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Abstract. Controlled medical vocabularies have become increasingly
important in a range of medical informatics applications. However, the
extensive size of most vocabularies often makes it difficult for users to
gain an understanding of their contents. In previous work, we have in-
vestigated the partitioning of a large semantic-network based medical
vocabulary into smaller units, for the purpose of easier graphical display
and comprehension. The partitioning process relied heavily on a domain
expert. In this paper, we propose a structural method for automating
the partitioning of a vocabulary. The structural method is based on a
definition of the similarity of a pair consisting of a child concept and its
parent concept in the semantic network. A distribution over these sim-
ilarities for all pairs in the semantic network is then computed. Based
on this distribution, the semantic network can be partitioned into more
manageable pieces. The approach has been applied to the InterMED and
a complex portion of the MED, two large medical vocabularies.

1 Introduction

In order to improve the quality of medical communications, the medical com-
munity has created a number of standardized vocabularies, e.g., [10, 15, 22, 29].
These vocabularies help healthcare providers, insurance companies, pharmacies,
and other members of the medical community avoid misunderstandings and de-
fine unique encodings for drugs, diagnoses, diseases, procedures, etc. Some of
these vocabularies have been computerized, such as the MED [8, 9] and the
InterMED [23, 26] which are modeled as semantic networks [13, 28].

The MED is a semantic network with over 48,000 concepts, 61,000 IS-A links
and 71,000 other links in its 1996 version. While the MED is extremely useful,
it is difficult for its users to grasp the knowledge contained in it. Intuitively, a
graphical representation of the MED should help. However, one can estimate
that a picture of the MED would comprise an area of at least 300 square feet,
which is by far too large for any comprehension purposes. For the InterMED, we
measured the size of a display. It required over sixty square feet for about 3,000
concepts and all the IS-A links connecting them.

In order to deal with this problem, we have investigated the approach of
partitioning a semantic network into smaller disjoint units, called “contexts,”



that fulfill three conditions: (1) Every context should be meaningful in the eyes
of an expert; (2) Every context should fit onto one screen; and (3) The union of
all disjoint contexts should be identical to the original network.

Semantic networks are directed acyclic graphs (DAGS) that are constructed
around backbones of IS-A links. One would think that the extensive literature on
graph partitioning [1, 2, 3, 17] would supply the theoretical means for achieving
the kind of partitioning described above. Unfortunately, this expectation fails for
two reasons: (1) Partitioning problems tend to be NP-complete [12], i.e., proba-
bly not solvable by polynomial algorithms; (2) The requirement of “meaningful
groups” is beyond the scope of graph algorithms.

To overcome these problems, we have previously combined human expert
judgment with algorithmic tools. We have introduced a technique called “dis-
ciplined modeling” [14, 24] that results in a partitioning of a semantic network
into a set of trees. However, in this approach, human expert judgment is an
important ingredient. In this paper, we present an approach which completely
avoids the involvement of a human expert. Rather, it relies on structural features
of the semantic network.

To understand the basic idea of our partitioning approach, we need some
background regarding the MED and InterMED. We will only refer to the In-
terMED, but all ideas apply equally to the MED. In the InterMED, each at-
tribute and relationship is introduced at a unique concept and is inherited by
all concepts below it, via the IS-A links.

Attributes describe information local to a concept, while relationships are
links between concepts. In Fig. 1, we show a small subnetwork of the InterMED.
Round-edged rectangles are concepts, and attributes are listed beneath the con-
cept names. Bold arrows stand for IS-A links. Labeled arrows are relationships.
The fact that a property is introduced at a certain point, however, does not
guarantee that a value is also introduced for it at that point. Attribute values
are not inherited in the InterMED, but relationship targets usually are. In some
cases, relationships are overridden at lower levels in the hierarchy.
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Fig. 1. A subnetwork of the InterMED

Sometimes concepts in the InterMED are very similar to their parent con-



cepts, while at other times they are very different. A child might not introduce
any new attributes and relationships. In addition, it might inherit all relation-
ship targets without any overriding. Clearly, such a child concept is very similar
to its parent concept. On the other hand, a child might introduce several new
attributes and relationships and override the targets of all its inherited relation-
ships. In this case, the child concept is very different from its parent.

