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Abstract

SNOMED CT (SCT) has been endorsed as a premier clinical 
terminology by many organizations with a perceived use with-
in electronic health records and clinical information systems. 
However, there are indications that, at the moment, SCT is not 
optimally structured for its intended use by healthcare practi-
tioners. A study is conducted to investigate the extent of in-
consistencies among the concepts in SCT. A group auditing 
technique to improve the quality of SCT is introduced that can 
help identify problematic concepts with a high probability. 
Positional similarity sets are defined, which are groups of 
concepts that are lexically similar and the position of the dif-
fering word in the fully specified name of the concepts of a set 
that correspond to each other. A manual auditing of a sample 
of such sets found 38% of the sets exhibiting one or more in-
consistent concepts. Group auditing techniques such as this 
can thus be very helpful to assure the quality of SCT, which 
will help expedite its adoption as a reference terminology for 
clinical purposes.
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Introduction

SNOMED CT (SCT) [1] is a controlled clinical reference ter-
minology with comprehensive coverage of clinical findings, 
diseases, procedures, therapies and outcomes intended for re-
cording clinical data [2, 3]. This data can be made available to 
computer systems for clinical decision support [4] and im-
proved patient safety [5-7]. In the past decade, SCT gained 
recognition as a premier clinical terminology through en-
dorsements from many national and international organiza-
tions. The most commonly perceived use of terminologies 
such as SCT is the encoding of clinical data within electronic 
medical systems including electronic health records (EHRs)
and clinical information systems.

The usage of large standard terminologies like SCT is highly 
influenced by quality assurance and auditing issues. Past re-
searches (e.g., [8, 9]) have identified instances of inconsistent 
modeling in SCT, which could act as a barrier for the success-
ful use of SCT in EHRs [10]. Such inconsistencies may be 
perceived to have minimal implications regarding clinical cod-
ing. However, inconsistencies may significantly affect the per-
formance of reasoners and inference generation (e.g., in the 
context of error detection and decision support) as these ex-
plicitly rely on the completeness and consistency of formal 
definitions. A number of techniques have been proposed to 

identify the weak spots that are likely to contain errors and 
present them to an auditor for manual review [8, 11, 12].

An intensive auditing effort is urgently needed to improve the 
quality of the suggested SCT concepts and ensure quality as-
surance in SCT [13]. However, an audit of all concepts of SCT 
requires extensive quality assurance resources and will require 
an extended period of time. A desired approach in coping with 
this urgent quality assurance need is to develop techniques for 
identifying subsets of SCT with expected higher concentration 
of errors.

This paper presents one such approach, which analyzes the 
textual representation of sets of concepts similar at the term-
level, in an attempt to characterize the consistency of the mod-
eling across these concepts. Sets of concepts with similar 
terms are gathered through standard lexical techniques for all 
the 19 hierarchies of SCT. Positional similarity sets are intro-
duced and an analysis is performed on SCT’s Procedure hier-
archy to look for inconsistent modeling among these lexically 
similar concepts. The results show that 38% of the positional 
similarity sets that were reviewed have concepts with incon-
sistent modeling. Positional similarity sets are, thus, found to 
be effective in identifying inconsistent concepts with high like-
lihood.

Background

In [8], it was shown that if the concepts are lexically similar, 
they should also be modeled in a similar way at the description 
logic level. This would mean that the two lexically similar 
concepts should exhibit similar number of parents, groups and 
relationships. Table 1 displays two concepts from the Proce-
dure hierarchy that are lexically similar. 

Table 1 – An example of two similar concepts

CID Fully Specified Name
179447000

179954004

Prosthetic uncemented total shoulder replace-
ment (procedure)
Prosthetic uncemented total elbow replacement 
(procedure)

The two concepts Prosthetic uncemented total shoulder re-
placement (procedure) and Prosthetic uncemented total elbow 
replacement (procedure) are lexically similar as they only dif-
fer in the joint involved – shoulder vs. elbow. This would 
mean that the two concepts should also be modeled in a simi-
lar way. Figure 1 and Figure 2 displays the snapshots of the 
modeling of the two concepts from CliniClue Browser [14].
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Each of these concepts have one parent as shown by the is-a
relationship, three attribute relationships and one role group. 
Also, both of these concepts have the same attribute types, viz. 
method, direct device and procedure site - direct and they only 
differ in their target values. So, it can be seen that the two con-
cepts are not only similar lexically but they are also similar 
structurally and this is what is expected out of similar con-
cepts.

