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Abstract. Biomedical ontology matching aims at determining the heterogeneous biomedical concepts, and bridging the semantic gap between heterogeneous biomedical ontologies.
The foundation of a biomedical ontology matching technique is the Biomedical Concept
Similarity Measure (BCSM), which calculates the similarity value between two biomedical concepts. Since various BCSMs have different advantages, usually several BCSMs
are aggregated together to improve the result’s confidence. How to tune the aggregating
weights to ensure the quality of the alignment is called biomedical ontology meta-matching
problem, which is a challenge in the ontology matching domain. Currently, researchers
mainly focus on how to tune the aggregating weights for various similarity measures to
improve the quality of the ontology alignments. However, the ignorance of the effects
brought about by different biomedical concept mapping’s preference on different similarity measures significantly reduces the alignment’s quality. To overcome this drawback, in
this work, we formally define the biomedical ontology meta-matching problem, and then
present an Ordered Weighted Average (OWA) based approach to automatically aggregate
various biomedical concept similarity measures. In our method, the aggregating weights
determined for each concept mapping is associated with the ordered position of the similarity value instead of a particular concept similarity measure. The experiment utilizes
the large biomed track provided by Ontology Alignment Evaluation Initiative (OAEI) to
test our proposal’s performance, and the experimental results show the effectiveness of
our proposal.
Keywords: Biomedical ontology matching, Biomedical concept similarity measure, Ordered Weighted Average

1. Introduction. Biomedical ontology is a state-of-the-art technique for solving the biomedical concept heterogeneity problem. However, different biomedical ontology engineers might describe the same
biomedical concepts in different ways, yielding the biomedical ontology heterogenous problem. Biomedical ontology matching can determine the heterogeneous biomedical concepts, and bridge the semantic
gap between heterogeneous biomedical ontologies. Biomedical Concept Similarity Measure (BCSM) is
the kernel technique of a biomedical ontology matching technique [1], which calculates the similarity
value between two biomedical concepts. Since various BCSMs have different advantages, usually several BCSMs are aggregated together to distinguish the heterogeneous biomedical concepts. How to tune
the aggregating weights to ensure the quality of the alignment, i.e. biomedical ontology meta-matching
problem, is now a challenge in the ontology matching domain [2].
Currently, researchers mainly focus on how to determine the optimal weights for aggregating various
BCSMs. However, the ignorance of the effects brought about by different biomedical concept mapping’s
preference on different BCSMs significantly reduces the alignment’s quality [3]. For example, it is better to use the linguistic measure instead of syntactic measure to distinguish two terms “Myocardium”
and “Cardiac Muscle Tissue”. To ensure the alignment’s quality, in this work, we formally construct a
mathematical model for the biomedical ontology meta-matching problem, and then we present an Ordered Weighted Average (OWA) [4] based approach to automatically aggregate various BCSMs. In our
approach, the aggregating weight of each concept mapping is determined by the sorting position of the
similarity value instead of a particular BCSM.
The rest of the paper is organized as follows: Section 2 presents the mathematical model of the
biomedical ontology matching problem; Section 3 describe in details various BCSMs; Section 4 presents
the OWA-based biomedical ontology meta-matching process; Section 5 gives the experimental study; and
finally, Section 6 draws the conclusion.
2. Biomedical Ontology Matching. A biomedical ontology O consists of a concept set, a property
set and a axiom set [5], and a biomedical ontology alignment A can be defined as a concept mapping set,
and each concept mapping is a 3-tuples (c1 , c2 , simV alue) where c1 and c2 are two biomedical concepts
from two ontologies respectively, and simV alue ∈ [0, 1] is the similarity value between c1 and c2 . Basing
on the principle that the larger scale of the concept mapping set and the higher mean similarity valuer is
in an alignment, the higher quality of it is [6], we utilize the following equation to measure a biomedical
ontology alignment A’s quality:
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P|A|
f (A) = 0.5 × M C(A) + 0.5 ×

i=1

simV aluei
|A|
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(1)

where |A| is A’s cardinality, M F () calculates A’s MatchCoverage [7] based on A’s concepts mappings
number, simV aluei is the ith concept mapping’s similarity value. On this basis, the biomedical ontology
meta-matching process is defined as a five-tuple (O1 , O2 , Aset , Wset , F ), where:
• O1 and O2 are two biomedical ontologies, Aset is a set of the biomedical ontology alignments
corresponding to diverse BCSMs;
• Wset is a set of various aggregating weight sets;
• F : Wset → S ∈ [0, 1] evaluates the quality of a weight set W ∈ Wset :
|Aset |