The underlying idea of the partitioning is to examine every concept in the
InterMED and find out how similar it is to its parent(s). Obviously, if a concept
N is very different from (all) its parent(s), we may suspect that a new meaningful
group of concepts starts just below it.

The similarity measure we propose can be expressed concisely by a single
number. By using either the introduction points of properties alone, or by com-
bining them with target inheritance behavior, we gain some fine control over
the computation of similarity numbers. In this approach, no human expert is
required at all.

The rest of this paper is organized as follows. In Section 2, we will describe
the approach that we have used to partition the InterMED. Section 3 compares
our results with the results obtained by our previous approach, which made use
of a human expert. In Section 4, we will briefly review some related literature.
Finally, in Section 5, we will conclude with a discussion of the value of these
results and future work.

2 Partitioning Approach

Our partitioning approach is based on the similarities of the property sets
of child/parent pairs in the semantic network. The property similarity of a
child/parent pair gives a quantitative measure of the similarity of the children
and parents. It is obtained from comparisons of the respective properties of each.
We define the property similarity o of a child/parent pair as a number between
0 and 1, where 0 means the lowest and 1 the highest similarity (identical).

2.1 Similarity based on Property Introduction

In the InterMED, each property is first introduced at a unique concept which
we will call property-introducing concept for the property [19]. A concept may
serve as the property-introducing concept for many properties. A property is
inherited by all the children and descendants of a concept. Thus, there are only
two cases for all child/parent pairs. One is that the child concept has the same
properties as its parent concept. This means that the child concept only inherits
the properties from its parent concept instead of introducing any new properties
of its own. This child concept is obviously similar to its parent concept. For this
case, we assign this pair the similarity 1. The other case is that the child concept
has more properties than its parent. Either the child concept introduces at least
one new property, or it inherits properties from multiple parents with different
properties. In this case, the two concepts will be given the similarity 0.



We can partition the network into several subnetworks by removing all child /parent

links which have similarities 0. Thus, each subnetwork will contain concepts with
the same properties. One could argue for a more sophisticated numeric evalua-
tion. For instance, we could use the following formula.

number of properties at parent

o= . . (1)

number of properties at child

However, the InterMED contains only 58 distinct properties and there are

only 38 child/parent pairs in which the child concepts have more properties
than their parents. Thus, we obviously want to cut all child/parent links where
the child and parent are at all different. Therefore, assigning 0 to such pairs
of concepts is a good choice. In a network that has a higher degree of property
introduction, we would use Formula 1. After we remove all links with similarities
0, the InterMED with 2,820 concepts is divided into 38 subnetworks. Unfortu-
nately, one of the subnetworks contains more than 1,000 concepts. Thus, we need
a better formula to compute the property similarity.

2.2 Similarity based on Relationship Overriding

As we saw, considering only the numbers of properties for computing the simi-
larity of each child/parent pair does not give a satisfactory partitioning result.
The property similarities need to be calculated more accurately.

Before giving the formulas which we used to compute the property similar-

ity, we need to recall that attributes have literal values and relationships point
to other concepts. Both attributes and relationships may be set-valued. That
means that one relationship may have several target concepts. The relationship
inheritance in the InterMED may take place in four different ways:

— Full inheritance: A child concept inherits all values (target concepts) of the
relationship. In Fig. 2 (a), A has the relationship targets C' and D. B inherits
the relationship r and, therefore, has the same targets C' and D.
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Fig. 2. Four different ways of relationship inheritance

— Additive inheritance: A child concept inherits all values of the relationship
and adds more values for the relationship. In Fig. 2 (b), A has the relation-
ship targets C' and D. B inherits the relationship r and has the same targets
C and D. In addition, B has the target E, which is a child of C.