Figure 1- CliniClue snapshot of CID 179447000

Figure 2- CliniClue snapshot of CID 179954004

A technique to group similar concepts was formulated in [8]
and the groups of similar concepts were called similarity sets. 
All concepts whose fully specified names differed from each 
other by one word were grouped together as a similarity set.
The position of the differing word among the concepts of a set 
was not considered relevant, while generating such similarity 
sets. Standard lexical variations as well as stop-words (like 
“a,” “an,” “the”) were ignored. Table 2 displays one such ex-
ample of a similarity set. The set consists of three concepts. 
The second concept differs from the seed (first) concept in the 
procedure involved – prophylactic vs. therapeutic. The third 
concept differs from the seed concept in the portion of the 
limb involved – upper vs. lower.

Table 2 –A similarity set with three concepts

CID Fully Specified Name
305067001
305096000
305070002

Prophylactic upper limb stretching (procedure)
Therapeutic upper limb stretching (procedure)
Prophylactic lower limb stretching (procedure)

A random sample of 60 such sets was audited and the results 
were analyzed. Table 3 summarizes the results of that study.  
As can be seen in the table, 30% of the sets were found to be 
inconsistent. In terms of concepts, 13.2% of the concepts were 
found to be inconsistent.

The next logical step in this study would be to enhance these 
similarity sets by applying different techniques that can help 
improve the efficiency of identifying inconsistencies in these 
sets. This paper presents a structural indicator, which can help
increase the likelihood of finding inconsistencies among con-
cepts in a similarity set.

Table 3– Results from past study[8]

# %
Sets 60
Inconsistent sets 18 30.0
Concepts 204
Inconsistent concepts 27 13.2
Primitive concepts 159 77.9
Leaf concepts 167 81.8

In the previous study, similarity sets were generated without 
taking into consideration the position of the word that was 
different between the seed concept and the other concepts in 
the set. This can result in concepts with different meaning be-
ing grouped together in a set. This study makes the rule stricter 
by only considering those concepts to be a part of a set where 
the position of the differing word in the fully specified name 
(FSN) is the same in all the concepts of the set. Such a set is 
called a positional similarity set. Applying this strictness in the 
position of words to the similarity set shown in Table 2 will
result in two positional similarity sets with two concepts each 
as shown in Table 4. The first set has two concepts that differ 
in the procedure involved – prophylactic vs. therapeutic. The 
second set has two concepts that differ in the portion of the 
limb involved – upper vs. lower. The strictness in the position 
of the differing word generates similarity sets with concepts 
that are much more similar in their lexical meaning. This tech-
nique also helps reduce the size of the sets which helps an au-
ditor to focus on smaller sets of concepts.

Table 4 – Two positional similarity sets

CID Fully Specified Name
305067001
305096000

Prophylactic upper limb stretching (procedure)
Therapeutic upper limb stretching (procedure)

305067001
305070002

Prophylactic upper limb stretching (procedure)
Prophylactic lower limb stretching (procedure)

An example of inconsistencies that can be identified in con-
cept modeling using similarity sets was explained in detail in
[8]. It involved a set containing five concepts, three of which 
are Primary cemented total ankle replacement, Primary ce-
mented total hip replacement, and Primary cemented total 
knee replacement. Although, the concepts looked alike lexical-
ly, discrepancies were identified in their hierarchy, role-
groups, attributes, attribute values and definitional status.

