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Matching and Merging of Ontologies Using
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Abstract—Knowledge management applications need to de- of two representations[ [[3]_[5]_[6]/.[12]. The knowledge
termine whether two or more knowledge representations encode encoded can be equivalently encoded as conceptual graphs

the same knowledge. Solving thismatching problem is hard g1 The algorithm for matching of two graphs is discussed
because representations may encode the same content but differ:

substantially in form. Previous approaches to this problem in [11]. In this paper the 99_”efa“zed algorithm for matching
have used either syntactic measure or semantic knowledge to Of ™ conceptual graphs is developed. The fitness of the
determine the distance between two representations. The aim matched graph is further investigated. Further the algorithm

of this article is to define matching ofm conceptual graphs and is extended to merge:—conceptual graphs.
present the mathematical aspects of matching and binding of g article is organized as follows: Section 1 deals with
m conceptual graphs with fithess. The algorithms developed for introducti The t inoloaies involved tined i
matching and merging of m conceptual graphs are illustrated. an m roducuon. ? erminologies !nvo vead are ou- Ined in
Section 2. In Section 3, the algorithm for matching—
conceptual graphs is illustrated. The algorithm for merging
m— conceptual graphs is illustrated in Section 4 and in
Section 5 conclusion is presented.

Index Terms—Binding, Taxonomy, Transformation, Fitness.

I. INTRODUCTION

A requirement common to many knowledge applications
is to determine whether two or many knowledge represen- ) ] o o
tations, encoded using the same ontology, capture the sam this section, we present some definitions and prelimi-
knowledge. The task of determining whether two or mor@ries which will be useful for further discussion.
representations encode the same knowledge is treated as I%_eflnmon 2.1:[6] Transitive and part gscendant transfor-
graph matching problem. The knowledge representation mations conform to a more general notion called ’trgnsfers
encoded using conceptual graph. The representations capiJfugh’- A relationr transfers through another relation
the same knowledge if their corresponding graphs matdh. - T/ -

The multiple encoding of the same knowledge rarely match X=2Y=2Z=X=2 @)
exactly, so a matcher must be flexible to avoid a high rate of pefinition 2.2: [6] A triple is a 3-tuple of the form
false-negatives. However, a matcher that is too flexible c@Reqq, relation, tail) where head and tail are concepts or
suffer from a high rate of false-positives [6]. This problenstances (i.e., nodes in a conceptual graph) and relation is
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has various causes, including an edge in the graph. Every two nodes connected by an edge

() The ontology is expressible enough to allow the samg a conceptual graph can be mechanically converted into a
information to be encoded in different ways triple and hence a conceptual graph into a set of triples.

(i) The representations are built by different knowledge Definition 2.3: Then triplest; = (heady, relation,
engineers (or computer programs), raising the Iikelihoq@ill), ty = (heady, relations, tails), . . ., t, = (head,,
they differ relation,,, tail,) of graph G align if heady; > heads >

(i) The representations are large, increasing the opportunity > head,,, uneg(relation,) > uneg(relations) > ... >
for differences. uneg(relation,) and taily > tails > ... > tail,. The

Previous solutions to this problem have produced tweeg(relation) unnegates relation if it is negated otherwise
types of matchersSyntactic matcherase only the graphical returns the relation.
form of the representations, judging their similarity by the Definition 2.4: For (= {(t11, ta1, ... L), (t12, too, ...
amount of common structures shargtl [L], [2] or the numbkp2)y- (t1n: t.Q%z""'tmR )}, a list of aligned triples of m

; . ; ) aphs , the bindings fof ie.,

of edit operations required to transform one graph into t
other [2], [7], [€], [10]. Approaches that focus on the amount °(¢) = {(headi1/heada1/.../headmy, tail1y /tailar/ ... /tailm1),
of shared common structures do not handle mismatches. (headi2/headas /... headmz, tailia
Approaches fchat use edit operat|_ons can handle_ m|smatphes Jtaila . /tailmz), s (headin, /headsn, /... /headmn, |
but are sensitive to the cost assigned to the edit operations

and tuning these parameters optimally is problematic. tailin, /tailony /.. /tailmn,, )}-
In contrastsemantic matchensse knowledge, stored in an
ontology, of the terms referenced in the representations. Se-  !ll. MATCHING OF m- CONCEPTUAL GRAPHS
mantic matchers use this knowledge to determine the matsh Binding ofm— conceptual Graphs
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a common subgraph of7;, G,,... and G, called SG.

