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Abstract 

 

Annotation of clinical datasets is a process of discovery of clinical concepts and their 

association with machine readable constructs. The purpose of the process is to expose clinical 

information held in the datasets to automated agents in a structured format that facilitates and 

accelerates processes like document comparison, search or decision support.  

Numerous annotation techniques currently exist and techniques vary from simple matching to 

words from a reference dictionary to complex supervised machine learning techniques. The 

results vary, there is no gold standard and the community constantly produces new techniques. 

We developed an annotation technique that utilises ontological features of SNOMED-CT in 

discovering complex concepts contained in clinical documents and transforming them using 

term expansion into composite information models that reveal semantics of the messages 

conveyed in the document.  

Our algorithm converts clinical documents into segments of ontology of reality and weights 

the concepts found based on their frequency and location in the expanded structure. The 

algorithm utilises term expansion methods and pre-defined weights and compares the 

similarities of the resulting structures by measuring distances between their x highest weight-

bearing concepts based on the position of those concepts in the ontology of reality’s graph 

structure represented by SNOMED CT. 

We test the effectiveness of our algorithm by comparing the outputs of the headers and bodies 

of clinical discharge summaries. We use a machine agent to measure similarity between the 

composite information models discovered in the body and in the diagnosis section of the 

matched entity. The assumption that the model derived from the body of the discharge 

summary will be similar to the model derived from the diagnosis section has been tested and 

the results show that our algorithm is a valid solution for comparing and finding similarities 

between clinical documents. The results show lower distances between the concepts in the 

related bodies of texts compared to the distances between the concepts in the unrelated bodies 

of text.  

To further test the application of the algorithm that we created and our novel approach, we 

explore the utility of the algorithm in comparing openEHR Archetypes with clinical 
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documents. Our results confirm that our approach is a step to the right direction as the results 

are promising. 

Our method utilises SNOMED CT as an ontology of reality for expansion of clinical concepts 

found in the matched entity and introduces a novel technique of weighting that takes into 

consideration relations between entities, their position in the ontology of reality and their 

frequency in the clinical document text. As ontologies are quickly becoming content rich 

representations of reality, we consider it important to establish their utility as ontologies of 

reality in annotation processes. The method we developed is an alternative to the currently used 

search expansion methods and corpus annotation methods to name a few. 
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1 Preamble - Design Science Research (DSR) 

The proposed research will be conducted as Design Science Research (DSR) as in Hevner et 

al. (2004) and structured as suggested by Johannesson & Perjons (2014). DSR is not meant to 

just describe, explain and predict, it is also meant to change the world by improving it. It is 

focused on improving practices, defined as sets of human activities, by resolving practical 

problems, defined as an undesirable state of affairs or gaps between the current and a desired 

state. Practical problems are not just denoting troublesome situations, but opportunities for 

improvement as well. DSR produces artefacts that are used to address particular problems of 

general interest. Artefacts are not just physical objects, but intangibles as well, including 

algorithms, information models, methods and guidelines among others. Artefacts and 

knowledge about artefacts are final outputs of the DSR process. 

DSR prescribes a method framework for design science research that further prescribes a set 

of activities that are suggested to be undertaken as part of the research process. The activities 

are 1) Explicate problem, 2) Define requirements, 3) Design and develop artefact, 4) 

Demonstrate artefact and 5) Evaluate artefact.  

Explicating a problem includes investigation and analysis of a problem and its underlying 

issues. The outcome of the Explicate problem activity is a justified and well formulated 

problem. Defining requirements is about transformation of the problem into demands of the 

proposed artefact. The outcome is a well-defined set of artefact characteristics. The Design and 

develop artefact activity outputs a fully functional artefact that is shown in the Demonstrate 

artefact activity as a proof of concept that is then evaluated in the last activity of the process.  

No constraints are prescribed as to the use of research methods and research strategies in any 

of the activities. It is acceptable that different research strategies are utilised in different 

research activities that are undertaken as part of the DSR. It is also acceptable that different 

methods are used for data collection in different activities. As an example, activities 1) and 2) 

can be based on document research and activity 3) can be based on experiments conducted as 

part of the Action Research strategy.  

Moreover, not all activities need to be undertaken in one DSR project. Some research projects 

will place more focus on one or two of the activities and will either skip or only lightly address 

others. The example would be a research project XYZ whose focus is on explicating a problem 

by carrying out a root cause analysis.  The XYZ study would, rather than conducting all 5 
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activities, conduct activity 1) and possibly activity 2) and then not conduct activities 3), 4) and 

5). Other studies that might be building on the XYZ study would focus on activities 3), 4) and 

5) and lightly on activity 2) since the problem has been explicated already, and there will be 

no need for further focus on activity 1). 

This research will deliver an algorithm as an artefact and all 5 activities of the DSR process 

will be undertaken. Activity 1) will be used to elaborate on the problem that the artefact will 

solve. To be able to do so, definitions of the relevant concepts by other authors will be given 

before use of these concepts is touched upon. Most of the phase 1) will be covered in the section 

2 Explicate problem (DSR activity 1).  

DSR activity 2) will define and elaborate on the requirements of the artefact that will be created 

in this project. Some of the requirements are not direct requirements of the artefact, but are 

actual prerequisites ensuring that methods used by the artefact in producing its output can be 

executed. The example of a direct requirement of the artefact is “The algorithm needs to be 

able to expand clinical concepts using SNOMED CT as the ontology of reality” and the 

example of a prerequisite for that is that “A method for converting SNOMED CT into a graph 

that can be traversed by available computational systems in realistic time is developed”. Other 

examples are tasks that enabled caching of expansion results as well as the experiment that we 

conducted to test coverage of SNOMED CT to confirm its viability as an ontology of reality. 

Despite not being directly related to the goal of the project, the prerequisite tasks are of high 

importance because certain steps in the project cannot be completed without them.   

Activity 3) in this project depicts not just the design of the artefact but also the details of the 

experiment where we tested coverage of SNOMED CT to ensure its viability as an ontology of 

reality. The design of the artefact is presented in detail including all the stages of information 

transformation from unstructured free text format to the structured graph-based format ready 

for the final step of comparison.  

The artefact is demonstrated as an application developed in Microsoft Visual Studio in the C# 

programming language. That application is elaborated on in the chapter that fulfils the 

requirements of the activity 4).  

The chapter that covers the final evaluation as prescribed by activity 5) of DSR contains the 

details of the experiment conducted to confirm the utility of the artefact and therefore to provide 
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confirmation for the assumptions made at the beginning of the project as well as to confirm 

that the goal of the project has been achieved.  

The following chapter will provide background on the problem that prompted this research and 

will suggest the artefact as a start of the process towards finding the solution to that problem.  
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2 Explicate problem (DSR activity 1) 

DSR instructs that the DSR activity 1 - Explicate Problem is about investigating and analysing 

a practical problem (Johannesson & Perjons, 2014, p. 76). We define the problem in the section 

2.1 Introduction, and support it with the discussion in the section 2.2 Background. The problem 

is explicated as an issue of use of composite information models as annotation artefacts for the 

purpose of revealing messages, rather than just concepts, in clinical free text documents. The 

discussion covers current methods used in annotation of clinical documents and touches upon 

rule-based methods, machine learning and deep learning as well as methods common for pre-

processing stage of each of the techniques. Three rule-based methods will be reviewed at the 

end before a short conclusion on rule-based methods is given. 

 

2.1 Introduction 

Clinical data, a foundation of clinical information, is a crucial factor in decision making 

processes in the domain of clinical practice. Data are acquired and then observed and 

interpreted by physicians to form the foundation for making conclusions in the process of care. 

Clinical data is made of inputs captured for variety of purposes and from variety of sources and 

range from determinants of health and measures of health and health status to documentation 

of care delivery (IOM et al., 2010). 

Recognition of the value of clinical data is not new. The first verdicts on the value of data 

collected through patient observation as opposed to the unspecific philosophical postulates is 

given in the early works of Greek philosophers in the body of work called Hippocratic Corpus. 

The work “On Ancient Medicine”, arguably authored by Hippocrates, highlights the value of 

data collected using empirical and observation-based approaches over the philosophical 

approach that is based on generic knowledge, “empty postulates” and incursion of supernatural 

in treatment of conditions that can be explained using purely natural phenomena (Roth, 2008). 

The first time the process of collection and recording of clinical data is documented in a written 

work was in the piece from the aforementioned Hippocratic Corpus titled “Epidemics”. The 

authors, reporting on epidemics and infectious diseases cases they encountered during their 

travel around the Greece, have documented their observations producing the first clinical 

record that many authors consider a “hallmark of clinical observation” (Roth, 2008, p. 79).  
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Galen, arguably the most famous Greek physician after Hippocrates, has made an important 

contribution to the discipline of Medicine by making available clinical data from the results of 

experiments and interventions he conducted (Rockland et al., 1998). Although there is a lot of 

debate around usefulness of the theory he produced (Avorn, 2008, p. 29), clinical data he left 

behind were repeatedly quoted by many in centuries to come, including Vesalius in the 16th 

and Thomas Willis in the 17th century (Rockland et al., 1998, p. 10).  

Clinical documents carry information that is not just relevant at the point of care but as a 

secondary use information too. Information extracted from clinical documents like discharge 

summaries can be used in the processes of improving quality of patient care, medical research, 

decision making, for supporting population health statistics and care planning among other 

uses. Secondary use of clinical information is known to “enhance healthcare experiences for 

individuals, expand knowledge about disease and appropriate treatments, strengthen 

understanding about the effectiveness and efficiency of our healthcare systems, support public 

health and security goals, and aid businesses in meeting the needs of their customers” (Botsis 

et al., 2010, p. 1). 

However, for the full potential of clinical information to be released, it needs to be put in a 

format that can be processed by automated agents and concepts and messages found in the data 

need to made comparable. The former is achieved through use of interoperability standards like 

ISO, openEHR and HL7 (Schloeffel et al., 2006). The latter is achieved through annotation. 

Wilcock (2009a) defines annotation as process of attaching notes to an object for the purpose 

of providing more information on the object. Nagao (2003b) extends that, asserting that it is 

reasonable to generalise that any kind of content, not just notes can be used for this purpose. 

He adds that annotation content can annotate only part of the object and still be considered a 

valid annotation. In general, most of the authors call content added through annotation process 

“metadata” (Wilcock, 2009a; Passant, 2010; Pustejovsky & Stubbs, 2012a; Nagao, 2003b). 

Annotation techniques associate concepts in annotated datasets to concepts that are 

understandable to the machine agent, including concepts found in ontologies (Al-Mubaid & 

Nguyen, 2009; Hsu et al., 2012; Jonquet et al., 2008; Papatheodorou et al., 2009; Roberts et 

al., 2007), taxonomies (W. Lee et al., 2007) or custom made data structures (Cimino & Barnett, 

1990) among others. However, most of these annotation methods annotate only individual 

fields of the dataset, rather than recognise and annotate composite clinical information that is 
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usually of higher relevance to a project. For instance, a method annotating clinical text 

containing mention of concepts systolic and diastolic will recognise the fields and annotate 

them with SNOMED-CT codes SCTID: 271649006, Systolic blood pressure (observable 

entity) and SCTID: 271650006, Diastolic blood pressure (observable entity) respectively but 

will not recognise them as blood pressure concept. 

We argue that annotation needs to take into consideration composite concepts in a clinical text, 

not just single concepts. We believe that recognising documents’ messages, rather than 

concepts is crucial for document comparison and effective search among other processes.  

However, these messages are not easy to recognise, not just because of their complexity, but 

because a single snapshot of a reality can be described by multitude of usually semantically 

similar, but still morphologically different messages. The messages are representations of a 

producing agent’s interpretation of own idea/perception, meaning that a message constructed 

by one agent is likely to be different from the message created by a different agent that 

observes/considers the same phenomenon. In the case of clinical documents, the uniqueness of 

the producing agent’s representation of the reality can be due to uniqueness of the agent’s 

understanding and knowledge of the medical domain. Likewise, the agents reading these 

clinical documents will have their own interpretation of what is presented in them for all the 

same reasons. 

Grace (2016, pp. 4–5) attributes differences between messages describing the same segment of 

reality to the language used by the producing agents. The crux of the Grace’s position is that 

agents’ epistemic base, including agent’s assumptions of the nature of the world, culture and 

access to the knowledge of the world impacts the language used in describing the reality at the 

individual level. Although the issues of language are commonly seen as impacting one’s 

representation of reality, language is certainly not the only layer observed. For example, 

Aristotle (as cited by Hudry, 2011) adds mental conception and Shore (1998) adds culture as 

additional layers that alter message structure before the meaning is finally formatted by the 

language. 

The phenomenon that different agents can form different messages when communicating the 

same snapshot of the reality makes it difficult for the outputs to be compared and decided on 

their similarities and differences. This phenomenon particularly affects ability of automated 
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agents to discerning true meanings of messages put before them. That further makes processes 

like search through and classification of bodies of texts difficult and ineffective.  

To overcome issues of semantic differences between messages, we propose that transposing 

the elements of a message into their roots will reveal the very meaning of the message and 

allow for comparison. We see medical documents as messages constructed from signs, 

therefore we see signs as elements of a message. Considering that signs are individual’s 

interpretations of particulars found in the reality, we see particulars as signs’ roots. 

Furthermore, we believe that if the signs are transposed back into particulars, or as close as 

possible to the particulars they represent, the messages will be comparable and their similarity 

measurable.  

As particulars found in the messages have their own position in the ontology of reality, their 

interrelationships and distances from the other elements will be known, hence the final result 

of the process of transposing of message signs to particulars will be an information model 

whose elements’ distances from other information models’ elements will be known (or 

measurable).  

We believe that calculating similarity of two such information models will be possible to be 

achieved by measuring distance between two information models. This is based on the 

assumption that proximity of sections of the ontology of reality is a function of their similarity 

and the more proximal the segments are, the more similar they are.  

This work will create an artefact, an algorithm, that will annotate medical documents using 

complex information models so that medical documents can be positioned in an ontology of 

reality and utilised as such for comparison to other medical documents, search queries and 

similar. Annotation process will firstly extract messages from medical documents by 

converting signs found in these documents into particulars. It will than create complex 

information models from these particulars, in other words create annotation artefacts, and 

develop a method that will compare these information models by positioning them in the 

ontology of reality and measuring their distances.  