The test-bed for this study is the Procedure hierarchy of Janu-
ary 2011 release of SCT. Procedure hierarchy is one of the 
main hierarchies of SCT where retrieval of clinical data is 
most useful and relevant. There are a set of 23 potential defin-
ing attributes for the Procedure hierarchy [15]. Table 5 lists 
these defining attributes. For most attribute domains, SCT 
defines one or more ranges from which target values can be 
assigned. For example, the attribute Direct substance can be 
assigned target values from two ranges: Substance and Phar-
maceutical/biologic product. Furthermore, SCT allows multi-
ple attributes and their values to be grouped together to create 
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what are called “role-groups”. These role-groups combine 
multiple attribute/value pairs to create specific associations 
between appropriately relevant target concepts, thus enhancing 
the precision of definitions.

Table 5– Defining attributes for Procedure hierarchy

Access Procedure site
Direct device Procedure site - Direct
Direct morphology Procedure site - Indirect
Direct substance Recipient category
Has focus Revision status
Has intent Route of administration
Indirect device Surgical Approach
Indirect morphology Using device
Method Using access device
Priority Using energy
Procedure device Using substance
Procedure morphology

Materials and Methods

An algorithm is designed to create positional similarity sets. A 
positional similarity set is a group of concepts where the FSNs 
of the concepts have a lexical similarity, i.e., the concept 
names are similar in their word structure. The focus, here, is 
on FSNs that differ from each other by one word. The sets are 
positional in the sense that the comparison between the two 
concepts is one-to-one, i.e., the matching words and the differ-
ing word should correspond in their positions in the two con-
cepts in a set. For example, let f1 and f2 be two five-word 
FSNs with f1 = “w1 w2 w3 w4 w5” and f2 = “w1 w6 w3 w4 
w5”, where each wi is an individual word in the concept FSN. 
Then the concepts f1 and f2 are in a set together as there FSNs 
differ only by one word, w2 versus w6, and at corresponding 
positions, i.e., second word in each of the concept.

The sets are created by randomly choosing a concept from the 
hierarchy as the seed concept of a set. The seed concept is then 
the first concept of the set. All the concepts in the hierarchy, 
where FSN differ from that of the seed concept by one word
and at the corresponding position, are placed in the same set as 
this seed concept. The process of randomly selecting a seed 
concept for a set and finding other concepts that form the set 
continues until all the concepts in the hierarchy, which can be 
classified as a part of a set, have been classified. There must 
be a minimum of two concepts in order to form a set.

The algorithm takes care of the stop-words in the concept 
FSNs in order to improve the efficiency of the result. Stop 
words are words that are filtered out prior to the processing of 
the concept FSNs. Standard lexical variations as well as stop-
words (like “a,” “an,” “the”) are ignored in order to improve 
performance. Only the single word prepositions, coordinating 
conjunctions, and definite and indefinite articles were used as 
stop-words.

Positional similarity sets are generated for all the 19 hierar-
chies of SCT using the January 2011 release. A randomly se-
lected sample of 50 sets from Procedure hierarchy is then 
evaluated by one of the authors (GE) who is an MD with ex-
tensive terminology training and experience.

Results
Table 6 displays some data regarding the positional similarity 
sets generated for each of the 19 hierarchies of SCT. The first 
column displays the hierarchy name, the second column dis-

plays the number of positional similarity sets generated, the 
third column displays the number of concepts in all these sets 
and the fourth column displays the average number of con-
cepts per set. For instance, 7,641 positional similarity sets 
were generated for the Procedure hierarchy. These sets had a 
total of 20,384 concepts with an average of 2.7 concepts per 
set. The positional similarity sets are not disjoint and concepts 
may be repeated between the sets of a hierarchy. This phe-
nomenon can also be seen in the positional similarity sets in 
Table 4 where the concept Prophylactic upper limb stretching 
(procedure) appears in both the sets.

