C) RemoveSuperClass Class ID (SC) CEXT(SC)#£CEXT/(SC)
Property (P) SetTransitivity Property ID - (Assertional Change)
Property (P) UnSetTransitivity | Property ID - (Assertional Change)

Table 2. Changes to OWL ontologies and their semantics

— Example 1: A class C is added to the TBdX2C * the set of classes defined in the
TBox of the new ontology is different from the original one.

— Example 2: A more interesting case is when a class C is remfogedthe TBox.
Not only isl OC changed as before, but also the extension of the supeeslas€

4 The OWL spec [16] defines IOC as the set of all OWL classes, heramege the notation to
denote the set of classes defined in the ontology (T-Box).



because all the instances of C which were also instances stifier-class(es) in the
original TBox are not valid in the modified TBox. The modificet also effects the

extensions of the classes (restrictiomsfersectionOfin which the class C appears.
Finally, the domain and range resp. of the properties in wilcappears are also
modified. Note that a complete DL reasoner (like Pellet oredRacan be used to
fully derive the class subsumption hierarchy, which camthe used to derive the
semantics of the change.

— Example 3: In the third example, an OWL axiom which defines asfa as sub-
class of SC is added. In this case, the extension of the classh&nges. Setting
and un-setting transitivity of a property is an example ofasertional change to
the ontology as described above.

In the interest of space the entire set of changes and the OWarde entities that
it changes are not presented here but the interested remuénd it onliné.

6 Matching

The matching algorithm is fairly straight forward and isggated in pseudo-code form
in Algorithm 2.

Algorithm 2 Algorithm to detect dirty queries for a set of ontology chasg

Require: Ontology Change log L, Query Q
Ensure: Dirty queries
1 Aggregate changes in L
. for each lexical change | in Ho
Modify the name of the ontology entity if it appears in it
: end for
Let N«—NEXT of Q
Let C+«set of semantically changed extensions of O due to L
: for each element nin Mo
if Check if n matches any element intkan
Mark Q as dirty
end if
11: end for
12: return

EOooNOOsWNE

In the first step the log entries are aggregated to elimiregterrdant edits. E.g., it is
possible that the log contains two entries, one which deketdass C and another which
adds the same class C. Such changes are commonly observadhghehanges are
tracked through a user interface and the user often retezeas of the changes made.
Clearly these need to be aggregated to conclude that the i@orot been modified.
Then the lexical changes are matched and the query is autathamodified to refer
to the new names of the TBox elements. Finally #HeXT value ofQ and the semantic

5 http://pgroup.usc.edu/iam/papers/supplemental-material/Semantics@fCpaf



implications of each change Inare matched. This is done by comparing the extension
or element bound to the subject, object, property positioeagh triple pattern o,

with extensions modified due to the changes made to the TBaxylof these sets is
effected, then the query is marked as dirty.

7 Implementation

Our technique has been implemented as a plug-in to the poputhopenly available
Pro&ge ontology management tool [19]. Since we have useceBedbr ontology de-
velopment in our work, providing this service as a plug-iralgles a seamless envi-
ronment to the ontology engineer. Moreover, the &gbttoolkit is equipped with an-
other plug-in that tracks the changes made to an ontologwtilige this to capture the
changes made to the ontology. After the user makes the chandiee ontology in the
design tab of the tool, he proceeds to the dirty query deteqgtanel and points to a file
containing the SPARQL files for validation. The dirty querire highlighted and the
user can then decide if the changes have to be kept or distartde query validation
plug-in is shown in Fig. 2(a) and the Pegé change tracking plug-in in Fig. 2(b).

Our implementation of the dirty query detection algorithenin Java and uses a
openly available grammar for SPARQL to create a parser ferqirerie$. Since all
the queries in our applications were stored in a file, the lpratof finding the queries
was made easy. However, many of the queries were paranseten we had to pre-
process the queries to convert it to a form that was complidifit the specification.
E.g., a query for a keyword search to find people with a userifipe name is usually
parameterized as followsSELECT ?per sons WHERE {?persons rdf:type
Person. ?persons hasNanme $user Par n$}". Here$user Par nt is replaced
with a dummy string literal to make it into a parseable SPAR{DEry.

Once the queries are parsed, MEXT values for the queries are evaluated as de-
scribed in Sect. 4. We have used the Pellet readdioerdetermining the class and
property lattices needed for evaluatiNngEXT. The changes tracked by Pegé ontol-
ogy plug-in are logged in a RDF file. We extract these changegjuthe Jena AB)
perform the necessary aggregations and evaluate the sesnahthe changes. Again
the Pellet reasoner is used here for computing the clagselatitc. Finally the matching
is done and all the details of the dirty queries- the triplegra in the query that is dirty,
the TBox change that caused it to be invalidated, the persmmade the change and
a suggested fix to the problem is displayed to the user.