We will utilise graphs as structures of information models we create in the process of 

annotation. Graph methods will be used to calculate distances of concepts in the ontology of 

reality. Due to its comprehensiveness, coverage and ontological structure, SNOMED CT is 

utilised as the ontology of reality.  
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We start the next section by defining and explaining our understanding of the construct of 

annotation. Then we touch upon the methods used in pre-processing of information before we 

elaborate on the methods of machine and deep learning. Finally, we talk about rule-based 

methods and itemise and describe some of the well-known methods in that group.   

 

 

2.2 Background 

 

2.2.1 Annotation  

Annotated corpora are produced through the process of annotation. For us, annotation is 

association of a token with one or a group of codes representing predefined, unique concepts. 

For clinical texts, annotation is identification of tokens that represent medical concepts and 

their association with codes defined in one of the medical terminologies. The token can be a 

word, phrase, sentence, paragraph or a document. The outcome of an annotation process is a 

token labelled with one or more codes that are directly recognisable by automated agents and 

can be unambiguously converted into words or phrases that can be understood by human 

agents.  

We base our understanding on Wilcock (2009b), who defines annotation as a process of 

attaching notes to an object for the purpose of providing more information on the object. We 

extend that definition with the assertions of Nagao (2003a) that any kind of content, not just 

notes, can be used for annotation and that annotation content can annotate only part of the 

object and still be considered a valid annotation. 

Named entity recognition (Boag et al., 2018; Goeuriot et al., 2020; Wu et al., 2018) and concept 

normalisation (Luo et al., 2019; Pradhan et al., 2015) are terms describing similar processes to 

what we call annotation in this work. Named entity recognition is defined as identifying and 

locating of concepts and their categories in the body of text, while concept normalisation is 

seen as named entity recognition plus normalisation of recognised entities. Normalisation of 

recognised entities includes relating each of the recognised entities to a code in one of the 

clinical terminologies. Our work is in alignment to both named entity recognition and concept 

normalisation, but we go several steps further and expand recognised concepts before creating 
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graphs as annotation artefacts. Due to that fact and considering that there is no firm consensus 

on use of these terms, we use the term annotation in this work.  

The most commonly annotated tokens in annotated corpora are words and phrases. Such 

annotations reveal diseases, anatomic parts and physiological elements among others and 

provide detailed and specific information on the entities found (e.g. Bada et al., 2012). 

Annotation of a sentence, paragraph and the document type tokens usually takes into 

consideration inferred meaning of the entire token (e.g. Wilbur et al., 2006). The annotation of 

paragraphs and sentences is utilised in identifying sections of the document (Liakata et al., 

2010) and annotation of documents as a whole was seen as useful in classification of documents 

(e.g. Baker et al., 2016). In this work, we focus on annotation of documents. 

 

2.2.1.1 Automated Vs manual annotation 

Annotation process can be conducted by either a human or automated agents or a combination 

of the two. Annotations conducted by human agents (manual annotations) are considered a 

bottleneck in the overall process of utilisation of clinical data due to the time and resource 

requirements. The process of manual annotation usually involves training of experts, definition 

of annotation protocols and manual pre-processing of the corpus that is to be annotated 

(Pustejovsky & Stubbs, 2012b). The costs incurred during the process are high and affordability 

is seen as a major barrier of a manual annotation process (Velupillai et al., 2015).  

In 2015 we conducted a series of case studies reviewing the utility of manual mapping in 

biomedical projects associated with the Virtual Physiological Human project (Zivaljevic et al., 

2015b). We found that manual mapping of concepts found in clinical datasets impacted most 

significantly on the project timeframes, costs and validity of the reviewed projects. Elaborating 

on the negative effects of mapping, the authors of one of the project, Sittig et al. (2012), assert 

that “Design and development of these ‘mapping’ applications is one of the biggest challenges 

in any multi-institutional research project, because it is often the case that different 

organizations refer to the same activity, condition, or even procedure by different names, and 

the same names can refer to different things across institutions”. Mapping applications are 

manually conducted mapping activities that required experts whose time was precious and 

expensive. 
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In other research, Zasada et al. (2012) reached a similar conclusion where they comment on 

the process of changing data to match the prescribed format (the process they call curation) 

saying that “the curation stage can be quite labour intensive”. Similarly, Shi et al. (2011) report 

that manual mapping of the concepts used in variables resulted in them limiting the number of 

used variables. Due to that limitation, a limited number of hemodynamic variables are used in 

their calculations and as a result the authors state that their solution is based on a “rather narrow 

physiological envelope”. They suggest that the “whole envelope of simulations should be 

performed under a range of physiological states” (p. 335) implying that a process more 

effective than manual mapping is required. 

Another issue raised in relation to the manual annotation process is scalability. Although 

increasing the number of annotators through crowd sourcing and an increased number of texts 

made available through release of de-identified clinical material has improved creation and 

visibility of reference standards, manual annotation is still a process that is unable to satisfy 

annotation requirements of large databases of clinical data (Velupillai et al., 2015). An example 

of the volume of data produced nowadays is the fact that at least one clinical document needing 

annotation has been produced by each of the over 795,650 clinical incidents that took place in 

the New South West hospitals between 2016-2019 (NSW Clinical Excellence Commission, 

2020). The amount of manual work required for annotation of just that corpus would greatly 

exceed available staff capable of providing that service. 

Automated annotation is a process where automated agents annotate corpora using one or more 

automated methods. Automated techniques are seen to perform at least as well as human agents 

(Deleger et al., 2013). In their meta-analysis, Stanfill et al. (2010) found that of the 113 studies 

they included in their review, 26 found that the automated system performed better than, or as 

well as, humans, while only four found the opposite. 

Scalability is another aspect that puts automated annotation ahead of manual. Automated 

methods are able to scale to millions of texts eliminating scalability as an issue and minimising 

the costs over a period of time. However, automated annotation methods are not without their 

issues. Generalisability is seen as one. Turchin et al. (2006) report that generalisability is an 

issue commonly affecting automated annotation methods and the example is given noting that 

a new set of regular expressions is needed to be created every time a new corpus is annotated. 

Another advantage of human agents was due to their intuition. Human agents have shown 
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ability to assume meanings of abbreviations even when misspelled and have shown better 

performance when errors in punctuations were present in the text.     

 

2.2.2 Review of annotation methods 

Review of the literature (Fu et al., 2020; Sheikhalishahi et al., 2019) reveals that the following 

methods are the most commonly used methods that annotation techniques are based on:  

1) Machine learning,  

2) Rule based and  

3) Hybrid  

Machine learning techniques are further divided into 2 groups: shallow and deep learning. As 

we do not utilise machine learning, neither its shallow nor deep alternatives, the machine 

learning (including deep learning) discussion on these topics will be rather concise as it will 

not delve into specific methods that utilise these techniques.  

However, before we provide more context on each of the annotation techniques, a question of 

pre-processing is worth touching upon. This is due to the issue of heterogeneity of clinical text 

making pre-processing of clinical text imperative for the success of annotation processes, 

regardless of the technique deployed. 

 

2.2.2.1 Pre-processing 

One of the conclusions reached by Torii et al. (2011) is that performance of methods based on 

machine learning degrades when the methods are ported across clinical sources. This brings to 

mind the issue reported by Turchin et al. (2006) where the authors list the limitations of rule 

based systems and point out that, because of the difference in structures of the texts originating 

from different sources, rule based systems need to be adjusted for every source.  

This clearly is an issue of structural heterogeneity of clinical texts and should not be taken as 

an issue directly related to the methods used. Heterogeneity of text structures, high level of 

noise, use of abbreviations and syntactical and grammar issues to name a few are well known 

to be present in clinical texts (Kaurova et al., 2011; Nguyen & Patrick, 2016). The solution to 
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eliminating these issues is pre-processing of texts and some techniques have been developed 

in the past (Nguyen & Patrick, 2016).  

Pre-processing involves one or more distinct tasks and the selection of tasks is on authors of 

the overall method.  

One group of tasks is exclusion of meaningless data. These tasks are usually among the first to 

be applied, usually before the task of tokenisation takes place. The tasks include processes like 

exclusion of stop words, punctuation and unused space between words, sentences and 

paragraphs. The tools used for this are pattern matching tools, like regex and direct matching. 

Stop words are words deemed irrelevant for the task and are collated in lists called stop lists or 

negative dictionaries. Although no specific stop word list has been selected as a gold standard, 

several lists of stop words have seen more use than others. The example is a list of stop words 

derived from the Brown’s corpus of over one million words drawn from a broad range of 

English literature (Fox, 1989).  

After removal of stop words and other data from the text that is considered meaningless, 

tokenisation takes place. Tokenisation is a process where the text is separated into linguistically 

significant and methodologically useful parts, called tokens. Tokens are considered “atoms”, 

of text processing, the “indivisible units” that are not to be broken down any further (Webster 

& Kit, 1992). However, that is not to mean that tokens are limited to single words only — 

tokens can be compound tokens, tokens that contain more than one word, even the whole 

documents (e.g. W. Huang et al., 2012; Rygl et al., 2016). 

After tokenisation, the tokens need to be brought into a format that can be recognised by the 

machine agents conducting the process of annotation. This is particularly important if the 

agents working on a process use reference resources like dictionaries and terminologies that 

normally would contain only normalised formats of the words. The tasks used for normalisation 

of words include change of spelling and tasks like lemmatisation and stemming.  

Stemming is converting derived forms of word tokens to their root forms by removing words’ 

suffixes. The example of stemming is changing word “attending” to the word “attend” or word 

“learning” to the word “learn”. However, stemming often leaves words meaningless as the 

suffix is just removed and not changed to the expected root suffix after stemming. The example 

is the word “decided” that when stemmed becomes “decid”. The word “decid” will normally 
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not be found in dictionaries, terminologies or other word classification resources (Tool used 

for this example: NLTK, 2020). 

Lemmatization, on the other hand, transforms a word to its dictionary format (Plisson et al., 

2004). It removes the affixes, revealing the root and then adds missing characters to the root 

making the word semantically complete. Lemmatisation often utilises large word databases for 

lookups to find canonical formats. Lemmatisation is generally more complex process than 

stemming as it can involve analysis of the word, removal of affixes and lookup for a suitable 

word in large dictionaries.  

However, for lemmatisation to produce correct results, the lookup resource must be appropriate 

so the results of the lemmatisation can be used further down in the process. The example is the 

word “exercised” that, when lemmatised using the WordNet lexical database (MIT Press, 2020) 

as a lookup source, produces the word “exercised”. The word “exercised” is not in any of the 

terminologies included in the UMLS Metathesaurus (O. Bodenreider, 2004) on its own, so it 

would not be of use to an automated agent that would utilise results of that lemmatisation in 

the process of term expansion, for example.  

Similar situation is with the word “exercis”, which is the result of stemming of the word 

“exercised”. The word “exercis” has no meaning to any of the UMLS Metathesaurus sources. 

However, use of the word “exercis” will result to a match in the sentence “Patient was 

recommended exercising 3 times a week” as the word “exercising” will be stemmed to its root, 

the word “exercis”. However, if lemmatisation that is based on WordNet database is used, the 

match will not be found as the results of lemmatisation will be the words “exercised” and 

“exercising” and these two words will not be seen as matches by an automated agent 

conducting the matching. This example confirms that the choice of lookup source is an essential 

step if lemmatisation is to be used in the process of annotation. 

From the discussion above, it can be concluded that the process of pre-processing, to provide 

desired results, need to take in consideration use of its outputs in the remaining steps of the 

process. In some cases, lemmatisation of the word exercise will make sense, especially if 

matching utilises StartWith or EndWidth functions that are common in many programming 

languages and can be achieved with SQL using literal “%”. However, in some cases that would 

be counterproductive, especially if the matching function expects full word matches only, in 

which case lemmatisation might be a more productive option. 
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2.2.2.2 Machine learning methods 

The field of machine learning seeks to enable computers to automatically improve themselves 

(and their methods) based on experience (Mitchell, 2006). These methods are not limited to 

data related operations, but include learning of robots on how to navigate themselves and 

learning of search engines on how to adjust the results based on the users preferences, among 

others. One of the aims of machine learning is either to exclude or to involve minimal human 

input (Zech et al., 2018). 

Machine learning is fast maturing field and machine learning algorithms can be found in the 

fields like speech recognition, computer vision, bio surveillance, robot control and accelerating 

empirical sciences. The difference between the human learning and machine learning is that 

machine learning requires much more data to achieve the same or the similar effect of learning, 

but machine learning can learn from massive amounts of data, the amounts that are impossible 

to process by human brain (Halevy et al., 2009). It is perfectly feasible for a machine learning 

method to be trained by millions of charts and EHRs while the same amount of information is 

not possible to be used in human learning. 

The goal of the machine learning algorithms is to decide on a function 𝑓: 𝐴 →   𝐵 based on the 

set of learning examples {𝑥𝑖, 𝑦𝑖} of inputs 𝑥𝑖 and outputs 𝑦𝑖 =  ʄ(𝑥𝑖). In other words, machine 

learning creates a function that produces best estimation of the next output based on 

transformations observed during the learning phase.  

The examples of methods that fall under machine learning are the methods from Support 

Vector Machines (SVM), Bayesian classifiers and Genetic Algorithms among others (Mitchell, 

2006). i2b2 challenge in 2010 (Uzuner et al., 2011) and in 2012 (Sun et al., 2013) have made 

great use of machine learning methods. The participants utilised SVM, conditional random 

field, hidden Markov model, ensemble method and hybrid methods and concluded that 

performance of machine learning methods measured through precision and recall is better 

compared to the rule based methods. This conclusion was not in line with their earlier 

conclusion made at the third i2b2 Workshop on Natural Language Processing Challenges for 

Clinical Records, claiming that rule based methods were better than machine learning methods 

and that the best choice of methods were hybrid methods that are combination of both, rule and 

machine learning methods (Uzuner et al., 2010). 
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Machine learning methods generally fall under one of the following subcategories: supervised 

machine learning, unsupervised machine learning and hybrid machine learning. A notion of 

distance is essential to all the machine learning methods as without knowing how similar two 

items in a sample are, the algorithms are unable to cluster them (Gentleman & Carey, 2008).    

Supervised machine learning (SML) methods are by far the most commonly used machine 

learning methods in classification of clinical reports (Hastie et al., 2009; Mirończuk & 

Protasiewicz, 2018; Guzella & Caminhas, 2009; Al-garadi et al., 2016). They are based on the 

pre-defined training data that is either re-used if existing, extracted from another text, or 

prepared by field experts and provided to the algorithms. Unsupervised machine learning is 

also known as cluster analysis or class discovery. The prerequisite for unsupervised machine 

learning is selection of samples for clustering and definition on parameters such are features 

for clustering, similarity parameters and metrices and the choice of the algorithm to use. This 

technique does not utilise training, so cross validation is not possible (Gentleman & Carey, 

2008). 