F (W ) = f (A),

A=

X

wi Ai

with

wi ∈ W

and Ai ∈ Aset

(2)

i=1

3. Biomedical Concept Similarity Measure. BCSM takes as input two biomedical concepts and
returns a value in [0,1] reflecting their similarity. In particular, two concepts are the same if their
similarity value is 1, and completely different if 0. Generally, there are three broad categories of BCSM,
i.e. syntactic measures, linguistic measures and taxonomy measures. In the next, we will introduce them
one by one in details.
3.1. Syntactic measure. Syntactic measure works by calculating the edit distance of two biomedical
concepts. In this work, we use two classic syntactic measures, i.e. Levenshtein distance [9] and Jaro distance [10]. Given the biomedical concepts c1 and c2 , the similarity values based on Levenshtein distance
simLevenshtein (c1 , c2 ) and Jaro distance simJaro (c1 , c2 ) are respectively defined as follows:
 min(|c |, |c |) − dist(c , c )) 
1
2
1 2
simLevenshtein (c1 , c2 ) = max 0,
min(|c1 |, |c2 |)
simJaro (c1 , c2 ) =

1  comm(c1 , c2 ) comm(c1 , c2 ) comm(c1 , c2 ) − comm0 (c1 , c2 ) 
+
+
3
|c1 |
|c2 |
comm(c1 , c2 )

(3)
(4)

where: |c1 | and |c2 | are the character number of c1 and c2 , respectively, dist(c1 , c2 ) is c1 and c2 ’s edit
distance, comm(c1 , c2 ) is common characters’ number of |c1 | and |c2 |, comm0 (c1 , c2 ) is the number of the
common character pairs with different positions.
3.2. Linguistic measure. Linguistic measure utilize an electronic dictionary to calculate the similarity
value of two biomedical concepts. In this work, we select The Unified Medical Language System (UMLS)
[11] as the electronic knowledge base to calculate a synonymy-based distance. Given two biomedical
concepts’ names n1 and n2 , the linguistic similarity value between them is calculated as follows:

if n1 and n2 are synonymous;
 1,
0.5, if n1 and n2 are hyponymous or hypernymous;
simLinguistic (n1 , n2 ) =

0,
otherwise.

(5)

3.3. Taxonomy-based measure. Taxonomy-based measure makes use of the biomedical ontology’s
concept hierarchy to determine the distance between two biomedical concepts. In this work, we first
construct a profile for each biomedical concept, which includes the information of its direct ascendant,
descendants and siblings. Then, the taxonomy-based similarity value of two biomedical concepts c1 and
c2 is calculated as follows:
P|p1 |

i=1

simT axonomy (c1 , c2 ) =

max (sime (p1i , p2j )) +

j=1···|p2 |

P|p2 |

j=1

max (sime (p1i , p2j ))

i=1···|p1 |

(6)
f +g
where p1 and p2 two profiles respectively corresponds to c1 and c2 , |p1 | and |p2 | are respectively the
cardinalities of p1 and p2 . In particular, sime (p1i , p2j ) measures two profile elements’ similarity value
through SMOA distance [12].
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4. Similarity Aggregation with Order Weighted Average. It is a difficult task to determine the
suitable wi for aggregating various biomedical concept similarity measure since different biomedical concept mappings have different preferences on the concept similarity measure. In this work, we investigate
the ordered weighted averaging (OWA) technique to automatically tune the aggregating weights. Given
a set of similarity values SimV alue = (simV alue1 , simV alue2 , · · · , simV aluen ) on a biomedical concept
mapping, where n is the number of BCSMs. After reordering the elements in SimV alue in descending
order, we obtain SimV alue0 = (simV alue01 , simV alue02 , · · · , simV alue0n ), and the final similarity value
ca be calculated according the the following equation:
simV aluef inal =

n
X

wi · simV

alue0i ,

i=1

n
X

wi = 1,

wi ∈ [0, 1]

(7)

i=1

where wi is the ith BCSM’s aggregating weight. Here, a weight wi is determined by the sorting position of
the similarity value instead of a particular concept similarity measure. Then, the ith aggregating weight
r−a
wi is equal to Q( ni ) − Q( (i−1)
n ) [13], where given two predefined thresholds a, b ∈ [0, 1], Q(r) = 0, b−a , 1
respectively when r < a, a ≤ r ≤ b, r > b.
Given n BCSMs sm1 , sm2 , · · · , smn , a biomedical concept mapping (c1 , c2 ), smi (c1 , c2 ) is is the similarity value between c1 and c2 determined by smi , which indicates the degree to which (c1 , c2 ) satisfies
smi . In this work, we utilize the Alh principle, i.e. satisfies at least half of BCSMs, to combine BCSMs,
which can achieve the highest average alignment quality on all testing cases.
5. Experimental Studies and Analysis. In this work, we exploit the Large Biomed 1 track provided
by the Ontology Alignment Evaluation Initiative (OAEI) 2 . Large Biomed track aims at matching three
biomedical ontologies FMA (with 78,989 biomedical concepts), SNOMED CT (with 122,464 biomedical
concepts) and NCI (with 66,724 biomedical concepts).
As shown in Table 1, our proposal’s f-measures are better than OAEI’s participants in all three tasks.
In particular, the our proposal’s precision values are in general high, which further indicates that our
proposal is effective.
6. Conclusion. To improve the biomedical ontology alignment’s quality, an OWA-based biomedical
ontology meta-matching technique is proposed. Our approach is able to determine the aggregating
weights for various biomedical concept similarity measures automatically. The experiment utilized the
OAEI’s large biomed track to test our proposal’s performance, and the experimental results show the
effectiveness of our proposal.
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