— Partial overriding: A child concept inherits some values and overrides (re-
fines) other values of the relationship. In Fig. 2 (c), B inherits the target D
from A. However, the target C is overridden by the new target E, which is
a child of C.

— Full overriding: A child concept overrides (refines) all values of the relation-
ship. In Fig. 2 (d), all targets of the relationship r of A are overridden. B
refers to E/ and F' instead of their respective parents, C' and D.

We will now introduce a similarity formula that takes the possibilities listed
above into account. Consider a child having m relationships and its parent having
n relationships. The number of fully overridden relationships is f, the number
of partially overridden relationships is p, and the number of additive inheritance
relationships is d. Then the similarity of the child/parent pair is:

g==f-r-d 2)
m

When the child has the same number of relationships as its parent (m = n)
and no relationships are overridden, the similarity of the child/parent pair will
be 1. On the other hand, if there is no full inheritance for any relationship, the
similarity for the child/parent pair will be 0.

Using Formula 2, we can compute the property similarities for all child /parent
pairs. Then, we can remove IS-A links between child concepts and their parents
for pairs with low similarities. Ideally, the network will be partitioned into several
smaller sub-networks, within each of which all concepts are quite similar.

Unfortunately, due to multiple inheritance, this is not always true. Because
the InterMED is a DAG, cutting “random edges” gives us little control over
partitioning into components. For example, if after cutting, each child is still
connected to at least one parent, the original network will not be partitioned
at all. If we can first reduce the graph to a tree, then removing links from the
tree will result in a forest. There are additional advantages to working with a
tree. It is generally easier to comprehend a tree than a DAG consisting of the
same concepts, because in a tree upward paths are not branching. Therefore, we
reduce the DAG to a tree as follows. We call this step tree identification.

Assume that a child concept C has ¢ parent concepts (g > 1). The property
similarities of child/parent pairs are 01,03, ..., 0, respectively. If there is only
one maximum number, call it 0,42, among o4, 03,...,0,, then all links with
similarities o; (¢ # mazx) will be removed. If there are two or more maximum
numbers among o1, 02, ..., 0q, one IS-A link with maximum similarity o4, will
be retained randomly, and all others will be removed.

Because tree identification will produce a tree, removing any links in the tree
will result in a forest of more than one tree. Now the question is: Which links of
the tree should be removed to create a useful partitioning result? Because the
purpose of partitioning is to help users comprehend the concept network, each
subtree produced by the partitioning scheme should be meaningful and have a
manageable size. After we compute the similarities for all child/parent pairs, the
distribution of property similarities can be calculated (Table 1). According to



Table 1, there are n; child/parent pairs that have property similarities between
0 and k;, etc. Table 1 gives us the similarity distribution for the whole network
and helps us decide which concepts should reside in the same context. We can
choose a numeric parameter K and remove all the IS-A connections between
child concepts and their parent concepts for which the similarity ¢ < K. The
result will be several trees. All child/parent pairs in each tree have similarities
greater than K. By varying K, we have some control over the number of links
that are cut. With that, we get some control over the size of the contexts that
are generated.

Table 1. Distribution of Table 2. Similarities of Table 3. Similarities of

similarities the Inter MED complex network MED
Property | Number of Property | Number of Property | Number of
Similarities|child /parent Similarities|child/parent Similarities|child /parent
pairs pairs pairs