Deep learning, as a form of machine learning is touched upon next.  

 

2.2.2.3 Deep learning methods 

Deep learning is a form of machine learning. Deep learning is based on multiple linear 

transformation of a representation of knowledge. Each time the transformation is applied, the 

knowledge becomes represented at a higher, more abstract level (LeCun et al., 2015). Each 

time the transformation is applied, a new layer of knowledge is created and the number of 

layers created in the process is not limited. Recognised (or potentially recognised) connections 

between the inputs and the outputs of the transformations are kept and form a chain that is 

called Credit Assignment Path (CAP).  

The end result of these connections recorded in the CAP during the course of transformations 

is a neural network. Although one layer can be parameterised (transformed) multiple times, in 

which case the resulting network is called recurrent neural network, creating layers in a linear 

fashion is possible as well, in which case the result is called feedforward neural network 

(Schmidhuber, 2015).  
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The example of a deep learning algorithm is a break-through algorithm developed by Hinton 

(2009) in which he uses the Restricted Boltzmann Machine algorithm (Sutskever et al., 2008) 

as an unsupervised learning algorithm applied on each knowledge layer. This was a first 

successful attempt to deploy learning algorithms to greedily train on one source one layer at 

the time (Bengio, 2009).  

Deep learning is found to be successful in finding intricate structures in multi-dimensional data 

and has found its use in image recognition (Farabet et al., 2013; Krizhevsky et al., 2012; 

Sutskever et al., 2014), speech recognition (Hashemi, 2012; G. Hinton et al., 2012) and natural 

language understanding (Collobert et al., 2011). However, it is still not clear whether deep 

learning methods outperform machine learning methods. For example, Kohler et al. (2019) 

tested 6 deep learning methods across the 14 datasets and found that classical machine learning 

methods outperform deep learning methods in their cell-type prediction based on gene-

signature derived cell-type labels task. Similarly, Liu et al. (2019) found that deep Learning 

based models did not outperform health care professionals in diagnostic performance.  

However, some authors disagree with these findings and state that Deep Learning methods 

outperform standard methods. For example, Koutsoukas et al. (2017) found that Deep Learning 

methods outperform classical machine learning methods, like Naïve Bayes, k-nearest 

neighbour, random forest and SVM methods when modelling bioactivity data. They found that 

the level of noise makes significant difference and confirmed that is the level of noise is higher 

than 30%, Naïve Bayes performs better than the Deep Learning methods that they deployed.  

In favour of deep Learning was a verdict of Bouktif et al. (2018) who compared predictive 

power of deep learning model and a classic machine learning model. However, it appears that 

their selection of data that they considered as optimal for the deep learning model has increased 

the chances for deep learning method to be more successful.  

Numerous deep learning methods have been deployed to tackle the task of concept 

recognition/extraction in the medical domain (Chalapathy et al., 2016; Ling et al., 2017; Lv et 

al., 2016; Q. Wei et al., 2020; Zhu et al., 2018). However, although some indications have been 

made available (Gehrmann et al., 2018), the issues of generalisability and presentability of 

results have prevented systematic reviews to come to the conclusion on the utility of the 

currently available methods (Kersloot et al., 2020).  



25 

 

2.2.2.4 Rule based methods 

Rule based annotation methods are based on a set of rules that are manually defined. This 

dependency on manual input is considered a bottleneck (Sebastiani, 2002) as manual 

involvement raises the same or very similar questions compared to that of fully manual 

annotation. This dependency on manual input, along with further improvement of machine 

learning methods has seen rule-based methods decrease in popularity. However, increased 

availability of expert knowledge in the form of ontologies, terminologies and similar 

information and knowledge resources is able to minimise manual input and automate rule 

creation, bringing rule based methods back in focus (Solt et al., 2009). 

The rule-based annotation systems usually start with recognition of zones in clinical 

documents, e.g. sections like diagnosis, clinical course and similar. Regex patterns are usually 

used for that task, utilising regularity in (sub) titles and other elements used for demarcation of 

document zones. That part of the process is normally different in each source and, as pointed 

out by Turchin et al. (2006) and mentioned in the text above, prevents that the methods are 

generalizable. 

After zoning, classifiers are created. Classifiers are groups of rules that mimic work of the 

human agent annotators. Traditionally, the work of classifiers is called concept normalisation. 

Concept normalisation is one step away from annotation as its output is a set of codes that 

represent tokens found in the document. 

Some classifiers operate by performing dictionary lookup where dictionary can be a pre-

defined list, a terminology or ontology. The tokens are either considered in a structured format, 

where their location and relation to other tokens is considered or as a bag-of-words in which 

case each token is considered a feature (Goldberg, 2017, p. 67). Recent example of using 

classifiers can be found in Xu et al. (D. Xu et al., 2020) where a classifier based on the 

Bidirectional Encoder Representations from Transformers (BERT) neural network (Devlin et 

al., 2019) was constructed and used to rank the concepts recognised in the text. 

There can be one or more classifiers defined and the only difference between the classifiers is 

the set of rules that they contain. Classifiers take in consideration the zone in which they 

operate, hence the classifier will place different value on the concept found in the diagnosis 

section compared to the concept found in the family history section. Classifiers can also place 

different value (weight) on a type of concept discovered, e.g. clinical concept can be given 
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more weight than a concept that represents non-clinical entity. In addition to the concepts, the 

rules in the classifiers can be programmed to discover and extract assertions and relations.  

 

2.2.2.4.1 MetaMap 

A well-known classifier is MetaMap (Aronson, 2001). MetaMap is a linear combination of 

measures that takes lexically processed text as an input. Lexical processing (or pre-processing 

of text) starts with tokenisation, where sentence boundaries, acronyms and abbreviations are 

recognised. Part of speech tagging and lexical lookup are the processes that take place before 

the text is syntactically analysed. Part of speech tagging ensures that the words in the text are 

assigned contextually appropriate grammatical descriptors (Mitkov, 2004) and lexical lookup 

ensures that the recognised words are found in the lexical reference material (McGray et al., 

1987). This precludes meaningless tokens from being included in the process. Syntactic 

analysis in MetaMap has very similar role as lexical lookup, but its works at the level of phrases 

and sentences. The algorithm MetMap uses in the syntactic analysis is developed by McCray 

et al. (1993) and is part of the SPECIALIST, an experimental natural language processing 

system for the biomedical domain. The SPECIALIST has grown into a system that comprises 

of a lexicon and a set of lexical tools and is distributed by the National Library of Medicine as 

one of the Unified Medical Language System (UMLS) Knowledge Sources (Lu et al., 2020). 

After pre-processing phase, in which lexical/syntactical analysis methods are applied to the 

text, MetaMap deploys methods that focus on the semantics of the discovered tokens. The first 

of the five methods that all flow in linear fashion, is generation of variants found using table 

lookup. It is not clear whether the authors used a custom-made table in this case, or the method 

utilises one of the external sources, like one of the sources underpinning UMLS meta-thesaurus 

(O. Bodenreider, 2004). Next in the MetaMap process is the candidate identification method 

in which candidate strings (intermediate results) are evaluated by how well they match input 

text, before they are combined and re-evaluated as such.  

The evaluation methods used in the last two steps as part of the MetaMap are based on the 

measures of centrality, variation, coverage and cohesiveness.  

Centrality measures quality of match between a phrase and a meta-thesaurus candidate. It 

reflects the position of the word (a token recognised in the text) and a meta-thesaurus candidate. 

The example are tokens “eye” and “complications” that have “ocular complications” as a 
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candidate concept description. In this case, the token “eye” gets assigned a score of 0 as it 

matches no parts of the candidate concept description and the token “complications” gets a 

score of 1 as it is a direct match to one part of it.  

Variation is a measure estimating the difference of the candidate concept and the token. The 

authors define four bases for differentiation and assign each a different value they call distance 

value. Spelling differentiation is assigned 0, inflectional 1, if the token is a synonym or an 

abbreviation of a candidate, the value is 2 and if it is a derivative of the candidate concept 

description, the value is 3. The final variation value can include more than one of these values 

if present.  

Variation for each token is calculated using the following formula:  

𝑉 =
4

𝐷 + 4
 

Where: 

• 𝐷 is a total distance value for the token - a sum of all 4 variation types listed above 

Total 𝑉 for the candidate is calculated as average 𝑉 calculated for each of the tokens used to 

decide on the candidate.  

Coverage value indicates how much of the meta-thesaurus concept description’s text and the 

token’s text are involved in the match, ignoring the gaps between the words (spaces). Authors 

prescribe values called metathesaurus span for matched part of the candidate and phrase span 

for matched part of each of the tokens involved in matching. The final result is weighted 

average of values for the candidate string and the token. Candidate string is given twice the 

weight as the token. 

Cohesiveness measures connectedness of the words forming both a matched phrase (a token) 

and a candidate. The value is calculated based on the maximal length of continuous words 

participating in the match, adjusted for the length of each of the components. The value for the 

candidate is calculated as a sum of the squares of the connected candidate string component 

sizes divided by the square of the length of the string. The same logic is followed in calculating 

the value for each of the tokens. The final cohesiveness value is weighted average of the 

candidate token values where candidate is again given twice the weight as the token.  
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The rules used in the MetaMap are highly customisable. That allows for outputs of the 

algorithm to be very different depending on the initial parameters that can be supplied to the 

algorithm. The ratio for allowing this flexibility in the algorithm might be based on the fact 

that gold standards do not exist in the field and that different applications of the algorithm 

would expect different outputs.  

The criticism of the MetaMap is that the algorithm is unable to provide semantic relationship 

between the extracted concepts and the authors have to combine it with surrogate approaches 

to identify information on the strength of relationships between extracted concepts (Ogallo & 

Kanter, 2016). The authors report that it “was difficult to determine whether a study truly 

investigated the association between two medical conditions simply based on the co-occurrence 

of the two conditions in the article title” (Sung et al., 2020, p. 1). 

In some cases, the authors have found that MetaMap provides too many false positives (Pape-

Haugaard et al., 2020), that it does not recognise acronyms (Le et al., 2020) and that it has 

limited ability to recognise misspelled words (Hanauer et al., 2020). However, considering 

MetaMap algorithm customisation options, it is difficult to say whether these findings have to 

do with MetaMap’s validity or used parameters.  

 

2.2.2.4.2 cTAKES 

The rule based concept extraction algorithm that is commonly compared with MetMap is 

cTAKES (Savova et al., 2010). The algorithm is created by the Mayo Clinic, released as open 

source software and is currently maintained by Apache Foundation. The algorithm uses the 

methods from the NLP domain before rule based named entity recognition method is used to 

match the discovered tokens to the entries in several databases. The NLP methods utilised in 

cTAKES are sentence boundary detector, tokenizer, normalizer, part-of-speech (POS) tagger 

and shallow parser. As shallow parser in this case utilises Apache’s OpenNLP ME machine 

learning method, cTAKES could also be seen as a hybrid algorithm too.  

After NLP methods pre-process clinical text, cTAKES uses a named entity recognition (NER) 

method described in (Pakhomov et al., 2005). This method uses SNOMED-CT, MeSH, 

RxNorm and Mayo Synonym Clusters (MSC) as lookup resources. Access to the MSC is a 

significant advantage for this method as this resource contains a set of clusters each consisting 

of diagnostic statements considered to be synonymous. This source has been manually 
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compiled from Mayo Master Sheet repository, a collection of over 20 million manually coded 

diagnostic statements held by the Mayo clinics. 

MetaMap and cTAKES have been compared and the results have shown similar performance, 

with cTAKES slightly outperforming MetaMap (Reátegui & Ratté, 2018; Rodríguez-González 

et al., 2018). Two methods are known to be combined in experiments that used hybrid approach 

and it has been reported that the performance of the combined method was satisfactory (Tang 

et al., 2013; Xia et al., 2013). 

 

2.2.2.4.3 MedLEE 

Another method that has been widely applied and has improved significantly over time is 

MedLEE (Friedman et al., 1994). The method consists of 3 stages, first of which is parsing. 

Parsing uses grammar and lexicon to convert unstructured text into its preliminary structured 

form. In the second stage, phrases are regularized to minimise the styling differences that are 

common in natural language. In the last stage, the standard forms are encoded into concepts 

found in a controlled vocabulary, called the Medical Entities Dictionary (MED). This last 

mapping is a one-to-one mapping as the forms have already been standardised in the second 

stage.  

MedLEE was originally designed for decision support tasks in the radiology domain, chest x-

ray reports specifically (Friedman et al., 1999). Later, it has been customised for use in the 

fields of pharmacovigilance (X. Wang et al., 2009), adverse event detection in discharge 

summaries (Melton & Hripcsak, 2005), nursing (Bakken et al., 2005) and biomedicine (Chen 

& Friedman, 2004) among others.  

The main limitation of MedLEE is seen in its inability to make inferences from individual 

concepts and in its inability to reason about relationships among concepts (Chiang et al., 2010). 

Similar is noted in the (Lussier et al., 2001, p. 422) with the recommendation that MedLEE 

should consider adding functionality that would “gracefully transform the structured coded 

output of MedLEE into a standardized information model such as HL-7 for laboratories or 

DICOM for radiology”. 
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2.2.2.4.4 Rule-based methods - conclusion 

All of the methods, regardless of whether they are rule based or based on machine or deep 

learning, put strong focus on what is in the target text, on the recognised entities and how these 

entities can be utilised in achieving whatever the goals are of the project that the method is 

deployed in. However, these entities can be in any one of many of their linguistic forms, making 

them hard to find, understand and relate to the rest of the text. For some tasks, finding several 

key entities could be enough, but other tasks will need to look at a bigger picture to perceive 

intended meaning of the clinical free text put before them so they can achieve their projects’ 

goals.  

The examples of the tasks that we refer to are classification of medical documents, comparison 

of medical documents and search through medical documents among others. We are concerned 

that, considering syntactic and semantic ambiguities of the natural language, the messages in 

these documents can go unnoticed or be misinterpreted. Although the current methods match 

the tokens they find to concept descriptions in the normalised sources, like medical 

terminologies and ontologies, we believe that that the process would reveal more if the concepts 

recognised are expanded and positioned in the reality before compared with another medical 

document, which again represent another segment of reality on its own.  