8 Evaluation

We have evaluated our algorithm on three data-sets: thetfitst LUBM [11] and
UOBM [12] are two popular OWL knowledge base benchmarks wbartsist of OWL
ontologies related to universities and about 15 queries.thind benchmark we have

8 http://antlr.org/lgrammar/1200929755392/index.html
7 http://pellet.owldl.com/
8 http://jena.sourceforge.net/



Domain Protégs 3.3.1  (file:\C:\ramiworkibon® 204ug%2020\Domain. pprj, OWL / RDF Files)

File Edt Project OWL Code Tools Window Change Helo
NeHE ¢BH mg o ar <§pro:égé
4
M

| @ wetadeta (Domainiacel) | OWLClasses | WM Properties | @b indvicals | Changes | % Guery Evoiutian

Query File: ‘c ‘ramtexpiallueries.spardl ‘ Browse
Finished Checking! Vvalidate
Query ‘ Is \lalid?l Change causing Error Change Author{ Suggested Fix
Select Distinct ?DeciionFrame ?PProperty ?value { ?DecisionFrame rd.., false Clags_Created: cis:Class_1 ram Please check the triple pattern DecisiorFrame ...
select Pa PwellName PwelType PwelFlonType PwelFluidType PwelRe... false Subclass_Added: cis:Class_1-.. ram Flease check the triple pattern a rdf:type cis...
select P2 Pwelame PwelType PwelFlowType PwelFiuidType PwelRe... false Subclass_Added: cis:Class_1-... ram Please check the triple pattern a rdf:type cis:..
select DISTINGT ?7a PuellMame PwelType PwelFlowType PwelFlLidTyp... false Subclass_Added: cis:Class_1-... ram Please check the triple pattern a rdf:type cis:..

1 All Queries ® Only Errors

(a) Query validation service implemented as a plug-in to thedigeabolkit

| @ Hietadta (Domainkiosel) | OALCissses | B Properties | @ Individuls | Changes | % Guery Evolution |

B Create Annctation Fa
Change History

Action Deseription Author Creted
[ Type of Change Dt of the action Person wha made the change Date and time the change was made
B Composts Change Crested Class Specialel vem 06/17/2008 22:39:56 PDT
% Compesite Change Delete class: ram 06/17/2008 22:40:48 FOT
B Composts Changs Add Tank 1o the domain of wellsPanOTBlock — Apply1... ram 06/18/2008 14:25:10 PDT
% Compesite Change Aokl Zane ta the domsin of welFlowType — Applyia .. ram 06/18/2008 14:25:56 FDT
B Composts Changs A Region to the domain of tankTemperature - Apply ... ram 06/18/2008 14:55:28 PDT
% Compesite Change Remove Tark from the damsin of tankTemperature — &... ram 06/18/2008 14:57:25 FDT
B Composts Changs Remove Regian fram the: clomain of tankTemperature - . ram 06/18/2008 14:57:28 PDT
% Compesite Change okl Wl fa the lomain of tarkTemperature — Apply to: ...ram 06/18/2008 14:57:53 FDT
B Composts Changs Remove Wl from the domsin of tankTemperature - Ap...ram 06/18/2008 14:58:53 PDT
B Compesite Change Al to the domain of tank wram 06/18/2008 14:5%:14 FDT

Search [authr | | |

(b) Change tracking service in Pege

Fig. 2. Support for incremental development in gt environment

used (called CiSoft) is based on a real application that we hailt for an oil com-

pany [23]. The schema for LUBM is relatively simple- it hasoab40 classes. Al-

though UOBM has a similar size it ensures that all the OWL coctd are exercised
in the TBox. Both these benchmarks have simple queries- @aety on an average
has about 3 triple patterns in it and they are all conjundjweries. The TBox of the
Cisoft benchmark is larger than the other two (about 100selg)sand the queries we
have chosen from the Cisoft application is a set of about 25igs, and each query

has on an average 6 triple patterns. These queries exelidise 8PARQL connectors
(AND, OPT, UNION, FILTER).

To evaluate our algorithm, we compare it with two other athpons. The simpler
of these two is theEntity namealgorithm which checks if the name of the entities
modified in the TBox occur in the triple patterns of the queyystring matching. If it
occurs, then it declares the query to be dirty and if not ilates it clean. The second
algorithm called theBasic Triple Patterris a sub-set of ou€ompletealgorithm. This



algorithm does not consider the connectors between the QPARerators i.e., it only
implements the rules presented in table 1.

We have used the two standard metrics from informationeeti precisionand
recall for evaluation. Recall is given as the ratio of the no. ofydirtieries retrieved by
the algorithm to the total no. of dirty queries in the data-Beecision is given by the
ratio of the total no. of dirty queries detected by the aldponi to the total no. of results
returned by the algorithm. The results show in Table 8 areatteeage of 50 runs for
each data-set; in each run a small numberlQ) of random changes to the ontology
was simulated and the algorithms were then used to detedirtiggueries with respect
to those changes.

Benchmar Algorithm Recal Precisio
Complete 1 1
Cisoft Basic T.P 1 0.2
Entity name 0.4 0.45
Complete 1 1
LUBM Basic T.P 1 0.6
Entity name 0.4 0.85
Complete 1 1
UOBM Basic T.P 1 0.7
Entity name 0.25 0.6

Table 3.Dirty query detection results for three algorithms.

