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Abstract 
The extensive use of semantic annotations in the medical domain to enhance information retrieval or encode clinical notes 
to improving information reuse and sharing demands for high quality annotations generation and services for guaranteeing 
their validity over time. In this paper we present the extension of an existing framework supporting the (semi-)automatic 
maintenance of semantic annotations rendered outdated by the evolution of the knowledge organization system they are 
extracted from. This is done by the adding new rules and improving existing ones to overcome some shortcomings of the 
framework. We also propose an experimental evaluation of the extension using seven successive versions of four standard 
controlled terminologies within the domain. 

Keywords Semantic annotations · Ontology evolution · Life sciences · Controlled terminologies 

1 Introduction 

The use of Knowledge Organization Systems (KOS) [22], 
such as classification schemes, controlled terminologies, 
thesauri or ontologies in the medical field has been gaining 
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interest over the last years [15, 17, 41]. Usually, KOS enti
ties are associated with medical documents such as clinical 
reports or medical images in order to make their seman
tics explicit for humans and software applications. The 
association between KOS entities (concepts, relationships, 
attributes, etc.) are called semantic annotations [10]. This 
process is usually carried out by domain experts or auto
matic annotators and the metadata produced bring many 
benefits for end users. Actually, MeSH annotations are used 
by the MEDLINE application to index scientific publica
tions which enhances the retrieval of relevant documents. 
Moreover, the combined usage of semantic annotations 
and ontology mappings improves semantic interoperability 
between systems [40]. 

However, the dynamic nature of medical knowledge 
forces KOS content to be continuously revised. Thus, 
semantic annotations based on previous versions of the KOS 
can be impacted and lose their validity. For instance, a 
concept can be removed from a given KOS making its asso
ciated annotations obsolete. Therefore, concept and tools to 
adapt those impacted annotations to the new version of the 
KOS are urgently needed by virtue of the amount of anno
tated documents. In our previous work [6], we have shown 
a strong correlation between the modification of KOS ele
ments and the modification of semantic annotations. We 
also manage to categorize the various evolution that can 
affect KOS and associate these changes with modifications 
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of elements defining annotations. We have also drawn the 
contours of a generic framework for maintaining annota
tions [7]. It is a multi-layer approach to manage semantic 
annotations when their underlying KOS evolve over time 
without re-annotating the documents. It implements rules, 
external background knowledge [33] and change patterns 
[12] to incrementally modify outdated semantic annota
tions. However, we observed some shortcomings with the 
current version of the framework [5]: 

–	 the implemented rules do not considering the plural 
form of medical terms, 

–	 the use of the termino-ontological resources composing 
the background knowledge is made without distinguish
ing the versions of the ontology used, 

–	 change patterns are only considering the neighborhood 
of an evolving concept. 

In this paper, we propose an extension of this framework. 
We introduce new rules and improve existing ones to over
come the gaps mentioned. Moreover, we experimentally 
assess the relevance of the extension of the framework 
using seven successive versions of four standard controlled 
medical terminologies: SNOMED CT, MeSH, NCIt and 
ICD-9-CM. 
We structure the remainder of this paper as follows: Section 2 
presents the related work of the field. Section 3 we introduce 
the basic notions used throughout the paper. Section 4 intro
duces the extension of our framework for (semi-)automatic 
maintenance of semantic annotations. Section 5 deals with 
the experimental evaluation of our approach. We present 
the obtained results and the discussion in Section 6 and 7. 
Finally, we wrap up with concluding remarks and outline 
future work in Section 8. 

2	Related work 

The previous work in annotation maintenance can be catego
rized into three families. The first one addresses the auto
matic detection of inconsistent annotations [13, 24, 34, 42]. 
This is mainly done by the combined identification of con
cepts that have changed from one KOS version to the next 
and their associated set of annotations. However, mecha
nisms to support the correction of impacted annotations are 
not proposed. 

The second family of approaches focus on the automatic 
detection and manual correction of invalid annotations 
[1, 2, 4, 27]. These approaches only consider basic ontology 
changes, e.g., the deletion and addition of concepts in KOS 
while more complex changes are also important and need 
to be considered. Moreover, the requirement of human 
intervention to perform the maintenance is hardly applicable 

in the medical domain by virtue of the huge amount of 
annotations to adapt. 

Lastly, the most advanced work implements an automatic 
correction of the annotation [14, 26, 30, 38]. This is 
mostly done based on reasoning techniques which rely 
on the logic formalism of the KOS. However, as medical 
KOS are mostly expressed and incorporate only lightweight 
description logics, these techniques must be adapted. 

The literature review highlights that there is no annota
tion maintenance framework able to cope with the speci
ficity of the medical domain e.g., size of the KOS, amount 
of annotations. Therefore, in this paper, we aim at further to 
improve our framework in [5, 7]. 

3 Background 

In this section, we introduce the key notions that will be 
used throughout the paper. We start with a description 
of the annotation model used to formalize the semantic 
annotations of this work. We then present the initial version 
of the framework we aim to extend. 

3.1 Model for formalizing semantic annotations 

In our previous study [6] we proposed an annotation model 
that takes into account of the evolution and quality aspects 
for annotations. Herewith we give a brief overview of its 
main aspects. 

A single annotation is defined as = (i c {q} where an 
instance item ∈ Iu is annotated with an ontology concept 
c ∈ ONv , and a set of quality indicators {q} ∈ Q. An  
instance might be a text segment of an electronic health 
record (EHR), a question from a case report form (CRFs) as 
used within clinical trials. In general, a concept can be used 
to annotate many items and an item might be annotated with 
several concepts. Instance data might undergo modifications 
and resulting different versions, for instance, in the case 
of CRFs. Similarly, ontologies might be altered due to 
e.g., newly discovered knowledge. Hence, we included the 
subscripts u and v to denote the versions of instance data I 
and ontology ON . Different quality indicators q can be used 
to retain quality, reliability and provenance information for 
each annotation, e.g. by attaching numerical confidence 
values, categorical ratings or evidence codes [18]. 

The model also contains several elements for tracing the 
ontology changes and are used for the maintenance of the 
annotations. Firstly, we include of set in the model. Due to 
ontology changes the range of the annotated text segment, 
i.e., the of set , might change. For instance, in the new 
ontology version a more precise concept is introduced. 
Such concepts generally consist of more words as opposed 
to more general concepts in the old version. With of set 
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we can trace the two concepts annotating the same part of 
the text segment. We also incorporate an element indicat
ing which concept attribute (e.g. title, synonym, preferred 
terms, etc.) was used to produce an annotation. This infor
mation can be used, for example, to determine if the used 
attribute of the concept is impacted by the ontology evolu
tion and that further triggers the corresponding annotation 
modification. Moreover, we denote the sem nt ic type of an 
annotation in the model to indicate the relationship between 
a concept and a text segment. For instance, instead of 
removing an impacted annotation after concept deletion, we 
preserve the annotated segment by linking it to the super
class of the removed concept and changing its semantic type 
to “less specific”. We also included other relationships such 
as equivalent, more/less specific, partial match, and other 
ontology region. 