We next provide our philosophical standpoint that we base our research goal and assumptions 

on, expand on application of ontology of reality in annotation and describe what we believe the 

solution to efficient annotation of clinical text should involve. Also in the next chapter, we 

discuss SNOMED CT as an ontology of reality and report on our research conducted to test its 

coverage and utility as an annotation ontology. 
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3 Research requirements (DSR activity 2) 

As expected by the DSR process, we define project goals and underlying assumptions in this 

chapter (Hevner & Chatterjee, 2010, p. 20). After project goals and assumptions, we touch 

upon direct and indirect requirements for designing the artefact, which is an algorithm in the 

case of this research. Indirect requirements are prerequisites that make the main artefact 

possible to be created, tested or executed.  

As mentioned earlier in the text, the example of a direct requirement of the artefact is “The 

algorithm needs to be able to expand clinical concepts using SNOMED CT as the ontology of 

reality” and the example of a prerequisite for that is that “A method for converting SNOMED 

CT into a graph that can be traversed by available computational systems in realistic time is 

developed”. Despite not being directly related to the goal of the project, the prerequisite tasks 

are of high importance as they ensure that certain steps in the project can be completed.  

 

3.1 Project goal and underlying assumptions 

A choice of a method depends on the goals of the project that the method will be deployed in 

and a “research project involving text must start with a clear definition of its overall goal and 

the role text will play in achieving that goal” (Percha, 2020, p. 3). Hence, we start by explaining 

what our goals is, before we provide the assumptions that the goal is based on. 

The goal of this project is to start a process towards defining a method for accurate 

annotation of human agent constructed messages contained in medical documents using 

composite information models, so that these documents can be positioned in the ontology of 

reality and their similarity to other clinical documents measured on a basis of their distance. 

The goal will be achieved by defining the artefact (an algorithm) that will provide a starting 

point in that process. The artefact will be implemented as a software product for the purpose 

of evaluation. 

For that to be possible, an ontology of reality needs to be available for the composite 

information models used for annotation to be positioned in, so their distance can be measured 

for deciding on their similarity. It is assumed that distance between two information models 

positioned in the ontology of reality will depict the level of similarity between the documents 

they represent (Assumption 1). It is assumed that the closer the information models are in 
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the ontology of reality, the more similar they are (Assumption 2). We consider that this 

approach will minimise impact of natural language ambiguity as it takes into consideration 

semantics of a message conveyed as a medical document, rather than just concepts contained 

in the message.  

This implies that two important sub-processes need to take place in the overall process: 1) 

conversion of medical documents into information models that can be placed in the ontology 

of reality and 2) comparison of these models. Moreover, a suitable ontology of reality that 

contains these information models needs to be available. It is assumed that SNOMED CT can 

be used as ontology of reality (Assumption 3). 

We next explain the philosophical grounding for assumptions 1) and 2) before we explain the 

reasons for selecting SNOMED as the ontology of choice to represent a segment of reality that 

information models that we create for depicting semantics of messages conveyed in medical 

documents can be positioned in (assumption 3).   

 

3.1.1 Philosophical grounding of the underlying assumptions  

Our approach is rooted in the constructionist philosophical stance that hypothesises that reality 

is a conceptual system, a construction defined by concepts that in themselves are also 

constructions that can be observed in isolation as prescribers of their own realities. These 

concepts are seen as entities fundamental to our cognitive architecture that are immutable and 

final in their meaning and provide a layer of abstraction over the syntactic differences of their 

representations used in language (Smith, 2004).  

This is in line with the Aristotelian proposition that reality is a construction made of particulars, 

often understood as objects, that have their definitions in universals, that are in modern times 

also known as classes. Although universals are seen as blueprints of the individuals 

(“individuals” is another term used for particulars), they are not seen as separate, independent 

entities. That means that it is a distinct individual that is a prerequisite for the existence of a 

universal and that without an individual, a universal would not exist (Vezina, 2007).  

It is our view that this assumption of particulars and universals allows for reality, or segments 

of reality, to be presented using signs. These signs are the author’s interpretations of particulars 

and each carries a meaning that is provided to a receiver (the reader) for further interpretation. 
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The field of semiotics approves this view in “aliquid stat pro aliquo” (or anything that stands 

for something is a sign), its definition for a sign. Expanded in their triadic model, a sign is 

defined as a representation of a meaning as it is derived through senses based on one’s reference 

(Chandler, 2017).  

The signs, for us, are interpretations of particulars found in the reality and concepts that 

communicate meaning. When grouped in messages and persisted in the corpuses of text, they 

represent knowledge of reality. This is in line with the anti-realist doctrine of constructivism. 

The anti-realists assert that there is no plausible evidence that proves that knowledge of reality 

can exist without of an agent that creates it based upon its perception (Potter, 1998). As opposed 

to that, the realist doctrine asserts that the knowledge of the reality exists independently of the 

representation of an observer and that it does not need a “knower” to create it (Searle & Slusser, 

1995).  

In the case of clinical messages contained in clinical documents, they are created by agents and 

contain signs (words, sentences, other text elements) that are agents’ interpretations of the 

particulars that exist in their reality; hence, they represent a segment of that reality in which 

they can be positioned if converted into an appropriate model compatible with the model that 

represents a reality. This explains the origin of our Assumption 1.  

Notions of the ontology distances as measures of similarity are not new. Wang (2010) deployed 

a learning method that used ontology difference as a function of similarity. Huang et al. (2011) 

ranked ontology graph nodes and associated real numbers with each of the nodes. They then 

calculated similarity of the nodes based on the differences in the numbers that represented the 

nodes. Formica (2006) used ontology in deciding on similarity of concepts in the process of 

Formal Concept Analysis. They assigned similarity degrees to concepts found in an ontology 

and, based on these values as well as similarity on the concepts’ relationships and their distance 

in that particular ontology, they calculated concept similarity. The examples of use of ontology 

distance as a measure of similarity are many, and many of them use SNOMED CT as the 

ontology of choice (Batet et al., 2011; W.-N. Lee et al., 2008; Tongphu & Suntisrivaraporn, 

2017; D. Wei & Fu, 2017). Results reported by these authors makes us confident that our 

Assumption 2, that proximity of two information models in the ontology of reality is a function 

of their similarity, is sound. 
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SNOMED CT is claimed to be the most comprehensive single resource of clinical terms 

available today. It has been created and is maintained by the SNOMED International 

organisation that currently has 37 countries as governing members. The number of concepts in 

the January 2019 edition of this resource was 349,548 and it is showing a steady growth in the 

number of concepts added in every edition. Its content is clinically verified and enables 

accurate representation of clinical concepts in electronic clinical records and clinical analytics 

systems (D. Lee et al., 2013). 

SNOMED’s structure consists of 19 large hierarchies that are joined through the top-level 

concept, called the SNOMED CT Concept. The hierarchies are made of concepts connected 

using the Is_A attribute. Hierarchies themselves are large acyclic graphs in nature and no 

concept from any of the hierarchies connects to any of the concepts from the other 18 

hierarchies using Is_A attribute. In addition to the Is_A attribute, which is used purely for 

depicting hierarchy, other attributes, listed in the SNOMED CT Model Component (metadata) 

hierarchy, are used to depict relationships beyond taxonomical sub-typing. In contrast to the 

Is_A attribute, these attributes can ’connect‘ concepts located in different hierarchies. For 

example, SCTID: 363698007, Finding site (attribute) is used to represents the relationship 

between the concepts SCTID: 64662007, Pulmonary infarction (disorder) and SCTID: 

39607008, Lung structure (body structure) that reside in different hierarchies. 

The ability of SNOMED to provide axioms using a concept’s hierarchical and non-hierarchical 

relationships allows for reasoning and classifies SNOMED as an ontology rather than just a 

taxonomy (J. Bodenreider, 2018). This is supported by the fact that the axioms in SNOMED 

CT are presented using Compositional Grammar that can be interpreted using Description 

Logic (SNOMED International, 2019). Considering that the number of concepts covered in 

SNOMED CT is significant and that SNOMED CT is a quality-controlled resource created by 

experts and scrutinised by many, it can be assumed that the axioms postulated in SNOMED 

CT are a close representation of the propositions in reality or in its representative ontology. 

These characteristics make SNOMED CT a suitable source for use in knowledge extraction 

and for term expansion in particular. These facts support our Assumption 3 that SNOMED CT 

can be used as ontology of reality. 
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3.2 Utility of SNOMED CT as ontology of reality 

We selected SNOMED as ontology of reality because of its focus on the medical domain, 

coverage (Zivaljevic et al., 2020), richness of relations between its concepts and presence of 

subgraphs that represent their own specific segments of reality. Moreover, as SNOMED is 

actively developed ontology, we expect that it will only increase in coverage and richness of 

inter-concept relations and that will further increase its utility as an ontology of reality. 

We also use SNOMED CT in the process of creating composite information models that we 

annotate medical documents with. Specifically, we use SNOMED CT in the process of term 

expansion. Term expansion is a frequently used technique for knowledge extraction. Term 

expansion is used to overcome vocabulary mismatch issues where expansion increases the 

scope of analysis to cover syntactic patterns that are not otherwise present in the text. This 

technique keeps compound or obscure terms from preventing or confusing concept 

identification, making processes like knowledge extraction more effective (Alani et al., 2003).  

In term expansion, a term is supplemented with associated terms found in a source selected as 

an expansion repository. This source can be any body of text, however, the most commonly 

used sources are domain-specific and domain-independent ontologies and databases. 

SNOMED CT, in particular, is used for work in the domain of medicine and human biology 

(Stokes et al., 2009; Y. Wang et al., 2008). 

As part of our work on annotation of clinical datasets using openEHR Archetypes (Zivaljevic 

et al., 2015b), we need a repository that we can use as a source for expansion of clinical terms 

found in the free-text discharge summaries that we use as a sample. We expect that the source 

will be comprehensive and have its concepts and their relationships presented as closely as 

possible to reality, and thus be a valid representation of the clinical domain. Considering its 

comprehensiveness, quality control and involvement of clinicians in its creation, SNOMED 

CT is presumed to be an obvious choice. It is expected that its 19 hierarchies, that each cover 

different subdomains relevant to the clinical domain, will provide valuable guidance in noise 

minimisation efforts as they will allow for different weighting to be assigned to different 

(sub)domains of interest. 

However, the research community reports issues that can potentially render SNOMED CT 

unsuitable for term expansion. Rodrigues et al. (2018) raise the question of modelling issues in 

SNOMED CT and suggest quality assurance improvements. However, their conclusions are 
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based on the limited sample, comparison of SNOMED CT concepts and mapped ICD11 classes 

from the circulatory and digestive chapters only.  

Miñarro-Giménez et al. (2018) conducted a qualitative analysis testing the utility of SNOMED 

CT in coding clinical text by measuring inter-annotator disagreement. Their results show that 

their annotators matched what was defined in the reference standard only in 21.6% of the codes 

assigned to the terms found in the provided sample. This, as the authors term it, “astonishingly 

low” result could mean that SNOMED CT features a high level of ambiguity, which would 

render it unsuitable for our research due to the potential introduction of noise in the term 

expansion process. However, the issues that the authors list as factors causing this are mostly 

subjective or of a research methods nature and do not depict a failure of SNOMED CT. As 

mentioned in the text, the factors include annotators’ lack of domain knowledge, carelessness, 

annotation guideline issues, interface term issues and language issues.  

Bona and Ceusters (2018) alert that some of the concept tags in SNOMED CT incorrectly 

identify a concept’s place in the hierarchy. The semantic tag is part of the concept’s description 

and comes surrounded in parentheses. It functions to disambiguate the description of the 

particular concept from the descriptions of other concepts that might be the same but might 

belong to other concepts. The example that the authors give are the concepts SCTID: 

35566002, Hematoma (morphologic abnormality) and SCTID: 385494008, Hematoma 

(disorder). It was found that 89 of over 300,000 concepts in the SNOMED CT 20170131 

release have mismatched semantic tags. However, based on the magnitude of the problem (or 

lack of it), we discard this issue as minor to our study. 

The issue of SNOMED CT’s coverage has been raised by many (Rodrigues et al., 2018). This 

deficiency of SNOMED CT is reported to have practical implications on its utilisation in the 

clinical domain. For example, Liu et al. (2018) established that SNOMED CT’s adoption 

among ophthalmologists in the US has not reached expected levels and find that the reason for 

that is the coverage of SNOMED CT’s ophthalmology component. Similarly, Rastegar-

Mojarad et al. (2017) raise an issue of coverage in their attempt to map the list of procedures 

from their Gynaecology Surgery Registry to SNOMED CT. They found that only a small 

percentage of procedure names can be mapped to the concepts in SNOMED CT. The reason 

behind this issue was not absence of suitable terms in SNOMED CT but the format in which 

the procedures are represented and use of what they call procedure modifiers. This issue 

observed by Rastegar-Mojarad et al. is an important one as it indicates that the issues seen as 
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SNOMED CT coverage could actually be unrelated to SNOMED CT and related to how 

concepts are presented in the corpus.  

In their comparison of Nomenclature for Properties and Units (NPU), Logical Observation 

Identifiers Names and Codes (LOINC), and SNOMED CT for use in representing laboratory 

results, Bietenbeck, Boeker and Schulz (2018) suggest that for the best coverage SNOMED 

CT and LOINC should be used together as some of the concepts in SNOMED CT are 

represented in rather complex fashion, using post-coordinated, rather than pre-coordinated 

expression. However, they note that this particular issue is by design and is to ensure that 

duplication between SNOMED CT and LOINC is minimal.  

The issues of SNOMED CT coverage raised in the literature have prompted us to question its 

suitability to our study. As our plan is to conduct ontological term expansion of the terms found 

in the sample corpus, we need an ontology that incorporates as many of our target concepts as 

possible. Ideally, the ontology will have all of the target concepts incorporated, but the 

possibility for that to be the case is low. 

For that reason, as part of this work we test the suitability of SNOMED CT for use in expansion 

of clinical concepts in terms of its coverage. The main goal is to test whether the coverage of 

SNOMED CT will allow for the majority (if not all) of the clinical terms from our sample 

corpus of discharge summaries to be recognised. We expect that at least 90% of the clinical 

terms found in the discharge summaries are available in SNOMED CT. This is an arbitrary 

number based on a consensus of the research team members and work of the authors mentioned 

later in the text. If less than 90% coverage is found, we will consider terms from other 

ontologies for inclusion in SNOMED CT using extension. However, if other ontologies show 

similar results, we will revert to using SNOMED CT due to its future prospects in terms of 

development and expansion, as well as research team’s expertise in the subject. We next 

discuss the study and its results.  