We see that the Basic TP algorithm has a recall of 1 i.e., @wetyrns all the dirty
gueries in the data-set but it also returns a number of fadséiyes (low precision).
Since the results returned by BTP is always a super-set afdimplete algorithm- the
recall is always 1. To understand why a low precision is oles®for BTP (especially
for the Cisoft data-set), consider a query of the fQtardf:type Student.?a ?prop ?value
Since the algorithm considers each triple pattern in igmait infers that every valid
triple in the ontology will match the second triple patte®a (?prop ?valug Therefore
any ontology change will invalidate the query. Howevers tisi incorrect because the
first triple pattern ensures that only triples which refengiances oStudentvill match
the query and therefore only changes related to the OWL 8astentwill invalidate
the query. The LUBM and UOBM queries do not have many triptégpas of this form,
thus the precision of BTP for these data-sets is higher.

The entity name algorithm does not always pick out the diugrees (recalk 1).
The main shortcoming of this algorithm is that, it cannotedéthe ontology changes
that might affect values that might be bound to a variable.

9 Related Work

Much work has been done in the general area of ontology chavagagement [8, 24,
9]. Most of these works deal with the semantic web applicatim which ontologies



are imported or built in a distributed setting. In such aisgttthe main challenge is
to ensure that the ontologies are kept consistent with eti@r.dn our work, we ad-
dress the problem of keeping the SPARQL queries consistéht@WL ontologies.
Although, some aspects of the problem- e.g., the set of @satigt can be made to an
OWL ontology are the same, our key contributions are in deditive notion of dirty
queries and the evaluation function which maps queriesiamgli¢ations) of ontology
changes onto the OWL semantic elements, which makes it pessibompare them to
decide if the query is invalidated.

In [24], although the authors define evolution quite broaayimely adaptation
of an ontology to the arisen changes and the consistent gaan of these changes
to dependent artifactghey do not address the issue of keeping queries based on on-
tology definitions consistent with the new ontology. Thehaus do define a generic
four stage change handling mechanism- (change) repréisentsemantics of change,
propagation, and implementation, which is applicable tp artifact that depends on
the ontology. Our own four step process is somewhat sinol#mis.

An important sub-problem in the ontology evolution problenthe change detec-
tion problem. Various approaches have proposed in litegdtuaddress this problem.
Most of these address the problem setting of distributedlogy development and thus
provide sophisticated mechanisms to compare and thus fenditferences between
two ontologies [15, 18]. On the other hand we assume a morgatiead setting in
which we assume that the ontology engineers modify the sapg af the ontology
definition file. We have used an existing plug-in developedife Proéce toolkit [14],
which tracks the changes made to the ontology.

An important artifact in a ontology based system is the kieolgk base. In [25],
the authors address the problem of efficiently maintainikg@vledge base when the
ontology (logic program) changes. Similar to the work ofwimaintenance in the dat-
alog community, the authors use the delta program to effigieletect the data tuples
that need to be added or deleted from the existing data Stbigis an important piece
of work addressing the needs of the class of applicatiortsatbdarget, and is compli-
mentary to our work.

In the area of software engineering, the idea of agile datalph] addresses the
similar problem of developing software in an environmemwiich the database schema
is constantly evolving. The authors present various tegles and best practices to
facilitate efficient development of software in such a dyiamethodology. Unlike our
work, the authors however, do not address the problem ottilegethe queries that are
affected by the changes to the schema.

10 Discussion and Conclusions

We have addressed a problem seen in the context of OWL basédagipp develop-
ment using an iterative methodology. In such a setting aéQléL) TBox is frequently
modified, it becomes necessary to check if the queries ushe impplication also need
to be modified. The key element of our technique is a SPARQIuatian function that
is used to map the query to OWL semantic elements. This is tretnhed with the



semantics of the changes to the TBox to detect dirty quefissevaluation shows that
simpler approaches might not be enough to effectively dstgzh queries.

Although originally intended to detedirty queries we have found that our evalua-
tion function can be used as a quick way to check if a SPARQInygisesemantically
incorrectwith respect to an ontology. Semantically incorrect quedee those that do
not match any valid graph for the ontology- i.e., always metan empty result-set. For
such queries, our evaluation function will not find a satitfay binding for all the triple
patterns.

An assumption we make in our work is that all the queries tdtBox are available
for checking when changes are made. In many application@@went scenarios this
may not be feasible. Therefore whenever possible it is a goactice for an application
development team working in such an agile methodology tacgire the application
so that the queries used in the application can be easilpagt for these kinds of
analysis. If it is not possible to do so, one option for an gy engineer is to use the
OWL built-in mechanism to mark the changed entitydeprecatedand phase it out
after a sufficiently long time.

Often times, the queries are dynamically generated basesbme user input. In
such cases it might be harder to check the validity of theigaeHowever, it might
still be possible to detect dirty queries because, suchiepiare generally written as
parameterized templates which are customized to the uget. ili such templates are
made available, it might still be possible to check if they ealid.
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