3.2 Initial version of the framework 

The framework we aim to extend has been largely presented 
in [5, 7]. As depicted in Fig. 1, it is a multi-level approach 
that implements rules, background knowledge and change 
patterns to maintain semantic annotations impacted by the 
evolution of the underlying KOS. 

In this framework, the tasks carried out at each level can 
be summarized as follows: 

1.	 Identification of invalid annotations. This consists 
of identifying invalid annotations by analyzing the 
evolution of the associated KOS using the COnto-Diff 
tool [21]. 

2.	 Annotation correction using ontology change rules. 
This consists of using information derived from the 
set of annotations itself as well as the data of the 
Diff between the two KOS versions coming from the 
previous level to adapt the invalid annotations iden
tified. The annotation maintenance is governed by 
seven rules (MergeAnnot, IncreaseAnnot, ResurrectAn
not, PluralAnnot, ChangeConceptAnnot, SplitAnnot, 
SuperClassAnnot)), which are described in [7]. 

3.	 Annotation correction using background knowl
edge. This consists of using information inferred from 
external knowledge sources to maintain the annotations 
that could not be corrected using the local resources of 
the previous level. 

4.	 Annotation correction using change patterns. This  
relies on the analysis of the morphosyntactic form of 
the attribute values used to generate the annotation and 
its evolution to decide which new attribute values can 
be used to keep the annotation valid. It is only applied 
when the previous approaches do not produce outputs 
[7]. The Change patterns are classified into lexical and 
semantic change patterns (LCP, SCP), respectively. The 

ig. 1 The framework for supporting annotation maintenance. Source: [7] 
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LCP algorithm identifies four categories of the attribute 
value changes, i.e. Total Copy, Total Transfer, Partial 
Copy, and Partial Transfer. On the other hand, the SCP 
algorithm recognizes if the evolved attribute value is 
equal to, has become more or less specific or is a partial 
match of the original attribute value [12]. 

3.3 Ontology-based semantic similarity measures 

Ontology-based semantic similarity measures (SSM) aim 
to estimate the likeness of two concepts considering the 
taxonomical knowledge modelled in ontologies [20]. It is 
used in a wide range of applications: to validate automatic 
annotations in Gene Ontology [9], information retrieval 
algorithms [37], Linked Data paradigms [28], etc. 

There are numerous SSM in literature [9, 20, 28, 35]; in 
our framework, we focus on the pairwise measures which 
computes the semantic similarity between a pair of concepts 
and are commonly divided into four groups, described 
below: 

i Edge-based measures which estimate the similarity 
of two concepts as a function of the distance which 
separates the two concepts in the ontology. 

ii Feature-based rely on the taxonomic interpretation of 
the feature model proposed in Tversky [39]; generally, 
the representation of a concept corresponds to a set of 
neighbor concepts or instances. Feature-based strate
gies root semantic similarity in the context of classical 
binary or distance measures (e.g. set-based measures, 
vector-based measures). 

iii IC-based measures assess the similarity of concepts as 
a function of the Information Content (IC) from their 
Most Informative Common Ancestor (MICA), e.g. the 
deepest concept which subsumes two verified concepts. 
[20, 35] 

iv Hybrid measures which combines previous approaches. 

These measures have been extensively evaluated across 
multiple benchmark and KOS [8, 16, 20, 31]. As result the 
IC-based measures in general outperform the edge-based. 
One of the main drawbacks of Feature-based measures 
is that they consider dimensions as mutually orthogonal 
and do not exploit concept relationships. Finally, the 
hybrid-measures require specifics parameters making a 
generalization across multiple KOS difficult. Therefore, in 
our framework, we focus on the use of IC-based measures. 

3.4	Lexical Measures 

In the biomedical domain, various Lexical Similarity 
Methods (LSM) have been used in order to improve the 
information retrieval of biomedical documents [36], support 
the mapping adaption process [12], improve the semantic 

relatedness between terms in named entity recognition 
process, e.g., “ammonium” ↔ “ammonium ion”, etc. 

These LSM have been extensively evaluated [12, 36]. 
The results show that they are capable of improving the 
relatedness between the terms. However, different thresh
olds must be considered. Therefore, each domain must be 
carefully studied in order to apply such techniques. 

In our framework we utilize LSM such as Leven
shtein, TF-IDF, Jaro-Winkler, etc, during the annotation 
maintenance task, specifically in Change Patterns and 
PartialMatch rule, in order to improve the adaptation 
process to correctly evolve the annotations. 

4 An extension of the framework 

As discussed in Section 1, one of our objectives is to 
design a (semi-)automatic approach for maintaining seman
tic annotations valid over time even if the underlying KOS 
is evolving. This must be done without a complete re-
annotation of the document and by guaranteeing a high 
quality in the annotation after maintenance. Although effi
cient for maintaining the validity of a semantic annota
tion, the initial framework described in Section 3 can be 
improved. Indeed, several limitations can be highlighted: 

1.	 The existing Rules that exploit the morphosyntactic 
form of terms denoting attribute values, especially 
MergeAnnot, IncreaseAnnot and SplitAnnot, do not 
take the plural form of the terms into account. Depending 
on the complexity of the plural form, some maintenance 
decisions may recommend irrelevant concepts for 
annotation evolution, impacting the overall quality of 
the annotations. 

2.	 The termino-ontological resources contained in the 
background knowledge are not exploited inline with the 
version of the KOS used to produce the annotations. As 
a result, the content of the KOS and the background 
knowledge are hardly comparable leading to bad mainten
ance decisions. For instance, in the Bioportal applica
tion, only the last version of an ontology is available. 
Thus, if the annotation version is not the same one, BK 
can provide the wrong evolution of the annotation. 

3.	 The definition of the change patterns limits their scope 
to the neighborhood of a concept Rules, its direct 
super, sub-concepts and siblings. However, ontological 
change may result in moving a concept to another part 
of the new version of the ontology preventing the use of 
change patterns. 

In order to overcome the above mentioned limitations, 
we have decided to extend the initial framework. In the 
following subsections we detail the proposed extensions. 
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4.1 Extension of existing rules to deal with plural 

Since medical terms have various origins like ancient Greek 
or Latin, their plural form is a derived form in these 
languages. To this end, we have implemented the following 
well-accepted rules, in addition to the common English 
rules for plural, in order to take the evolution of medical 
terms from their singular to plural form and vice versa. 