 

3.3 Testing SNOMED CT coverage 

Deidentified clinical records used in this research were provided by the i2b2 National Center 

for Biomedical Computing funded by U54LM008748 and were originally prepared for the 

Shared Tasks for Challenges in NLP for Clinical Data organized by Dr. Ozlem Uzuner, i2b2 

and SUNY (Uzuner et al., 2007). The sample contains 889 unannotated, de-identified discharge 
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summaries provided as free text. We extracted each record’s text and stored it into an SQL 

database along with the related RECORD ID. 

The free text extracted needed to be cleansed of elements that do not hold any value in the 

process. This particular corpus had section captions that divided free text. The captions were 

not standard and varied from discharge summary to discharge summary. Due to the fact that 

the captions contained no medical concepts related to the patient health record, but generic 

descriptions of the sections (Diagnosis, Family History, etc.), they were temporarily removed 

from the corpus. Some value was seen in classification of the concepts recognised under the 

headings, but we ignored that knowing that the headings are specific to this particular corpus 

and might not be found in other corpuses of clinical free text. This step will most likely be 

different for different corpuses, due to structural variations that can be expected. We call this 

step Text Cleaning. 

Boundary Detection took place next. In this step we split the text in the array of sentences. For 

that to be possible, line breaks were normalised and changed to full stops if they were not 

present and double spaces were replaced with single space. It was ensured that the sentence 

boundaries were kept intact so that multi-word text fragments would not cross them.  

The candidates for clinical concepts were extracted next, in the step we call Fragments 

Extraction. The algorithm extracts text fragments that are up to 5 words long, contain only a-

z, A_Z, -,`, and space. We kept the interpunction in the sentence intact which ensured that the 

extracted text fragments would not span across sentence segments. The minimal number of 

characters for the text fragments that are one word in length is set to 3. The minimum length 

for the words in the text fragments made of 2 or more words has not been set. Text fragments 

are recorded once only, regardless of how many times they appeared in the corpus. However, 

the number of times that text fragments appear in the corpus has been recorded. 

The algorithm used to extract the text fragments tokenised the text into 1-word tokens and then, 

starting from each token, the algorithm selected all n-word text fragments up to n=5. The 

duplicates were then removed and text fragments of one word in length were filtered for stop 

words. The fragments that contained more than one word were not filtered of stop words. The 

final array was cached into a database.  
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Due to our focus on expressiveness of terminology rather than higher level semantics of the 

text fragments retrieved, we were not concerned with recognising negation in the corpus. We 

see negation as a topic on its own and a question separate to this stage of our research.  

Each of the extracted text fragments were then used to formulate a query to the Unified Medical 

Language System (UMLS). The UMLS Representational State Transfer REST application 

program interface’s APIs ware used to query whether an exact match for the extracted text 

fragment exists in the UMLS Metathesaurus. If the exact match or matches existed, the source 

terminologies were recorded as associated to the text fragment used in the query. The 

information was returned by the UMLS in the JavaScript Object Notation (JSON) format and 

JSONs were saved in the database for future reference. 

If SNOMED CT was listed as a source terminology for the discovered concept, we were also 

interested in which of the 19 SNOMED CT hierarchies the concept belongs to, so we made a 

recursive query that revealed that. The version of SNOMED CT available in UMLS was the 

US Edition version 20190301. 

As our aim was to learn how good of a term expansion source SNOMED CT will be for our 

study, we wanted to establish the level of coverage that SNOMED CT will provide to our 

corpus. Elkin et al. (2006) conducted similar research testing how good of coverage SNOMED 

CT provided for coding the most common conditions seen at one of their large clinics. They 

found that the coverage was 92.3% and declared that as sufficient coverage.  

Following Elkin et al., we used sensitivity as one measure. For us, sensitivity answers the 

question of how to quantify a UMLS source’s (the Source) coverage. For example, for 

SNOMED CT, we calculate Sensitivity Ratio as the number of concepts found in SNOMED 

CT over the number of concepts found in the UMLS as if it was without SNOMED CT. We 

calculated Sensitivity Ratio for every Source where at least one text fragment matched a 

concept. The calculation is depicted in the following formula: 

𝑇𝑃𝑅𝑆𝑜𝑢𝑟𝑐𝑒 =
𝑇𝑃𝑆𝑜𝑢𝑟𝑐𝑒

𝑇𝑃 − 𝑈𝑇𝑃𝑆𝑜𝑢𝑟𝑐𝑒
 

Where: 

• 𝑇𝑃𝑅𝑆𝑜𝑢𝑟𝑐𝑒  is Sensitivity (true positive rate) 

• 𝑇𝑃𝑆𝑜𝑢𝑟𝑐𝑒 is the number of true positives (text fragments matched to concepts) in the source 
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• 𝑇𝑃 is total number of text fragments matched to at least one concept in at least one source in UMLS – 

total number of true positives for all UMLS sources 

• 𝑈𝑇𝑃𝑆𝑜𝑢𝑟𝑐𝑒  is text fragments uniquely matched to the concepts in the Source only 

We also wanted to know the rate of false negatives as an indicator of the number of concepts 

that will not be recognised if the particular source is used. False negatives are the concepts 

found in the UMLS but not in the tested source over the total number of concepts found in the 

UMLS. We calculate false negatives using the following formula: 

𝐹𝑁𝑅𝑆𝑜𝑢𝑟𝑐𝑒 =
𝑇𝑃 − 𝑇𝑃𝑆𝑜𝑢𝑟𝑐𝑒

𝑇𝑃
 

Where: 

• 𝐹𝑁𝑅𝑆𝑜𝑢𝑟𝑐𝑒  is false negative rate 

• 𝑇𝑃 is total number of text fragments matched to at least one concept in at least one source in UMLS – 

total number of true positives for all UMLS sources 

• 𝑇𝑃𝑆𝑜𝑢𝑟𝑐𝑒  is the number of true positives (text fragments matched to concepts in the source) 

As we were also interested in the coverage of distinct SNOMED CT hierarchies (organised as 

SNOMED CT axes), we calculated sensitivity of each one of the SNOMED CT hierarchies. 

For us, sensitivity of each hierarchy is the number of concepts found in that hierarchy over the 

number of total SNOMED CT concepts recognised: 

𝑇𝑃𝑅𝐴𝑥𝑖𝑠 =
𝑇𝑃𝐴𝑥𝑖𝑠

𝑇𝑃𝑆𝑁𝑂𝑀𝐸𝐷
 

Where: 

• 𝑇𝑃𝑅𝐴𝑥𝑖𝑠 is sensitivity of a particular SNOMED CT hierarchy (axis) 

• 𝑇𝑃𝐴𝑥𝑖𝑠  is total number of true positives for a particular SNOMED CT hierarchy (axis) 

• 𝑇𝑃𝑆𝑁𝑂𝑀𝐸𝐷  is the number of true positives for the entire SNOMED CT source 

Considering that the corpus of text we work on consists of discharge summaries, we expected 

that significant sensitivity would be shown by the hierarchy with “Clinical finding (finding)” 

as its root concept.    

Another point of interest for us was the coverage of other sources over SNOMED CT’s false 

negatives. For us, the number of false negatives for a Source is the number of text fragments 
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that were not matched to any of the concepts in that particular source but were matched to one 

or more concepts in any of the other Sources. We decided to single out the ontologies with 

significant coverage of SNOMED CT’s false negatives so that we can, if necessary, expand 

SNOMED CT using those concepts and their relationships to the SNOMED CT concepts as 

defined in the UMLS. The formula is as follows: 

𝑇𝑃𝑅𝐹𝑁𝑅𝑆𝑁𝑂𝑀𝐸𝐷
=

𝑇𝑃𝑁𝑜𝑡 𝑖𝑛 𝑆𝑁𝑂𝑀𝐸𝐷

𝑇𝑃 − 𝑇𝑃𝑆𝑁𝑂𝑀𝐸𝐷
 

Where: 

• 𝑇𝑃𝑅𝐹𝑁𝑅𝑆𝑁𝑂𝑀𝐸𝐷
 is coverage of SNOMED CT false negatives 

• 𝑇𝑃𝑁𝑜𝑡 𝑖𝑛 𝑆𝑁𝑂𝑀𝐸𝐷  is the number of text fragments matched to concepts in the Source and not matched to 

concepts in SNOMED CT 

• 𝑇𝑃 is total number of text fragments matched to at least one concept in at least one source in UMLS – 

total number of true positives for all UMLS sources 

• 𝑇𝑃𝑆𝑁𝑂𝑀𝐸𝐷  is the number of text fragments found in SNOMED CT 

We placed a threshold at 40% sensitivity per source (𝑇𝑃𝑅𝐹𝑁𝑅𝑆𝑁𝑂𝑀𝐸𝐷
≥ 40%). In other words, 

if the ratio between the number of false negatives found in the Source X and the total false 

negatives is equal to or over 0.4, we would consider inclusion of the recognised concepts from 

the Source X into the SNOMED CT extension along with their relationships with the 

SNOMED CT concepts as they are depicted in the UMLS. If, after including sources with 

𝑇𝑃𝑅𝐹𝑁𝑅𝑆𝑁𝑂𝑀𝐸𝐷
≥ 40%the coverage is still below 90%, we intend to go keep including sources 

until the coverage result reaches 90%.  

A question might arise on why we have not used Specificity as a measure in this work. 

Specificity takes into consideration true negatives, and in the case at hand, Specificity would 

reveal the proportion between the number of text fragments that are correctly identified to have 

no meaning as concepts (true negatives) and the total number of text fragments that truly have 

no meaning as concepts (true negatives + false positives). The formula would be as follows: 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦𝑆𝑜𝑢𝑟𝑐𝑒 =
𝑇𝑁𝑆𝑜𝑢𝑟𝑐𝑒

𝑇𝑁𝑆𝑜𝑢𝑟𝑐𝑒 + 𝐹𝑃𝑆𝑜𝑢𝑟𝑐𝑒
 

Where: 
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• 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦𝑆𝑜𝑢𝑟𝑐𝑒 is specificity for a Source 

• 𝑇𝑁𝑆𝑜𝑢𝑟𝑐𝑒 is the number of true negatives for a Source 

• 𝐹𝑃𝑆𝑜𝑢𝑟𝑐𝑒 is the number of false positives for a Source 

We could calculate the number of true negatives for a Source as the number of text fragments 

that have not been recognised neither in a particular Source nor in one of the other Sources. 

However, establishing a reliable number for the false positives was not possible without human 

agents. The question on whether a recognised match between a text fragment and a concept in 

a Source is a true negative or a false positive cannot be answered using automated methods at 

this point in time. 

 

3.3.1 Results 

Out of 208,513 text fragments of 1-5 words length, 9777 matched to at least one concept in at 

least one UMLS source. The number of UMLS sources that the matches are found in was 85. 

The top 5 sources were Consumer Health Vocabulary (CHV), National Cancer Institute (NCI), 

SNOMED CT US Edition (SNOMEDCT_US), LOINC (LNC) and MeSH (MSH).  

Table 1 shows the experiment results for the top five sources. The field “Concepts” shows the 

number of text fragments recognised as concepts in a particular Source. The next field, named 

“Unique” shows the number of text fragments recognised as concepts only in one particular 

source. Sensitivity Ratio is given in the next field. It is explained in Equation 1 as the number 

of concepts found in the Source over the number of concepts found in the UMLS as if it was 

without that particular Source. The next field – false negatives is given in Equation 2 as the 

number concepts found in the UMLS but not in the tested source. And the last field in this table 

shows false negatives of the Source in relation to the false negatives of SNOMED CT. 

Source Concepts Unique TPR Source FNR Source TPR FNR SNOMED 

CHV 6932 916 78.23% 29.10% 57.91% 

NCI 4750 642 52.00% 51.42% 44.10% 

SNOMEDCT_US 4750 261 49.92% 51.42% 0.00% 

LNC 2597 144 26.96% 73.44% 15.66% 

MSH 2500 74 25.77% 74.43% 20.33% 

Table 1 - Experiment result 
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Table 2 shows the results of the combined sources. The first field lists the number of text 

fragments recognised as concepts by the relevant combination of Sources. The next field shows 

the number of concepts that are uniquely recognised when the particular Sources are combined. 

Sensitivity and false negatives for the particular combination of the sources are given as the 

last two fields in this table (description as for the fields in Table 1). 

Source Concepts Unique TPR Source FNR Source 

SNOMED CT + NCI  6967 903 78.51% 28.74% 

SNOMED CT + NCI + LNC 7356 1047 84.26% 24.76% 

SNOMED CT + NCI + LNC + MSH 7889 1121 91.13% 19.31% 

Table 2 - Selected sources and combined res 

Table 3 shows a sample of text fragments, their occurrences in the discharge summaries and 

the number of matching concepts in each of the top 5 Sources. 

Text fragment Occurrences CHV NCI SNOMEDCT_US LNC MSH 

report 862 2 1 1 5 1 

status 862 1 1 1 1 0 

discharge 831 3 4 3 4 0 

patient 723 1 2 1 3 1 

summary 661 0 1 0 1 0 

pain 518 1 6 1 3 1 

stable 513 1 2 1 1 0 

admission 511 1 1 0 1 0 

Table 3 - Sample of matched text fragments, their occurrences in the text and the number of matching concepts in each Source 

Table 4 shows a sample of text fragments that have been matched to concepts in Sources other 

than SNOMED CT, their occurrences in the discharge summaries and the number of matching 

concepts in each of the top 5 Sources. 

Text fragment Occurences CHV NCI SNOMEDCT_US LNC MSH 

summary 661 0 1 0 1 0 

admission 511 1 1 0 1 0 

not 504 0 1 0 1 0 

admitted 479 1 0 0 2 0 

discharged 463 0 1 0 1 0 
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treatment 431 1 3 0 3 2 

room 407 0 1 0 2 0 

service 386 1 1 0 2 0 

Table 4 - Sample of text fragments matched to Sources other than SNOMED 

Table 5 depicts the result of the coverage of distinct SNOMED CT hierarchies organised as 

SNOMED CT axes. It lists the SNOMED CT hierarchy axis followed by the number of 

concepts that belong to the particular SNOMED CT hierarchy axis and its coverage. 