Table 6– Set data for all 19 hierarchies

Hierarchy #Sets #Cpts Avg 
#cpts/set

Body Structure 16629 46349 2.8
Clinical Finding 14882 42516 2.8
Environment 75 262 3.5
Event 802 1961 2.4
Linkage 7 15 2.1
Observable 1793 5018 2.8
Organism 674 2846 4.2
Pharmaceutical 2722 7576 2.8
Physical Force 13 37 2.8
Physical Object 824 2331 2.8
Procedure 7641 20384 2.7
Qualifier 710 2647 3.7
Record 20 58 2.9
Situation 395 1145 2.9
Social 151 444 2.9
Special 107 553 5.2
Specimen 171 460 2.7
Staging 135 358 2.6
Substance 1274 4938 3.9

The 50 sample sets from the Procedure hierarchy that were 
evaluated for inconsistencies consisted of 116 concepts with 
an average of 2.3 concepts per set. Table 7 displays one such 
sample set having two concepts, one being the aortography of 
abdomen and the other being the aortography of thorax.

Table 7 – One of the 50 sample sets

CID Fully Specified Name
43145003

48735005

Abdominal aortography, positive contrast (pro-
cedure)
Thoracic aortography, positive contrast (pro-
cedure)

Snapshots of the modeling of the two concepts from Table 7
are shown in Figure 3 and Figure 4. These snapshots have 
been captured from the CliniClue Xplore browser.

The two procedures, by their nature, are identical except for 
the part of the aorta that is meant to be imaged; the thoracic vs. 
the abdominal aorta. Thus, it is expected that their modeling 
will be similar except where attribute values matter. However, 
on close examination, it is clear that the hierarchical tree of the 
two concepts is quite different. Thoracic aortography, positive 
contrast has two parents, while it’s seemingly sibling concept 
Abdominal aortography, positive contrast has six parents, 
none shared. The two concepts only share one grandparent 
Aortography. As a result, only the thoracic procedure conveys 
the information that this is a procedure by injection. On the 
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other hand the abdominal procedure has the parent Radio-
graphic imaging of soft tissue. This parent may seem redun-
dant since both concepts, through numerous levels of ances-
tors, are linked to Procedure on soft tissue. Similarly, Arteri-
ography using contrast is redundant and has been eliminated 
in future releases of SCT, whereas the parent Contrast radiog-
raphy of abdominal cavity lacks a parallel concept for the tho-
racic cavity. As for the attributes, although the abdominal con-
cept has only one group and the thoracic one has three, overall 
they display the same set of attributes. However, the thoracic 
concept carries an additional attribute target for the procedure 
site - direct attribute - Intrathoracic vascular structure, which 
is not directly related to the thoracic and abdominal aortic 
structure attribute targets in the respective concepts.

Figure 3- CliniClue snapshot of CID 43145003

Figure 4- CliniClue snapshot of CID 48735005

Table 8 – Sample set data

# %
Sets 50
Inconsistent sets 19 38.0
Concepts 116

Inconsistent concepts 26 22.4
Primitive concepts 94 81.0
Leaf concepts 96 82.7

Table 8 summarizes the findings of the auditing of the 50 sam-
ple sets from Procedure hierarchy. 38% (19 out of 50) of the 
sample sets were found to be inconsistent in their modeling. In 
terms of the percentage of concepts, 22.4% (26 out of 116) of 
the concepts were found to be inconsistent. 81% (94 out of 
116) of the concepts in the sample set were primitive and 
82.7% (96 out of 116) of the concepts were leaf nodes.

Discussion

SCT is built upon an underlying description logic model. The 
ability of description logic classifiers to operate is directly 
related to the robustness of the underlying logical formula-
tions. Inconsistencies, as described in this work, combined 
with the fairly inexpressive logic underlying SCT, are bound 
to escape detection [16]. This creates a need to have auditing 
techniques that can help identify such problems.

This study emphasizes the importance of group auditing as an 
effective way to identify inconsistencies in the concepts of 
SCT as it gives the auditors an opportunity to compare the 
modeling of concepts that have been grouped together based 
on certain criteria. The study presents one such group auditing 
technique in the form of positional similarity sets and the re-
sults show that the method can be an effective way to identify 
inconsistencies in SCT and help in improving its quality. 