–	 Change the “a” ending term to “ae” 
–	 Change the “um” ending term to “a” 
–	 Change the “us” ending term to “i” 
–	 Change the “is” ending term to “es” 
–	 Change the “ma” or “oma” ending term to “mata” 
–	 When a medical term ends in “yx”, “ax” or “ix” change 

the “x” to “c” and add “es” 
–	 When a medical term ends in “nx”, change the “x” to 

“g” and add “es” 
–	 For medical terms that have Latin roots and that are 

composed of a noun and adjective, both terms must 
include their plural form. 

In order to integrate these rules, we had to modify the 
definition of MergeAnnot, IncreaseAnnot and SplitAnnot. 

4.2 Adaptation of the background knowledge 

In our approach, the use of background knowledge consists 
in reusing information inferred from external termino
ontological resources to maintain the annotations that could 
not be corrected using the Rules implemented at phase 
2. Actually, in many cases, the evolution of ontological 
concepts can be characterized only by considering the 
semantic relationships provided by other ontologies [33]. 
Often labels of concept are completely different, from 
the syntactic point of view, before and after evolution. 
Therefore, considering only local resources does not allow 
the characterization of their evolution and, in turn, cannot be 
reused for annotation maintenance purpose. Nevertheless, 
the nature of the external knowledge sources can vary. 
Whether RDF datasets like BIO2RDF [3] or expressive  
OWL ontologies contained in Bioportal [29] are considered, 
the inferred information can be of different quality and can 
affect the quality of the maintenance process. 

In our previous implementation of BK [5], relying on 
Bioportal, provided complementary results for the above 
Rules, the AUC for ICD-9-CM and MeSH increased from 
0.899 to 0.915 and 0.850 to 0.863 respectively. However, 
it also provided unaligned mappings to past KOS versions 
leading to the development of an additional phase to fil
ter inconsistent result. We also observed that the concept 
labels in SNOMED CT and ICD-9-CM are not unique 

e.g., in SNOMED CT concepts 31113003, 397881000, 
and 68047000 have the same label “diverticulosis”. There
fore, this ambiguity can lead the system to select the 
inappropriate concept to replace the impacted annotations 
needing a disambiguation phase. 

To this end, we have improved our framework to 
overcome these two limitations. Considering the problem 
of concept version, we are still using the last version of 
the KOS provided by the BK. But, we consider only the 
mapping provided by Algorithm 1 as candidate mapping. 
In this case, we filter the mappings retrieved by the BK 
(lines 1 to 3) keeping only those which exists in the new 
ontology version KOSv1. The next step (line 4) retrieves all 
stable ancestors of a source concept s within a specified 
period, e.g., (2009/2010). From all candidates that satisfy 
the previous conditions, we compute the similarity between 
the ancestors and the source concept (lines 5 to 6). Then, 
we take the most similar ancestor MS  (line 7). Finally we 
select the best candidate to maintain our annotation (lines 8
10). It is the mapping which presents the highest similarity 
to the MS  . 

To overcome the ambiguity problem, we use an adequate 
similarity measure able to correctly determine which 
concept is the most similar to the one used to annotate it 
before its evolution. In the first version of our framework 
we used the Tversky similarity measure [39]. However, 
this metric exploits the intersection between the features 
of two concepts, e.g. siblings, sub and super classes to 
determine their similarity. This metric failed when using a 
flat ontology e.g., ICD-9-CM. For this reason, we replaced 
the Tversky similarity measure by the Jiang-Conrath (JC) 
[23] one (see Section 4.3). 

Algorithm 1 Similarity between mappings and ontology 

source in the Background Knowledge. MSA: the most 

similar ancestor. 

Input: Concept source ; Mappings ; 

Ontology v0 0; Ontology v1 

Output: Concept Target 

forall the do


if
 then 

forall the do 

forall the do 

return 

1 
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4.3 artial Match and Change atterns 

The major limitation of the framework is due to the limited 
scope of the change patterns to correct the annotations that 
are still invalid after the application of the Rules and of 
the BK. As change patterns consider the local evolution of 
concept, we add a new rule, called PartialMatch, able  
to deal with global evolution of a concept. 

This rule changes the term and/or the concept ID of an 
annotation considering Lexical Similarity Measure (LSM) 
and Semantic Similarity Measure (SSM). We defined it 
based on the results we had using Semantic Change Patterns 
(SCP) in [5]. The analysis of SCP showed good precision 
and low recall. The reason here is that SCP considers 
only changes between concepts that are in the same 
neighbourhood Rules, siblings, super-, and sub-concepts. 
Therefore, new methods which also consider other ontology 
regions are needed. To combine both measures and compute 
this rule we utilized an arithmetic mean, where LSM and 
SSMs represents the similarity values in the interval of [0,1]. 
Therefore, we calculate the PartialMatch as: 

LSM + SSMs 
sim(c1 ,c 2 = (1)

2 

In our framework, we choose Jiang Conrath 1997 (JC) 
[23] as SSMs and AnnoMap [25] as LSM. The choice 
of JC was based on its usage and good performance in 
multiple domains [8, 16, 20, 23, 31]. Regarding the use of 
AnnoMap, it showed the best performance in our previous 
work annotating clinical forms [25]. 

The similarity computed by AnnoMap, see Eq. 2, is  
based on the combined similarity score from different string 
similarity functions, in particular TF/IDF, Trigram and LCS 
(longest common substring). 

sim AnnoM p(t1 ,t 2 = MA  (  Id  riGra  m L  S  

(2) 

The Jiang Conrath utilized (see Eq. 3) is the adaptation 
proposed in [19]. It calculates the MICA between two 
concepts c1 ,c 2 and the IC of each one considering structural 
information extracted from the ontology, i.e., Intrinsic 
Information Content (iIC) which avoids the dependency 
of a corpus to calculate the concept usage. Furthermore, 
they prevent errors related to bias on concept usage, e.g., 
many annotations associated to two different concepts do 
not mean they are similar. 

In our framework, we utilized the Depth Max Linear 
[19] to compute the iIC. This approach considers that the 
depth of a concept w.r.t in a Graph G is proportional to 
its degree of expressiveness. Therefore, the MICA in Eq. 3 
is calculated in function of the depth from Most Specific 

Common Abstraction (MSCA) that subsumes both concepts 
c1 and c2, expressed as dept  (MS  (c1 ,c 2 [43]. 

IC  (c1 +IC  (c2 −2 · MI  (c1 ,c 2 
simJC (c1 ,c 2 = 1 − 

2 
(3) 

Thus, the new proposed PartialMatch rule is 
capable to maintain semantic annotations by changing the 
term/concept even if it is in a different ontology region 
as the following example: 167696007:feces examination in 
SNOMED CT 2009 → 167592004:examination of feces in 
SNOMED CT 2010. 