Construct a listM of all possible alignments between

the triples of Gy, G»,... and G,,. Each element ofM
is of the form/¢ = {(tll,tgl,...,tml), (tlg,tgg,...,tmg),
i(t1ny s t2ngy s tmn,,, ) - The generalized algorithm for find-
ing a match betweenn representations,
Algorithm-1. The steps for finding a match between
representations is illustrated with an example of three grap

G1, G2 andG3 generated by organization structure of three

hospitals shown iFigures — 1,2 and3. For reference, we
label each triple inG; with a unique number from 1 to 22,

each triple inG5 with a unique upper case letter from A to

V and each triple in73 with a unique lowercase letter from

a to z and from aa to hh. We use subscripts to differentiate

terms that appear multiple times (e.g., Hospitdbdel_1).

Hospital_model 1

/M\L‘\

Admit_Patient_|

hasparticipation

Playes

Patients_attendee_|

Allot Bed_1 Nurse_1 [New_Renew_Register_Patient | Diagnose_patient_|

Figure - 1 Graph&,

Algorithm - 1:

1) M = NILand{ = NIL
FOR each triplety;, in G1
FOR each triplety;, in G2
FOR each triplet,;,, in G,
If t14,,t2iq, ..., tmi,, are aligned
THEN add (tlil s t2i2, sy mlm) to 4.
ADD ¢to M and resef to NIL.
2) UseM to construct a common subgraph @f, Ga,...,
called SG.
)

Outline of the generalized matching algorithm

Gm

SG = {(t11, ..
where(t1;, ...
respectively.
IF SG is inconsistenf’ HEN stop and returnVIL
FOR each ruleR; in R,
FOR eachj =1,2,....m
FOR eachk =1,2,....m
IF R, is applicable toG; with respect toGy,
THEN apply (1—‘{7;7 Gj7 Gk)
FOR eachj =1,2,....m
FOR each unaligned triple;;; in G;
IF tiiy s t2ip 5o tmiy, , BTE aligned and
b({(tiy, , t2in 5 oy tm;ml)}) is consistent withh(SG),
THEN add(th1 ACTN ) to SG and break.
UNTIL SG reaches qwescence go to step 4.
6) RETURN SG

tma ), (E12, ooy tn2) coey (i s ooy Lo,

}
,tmi) are the aligned trlples af, Ga, ...,Gn,

3)
4)

5)

ISBN: 978-988-19251-5-2
ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)
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Figure - 2 GraphGs
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Figure - 3 GraphGs

In step 1 the generalized algorithm compares each triple in
G, with each triple inGs, Gs,...,G,, to find all possible
alignments. In our examplé,; aligns with ¢t5; and ts;.
Triple t11, however, does not align with triple,, and its
combinations because the relations differ. The initial match
is denoted by M.M = {{,0s,....,¢,} where p is the
total number of possible alignments. Each element)bHf

is a list called?;. For example{(t11,t21,t31)} is called{y,
{(t12,t22,t32)} is called ¢, etc. In step 2 the generalized
algorithm usesM to construct common subgraph 6f;,
Gos,...,G,, called SG. The generalized algorithm begins by
selecting a member{;, of M to serve as the seed of
the construction process (recall thif = {¢1, 0o, ....,{s})
and ¢; {(trinss t2inns tmin ) (Fine s E2inns b ) oo
(t1isg, s t2inn, s tminy, ) o @ = 1,2,...; 5. This seed is selected
based on a heuristic scoring function

k.
1 i
h(t;) = & ;n(headlilj/headgizj/.../headmimj)
+n(tail1i1j /tailgi% /..../tailmimj )} (2)
where heady;,; [headas,; /, ..., | head i, and
taillilj /tail2i2j/ /tailmimj are the bindings of

and n(b) is the number of times
the’ blndlngsb occurs in binding(M). This function
h is a heuristic that favors those/; in M with
interconnectivity. Bindings that occur frequently indicate