SNOMED CT Axes Concepts TPR Axis 

Qualifier value (qualifier value) 1545 32.53% 

Clinical finding (finding) 1087 22.88% 

Substance (substance) 688 14.48% 

Body structure (body structure) 617 12.99% 

Procedure (procedure) 430 9.05% 

Physical object (physical object) 195 4.11% 

Observable entity (observable entity) 187 3.94% 

SNOMED CT Model Component (metadata) 129 2.72% 

Social context (social concept) 116 2.44% 

Organism (organism) 109 2.29% 

Environment or geographical location (environment / location) 100 2.11% 

Physical force (physical force) 17 0.36% 

Event (event) 13 0.27% 

Pharmaceutical / biologic product (product) 10 0.21% 

Situation with explicit context (situation) 9 0.19% 

Staging and scales (staging scale) 7 0.15% 

Record artifact (record artifact) 4 0.08% 

Specimen (specimen)  3 0.06% 

Special concept (special concept) 3 0.06% 

Table 5 - Coverage of SNOMED CT axes 
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3.3.2 Discussion 

In this study, we have demonstrated a fully automated approach for selecting sources for term 

expansion based on its coverage of the corpus of clinical text. Similar approaches were 

described in the past, some as theoretical concepts or frameworks (Alani et al., 2003; Li & 

Motta, 2010), some as solutions that require input of a human agent (Maiga & Ddembe, 2009) 

and some as complex sets of algorithms that include more than just a test of coverage in the 

process of source evaluation  (Martínez-Romero et al., 2014, 2017).  

The method we developed differs from other methods in several aspects. Firstly, it includes 

consideration for preparation of text for coverage testing. As we expect that the input is free 

text, we allow for text cleaning, stop word removal and tokenisation. Secondly, we deployed a 

version of brute-force testing of text fragments for presence in the sources. Starting from our 

one-word text fragments, we extracted all multi-word text fragments up to the length of 5 and 

tested them all for presence in the sources. We used caching to ensure that there was no 

performance penalty for doing so. And thirdly, our measure for selection of the sources to 

extend SNOMED CT as the preferred source was the sources’ coverage of SNOMED CT’s 

false negatives – 𝑇𝑃𝑅𝐹𝑁𝑅𝑆𝑁𝑂𝑀𝐸𝐷
. This measure allowed us to find the sources that contain 

concepts that are the best match for the concepts missed by SNOMED CT. We also made sure 

that the concepts from other sources selected to supplement SNOMED CT do not overlap as 

we checked coverage for false negatives after adding every new ontology to the mix. 

We showed that we were able to use this methodology to test coverage of SNOMED CT and 

to find sources whose concepts would be good contributors if included as source extension. 

The surprise in the study was the level of coverage provided by the open source Consumer 

Health Vocabulary (CHV). At 78.23%, this source indeed shows as the best choice for use in 

our study. However, our research indicates that the open source project that has created it is 

not active and that raises concerns for future support and expansion. Moreover, the source was 

created with the purpose of helping clinicians to communicate complex health related concepts 

to their patients (Mujib et al., 2018) and has no ontological properties. Due to these reasons, 

we decided not to use CHV as the main source in our next study.  

We also considered using CHV as a source for extending the selected source. However, despite 

offering an impressive 916 concepts that are unique (not present in other sources), and 57.91% 

of coverage of SNOMED CT’s false negatives, CHV’s lack of ontological properties made us 

decide against that. Although the richness of this source would certainly increase the number 
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of text fragments recognised as concepts, its lack of ontological properties makes it unsuitable 

for use in semantics operations.  

NCI and SNOMED CT are found to have the same number of text fragments recognised as 

concepts. Accordingly, their number of false negative results, represented as 𝐹𝑁𝑅𝑆𝑜𝑢𝑟𝑐𝑒 is the 

same at 51.42%. Coincidence is our only explanation for the same number of recognised 

concepts in the two sources that are known to have just 17.1% overlap (NLM.govt, 2019b). 

That prompted us to re-run experiment several times and to re-consider the source code. 

However, the results were confirmed to be correct.   

The number of recognised unique concepts in NCI was significantly higher than in SNOMED 

CT or any other sources, even in CHV if considered relative to the number of recognised 

concepts (13.5% vs 13.2%). The difference in the number of unique concepts between NCI and 

SNOMED CT is reflected in the slight difference in the 𝑇𝑃𝑅𝑆𝑜𝑢𝑟𝑐𝑒 value where NCI has 

achieved slightly better result.   

Considering that NCI is a terminology source highly specialised in oncology and based on the 

higher number of concepts found in NCI than in SNOMED CT, an assumption can be made 

that SNOMED CT does not have good coverage of oncology specialised concepts found in the 

corpus. This assumption would be in line with the reports on SNOMED CT’s low coverage of 

cancer related concepts. For example, Raje and Bodenreider (2017) compared Disease 

Ontology (Schriml et al., 2012) and SNOMED CT and found that many of the Disease 

Ontology’s cancer and neoplasm concepts were not found in SNOMED CT. Similarly, Melton 

et al. (2006) surveyed SNOMED CT for coverage of colorectal cancer surgery concepts and 

found that equipment and finding concepts were insufficiently represented.  

However, none of the text fragments that our algorithm recognised as concepts in NCI and not 

in SNOMED CT are concepts specific to the field of oncology. Table 4 presents a sample of 

these text fragments. Although not sufficient to provide an indication on adequacy of 

SNOMED CT coverage of oncology related concepts (unless NCI is used as a gold standard), 

this observation might be indicating that SNOMED CT’s coverage of oncology concepts is in 

line with that of NCI’s. However, further testing, using methods other than deployed in this 

project, is needed before any conclusions on sufficiency of SNOMED CT’s coverage of these 

concepts or comparison of coverages of SNOMED CT and NCI are made.  
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Nevertheless, some conclusions on the utility of extending SNOMED CT with the concepts 

from NCI can be made. NCI’s 𝑇𝑃𝑅𝐹𝑁𝑅𝑆𝑁𝑂𝑀𝐸𝐷
 value was also substantial at 44.10%, implying 

that almost half of the concepts found in NCI were not present in SNOMED CT and vice versa. 

This indicates that these two sources would be good contributors to one another. We calculated 

that, if the terms from NCI are used as an extension to SNOMED CT the resulting source would 

provide a total positive result of 78.51% and reduce the number of false negatives to 28.74%.  

The number of concepts recognised by LOINC and MeSH was relatively small compared to 

the top 3 sources. However, their use as extensions of the main source is worth considering. 

LOINC’s overlap with SNOMED CT is small at 6.7% (NLM.govt, 2019a) and considering its 

specialisation in laboratory results, we saw it as a good candidate for using as an extension to 

the main source. MeSH’s overlap with SNOMED CT was also small at 8.1%  and the prospect 

of the increase in coverage of close to 7% prompted us to decide that its concepts are worth 

inclusion.  

The next source with the largest number of concepts that are not contained in SNOMED CT, 

NCI, LOINC and MeSH is MEDCIN. The number of concepts that MEDCIN would contribute 

would be 145 with 87 unique. That number of concepts does not significantly improve the 

resulting ontology, so we decided that it was not worth including. We present the results with 

multiple sources in Table 2 in the section 3.3.1 Results.  

Although the results showing the root axes of SNOMED CT terms reveal that the greatest 

number of results comes from the Qualifier value hierarchy, close to 50% of the concepts come 

from the next 4 hierarchies Clinical finding, Substance, Body structure and Procedure that 

contain the concepts of highest relevance for expansion of clinical concepts. This clearly shows 

the need for assigning to or at least adjusting weight of the recognised concepts based on the 

semantics relevance of their roots.  

 

3.3.3 Limitation 

The algorithm we used for preparing text fragments for matching to concepts did not stem the 

text fragments before they were sent to UMLS for matching. Stemming is used to reduce 

variant word forms to common roots (J. Xu & Croft, 1998). Our tests conducted during the 

experiment show that deploying the Porter Stemmer (Porter, 1980) would improve recognition 
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of the text fragments by 8-10%. We tested just the text fragments that have been found in at 

least one of the sources. We believe that the utility of stemming should further be evaluated 

and that various stemming algorithms should be included in the testing process.  

 

3.3.4 Conclusion 

Our findings confirm that SNOMED CT satisfies our research requirements and that its 

coverage is sufficient for it to be used as an ontology of reality. The results also indicate that 

some other ontologies might be suitable for the same purpose as either 1) stand-alone 

ontologies of reality and/or as 2) combined with either SNOMED CT or other ontologies.  

The open source Consumer Health Vocabulary (CHV) has shown as the best candidate for 

stand-alone use, at 78.23% of coverage. However, the CHV project seem to be not active, 

raising issues of sustainability of any artefact developed with dependency on this ontology. 

Also, documentation and peer-reviewed knowledge based on its structure and validity is 

lacking, making it difficult to understand its ontological qualities, a characteristic as important 

as coverage. NCI is also a potential candidate for stand-alone use. However, its strong focus 

on oncology and lack of coverage of other clinical areas, like ophthalmology or psychiatry has 

made us decide against it. 

Combining sources seems a plausible option from the coverage point of view, combining 

SNOMED CT with the CHI would, for example, provide coverage of almost all concepts in 

our corpus. However, combining ontologies is not a trivial task and requires a significant 

number of experts performing that task. As we learned from Klein (2001), Pinto et al. (1999), 

Puhrer et al. (2010) and many others, issues are many, including technical and related to special 

knowledge.  

The contribution of the testing coverage of SNOMED CT part of our project is the description 

and justification of the methodology that we used, which is a process that can be employed in 

many other projects. We believe that all projects that utilise ontologies for term expansion, 

concept recognition, coding or similar applications need to undergo an exercise similar to what 

we describe in the current work. We further believe that the use of SNOMED CT as a source 

of truth in these processes, in particular its use as ontology of reality, is novel and rapidly 

emerging and that the utility of SNOMED CT for this purpose will be increasing as the number 

of concepts and axiomatic relationship within SNOMED CT increase over time. 
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4 Design and develop artefact (DSR activity 3) 

The DSR activity 3 defines an artefact capable of performing the work required for achieving 

the goal outlined in the DSR activity 2 for the purpose of addressing the problem explicated in 

the DSR activity 1.  

We detail the process of designing the artefact in this chapter. The artefact developed by this 

project is an algorithm that is later integrated into a fully functional software solution and 

demonstrated in the DSR activity 4. We see the algorithm as a set of stages in the transformation 

of information from its original to its final form. The stages are graphically represented as the 

Figure 1 and each of the stages, along with the information transformation phases/methods will 

be detailed in a separate section. 

 

Figure 1 - Design and develop artefact (DSR activity 3) stages 

 

4.1 Pre-processing used in this project 

Our clinical corpus came as an XML file with 889 discharge summaries. Each discharge 

summary was distinct in the overall document and no XML was present within the discharge 

summary. We extracted each and every discharge summary from the XML document and 

uploaded it into an SQL server table one record per document. We used discharge summary ID 

as a unique identifier and indexed the table as such.   

The text in the discharge summaries exhibited the majority of issues normally found in clinical 

text, called noise in the body of knowledge (Kaurova et al., 2011; Nguyen & Patrick, 2016). 

Examples of the issues include misspelled words, sparsity, medical measures and scores, 

abbreviations and grammatically incorrect sentences among others. Moreover, the text 

contained lines that had meaningless information, like a number or a date that had no 

explanation on its meaning attached. Another issue was frequent use of space character where 
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it does not belong, like in “( ACETAMINOPHEN )” or around interpunction characters, for 

example “diet , ambulating”. 

Each discharge summary in our corpus contains a number of headings that separate text into 

distinct sections. The examples of sections are “BRIEF HOSPITAL COURSE”, 

“ALLERGIES”, “PHYSICAL EXAMINATION” and “ASSESSMENT” among others. 

However, no rules were followed in including specific heading names, nor a list of expected 

heading names is prescribed for a discharge summary. In some discharge summaries, some of 

the heading names are misspelled. Although majority of the headings’ names are written as 

uppercase, some are lowercase too.  

Pre-processing requirements differ between projects (Turchin et al., 2006). The selection of 

methods deployed in pre-processing is customised to suit projects’ specifics. In particular, 

specifics of corpus text as well as expectations of a concept normalisation algorithm used. 

Circumstances differ and some cases require minimal pre-processing (Wu et al., 2015), while 

some projects deploy complex and lengthy pre-processing methods (Friedrich & Dalianis, 

2015). 

We experimented combining natural language processing methods and found that our pre-

processing produced best output when the process outlined as the Figure 2 is followed: 

 

Figure 2 - Pre-processing process - phases 

Some other methods that we tested in combination with the above are removal of punctuation 

characters, removal of numbers, stop words removal and removal of one-character orphan 

tokens. Removal of punctuation and number characters was abandoned as these characters are 

natural dividers of tokens and their removal introduced unexpected tokens, 2-grams and 3-

grams in particular. The example is the text “vaginal bleeding , hemorrhoids , seasonal 

allergies” that normally produces 4 tokens: 1) vaginal bleeding, 2) bleeding 3) hemorrhoids 

and 4) seasonal allergies. If punctuation (commas) removed, 5 tokens would be extracted: 1) 

vaginal bleeding, 2) bleeding 3) bleeding haemorrhoids, 4) haemorrhoids and 5) seasonal 

allergies. We decided against stop words removal as the phrases like “Family history of 
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colorectal cancer” would not be recognised as a token as “of” is a stop word and would be 

removed in the process. 

Section captions removal is used as a first step in the process. We took into consideration that 

majority of the captions were uppercase, can contain letters, numbers and other characters 

including spaces, that they are at least 3 characters long, that they begin at the beginning of the 

line, end at the end of the same line and that they usually end with either “:” or “;”. Based on 

that the following is the regex pattern that we created to match section captions:  

^[𝐴 − 𝑍\𝑑\𝑊_]{3, }? (? = (; |: )[\𝑠]{0, }[\𝑟\𝑛]) 

Where: 

• ^[𝐴 − 𝑍\𝑑\𝑊_]{3, } means that the line begins with at least 3 characters that can be 

any character but lowercase letters 

• (? = (; |: )[\𝑠]{0, }[\𝑟\𝑛]) means either : or ; followed by any number of spaces with 

the line ending with one of the new line characters 

Next, function [Candidate_Token].ToLower() is used for bringing all text to lowercase (case 

normalisation). We were not concerned about capitalisation of tokens and we made sure that 

the function used for concept normalisation later took that into consideration too. As a result, 

matching to concept descriptions included [Candidate_Concept_Description].ToLower() 

transformation. 