5 Methodology 

This section describes the data and method used to evaluate 
our approach. The main points are: i) the terminologies ii) 
the extension of our evaluation dataset (silver standard) [5], 
iii) the method used to evolve impacted annotations through 
seven successive versions of four standard KOS and iv) the 
metrics for evaluation. 

5.1 erminologies 

As described in Section 4 our maintenance method uti
lizes consecutive KOS versions in order to detect and 
adapt the impacted annotations. In our experiments we have 
used: International Classification of Diseases, Ninth Revi
sion, Clinical Modification (ICD-9-CM), Medical Subject 
Headings (MeSH), National Cancer Institute Thesaurus 
(NCIt) and Systematized Nomenclature of Medicine - Clin
ical Terms (SNOMEDCT). We are using the versions 
2009AA to 2016AA (excluding the AB versions), down
loaded from the UMLS and we transformed into OWL 
files.1 To compute the difference between the terminolo
gies which are strongly correlated with the validity of 
annotations [6], we are using COnto-Diff [21]. 

2 S  lver S  tandard  

Since no annotation baseline generated with successive 
ontologies versions for the above terminologies exists in the 
literature, we had to improve our silver standard described 
in [5] including the reference for 2016AA. 

Table 1 shows an illustrative example related to our 
silver standard. It shows one annotation produced with 
the MeSH:2009AA using the PubMed document 2322 and 
the concept D009133. The annotated text is “muscular 
atrophy”, and it can be found at position [5561,5577] of 

1https://git.list.lu/ELISA/ParserUMLS 
2https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2638829/ 

https://git.list.lu/ELISA/ParserUMLS
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2638829/
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Table 1 Example of an evolving annotation, extracted from our silver standard 

KOS Doc. Concept Annotation Start End Prefix Suffix 

2009AA 232 D009133 muscular atrophy 5561 5577 (HD), , drpla and 

spinal and various 

bulbar forms 

2010AA 232 D055534 spinal and 5543 5577 (HD), , drpla and 

bulbar various 

muscular forms 

atrophy 

2016AA 232 D020966 spinal and 5543 5577 (HD), , drpla and 

bulbar various 

muscular forms 

atrophy 

The red color indicates the changes that occurred in the annotation at KOS evolution time 

the document. We customized our system to have four 
words as a prefix  “(HD), spinal and bulbar” and “, drpla 
and various” as suffixes. It can be observed that the 
concept label and ID used to annotate the text increased 
and changed respectively, from 2009AA to 2010AA. 
Furthermore, in 2016AA the concept ID changed from 
D055534 to D020966. Therefore, we have an annotation 
impacted multiple times by the evolution of the MeSH. 

The silver standard, can be downloaded from http://www. 
elisa-project.lu/, under menu publications/downloads. We 
adopt the term “silver” to indicate that our reference is 
based on only one viewpoint, i.e., each expert validated a 
set of annotations and no discussions between them were 
organized. 

5.3 Experimental etup 

In order to evaluate the capacity of our framework to adapt 
impacted annotations into consistent ones, we utilized the 
three different configurations described below: 

– The  first Setup verify if the extensions of Rules and 
BK (see Sections 4.1 and 4.2, respectively) improve our 
framework, we compare the new implementation to the 
results presented in [5]. The comparisons include not 
only single component of the framework (i.e., Rules, 
BK, SCP, LCP) but also the combinations of them (e.g., 
Rules/BK, Rules/SCP, Combination of all). Note 
that these evaluations do not include the extension of 
PartialMatch as whose effectiveness is examined 
in the next Setup. 

– The  second Setup utilizes only basic pipelines, 
i.e., Rules, SCP and LCP without their combi
nations. Furthermore, the Rules only contain the 
PartialMatch. Thus, we will be able to verify our 
second proposed objective of Section 1, i.e., if our 

newly proposed rule is able to outperform the other 
techniques. 

– The  third Setup we first determine the position for 
the PartialMatch rule. Since we did not find 
any annotation guideline related to it, we tested two 
possibilities: i) Before the SuperClassAnnot ii) After 
the SuperClassAnnot. After the determination of 
the PartialMatch positioning, we evaluate the 
framework with all the extensions proposed in Section 4 
and present the best pipelines for each terminology. 

For the first Setup we used the silver standard version 
2009AA/2010AA in order to compare the results with 
the previous study in [5]. For the other two Setups we 
also evaluated the successive evolution from 2009AA to 
2016AA. For all the Setups, we tested the effectiveness of 
methods in two aspects: i) the capacity of our framework 
to detect impacted annotations after changing a KOS 
concept; and ii) the ability to correctly evolve the impacted 
annotations into consistent ones. In this case, consistency 
means adequacy with the silver standard. 

Metrics 

To evaluate the effectiveness of our method, i.e., whether 
our predictions are similar to the silver standard we used 
classic well-known metrics, such as, Precision, Recall, F1
score, Area Under the Curve (AUC) and Accuracy [32]. 

6 Results 

Setup 1 The first results for this set-up concern the capacity 
of our framework to detect impacted annotations (cf. 
Table 2). The first column of this table shows the pipelines 
used, i.e., BK, Rules, SCP, LCP and their combinations. 

http://www.elisa-project.lu/
http://www.elisa-project.lu/


368 Health Technol. (2018) 8:361–376 

Table 2 Precision (P), Recall (R) and F1-Score (F1) of adaptation of the impacted annotations computed using three different methods (BK, SCP, 
Rules) and the combination of them in Setup 1 

ICD-9-CM MeSH NCIt SNOMED CT 

Method P R F1 P R F1 P R F1 P R F1 

BK in [3] 

BK 

1 

1 

0.161 

0.129 

0.278 

0.229 

1 

1 

0.025 

0.050 

0.049 

0.094 

1 

1 

0.135 

0.115 

0.237 

0.207 

0.963 

1 

0.542 

0.625 

0.693 

0.769 

Rules in [3] 

Rules 

1 

1 

0,984 

0,982 

0.992 

0.991 

0.982 

0.991 

0.933 

0.941 

0.957 

0.966 

0.979 

0.980 

0.885 

0.942 

0.929 

0.961 

1 

0.929 

0.792 

0.812 

0.884 

0.867 

SCP in [3] 

SCP 

LCP 

1 

1 

1 

0.081 

0.041 

0.048 

0.149 

0.078 

0.092 

1 

1 

1 

0.008 

0.091 

0.099 

0.017 

0.167 

0.180 

0.833 

0 

1 

0.096 

0 

0.019 

0.172 

0 

0.038 

0 

0 

0 

0 

0 

0 

0 

0 

0 

BK/Rules in [3] 