tlzl 7t212 PERED) tmzm
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high interconnectivity. We want to select thedg as hasAct, New Renew Register patient 3), Hospital Model 3,
the seeds because they have more potential for allowimgAct,  Admitpatient3,  (HospitalModel 3,  hasParticipation,
larger common subgraphs to be constructed. Therefore, Hugistration3), (HospitalModel 3, hasAct, Diagnoseatient 3),
algorithm selects the; in M with the highest score, as(Hospital Model 3, hasRole, Patientattendee3), (Admit_patient 3,
determined by the functiom. SG is extended with those for,  Registration3),  (Registration3,  has,  Admitpatient 3),
pairs of aligned triples im\/ whose bindings intersect the(Registration3, has, AllotBed 3), (Allot_Bed 3, for, Registration3),
binding of the pairs inSG. Pairs inM that extendSG are (New_RenewRegister patient3, for, Registration3),(Registration3,
removed from)M along with/; they belong to. This processhas, New Renew Register patient 3), (Registration3, has,
is repeated until SG can no longer be extended. Diagnosepatient3),  (Diagnosgpatient3,  for,  Registration3),
(Patientsattendee3, hasAsParticipant, Registratidh ), (Registration3,
In steps 3-5, the generalized algorithm checksSi? Participatesin, Patientsttendee3), (Hospital _Model 3, hasRole,
is consistent.SG is inconsistent if it contains an alignedBilling_Assistant3), (HospitalModel 3, ~hasEntity, ~Stethoscope),
m-tuples of triples(ty;,to;, ..., tmi) Where the relation of (Hospital Model 3, hasEntity, BPApparatus3), (Hospital Model 3,
at least onet;; is negated and the relation of at least oneasRole, Nurse3), (HospitalModel 3, hasAct, Checkwveight and BP_
tx; is not negated. IfSG contains such an-tuples, then of_patient3), (HospitalModel 3, hasRole, Registratiostaff 3),
generalized algorithm stops and returh& L. Otherwise, (Nurse3, hasAsParticipant, Registratid), (Registration3, Participatesin,
the generalized algorithm applies transformations to improerse 3), (Registration3, has, Checkweight. and BP_of_patient3),
the match(i.e., steps 4 and 5). Steps 4 and 5 are repedfdgckweight and BP_of_patient3, for, Registration3), (Physician3,
until SG reaches quiescence. In step 4, the generalizeligys, Stethoscop®), (Stethoscoped, isPlayedBy, Physicia),
algorithm applies transformations to resolve mismatchégpllect moneyfor _consolidatedbill_3, for, Billing_3), (Billing_3,
amongGy, Gs, ..., Gy, In step 5, the generalized algorithnhas,  Collectmoney for_consolidatedbill_3),  (Billing_Assistant3,
will try to align additional triples amond~,,Gs,...,G,,. has, Biling3), (Biling_3, Participatesin,  Billingassistant3),
Step 5 is like step 1 except that it focuses on the unalignélepareconsolidatedbill_3,  for,  Billing_3),  (Biling_3,  has,
triples. We have identified a set of transformations fdirepareconsolidatedbill_3)
the health care domain. These transformations are usegh step-1, the algorithm compares each tripleGip with
to improve the matching ofn-conceptual graphs in theeach triple inG, and Gs to find all possible alignments.
domain. Returning to our example, the triples @f, G2 Triple 1 of G, aligns with A of G, anda of Gs, Triple 2
and G are as follows: of G, aligns with B of G, andb of G3 and so on. Hence
G1 = {(Hospital Model 1, hasAct, AllotBed 1), (Hospital Model 1, the matched triples Oﬂl,GQ and G5 are as follows:
hasAct, NewRenew Registerpatient 1), (HospitalModel 1, hasAct, Binding(M) = {(1, A a),(2,B,b),3,C,c), (4,
Admit_patient1), (HospitalModel 1, hasParticipation, Registraticl), p , d), (5 , E e), (6 = f), (7 , G ,g), (8 . H, h)
(Hospital Model 1, hasAct, Diagnoseatient1), (Hospital Model 1, (9 o i), (10 . J J), (11 . K, k), (12 . L, |), (13
hasRole, Patientsittendeel), (Admit_patientl, for, Registrationl), . M m), (14 . N, n)7 (15 , O, O), (16 , P, p)}:
(Registrationl, has, Admitpatient 1), (Registrationl1, has, Allot Bed 1), {fl, lo, 03,04, 05, Lg, U7, b, Lo, 10, b1, 5127513751475157516}-
(Allot_Bed 1, for, Registrationl) (New_Renew Registerpatient 1, for,
Registration1), (Registrationl, has, NewRenew Registerpatient 1),
(Registration1, has, Diagnosgatientl1), (Diagnosepatientl, for,
Registration1), (Patientsattendeel, hasAsParticipant, Registratidl),
(Registrationl, participatesin, Patientattendeel), (Hospital Model 1,
hasRole, Nursel), (HospitalModel 1, hasEntity, Stethoscopg),
(Stethoscopel, isPlayedBy, Physiciad), (Physicianl, plays,
Stethoscopel), (Nurse1, hasAsParticipant, Registratidl),
(Registration1, participatesin, Nursé)}
Go={(Hospital Model_2, hasAct, AllotBed 2), (Hospital Model 2,
hasAct, New Renew Registration patient 2), (Hospital Model 2, hasAct,
Admit_patient 2), (Hospital Model 2, hasParticipation, Registratia?),
(Hospital Model 2, hasAct, Diagnoseatient?), (Hospital Model 2,
hasRole, Patientsttendee?), (Admit_patient2, for, Registration2),
(Registration2, has, Admitpatient 2), (Registration2, has, Allot Bed 2),
(Allot_Bed 2, for, Registration2), (New Renew Registerpatient 2, for,
Registration2), (Registration2, has, NewRenew Registerpatient 2),
(Registration2, has, Diagnoseatient 2), (Diagnosgpatient 2,