Line breaks removal and excessive pace removal used simple regex patterns “(\𝑟\𝑛\𝑡|\𝑛|\𝑟\

𝑡)” and “\𝑠{2, }” respectively. Matches in both cases were replaced with single space. Both 

line breaks and excessive space were in some cases breaking (“disconnecting”) sentences, 

hence decision to deploy these two methods. Bringing that to one space was “connecting” 

broken sentences again, e.g. “The patient was diagnosed with diabetes         mellitus” became 

“The patient was diagnosed with diabetes mellitus”. The methods were also not “connecting” 

normal sentences as these are properly terminated by full stop characters, e.g “The tests 

performed today were reassuring .            Your chest scan did not show any evidence of blood 

clot or pneumonia .” became “The tests performed today were reassuring . Your chest scan did 

not show any evidence of blood clot or pneumonia .” 
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4.2 Concept normalisation and concept frequency 

Natural language is known to contain a great deal of lexical variations in its vocabulary 

(McCray et al., 1994). Free text, as a form of presentation of natural language exhibits that 

same characteristic. For example, a clinical concept written in a discharge summary can be in 

one of its morphologically different forms (e.g. “suturing” and “closing by suture”) or be in 

one of its orthographic variations (e.g. “haematuria” and “hematuria” or “eye-patch” and “eye 

patch”). These anomalies, among others, make free text processing by automated agents 

difficult.  

The purpose of concept normalisation is to recognise clinical concepts in a body of text. The 

output of concept normalisation is SNOMED CT code, one per distinct candidate extracted 

from text. Moreover, occurrences of distinct candidates are counted and recorded as a 

frequency of a concept and used in calculating concept’s representativeness of a body of text 

later. The process that is used to normalise concepts and count their frequency is presented as 

the Figure 3: 

 

Figure 3 - Concept normalisation/concept frequency process phases 

Grams of up to 3 words in length are extracted in the candidates extraction step of the concept 

normalisation process. Minimum length for a first word of each gram is selected to be 3 

characters. The result of the candidates extraction are 1, 2 and 3-grams that are ready for the 

candidates matching step. A candidates extraction function “crawls” through the text and 

extracts every phrase of length x where  𝑥 ∈ {1,2,3}. The function visits all words in the text 

and is not concerned with the meaningfulness of the candidates it extracts. The function does 

not skip words to extract 2 or 3-gram candidate but does stop if it encounters one of the gram-

boundary characters. The gram-boundary characters used for boundary detection are 

punctuation characters and numbers, including numbers/letters combinations (e.g. “22yo”). A 

special case is when a dash is found between two words, when two words and a dash are 

considered a gram (e.g. “full-range” remains the same). We store the candidates in the List type 

object rather than a hash type object as we want to preserve duplicates. 

The concepts matching process involves matching of each of the candidates to the descriptions 

of the concepts available in the SNOMED CT ontology. Firstly, an exact match is attempted 
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for each candidate from the list created in the candidates extraction step. An exact match is a 

match of lowercase modalities of strings A and B, where each and every character of the string 

A matches equally positioned character of the string B and vice versa. The example of matched 

strings are phrases “diabetes mellitus” and “Diabetes Mellitus”. 

If a match is not found after the attempt to find an exact match, matching is attempted using 

[concept_description].StartsWith([candidate]) function. In this case, the candidate “diabetes” 

is matched to a description “diabetes mellitus” of a SCTID: 73211009 and description “diabetes 

type” of the concept SCTID: 405751000.  

If a match is not found and a candidate is 1-gram, the candidate is stemmed and another match 

with concept descriptions is attempted, this time checking whether a concept description starts 

with a stem of a candidate string. The example is the 1-gram “vaccinate” that when stemmed 

using Porter stemmer becomes “vaccin” and then matches SNOMED CT concept description 

“vaccination”, which is acceptable synonym of a concept SCTID: 33879002, Administration 

of vaccine to produce active immunity (procedure). Due to the computational limitations that 

we face in this project, candidates other than 1-grams have not been stemmed. The function 

used for this is the function [concept_description].StartsWith([stem]).  

It is not uncommon that more than one concept description match is found for a single candidate 

in this step. That usually means that a list of concepts is selected as a match to a candidate. To 

select a single matching concept for a candidate, matched concepts are ordered (concept 

ordering) and the top concept is selected (concept selection). These two steps in the process are 

explained next. 

For concept ordering and selection, we considered two methods. The first method involves 

selection of a concept based on its centrality. This is not a new method as it has been made 

famous by the Page Rank algorithm (Page et al., 1999) that has subsequently been used and 

modified by many (Berkhin, 2005).  

This method creates a graph out of the matching concepts positioning them as nodes. Concepts 

connections in SNOMED CT, both direct and indirect, are used as edges. Direct connections 

are where concepts representing given nodes are connected in SNOMED CT using Is_A 

attribute (SCTID: 116680003), while indirect are when concepts that represent given nodes are 

connected using Is_A attribute through other SNOMED CT concepts. An example of indirect 

connection is connection between SCTID: 201967009, Allergic arthritis of the hand connected 
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to SCTID: 3723001, Arthritis through SCTID: 16935003, Allergic Arthritis. That can be read 

as SCTID: 201967009 Is_A SCTID: 16935003 Is_A SCTID: 3723001.  

The measure selects a single matching node that had the greatest number of connections. 

However, this method was not implemented because of its computational requirements and our 

hardware limitations. Also, we believe that the artefact needs to be extended using this method 

to achieve its full potential. The final computation needs to take in consideration not just the 

number of connections, but the frequency of candidates represented as nodes, the number of 

hops from each of the connecting nodes (distance measure) and weights of nodes connecting 

to the node in question. Implementing this extension would exceed the scope of this project 

and extend the timeframes that we had available. This assumption is based on the estimation 

of work required for development of the extension, testing and assessment of the newly 

extended method. However, this is certainly worth pursuing as future work towards enhancing 

the utility of this research.  

The second method considered to order matching concepts and select a single matching concept 

will be explained next. We implemented that method in our algorithm. The method orders 

concepts based on their weight and selects a concept that has the highest weight. The weight 

of a concept is calculated as a multiple of concept’s frequency in the document and concepts 

axial weight. Concepts’ axial weights are pre-defined by the user and sent as input values to 

the algorithm. The user defines them based on his/her interest in the type of information 

contained by the SNOMED CT axis (branch) that the particular concept belongs too. The logic 

behind that is that a user should be able to select what type of information in the document is 

of her/his interest, so the algorithm is able to give it preference.  

The SNOMED CT concept model provides 19 axes branching off the main concept SCTID: 

138875005 (SNOMED International, 2020c). Each of the branches starts with a top-level 

concept and is distinct in terms of types of concepts that it contains. For example, the Clinical 

finding axis starts with a concept SCTID: 404684003, Clinical finding (finding) and contains 

concepts that are result of a clinical observation, assessment or judgment. On the other hand, 

the Social context axis starts with a concept SCTID: 48176007, Social context (social concept) 

and contains concepts that represent social conditions and circumstances significant to health 

care. Therefore, a user interested in finding information relevant to clinical findings should put 

more value in the Clinical finding axis than in Social context axis.  
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Concept counting is the last step in the algorithm. The concepts are counted as a sum of the 

frequency of candidates. The example is as follows: The candidate “vaccinate” has matched 

the concept SCTID: 33879002 and appeared 3 times in the text. The candidate “vaccination” 

has matched concept SCTID: 33879002 and appeared 6 times in the text. That results in 9 as 

the total frequency of the concept SCTID: 33879002. 

The outcome of the Candidates matching process is a dictionary that contains pairs containing 

one concept per matched candidate and their frequency in the text represented by an integer. 

Considering that we match all candidates, regardless of their meaningfulness, to all concept 

descriptions in the SNOMED CT, we coin this type of candidates matching “Brute force 

candidates matching”. 

 

4.3 Concept expansion 

Each of the concepts discovered in the concept normalisation phase are expanded in the concept 

expansion phase. The purpose of concept expansion is to present a concept in question as it is 

positioned in its segment of the ontology of reality. We argue that the concepts surrounding the 

concept in question are important for conveying the concept’s meaning, and that the closer the 

concepts are the more important they are for that. The concepts surrounding the concept in 

question are ascendants, descendants and siblings. For us, sibling concepts are concepts 

attached to all first ascendants of the concept in question. First ascendants are also known as 

parent concepts and first descendants are also known as children concepts.  

We used SNOMED CT, represented as a graph, as ontology of reality for the reasons described 

earlier in this document. The result of this process is a graph in which concepts are nodes and 

relations between concepts, as defined in the SNOMED CT, are edges. Figure 4 shows the 

phases of the process of concept expansion: 

 

Figure 4 - Concept expansion process phases 
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Due to our computational limitations, we attach only one level of ascendant concepts and one 

level of descendant concepts to the concept in question. Also due to computational limitations, 

we do not attach concepts that are connected to the concept in question with attributes other 

than the Is_A attribute. We assume that attaching more than one level of ascendant and 

descendant concepts, as well as attaching concepts connected to the concept in question with 

other than Is_A attributes, would increase the accuracy of the process. However, experimental 

validation is required to test these assumptions that we are unable to provide, due to technical 

limitations. However, we allow for weight assignment provision in our application (Grapher) 

that we created to conduct this experiment. 

The result of this process are separate graph structures created around each of the matched 

concepts.  

 

4.4 Weight assignment 

Each of the concepts in each of the graph structures created in the concept expansion phase are 

assigned weight in the weight assignment phase. In this work, the weight of a concept is a 

measure of its importance to the process of annotation. The weight calculated in this phase is 

used for calculation of the final weight of the concepts in the next step when the graph 

structures are merged (as described in the section 4.5 Ontologising).  

Weights of the central concept of each of the graph structures and the concepts that are 

introduced in the process of concept expansion are calculated differently. We decided that the 

importance (weight) of the concept found in the text is a function of importance placed on the 

axis that the concept belongs to and the frequency of that particular concept in the text. The 

importance, or weight, of the axis is pre-defined by the user and a provision is made for that in 

the interface of the Grapher application created as part this project.  

The weight of a central concept 𝑊𝑐𝑐 is calculated as follows: 

𝑊𝑐𝑐 =  𝑊𝐴𝑥𝑒 ∗ 𝐹 

Where:  

• 𝑊𝐴𝑥𝑒 is concept’s axial weight - the weight assigned to the axis that the concept belongs 

to   
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• 𝐹 is the frequency of the concept – the number of times the concept appears in the text  

 

We consider that the importance of the concepts added in the process of expansion should 

depend on the importance of the concept that they expanded and their position in the 

hierarchy of the reality in relation to that concept. However, we had to take in consideration 

the warnings that point to deviations in SNOMED concept distributions (Rector et al., 

2011) and moderate for the number of concepts found in the groups of ancestors, 

descendants and siblings and included another variable to reflect that number. In other 

words, the weight of the concepts that are added in the process of expansion is a function 

of weight of the central concept of the structure that they belong to, a static parameter pre-

defined by the user and the number of elements at the same level. The formula for 

calculating weight of the expanded concepts 𝑊𝑒𝑐 is as follows: 

𝑊𝑒𝑐 =
𝑊𝑐𝑐∗𝐿𝑥

N
 and 𝐿𝑥  ∈ {𝐿𝑎, 𝐿𝑑, 𝐿𝑠} 

Where: 

• 𝑊𝑐𝑐 is the weight of the central concept,  

• 𝐿𝑎 is pre-defined level parameter for ascendant concepts 

• 𝐿𝑑 is pre-defined level parameter for descendant concepts 

• 𝐿𝑠 is pre-defined level parameter for sibling concepts and 

• N is the number of concepts found on that particular level 

 

We believe that the weight of the concepts should decrease with their distance from the central 

concept, hence we propose that the 𝐿𝑥 is assigned to be proportional to the level’s distance to 

the central concept and we leave provision in our software to do so. However, due to the 

computational limitations in our project, we did not include levels of ascendants and 

descendants more distant than parent and children levels. 

 

4.5 Ontologising 

What we call ontologising is merging of graph structures created in the process of concept 

expansion. At this point, all of the concepts that form these structures have weights assigned. 
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The reason for merging graph structures created by expansion is because these graphs are in 

many cases overlapping segments of reality. The example is the graph that has been formed 

around the concept SCTID: 73211009, Diabetes mellitus and the graph that has been formed 

around the concept SCTID: 271327008, Hypoglycemic syndrome. Both of these graphs will 

have concept SCTID: 126877002, Disorder of glucose metabolism as ascendant and concept 

SCTID: 80394007, Hyperglycemia as a sibling.  

The goal of the ontologising phase is to merge overlapping segments of the reality into one 

segment that will be represented as a graph and whose nodes will be weighted taking into 

consideration the weights that the nodes had in the individual graphs. Each of the nodes in the 

merged graph will have weight equal to the sum of all of the nodes in the pre-merge graphs 

that represent the same concept. The formula to calculate concept weight (𝑊𝑐) in the merged 

graph is as follows: 

𝑊𝑐 = ∑ 𝑊𝑐𝑘
 

𝑛

𝑘=0

 

Where: 

• 𝑊𝑐𝑘
 is weight of a concept 𝐶 in the graph 𝑘 

• 𝑛 is number of graphs 

 

The equation reads: 𝑊𝑐, or weight of the concept 𝐶 is a sum of weights of the concept 𝐶 in all 

of the graphs where the concept 𝐶 is found.   

 

The result of a merge process is a graph that does not necessarily have all segments connected. 

That is because we excluded the ultimate root concept SCTID: 138875005, SNOMED CT 

Concept from the ontology of reality as we wanted to prevent nodes belonging to different axes 

from connecting. 

At this stage, the document is completely annotated.  
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5 Demonstrate artefact - DSR activity 4 

The DSR activity 4, Demonstrate artefact, presents the artefact created as part of the project 

that illustrates a real-life use case, also called a “proof of concept”. In this project, considering 

that the artefact is an algorithm, we created a software application that utilises the artefact in 

part of its operation. The same software application is used for the evaluation of the utility of 

the artefact as well as for suggesting some future work and novel applications of the algorithm. 

We named the application Grapher. 

We start with the description of the cloud platform, virtual machines, software used for 

visualisation, Cytoscape (Shannon et al., 2003), and GraphML (Brandes et al., 2013) data 

format used for building graph information models used by the graph visualisation platform. 

We then describe the corpus of free text clinical documents used as a sample in this project. 

Finally, we present the Grapher’s interface and its functions.  

 

5.1 Cloud platform and virtual machines 

The platform we used to create and test the Grapher as well as to evaluate the artefact is the 

National eResearch Collaboration Tools and Resources (NECTAR) cloud platform (Australian 

eResearch Initiative, 2021). Access to the platform is provided by the University of Auckland 

(UoA), as a participating organisation. Authentication to the cloud services is managed by the 

REANNZ Tuakiri (REANNZ, 2021) and the eduGAIN, international inter-federation service 

(eduGAIN, 2021). Connectivity to the cloud services was through a Virtual Private Network 

(VPN) endpoint connection provided by the UoA. Connection software was a free version of 

the FortiClient client, version 6.4.0.1231 (Fortinet, 2021). 