0 no 0 855 0 0

(0, k1) n1 (0, 0.1) 0 (0,0.1) 0

[k1, k2) n2 [0.1, 0.2) 0 [0.1, 0.2) 0

) ) [0.2, 0.3) 1 [0.2, 0.3) 0

: : [0.3, 0.4) 17 [0.3, 0.4) 0

[ki, 1) Mit1 [0.4, 0.5) 0 [0.4, 0.5) 1

1 nite [0.5, 0.6) 72 [0.5, 0.6) 2

[0.6, 0.7) 5 [0.6, 0.7) 4

0<ki1<kz<..<k;<1 [0.7, 0.8) 22 [0.7, 0.8) 2

(0.8, 0.9) 212 [0.8, 0.9) 3

[0.9, 1.0) 1 [0.9, 1.0) 0

1 864 1 2

An interesting question is whether we gain anything if we combine similarity
by property introduction with similarity by relationship overriding. The answer is
“no,” because the contribution of relationship introduction is already contained
in Formula 2. For example, if a child has more relationships than its parent due
to relationship introduction, the link will not be assigned a similarity of 1, even
if the child has full inheritance for all relationships. The contribution of attribute
introduction is negligible because there are only 12 attributes in a vocabulary of
2,820 concepts, most of which are introduced at the root.

2.3 Partitioning the InterMED

Now let us use the approach described above to partition the InterMED. The
InterMED contains 2,820 medical concepts. The number of child/parent pairs
is 4,687. After tree identification, the distribution of property similarities can
be computed (Table 2). Based on this distribution figure, we can choose a K to
partition the InterMED by removing all links with similarities less than K. We
can vary K to obtain alternative partitioning results.



First, let us choose K = 1.0. This means that each subtree resulting from the
partitioning will contain concept pairs with similarities 1. The number of subtrees
created by this partitioning is 1,955; the biggest subtree contains 519 concepts;
there are 1,868 subtrees with only one concept. Fig. 3 shows the number of trees
for each size of the trees.
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Fig. 3. Size of trees vs. number of trees for different values of K

For K = 0.7, the partitioning gives us 1,720 subtrees, containing the child/pa-
rent pairs with similarities greater than 0.7 ( Fig. 3). The biggest tree consists
of 519 concepts. The number of trees consisting of a single concept is 1,646.
Compared with K = 1.0, this result is better because even though the biggest
tree is still of the same size, the number of small trees is reduced. However,
there are still too many trees with small numbers of concepts. With K = 0, the
partitioning will produce a forest, with trees containing child/parent pairs with
similarities greater than 0. The number of trees is 855. The largest contains 758
concepts. There are 795 trees which consist of only one concept (Fig. 3).

As we have seen, different values of K can be chosen to partition the In-
terMED differently. Unfortunately, we do not get ideal partitioning results. Some
of trees contain large numbers of concepts, which cannot be displayed neatly on
one screen. There are also many trees consisting of only a single concept or very
few concepts; such trees do not capture much meaning.

The appearance of a large number of single-concept trees or trees with very
few concepts is due to the incompleteness of the the InterMED; among the 2,820
concepts of the InterMED, 2,186 are leaves. Most of the single-concept trees are
derived from the leaves of the original network. If more concepts were added to



the InterMED, some of these leaves would become parents and the trees would
turn into contexts with significant numbers of concepts. The remaining large
trees would need to be partitioned by a human. Our partitioning algorithm still
improves the situation, because there are few large trees left. In addition, even
the largest of those trees is considerably smaller than the original vocabulary.

3 Structural Partitioning vs. Expert Partitioning

In this section, we will compare our partitioning results with the results obtained
by semantic partitioning [14]. We apply these two methods to the most complex
subnetwork of the MED. The results turn out to be quite similar.

In the MED, the concept Cortisporin Opthalmic Ointment has the most
ancestors: 39. We will focus on the subnetwork containing this concept and all its
ancestors. The subnetwork contains 62 IS-A relationships and 157 other relation-
ships. For 62 child/parent pairs, we use Formula 2 to compute their similarities.
After applying tree identification, we compute the similarity distribution of the
tree ( Table 3). If we want only child/parent pairs with maximum similarity to
reside in the same tree, we can choose K = 1. After removing all IS-A links with
o < 1, we obtain a forest with 13 trees (Fig. 4).