The premise of reviewing positional similarity sets for errors is 
based on having a contrast between lexical similarities and 
structural differences. This study groups concepts together into 
a set if the fully specified names differ from one another by a 
single word and at the same position. If we allow a difference 
of more than one word, many concepts which are not semanti-
cally similar will enter such a similarity set. Hence the lexical 
similarities will be weak and the contrast with structural dif-
ferences will not be strong. This will result in a lower likeli-
hood of finding errors as compared to the current method. Our 
purpose is to devise a technique which increases the likelihood 
of finding errors for more efficient use of limited QA re-
sources.

The study used Procedure hierarchy as a test bed to analyze 
the consistency in textual modeling as compared to the struc-
tural modeling of the concepts. There were five different kinds 
of inconsistencies discovered during the analysis of the con-
cepts, namely, hierarchical discrepancies, attribute assignment,
attribute values, role groups and concept definition. The de-
scription of the modeling differences between the two con-
cepts of Figure 3 and Figure 4 as shown in the results section 
demonstrates the efficacy of finding inconsistencies among 
concepts using positional similarity sets. Since the method 
uses terms in concept’s FSN to group similar concepts, it will 
work for all hierarchies in SCT to identify inconsistent con-
cepts irrespective of the hierarchy being rich in hierarchical 
relationships or attribute relationships.

A comparative analysis of the data presented in Table 8 with 
that of the past study (Table 3) shows an improvement in the 
efficiency of positional similarity sets in identifying incon-
sistent sets (38.0% with positional similarity sets vs. 30.0%
with similarity sets). Similarly, the use of the position of words 
as a structural indicator has also improved the efficiency in 
identifying the inconsistent concepts in these sets (22.4% with 
positional similarity sets vs. 13.2% with similarity sets). Future 
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work will involve deriving other structural indicators that can 
be used to enhance the efficiency of positional similarity sets.

The sample analyzed in this study contained 81% primitive 
concepts and 82.7% leaf concepts as seen in Table 8 which is 
comparable to the data from the past study as seen in Table 3. 
Thus, it can be seen that a large number of concepts are leaf 
nodes and under defined. This could be a reason for the sam-
ple generating large percentage of inconsistent concepts, since 
under-defined concepts do not guarantee that the modeling of 
similar concepts should be the same. However, the issues iden-
tified are general enough to assume that such inconsistencies 
may be ingrained throughout the Procedure hierarchy.

The study used concepts that had a minimum of five words in 
their FSN to generate the positional similarity sets. Increasing 
this threshold would likely increase specificity, while reducing 
it would likely increase sensitivity. Future work will involve 
identifying the effect of the number of words in finding incon-
sistencies using positional similarity sets. The seed selection is 
random as we have no reason to prefer one concept over an-
other. Future research will consider identifying properties for 
selecting seeds to increase the ratio of expected error to the 
number of concepts reviewed.

The study was conducted on a small sample of 50 sets com-
prising of 116 concepts which were audited by a single audi-
tor. The aim of the study was to formulate a method and exam-
ine its results. The results are promising with 38% of the sets 
exhibiting erroneous concepts. Future work will involve eval-
uating larger sample sets, as well as sets from other hierarchies
of SCT. Future work will also involve implementing a system 
based on this technique, which will be presented to the cura-
tors of SNOMED CT for their review of the inconsistent con-
cepts.

Conclusion

SCT is slated to become an integral component of standardiza-
tion in health information technology in the United States and 
play a significant role in adopting EHRs by providing stand-
ardized encoding of health-care data. However, past studies
have identified instances of inconsistent modeling in SCT,
which could act as a barrier for the successful use of SCT in 
EHRs. This study presented a group based auditing technique 
in the form of positional similarity sets that can be used to 
identify inconsistencies in the modeling of the concepts in 
SCT by grouping concepts with similar terms together. 38% of 
the sample sets that were analyzed by an auditor were found to 
contain inconsistent concepts. Future studies will involve iden-
tifying other structural indicators that can be compounded to-
gether to increase the likelihood of finding inconsistencies 
among concepts using the positional similarity sets.
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