BK/Rules 

1 

1 

0.984 

0.982 

0.992 

0.991 

0.982 

0.991 

0.933 

0.941 

0.957 

0.966 

0.979 

0.980 

0.885 

0.942 

0.929 

0.961 

0.975 

0.929 

0.813 

0.812 

0.886 

0.867 

BK/SCP in [3] 

BK/SCP 

BK/LCP 

1 

1 

1 

0.194 

0.161 

0.161 

0.324 

0.278 

0.278 

1 

1 

1 

0.025 

0.140 

0.149 

0.049 

0.246 

0.259 

0.909 

0.857 

1 

0.192 

0.115 

0.135 

0.317 

0.203 

0.237 

0.963 

1 

1 

0.542 

0.625 

0.625 

0.693 

0.769 

0.769 

Rules/SCP in [3] 

Rules/SCP 

Rules/LCP 

1 

1 

1 

0.984 

0.982 

0.982 

0.992 

0.991 

0.991 

0.982 

0.991 

0.991 

0.933 

0.941 

0.941 

0.957 

0.966 

0.966 

0.979 

0.980 

0.980 

0.885 

0.942 

0.942 

0.929 

0.961 

0.961 

1 

0.929 

0.929 

0.792 

0.812 

0.812 

0.884 

0.867 

0.867 

CombineAll in [3] 

CombineAll 

1 

1 

0.984 

0.982 

0.992 

0.991 

0.982 

0.991 

0.933 

0.941 

0.957 

0.966 

0.979 

0.979 

0.885 

0.940 

0.929 

0.959 

0.975 

0.929 

0.812 

0.812 

0.886 

0.867 

The red and blue colours indicate decrease and improvement of recall, respectively 

The first line shows the KOS used, ICD-9-CM, MeSH, 
NCIt, SNOMED-CT and for each column in these KOS, 
the Precision (P), Recall (R) and F1-score (F1) values are 
demonstrated. We verified that there was an improvement in 
all of the methods when compared to [5]. 

Regarding the MeSH terminology, all values associated 
with recall and F1-score increased for all configurations. In 
contrast, results for ICD-9-CM did not improved, but this 
is a minor difference of 0.2%. Regarding SNOMED-CT, 
except for the BK method, it can be noticed that the values 
obtained are similar to those in [5] or had a minor gain of 
2.5%. Results for NCIt showed a significant improvement. 
The Rules were capable of reaching 0.942 for recall and 
0.961 for F1-Score. A gain of 6% is demonstrated in the 
recall and 3% in F1-Score when compared to our previous 
values of 0.885 and 0.926. Finally, the changes for precision 
only demonstrated an expressive difference for the SCP 
method in NCIt. The newly proposed configurations were 
not capable of finding impacted annotations in NCIt. The 
reason for this is discussed in Section 7. Nevertheless, we 
obtained acceptable results for precision with a minimal 
value of 0.929 considering all the other pipelines. 

The second evaluation consists in the application of the 
pipelines, BK, Rules, etc, to find an adaptation for the 

annotations impacted. The results obtained (cf. Table 3) 
showed that the AUC and F1-score values increased for 
MeSH, NCIt and SNOMED CT. The changes in the Rules 
method were capable of smoothly improving the AUC 
results to 3.76% for MeSH, 1,39% for NCIt and 1,32% for 
SNOMED CT. On the other hand, the method applied to 
ICD-9-CM loss 4,12% of its capacity to propose correct 
adaptations. 

Regarding the BK method, we verified that for SNOMED 
CT, it improved to 5.93% of the AUC and 13.44% for the 
F1-Score. The other terminologies showed the same results 
or a maximal loss of 2.61%. Furthermore, the SCP and 
LCP still not produced results for SNOMED CT. We also 
verified that the LCP technique was capable of providing 
better results than the SCP. It occurs when we used this 
method alone or in combination with other methods, e.g., 
BK/LCP, Rules/LCP. The AUC results show a difference 
in favor of LCP around 2,2% for ICD-9-CM and 1,23% for 
NCIt. 

Finally, the combination of all methods showed some 
variations when compared with our previous work. The 
terminologies SNOMED CT and MeSH had an improve
ment in the AUC of 1.3% and 3% respectively. While NCIt 
demonstrated the same values and ICD-9-CM showed a 
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Table 3 Accuracy (ACC), Area Under the Curve (AUC) and F1-Score (F1) values of developed heuristics used to maintain annotations in Setup 1 

ICD-9-CM MeSH NCIt SNOMED CT 

Method AC AUC F1 AC AUC F1 AC AUC F1 AC AUC F1 

BK in [3] 0.518 0.613 0.368 0.457 0.554 0.195 0.611 0.663 0.493 0.699 0.708 0.588 

BK 0.497 0.597 0.324 0.442 0.545 0.167 0.611 0.663 0.493 0.742 0.75 0.667 

Rules in [3] 0.874 0.899 0.888 0.817 0.850 0.824 0.678 0.721 0.613 0.828 0.833 0.800 

Rules 0.834 0.862 0.839 0.856 0.882 0.867 0.689 0.731 0.632 0.839 0.844 0.815 

SCP in [3] 0.492 0.593 0.313 0.452 0.550 0.182 0.544 0.606 0.349 0.484 0.500 0 

SCP 0.49 0.589 0.303 0.472 0.57 0.246 0.556 0.615 0.375 0.484 0.500 0 

LCP 0.487 0.589 0.301 0.472 0.57 0.246 0.567 0.625 0.4 0.484 0.500 0 

BK/Rules in [3] 0.894 0.915 0.907 0.832 0.862 0.841 0.678 0.721 0.613 0.828 0.833 0.80 

BK/Rules 0.797 0.83 0.796 0.841 0.87 0.85 0.689 0.731 0.632 0.839 0.844 0.815 

BK/SCP in [3] 0.503 0.601 0.336 0.457 0.554 0.195 0.611 0.663 0.493 0.699 0.708 0.588 

BK/SCP 0.487 0.589 0.301 0.482 0.579 0.271 0.611 0.663 0.493 0.742 0.75 0.667 

BK/LCP 0.487 0.589 0.301 0.482 0.579 0.271 0.622 0.673 0.514 0.742 0.75 0.667 

Rules/SCP in [3] 0.869 0.895 0.883 0.802 0.838 0.806 0.689 0.731 0.632 0.828 0.833 0.80 

Rules/SCP 0.786 0.821 0.783 0.851 0.878 0.861 0.689 0.731 0.632 0.828 0.833 0.800 

Rules/LCP 0.807 0.839 0.809 0.851 0.878 0.861 0.7 0.74 0.649 0.839 0.844 0.815 

CombineAll in [3] 0.905 0.923 0.917 0.832 0.862 0.841 0.689 0.731 0.632 0.828 0.833 0.80 

CombineAll 0.786 0.821 0.783 0.862 0.887 0.872 0.693 0.73 0.63 0.839 0.844 0.815 

The red and blue color highlight the lower and higher values for each dataset, respectively 

loss of 11,05%. These variations are further discussed in 
Section 7. 