In [14], we described a methodology to partition a network into several trees.
There, a domain expert is required to make a judgment about whether a child
concept and its parent concept are similar. Using that approach, the complex
subnetwork was partitioned into 18 trees (Fig. 5).

Comparing the results obtained from the two approaches (Fig. 4 and Fig. 5),
we find that our “structural” approach gives results that are similar to the results
of the semantic approach in [14]. The results of the structural approach also
appear semantically plausible. There are 10 tree roots out of 13 that are the same
as for the semantic partitioning obtained from a domain expert’s knowledge.

4 Related Literature

The issue of grouping concepts together in a “reasonable” manner has long
been known as “conceptual clustering” in AI. “Clustering is usually viewed as a
process of grouping physical or abstract objects into classes of similar objects.
One needs to define a measure of similarity between the objects and then apply
it to determine classes” [21]. A “goodness measure” is usually defined for the
overall partitioning of objects [7]. Note that these are not classes in the sense of
object-oriented programming, but classes in the sense of conceptual categories.
On the other hand, in statistical clustering [11] and numerical taxonomy [27],
most similarities are defined between pairs of objects. Our formula considers
child/parent pair similarity and is applied to all concepts in order to partition
an entire network into a collection of trees.

In [16], we find one of the oldest Al approaches to this problem, which parti-
tions networks into “net spaces.” These net spaces delimit the scopes of quanti-
fied variables. The partitioning into net spaces is done by experts and it cannot
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Fig. 4. Partitioning result based on structural partitioning

be carried out by checking the similarity among concepts. Different from our vo-
cabulary networks, in SNePS [25] the IS-A relation is treated in the same way as
all other relations. In [18], Levinson presents the principle of pattern-associativity
by indexing objects into multi-levels. This approach allows one to organize con-
ceptual graphs into a multi-level partial order by subgraph-isomorphism.

In [30], Woods describes the taxonomies of structured conceptual descriptions
following work of the KL-ONE family [5]. Such taxonomies were generated by
the subsumption relationship that relates each pair of concepts [13]. Our formula
provides an approach to break the IS-A hierarchy in a reasonable way to generate
a collection of trees.

To answer queries using different knowledge representations at different ab-
straction levels, Chu [6, 20] proposed the “Type Abstraction Hierarchy” which
characterizes the instance values differently at different knowledge levels. How-
ever, the instances have neither subsumption relationships nor attributes among
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them. For the purpose of generating a concept hierarchy, the method cannot be
applied to a complicated network with attributes and subsumption relationships.
In OODB approaches, objects with common properties are grouped into classes.
The class hierarchy is also used to capture generalization and specialization in-
formation [4]. However, the similarity among instance values is not considered
in the creation of the class hierarchy.

5 Conclusions and Future Work

In this paper, we have presented a technique for “structurally” partitioning a
large network of medical concepts. The technique has as its basis a similarity
measure which is assigned to child/parent pairs in the vocabulary. We have
shown the results of applying the approach to a large vocabulary, breaking it
into meaningful subnets for the purpose of graphical display and comprehension.



We have obtained an important result, namely, that the outcome of a human
expert-based partitioning of a large vocabulary is quite similar to the partitioning
which is the result of applying our purely structural method.

In future work, we will further refine our similarity measures by in turn com-
puting the similarity of every single partially overridden relationship. Another
interesting idea is to combine the structural and expert-based approaches. The
task of partitioning a vocabulary of thousands or tens of thousands of concepts
into manageable groups can be overwhelming and by far too time consuming.
As an expert is needed for the semantic partitioning, this can be very expensive!
In short, the semantic approach by itself is not realistic for large vocabularies,
and large vocabularies are the only interesting ones. We can use our structural
approach to help a domain expert. The results of the structural partitioning
method can be given to a domain expert who can then work on partitioning the
remaining large trees into smaller subtrees.
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