In step-2, hscore is calculated as followsicore(¢;) =
hscore(ls) = hscore(ls) = 10,hscore(ly) =
18, hscore({s) = hscore({s) = 10, hscore({;) = 14, where
j=138,..,16. Selectl, and remove it fromM and hence
the subgrapttG = {(4, D, d)}.

Binding(M)= {{1, l2, U3, 5, ls, L7, ls, Ly, L10, L11, L12,
€13, 014, 615, 516}- The head 0?4 is (HOSpitCll_MOdel_ 1/
Hospital— Model _2/Hospital—_Model _3) is intersecting
with 41,45, 03,05, ¢s. Remove all fromM and hence the
subgraph of SG {(4, D, d), (1, A, a), (2, B, b), (3,
C, c), (5 E, e), (6, F, )}.Binding(M) = {tr, s,
ég, 410, 411, glg, €13, €14, 615, 616 } The tail of 54
is (Registration_1/Registration_2/Registration_3) is
intersecting W|th€7, 68, 69, 510, {11, Y12, 613, 014, 515, 616.
Hence the subgraph

for, Registration?), (Patientsattendee?, hasAsParticipant, SG ={(4,D,d),(1,A4,a),(2,B,b),(3,C,c),
Registration2), (Registration2, participatesin, Patientattendee?2), (5’ E, e), (6, F, f), (77 G,g), (8, H, h),
(Hospital Model 2, hasRole, Registratiostaff_2), (Hospi-

(9,1,4),(10, J,5), (11, K, k), (12, L, 1),

tal_Model 2, has Act, Checkweight and BP_of_patient 2),
(13, M,m), (14, N,n), (15,0, 0), (16, P,p)}.

(Check weight and BP_of_patient 2, for, Registration2), (Registration2,
has, Checkweight and BP_of_patient 2), (RegistrationStaff 2,
hasAsParticipant, RegistratioR),  (Registration2,  participatesin,
Registration Staff_2)} The result is the maximal subgraph@f, G, andG3 which
G3={(Hospital Model 3, hasAct, AllotBed 3), (HospitalModel 3, iS shown in Figure 4.
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— T .
G HMI/HM2/HM3 O where,z = taxdist(head j,, heads;,, ..., headpn;,),

E y = taxdist(relaj,, relasj,, ..., relan;, ),

@ . . . .