Setup 2 The results for this Setup are demonstrated in 
Figs. 2 and 3. Figure 2 shows the results concerning the 
ability of these methods to detect impacted annotations, 
while Fig. 3 shows the ability to propose correct adaptations 
for the impacted annotations. We are utilizing the references 
(2009/2010) and (2009/2016) of our silver standard. 

As observed in Fig. 2, the precision of all methods is high 
for both cases (2009/2010) or (2009/2016). However, the 
recall varies according to the terminology used and the year. 
The terminologies SNOMED CT and NCIt in (2009/2010) 
show the highest recall for the Rules, while SCP and LCP 
show null values or close to 0. 

In the following years (2009/2016), SNOMED CT 
showed an improvement of 18% when compared to the 
previous version (2009/2010), while the other terminologies 
have a smooth variation. In short, the proposed rule 
outperforms the SCP and LCP in all terminologies and years 
in detecting impacted annotations. This result is very clear 
when we observe SNOMED CT in Fig. 2. 

Considering the ability to provide correct adaptations in 
our Setup 2. The Rules also demonstrated good results 
for all KOS versions (2009/2010) and (2009/2016), see 

Fig. 3. The AUC values for NCIt in 2009/2010 are 14% 
and 15.77% greater than LCP and SCP respectively. This 
difference increases when we observe the F1-Score reaching 
33% for LCP and 37% for SCP. 

The other terminologies ICD-9-CM and MeSH also show 
better results for the PartialMatch rule. The observed 
difference in ICD-9-CM is 19.72% of F1-Score and 23.62% 
for AUC. While in MeSH this difference is less expressive 
reaching 2% of AUC and 9% of F1-Score. 

Setup 3 The results concerning these experiments are 
showed in Table 4. We verified that only ICD-9-CM 
2009/2010 and SNOMED-CT 2010/2016 showed best per
formance when the PartialMatch is placed before 
the SuperClassAnnot. It also has a huge impact in NCIt, 
since the F1-Score shows a difference of 11% in 2009/2010 
and 13% in 2009/2016. Therefore, our next results concern 
only the usage of PartialMatch before the SuperClas
sAnnot to adapt the annotations. 

Table 5 shows the best pipelines for the period: 
2009/2010. In the first column we have the KOS used, i.e., 
ICD, MeSH, NCIt and SNOMED CT. The configuration 
described in Section 5.3 is mentioned in the second column 
and the third column shows the pipelines followed by the 
metrics. 
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F ig. 2 Performance of methods 
in Setup 2 to detect impacted 
annotations

F ig. 3 Performance of methods 
in Setup 2 to adapt impacted 
annotations 
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Table 4 Experiments to 
determine the place of 
PartialMatch 

KOS 

ICD-9-CM 

Year 

2009/2010 

Config 

Before 

After 

Accuracy AUC F1-Score 

0.834 0.862 0.839 

0.845 0.871 0.851 

2009/2016 Before 

After 

0.757 0.803 0.754 

0.741 0.789 0.733 

Mesh 2009/2010 Before 

After 

0.867 0.891 0.877 

0.851 0.878 0.861 

2009/2016 Before 

After 

0.88 0.905 0.895 

0.859 0.888 0.874 

NCIt 2009/2010 Before 

After 

0.767 0.798 0.747 

0.697 0.735 0.64 

2009/2016 Before 

After 

0.753 0.804 0.756 

0.685 0.75 0.667 

SNOMED-CT 2009/2010 

2009/2016 

Before 

After 

Before 

After 

0.849 0.854 0.829 

0.839 0.844 0.815 

0.912 0.923 0.917 

0.923 0.933 0.928 

The blue values are related to the best performance 

As first result we observed that only the new Rules 
are capable to reach the same results than its combination 
with BK method. Furthermore, the use of BK for annotations 
generated with ICD-9-CM and SNOMED CT leaded to 
smoothly decrease the values. 

It also noticed that the new Rules were capable to 
outperform (or have the same results) the best pipelines of 
Setup 1 and the previous study in [5]. The major difference 
is related to NCIt showing, 7.84% of improvement in AUC 
and 15% for F1-Score. While in the previous study we have 
10% of improvement. 

Besides, we compared these results using Sign 
Test [11]. It is a non-parametric test used to verify 
whether or not two groups are equally sized, i.e., the amount 
of success cases remains the same, before and after a procedure, 
see Table 6. In the first column we have the used termi
nologies. It is followed by the configuration to maintain the 
annotations in columns two and three, respectively. In the 
fourth column we have the amount of annotations correctly 
maintained, where the labels before and after are related to 
the second column (Config). Finally, we have the amount of 
impacted annotations in our silver standard, followed by the 

Table 5 Results regarding the 
adaptation of annotations of MethodConfigKOS ACC AUC F1 

BK/Rules PM 0.856 0.879 0.863 

Rules PM 0.834 0.862 0.839 

Rules 0.834 0.862 0.839 

BK/Rules PartialMatch 0.867 0.891 0.877 

Rules PartialMatch 0.867 0.891 0.877 

CombineAll 0.862 0.887 0.872 

BK/Rules PartialMatch 0.767 0.798 0.747 

Rules PartialMatch 0.767 0.798 0.747 

LCP/Rules 0.7 0.74 0.649 

BK/Rules PartialMatch 0.828 0.833 0.8 

Rules PartialMatch 0.849 0.854 0.829 

SNOMEDCT 1 BK/Rules 0.839 0.844 0.815 

Setup 3 during the period 
2009/2010 3 

ICD9CM 1 

3 

MeSH 1 

3 

NCIT 1 

3 

The blue values indicate the best pipelines 
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Table 6 Results regarding the Sign Test 

Corrected 

Kos Config Method Before After Annots p-value 

Before: Previous in [3] Rules 99 81 124 0,000011 

After: Setup 3 

Before: Previous in [3] BK/Rules 103 85 124 0,000011 

After: Setup 3 

Before: Previous in [3] CombineAll 105 85 124 0,0000039 

After: Setup 3 

Before: Setup 1 After: Setup 3 Rules 81 81 124 0,5 

Before: Setup 1 After: Setup 3 BK/Rules 74 85 124 0,000455 

ICD-9-CM Before: Setup 1 After: Setup 3 CombineAll 72 85 124 0,000155 

Before: Previous in [3] Rules 84 93 120 0,0013499 

After: Setup 3 

Before: Previous in [3] BK/Rules 87 93 120 0,0071529 

After: Setup 3 

Before: Previous in [3] CombineAll 87 93 120 0,0071529 

After: Setup 3 

Before: Setup 1 After: Setup 3 Rules 91 93 120 0,07864 

Before: Setup 1 After: Setup 3 BK/Rules 88 93 120 0,01267 

MeSH Before: Setup 1 After: Setup 3 CombineAll 92 93 120 0,1586 

Before: Previous in [3] Rules 23 31 52 0,0023389 

After: Setup 3 

Before: Previous in [3] BK/Rules 23 31 52 0,0023389 

After: Setup 3 

Before: Previous in [3] CombineAll 24 31 52 0,0040755 

After: Setup 3 

Before: Setup 1 After: Setup 3 Rules 24 31 52 0,0040755 

Before: Setup 1 After: Setup 3 BK/Rules 24 31 52 0,0040755 

NCIt Before: Setup 1 After: Setup 3 CombineAll 23 31 52 0,0023389 

Before: Previous in [3] Rules 32 34 48 0,0786496 

After: Setup 3 

Before: Previous in [3] BK/Rules 32 32 48 0,5 

After: Setup 3 

Before: Previous in [3] CombineAll 32 32 48 0,5 

After: Setup 3 

Before: Setup 1 After: Setup 3 Rules 33 34 48 0,1586553 

Before: Setup 1 After: Setup 3 BK/Rules 33 32 48 0,1586553 

SNOMED CT Before: Setup 1 After: Setup 3 CombineAll 33 32 48 0,1586553 

The values in blue refers to p 0.05 and red values p = 0.05 

p-value that indicates whether the Sing Test was capable or 
not to refuse the null hypothesis: H0 : Population median 
difference = 0. 

As result, we verified that MeSH and NCIt have significant 
differences between the methods. In NCIt all the tests 
refused the null hypothesis, it means that the new methods 
are capable to maintain more annotations than the previous 
ones. In a real world scenario with thousands of annotations 
our contribution is even more evident. Consider for instance, 

the impacted annotations related to MeSH in [6], around 
367400 annotations. Using the configuration: Config: 
Before: Previous in [5] After: Setup 3; Method: CombineAll. 
We will be able to maintain up to annotations 266367 using 
the old method and 284738 using the new methods. It is a 
difference of 6.66%, around 18370 annotations, that will have 
huge impact in the day-to-day work of the healthcare facility. 

The good performance of the new Rules are also 
verified in the period 2009/2016. The results in Table 7 
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Table 7 Results regarding the 
adaptation of annotations of 
Setup 3 during the period 
2009/2016 

KOS Config 

3 

Method 

BK/Rules PartialMatch 

Rules PartialMatch 

ACC 

0.73 

0.757 

AUC 

0.781 

0.803 

F1 

0.719 

0.754 

ICD9CM 1 SCP/Rules 0.676 0.737 0.643 

3 

BK/Rules PartialMatch 

Rules PartialMatch 

0.875 

0.88 

0.901 

0.905 

0.89 

0.895 

MeSH 1 

SCP/Rules 

CombineAll 

0.859 

0.859 

0.888 

0.888 

0.874 

0.874 

3 

BK/Rules PartialMatch 

Rules PartialMatch 

0.75 

0.753 

0.8 

0.804 

0.75 

0.756 

NCIT 

1 

BK/Rules 

SCP/Rules 

LCP/Rules 

CombineAll 

0.685 

0.685 

0.685 

0.685 

0.75 

0.75 

0.75 

0.75 

0.667 

0.667 

0.667 

0.667 

3 

BK/Rules PartialMatch 

Rules PartialMatch 

0.901 

0.912 

0.913 

0.923 

0.905 

0.917 

SNOMEDCT 1 Rules 0.923 0.933 0.928 

The blue values indicate the best pipelines 

shows that, except for SNOMED CT, it is capable to 
outperform all the other techniques applied to the other 
KOS. Furthermore, it shows expressive differences when 
we compare with its application to NCIt and ICD-9-CM. 
The F1-Score is 13.34% bigger for NCIt and 17.26% for 
ICD-9-CM. Detailed explanations for these observations are 
provided in the next section. 

7 Discussion 

The evaluation showed that the evolution of annotations 
can be substantially supported by our framework, either by 
using one consecutive year or through multiple successive 
versions of KOS. The outcomes presented in Section 6 
demonstrated that we were capable to obtain high F1-Score 
and AUC for the whole maintenance process. 

When analyzing the results provided by each method, 
we verified that the BK method had significant changes. 
The implemented filter solved the problem of finding 
unaligned mappings and increased the F1-Score and AUC. 
However, our modifications also impact the specificity of 
the adapted annotations. For instance, in ICD-9-CM the 
mappings related to “acute renal failure”, concepts 584 and 
584.9. When computed by our method, the chosen candidate 
was 584, because it is the most similar to the stable ancestor 
580-589.99. In our silver standard the valid reference to 
adapt the annotation “acute renal failure” 584.9, is  “acute 

kidney failure” 584.9, i.e., the same concept using the new 
term. However, this mapping can also be considered as 
valid because both refers to the term “acute kidney failure”. 
Therefore, our method is able to provide right adaptations 
and our silver standard can be improved for the next usage. 

The change in the Rules also provided better results. For 
instance, the inclusion of plural forms in IncreaseAnnot, 
MergeAnnot and SplitAnnot increase the recall during 
the detection of impacted annotations. Moreover, it was 
capable to provide the right adaptions. As example 
[‘PMC2642994’; ‘D002875’; ‘chromosome’; 36563; 36573] 
in MeSH 2009 was correctly changed to [‘PMC2642994’, 
‘D056905’, ‘chromosome breakpoints’, 36563, 36585] in 
MeSH 2010. 

It smoothly contributed to improve the results showed 
in Section 6 for all terminologies. However, we also 
found some limitations. For example, in SNOMED CT 
the annotation [PMC2633322; ‘31113003’; ‘diverticulum’; 
6412; 6424; ‘association with the meckel’; ’, the appendix,’] 
had to evolve to  “Meckel diverticulum” ConceptID 
37373007, in order to be similar to our silver standard. 
In spite of that, IncreaseAnnot provided random results, 
adapting this annotation sometimes using the ConceptID 
37373007 or 127962001. It is sharp to observe in the 
method Rules/SCP since the change patterns do not 
provide results for SNOMED CT. The main reason for 
this miss adaptation, is that SNOMED CT includes those 
two different concepts in version 2010 using the same 

http:580-589.99
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term “Meckel diverticulum”. The concept 37373007 has 
as super class: “Congenital anomaly of small intestine” 
and “Diverticulosis of small intestine”, while the concept 
127962001 is children of “Persistent embryonic structure”, 
“Structure of yolk stalk”, “Structure of distal portion of ileum” 
and “Diverticulum”. Therefore, extensions of annotations 
also have to consider the semantic similarity between 
concepts in the KOS to disambiguate terms to annotate. 