g z = taxdist(taily,, taily,,, ..., tail,,;, ) and

b=

é:‘, m—1

2 . .
taxdist(ci, oy ...y Cm) = g taxdist(c;, cit1)

Allot_Bed 3

the functiontazxdist(c;,c;+1) is the taxonomic (or seman-
tic) distance [[9] between two concepts and ¢;1. We
calculate the taxonomic distance between two concepts as
the minimum number of taxonomic edges that needs to be
traversed to reach; from c;,;. After transformations have
been applied,SG is returned along with a numeric score
reflecting the fithess of the match betwe@n, Go,..., G-

This score is computed based on the number of matched
triples over the size of the graphs being matched [11]. The
fithess score is also computed using a simple formula as
given by equation[{5)

@ Fitness(SG) — No. of Triples of SG

5
Mazimum of ni,ng,...,Mm ©)

In our example, the fitness of SG is approximately 0.5.

hasAsParticipant
@ IV. MERGING OFm-CONCEPTUAL GRAPHS

In this section we present an algorithm to merge-
conceptual graphs after determining the matched graph. Let
1, P2, .-, Pm b€ the number of unmatched triples of the
graphsGy, Go, ... , G,,. Assume that the matched graph SG

SG is consistent, hence we apply transformations t@s(G and consider each unmatched tripjg of a graphG;.
improve the match. For example transformati®nis applied Search G to determine the node containing the heag; of
to graphsG;,G2 and G5 and hence a triple is added toAfter determining such node;; is added as a subnode of the
graphsGi, G, and G3. Because of the added triple anothesearched graphs node. After adding all the unmatched triples
match is identified and that is addedSidr. The added triple in G, the resultant graph is the merged graph of m Graphs
is shown as an edge of dotted line in Figure 4. G1,Go, ..., G, Returning to our example the merged graph
of G1,G2,and G5 is shown in Fig 6.

Reg 1/Reg 2/Reg 3

Fig 4 Matched Graph
Legend: H_M: Hospital_Model, Reg: Registration, p: patient, N_R: New_Renew

—F hasRole

Figure - 5  Transformation

B. Fitness of the binding subgraph HMLTTH M 2/H M3

In this section we present the fitness of the matched Graph.
SG is returned along with a numeric score reflecting the
fitness of the match betweeh,, G, ..., G,,. This score is
used in situations where one graph is matched with a set of
graphs to select the best match. To calculate the fitness score,
we apply equation (3) t&G where

SG == {(t1j17t2j17 ...7tmj1)7
(t1j27t2j27 ...,tij), vy
(tljk'?thk? sy tmjk)}

and them-tuples (t1;,,t2j,, ..., tmj,; ), for j = 1,2,..., k are
aligned triples ofG1, Ga, ..., G, respectively.

k
SCOT’e(tlji 1125,5 tmj,i) Fig 6 Merged Graph
1=1

Fitness(SG) = = Legend: H_M: Hospital_Model, Reg: Registration, p: patient, N_R: New_Renew
min{(|G1] + tr1), (IG2| + tr2), ..., (IGm| + trm)gg

c
g
T
2|
S
s
o
P
©
£

Reg_1/Reg 2/Reg 3

Algorithm - 2:  Outline of the generalized merging

where |G, is the number of triples inG, andt, is the algorithm

number of additional triples added t&,, for s = 1---m,
by applying transformations. The score for eaaktuple of
triples (t1,,t2j,, ..., tmj,) IS computed using a function score

(1) Set SG as G
(2) FOR each unmatched tripla;, in Gy

as given by equation4), FOR each unmatched triplg;, in G
lerl + ﬁ + Zil FOR each unmatched tripla_m;m in G,
score(tyj;, taj;s s tmj;) = 3 (4) searchG for the head ofj;,, in n;
ISBN: 978-988-19251-5-2 WCE 2011
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Determine the node where there is a match gddas
a subnode for that searched node
and return the resultant graph @s

(3) RETURN G

V. CONCLUSION

Algorithms for matching and merging of.—conceptual
graphs are developed and the theoretical aspects are dis-
cussed in detail. Further these algorithms can be implemented
using any ontology management software to support its
application to the health care domain.
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