Regarding the SCP and LCP, we observed that LSM 
has a major role to explain the results produced by these 
techniques. In our previous work [5], we computed the SCP 
using Levenshtein distance while in the current version we 
used AnnoMap. This change produced positive impacts for 
some terminologies. For example, in MeSH the LCP and 
SCP were capable to improve all results for both phases, i.e., 
i) to detect impacted annotations and ii) to correctly adapt 
annotations. In NCIt, the LCP improved the second phase. 
The main reason here is the sensitivity of string matching 
methods to a specific domain. Therefore, our experiments 
highlight that the use of string based techniques to adapt 
annotations has to be carefully analyzed. 

Another aspect to mention regarding the SCP lies in 
the computed annotation “granulocyte-macrophage colony 
stimulating factor” as evidenced in the F1-Score of Fig. 3 
and Recall of Fig. 2. We verified that the concept associated 
to this annotation, C1287, changed in 2009/2010 since 
some terms changed from is pref label to synonym. In  
our silver standard, we did not include it as an impacted 
annotation since the concept definition remains the same. 
The main point here is that the ontology diff tool considers 
all types of change including those related to a class, data or 
object properties. However, all ontological changes are not 
necessary affecting existing annotations therefore, methods 
to detect impacted annotations must also identify if such 
ontology changes impact the annotations. 

Besides, the inclusion of another layer (LCP) after the 
SCP in CombineAll method increased the adaptation of 
annotations. It can be observed for annotations generated 
with MeSH since we obtain the best results for version 
2009/2010 and 2009/2016. The same does not occur for 
NCIt as showed by the results. In NCIt the Rules provided 
random results and it is associated to “glycerol kinase gene” 
which has different CUI (C1415082, C2700225) and codes 
(C75498, C75499). 

Regarding the Setup 2, we verified that the use of 
SSMs to find candidate concepts in other ontology regions 
produces relevant associations. It is sharply observed in 
Fig. 3 when we compare LCP, SCP and PartialMatch. 
The main reason is that PartialMatch covers more 
situations than only the neighborhood utilized in Change 
Patterns. Therefore, it can also be extended to LCP and SCP 
in future versions to increase the definition of the context of 
the concept. 

The positioning of PartialMatch also demonstrated 
significant improvements in our framework, see Table 4. 
However, this rule is not 100% accurate. For instance, the 
adaptation of C11197:“folfox” to C11197:“folfox regimen” 
is not aligned to our silver standard. It should evolve to 
C63590:“FOLFOX-4 Regimen” which also considers the 
suffix of this annotation. It forced us to verify if the 
inclusion of weights for LSM and SSMs or a threshold in 
future versions aim at overcoming this limitation. Moreover, 
PartialMatch is capable to provide adaptations which 
BK method cannot provide. This is for instance the case 
of the annotation “postoperative myocardial infarction”. 
Actually, no mappings contained in BioPortal with the used 
terminologies exist. 

Regarding the results of Setup 3, we observed that any 
annotation was adapted by the BK method. It occurred 
in both utilized versions, 2009/2010 and 2009/2016. The 
variation noticed refers only the random results provoked 
by the IncreaseAnnot rule. In Fact the BK technique did not 
compute any annotations because all of them were adapted 
at previous layer. As mentioned before and observed 
in [5] the adaptation proposed by PartialMatch and 
SuperClassAnnot are not 100% precise. Therefore, in future 
versions of the framework, the BK method will be extended 
to re-adapt those annotations. 

Finally we highlight that our framework can adapt 
annotations over several years. In our framework the lower 
AUC is 0.803 using the Setup 3, which is higher than the 
one for all previous configurations (see Table 7) and  the  
results of our previous work in [5] using only one version 
2009/2010. 

The analyzes of these adaptations also demonstrated 
that the way these terminologies are changed as well as 
their internal structure have remarkable influence on the 
adaptations. For instance, in MeSH the reuse of CODEs and 
synonyms aids the adaptation method, in SNOMED CT the 
generation of new IDs which move the entire concept to 
another region of the terminology or add new ones also have 
a positive impact. 

We also observed that few annotations remain invalid 
and marked as unsolved by our framework. What we have 
seen in such cases is the extension of the framework to 
adapt these annotations is very complex. Basically the 
concepts are in different ontology region and have different 
terms from the past annotation. It leads us to work with 
more sophisticated methods of string matching combined to 
semantic similarity. 

Besides, the way these terminologies are structured is 
important and clearly observed in adaptations of ICD-9
CM. This terminology has a basic structure of a tree with 
maximum depth of 3. Furthermore, it does not have many 
synonyms. The drawback here is that the application of 
semantic techniques or string similarity methods do not aid 
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in the maintenance task as verified with other KOS. For 
instance, the annotation 854.00“brain injury” is extended in 
2010 to V80.01:“traumatic brain injury” which is located 
in a different region. Then in 2011 it evolves again, because 
the concept V80.01 became more specific “screening for 
traumatic brain injury”. 

In our silver standard, the domain specialists decided 
to reduce the expressivity of this annotation returning to 
the first concept V80.01 and decreasing the annotated text. 
We verified that when applying the current Rules of our 
framework we cannot provide a good adaptation for this 
annotation. The PartialMatch Rule was not able to 
find a reasonable result since it produced feebly results for 
semantic similarity between concepts V80.01 and 854.00. 
Furthermore, the string similarity value of “screening for 
traumatic brain injury” is higher than “brain injury” when 
compared to “traumatic brain injury”. Therefore, future 
versions also have to deal with the reduction of expressivity 
in annotations through multiple versions. 

Conclusion 

We have presented in this paper an extension of a general 
framework for the semi-automatic maintenance of semantic 
annotations affected by the evolution of KOS. Moreover, 
our experimental analyzes demonstrated it is capable to 
reaches good results to adapt annotations using one or 
multiple successive versions. We observed that the use of 
semantic similarity approaches is important to determine 
the relatedness during the evolution process. As a result, 
we proposed a new rule, Partial Match, designed to support 
lexical and semantic measures. In future work, we plan 
to apply more sophisticated NLP techniques and combine 
them to semantic approaches in order to select better 
maintenance strategies. 
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