We actively used 2 virtual machines (VMs), one as the development/testing environment and 

one as the database server. The development VM had 4 virtual central processing units 

(VCPUs) Intel Skylake 2.2Ghz 64Bit, 8 GB RAM, 60GB root disk drive and 150 GB additional 

drive that was utilised as storage space. The database hosting VM configuration included 4 

VCPUs, 8 GB RAM, 30GB root disk drive and 200 GB additional drive that was used to host 

the database.  
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Although the VMs have fulfilled their role in the development process, the issues experienced 

during the time of development are worth mentioning here as information to future researchers 

using the NECTAR platform provided through UoA.  

The main issue was the limitation placed on configuration of the image that the VMs are built 

from; in particular, storage space of the root drive and memory size. The development VM 

originally had only 30GB root storage drive. That was increased to 60GB by NECTAR 

technical services after the VM exhibited operating system instability and subsequently failed 

to boot due to insufficient storage space on the boot partition. The VM needed to be recovered 

and re-built, which has taken significant time and effort.  

Memory limitation of 8 GB has imposed some constraints to how Grapher operated. Grapher 

is a memory dependent application that utilises all CPUs in some of the processes where 

parallel execution was possible. The information artefacts that the Grapher produces and 

manages are typically 2-5 GB in size. The operating system used was 64Bit and the size of the 

information artefact that could be stored in memory was not constrained to 4GB as it is the 

case with 32Bit operating systems. A good example of a large information model stored in 

memory is the SNOMED CT graph that requires just over 2GB of memory. 

However, large information artefacts used at the same time meant that not all artefacts could 

fit in the RAM memory and use of the swap partition was common. Unfortunately, use of the 

swap partition slowed down Grapher execution significantly and meant that we had to come 

up with solutions alternative to keeping all required information artefacts in memory. One of 

the solutions was minimisation of in-memory caching of segments of graphs resulted from 

concept expansion. The other was outsourcing some demanding work to the database server, 

through use of SQL views, functions and stored procedures, instead of using functionality 

available in the .NET’s System.Data namespace.  

Therefore, we believe that removing limitations on VM configurations would improve utility 

of the NECTAR platform in projects utilising large information artefacts. 

 

5.2 Development environment software 

The operating system used on both VMs was 64 Bit Windows Server 2012 Standard R2. The 

database hosting VM had Microsoft SQL Server 2008 R2 (SP3) installed with Microsoft SQL 
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Management Studio (SQLMS) used for management and coding purposes. The development 

VM had Microsoft Visual Studio 2017 (VS2017) application used for coding, and Cytoscape 

application used for graph visualisation purposes installed. We had to enable 

gcAllowVeryLargeObjects parameter in the App.Config file in the VS2017 for the objects 

larger that 4GB to be able to load into memory.  

Grapher was developed in C# and has a strong SQL code component developed outside of 

VS2017, using SQLMS. The artefacts developed using SQL are SQL functions, SQL stored 

procedures and custom SQL types. The combination of SQL functions and SQL types was 

particularly useful in outsourcing work to the SQL server. For example, a custom SQL type 

like the following was useful in sending significant workload from development to SQL VM: 

 

 

The following is the function where the type was utilised: 

This function would accept an entire Dictionary<String, String> as a parameter, rather than one 

by one KeyValue<String, String> sent as 2 SQL parameters. That means that, for a Dictionary 

CREATE TYPE tpe_S_S AS TABLE 

( 

[Key]  VARCHAR(50) NOT NULL, 

[Value] VARCHAR(MAX) NOT NULL 

PRIMARY KEY ([Key]) 

) 

GO 

 Figure 5 - SQL Custom Table Type example 

Figure 6 - SQL Table-valued function where custom Table Type is used 

PROCEDURE [dbo].[Match_Connections_To_SubGraphs_Dic]  

 @tpe_S_S READONLY 

AS 

BEGIN 

 SELECT A.[Key] AS [Source], A.Value AS Connection,  

C.End_Node AS [Target] FROM @tpe_S_S AS A  

INNER JOIN  

  All_Paths_SNOMED_Codes AS B ON B.SNOMED_CODE=A.Value  

INNER JOIN  

  All_Paths_To_Root_For_End_Nodes AS C ON B.Path= C.ID 

 GROUP BY A.[Key], A.Value, C.End_Node 

END 
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artefact of 10,000 entries, instead of 10,000 calls to the database, one can make a single call 

and wait for the SQL Function shown in Figure 6 to return a complete dataset as one result. 

This is especially useful in cases where the process cannot be conducted as asynchronous, 

meaning that the execution of the main thread would stay blocked for a long time – and 10,000 

calls to the database can take a long period of time to complete rendering the application 

unresponsive. 

Unfortunately, open source C# graph manipulation frameworks are sparse, and some of the 

available frameworks are poorly maintained. We utilised QuickGraph 3.6 framework (de 

Halleux, 2014/2020) that is a mature open source framework that provides generic 

directed/undirected graph data structures and algorithms. However, for some of the operations, 

the framework was either too demanding in terms of processing or lacked classes specific to 

some of the rather uncommon tasks, so we created custom structures (C# classes) according to 

our specifications.  

As an example, we found that serialisation functions available in some of the QuickGraph 

classes from QuikGraph.Serialization namespace took a long time to execute and were creating 

textual structures that were unnecessarily large. The exact example is the function 

[graph].SerializeToGraphML< CustomClass, Edge<[CustomClass]>, AdjacencyGraph< 

CustomClass, Edge<[ CustomClass]>>>([writer]) that was slow and in its generic form 

produced an output that was far larger than necessary. 

At the same time, serialisation of a graph “outside” of the class, using Newtonsoft.Json or 

serialisation methods from the .NET’s System.Text.Json namespace could not be used as some 

of the native QuickGraph classes used by the graph internally were not marked as serializable. 

Binary serialisation was not allowed by design (Dtosato, 2014). Since we had to conserve 

processing power and minimise time required to complete some of the operations, we decided 

to create classes that will provide custom serialisation for us. An example of such a class is 

given in the section 9.3 Custom graph class. 

By design, QuickGraph framework does not have ability to visualise graphs. However, 

visualisation was important for us in the processes of troubleshooting and assessment of the 

created structures. To make visualisation possible, we included an application called Cytoscape 

(Shannon et al., 2003). The last version of Cytoscape used is 3.8.2 based on Java 11.0.6. 
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Cytoscape was created for the purpose of visualizing molecular interaction networks and gene 

expression profiles among other state data. It is an open source application created in Java that 

import several textual graph formats including JSON (Sporny et al., 2014) and GraphML 

(Brandes et al., 2013, 2002) as sources. The application was installed on the development VM 

and used to open and display textual files that represented graph outputs created by the Grapher 

application. There was no run-time integration between the Grapher and the Cytoscape, they 

operated as separate applications only. 

Our format of choice was GraphML for Grapher outputs, as it was among the formats supported 

by the version of Cytoscape that we started with at the beginning of the project. JSON was not 

available as an option in Cytoscape at that time.  

GraphML is an XML based format that has <graph></graph> element in its source. All 

attributes of the graph are supplied as direct attributes of that element and its edges and nodes 

are supplied as an unordered list of elements within the <graph></graph> element. Obligatory 

for node elements is to have id attribute and that the id attribute be unique among all elements. 

Edge elements, apart from the id attribute, must have source and destination attributes. The 

values of both source and destination must be valid node ids. 

Cytoscape allows for custom arguments to be assigned to both nodes and graphs and later used 

in assigning visual arguments. For example, nodes can be assigned argument xyz and that 

argument could be assigned as a node colour argument in Cytoscape. Cytoscape would then 

use all valid colour values (name, hex and RGB) of the xyz argument as visual colour attributes 

of a node visualised as part of the graph. Other attributes that can be assigned include sizes, 

positions, and shapes.  

To present a use-case for the use of Cytoscape in our project, we next present the textual and 

visual representations of a graph that contains two groups of nodes that are compared for 

similarity in the evaluation stage of our project. An example of the GraphML output can be 

seen in the EHR GraphML code section.  

And the graphical output of the code is as follows: 
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Figure 7 - Graphical representation of the GraphML code created by the Grapher application 

 

The graph’s visual appearance is controlled by the style sheet that has been created for this 

particular layout. The role of the style sheet is to define the layout of the graph elements on the 

screen so that they are easy to read for human agents. Making relations between graph elements 

easy to understand enabled us to be able to troubleshoot efficiently. We include the code for 

the style sheet in the section 9.5 Style sheet used in Cytoscape. 

The Grapher application is developed as a Windows Presentation Foundation (WPF) 

application. WPF is a sub-system of .NET Framework. Grapher is a three-tier application that 

has a relational database, Microsoft SQL, as its backend, mid-tier developed in C# and front-

end as Extensible Application Markup Language (XAML). The mid-tier and backend 

communicate using tools found in the System.Data and System.Linq namespaces.  

C# was chosen because of the main author’s experience with that programming language. The 

second language considered was Java. Although Java had more advanced libraries for working 

with graphs, including JGraphT (Michail et al., 2020), Google Guava (Google, 2014/2021) and 

Apache Commons (Apache, 2021), the learning required to make an application as complex as 

Grapher in a programming language and programming environment (Eclipse) that the main 

developer was not familiar with, was significant; hence the decision to use C#.  

The Grapher is an application primarily created to demonstrate utility of the artefact developed 

in this project. However, some of the functionality of the Grapher is specifically developed to 

complete other tasks. Examples of the tasks include evaluation of the utility of the artefact, 

transformation of textual artefacts into formats easy to consume by the Grapher’s functions and 

Bleeding (finding) 
Drug interaction  

(finding) 
Spasm (finding) Blood in urine (finding) Pink color (finding) 

Blood in urine (finding) 
Finding of presence of  

crystals (finding) 

Finding of immune status  

(finding) 
Sperm normal (finding) 

Cell chromosome examination 

normal (finding) 
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caching of information models that were complex to re-create every time the application is 

started, or evaluation performed. The functionality of the Grapher that is built to demonstrate 

utility of the artefact will be touched upon in the next section. The other major functionality of 

the Grapher, evaluation of the artefact, will be discussed in the chapter 6 Evaluate artefact 

(DSR activity 5). 

 

5.2.1 Demonstration of the artefact’s utility 

Demonstrating utility of the artefact includes presenting outputs of the relevant phases of the 

information transformation process. We chose to annotate two corpuses of documents, the 

corpus of EHR discharge summaries that we used in the evaluation process and a set of 

openEHR information models. We chose to annotate openEHR information models to 

demonstrate that the artefact is not specific to a particular corpus (e.g. discharge summaries), 

but that it can also work on other corpuses, including corpuses containing structured 

information, like openEHR archetypes.  

The user interface provided by the Grapher used a combination of tab and listview controls that 

are both an integral part of the native .NET framework. The front tab of the user interface 

shows the outputs of the information transformation of a selected EHR document, as the 

document header and body outputs as well as the results of the transformation of the openEHR 

Archetypes that appear to be semantically similar to the selected EHR document. The tab 

“Weights” is the tab where the weights of the elements from the specific SNOMED CT axes 

are defined. That tab will be touched upon later in this section.  

The visual appearance of the Grapher’s front tab showing the EHR with ID = 17 is as follows: 
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Figure 8 - Grapher user interface I 

The dropdown control showing 110 on Figure 8 is the selected EHR ID. Upon selection of 

another EHR ID in that control, the data shown in the other controls change to the outputs of 

the selected EHR document.  

The tab titled “Headers” shows the names of all diagnosis headers that are found in all 

documents in the corpus. The items on that list that are marked with “Yes” are the diagnosis 

headers that are found in the document whose outputs are displayed (e.g. document ID = 110 

in this case).  

The tabs “Header text” and “Body text” show the content of the diagnosis headers (“Header 

text”) and the body of the document (“Body text”). These tabs contain the free text that is 

annotated using information models created using the artefact (an algorithm) created in this 

project. The text is presented in its original format, as it is before the pre-processing phase of 

the process defined in the algorithm.  

“EHR Body-Head Distances” tab shows the listview control with the list of concepts that are 

the final output of processing by the artefact (Figure 9). The descriptions of the concepts are 
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shown as they are compared with their distances in the SNOMED CT graph listed in the 

listview’s most right column.   

The group of tabs in the lower left corner of the front tab contains information generated in the 

process of coming to the output shown in the “EHR Body-Head Distances” tab. The lists show 

the tabs containing codes and descriptions of the concepts found in both, the diagnosis sections 

and body sections of the EHR. “Pre-expanded” means that the concepts shown are as found in 

the free text, before being expanded and “Expanded” means that the concepts shown are as 

they appear after expansion has been completed. In other words, “Expanded” tabs show the 

concepts that are part of the information model that is an annotation of a given text (Figure 9).  

 

Figure 9 - Grapher user interface II 

This interface shows all relevant stages of the information transformation as defined in the 

artefact created in this project. Firstly, free text input is shown in the group of tabs in the top 

left corner (“header text” and “Body text” tabs). Secondly, concepts found in the free text using 

only NLP techniques and before expansion are shown in the tabs in the lower left corner (“Pre-

expanded” tabs). And lastly, the same section of the front tab contains the listviews with the 

list of concepts that are the final annotation of the concept whose ID is selected in the dropdown 

menu shown at the top of the front tab. The “EHR Body-Head Distances” tab shows the result 
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of the comparison of the concepts found in the diagnostic sections and the body of the EHR 

document whose ID is selected in the dropdown.  

The tabs shown on the right hand side of the front tab show results of the comparison of the 

selected EHR document and the openEHR Archetypes that we collected from the openEHR 

repository (openEHR, 2015). OpenEHR Archetypes are information models that specify 

reusable data points that describe constructs that either directly or indirectly belong to the 

clinical domain. Examples of Archetypes that describe constructs that belong to the clinical 

domain are blood pressure, stroke risk and ECG result. Examples of Archetypes that represent 

constructs indirectly related to the constructs that belong to the clinical domain include ones 

that represent address, dwelling or absence of information.  

openEHR Archetypes are selected as they are expected to be a rich source of information 

describing clinical constructs that are commonly found in free text clinical documents, for 

example discharge summaries that we use as a free text corpus in this project. Another reason 

why openEHR Archetypes are selected is because they are standardised, composite information 

models that we see as segments of reality – rich, multidimensional descriptors of the topic that 

they represent. In the chapter 7 Future work, we suggest that this topic is explored further, and 

we give some guidelines as to how this should be approached.  

The goal of our testing of utility of openEHR Archetypes in annotation of clinical text is to 

deploy our algorithm and find Archetypes semantically similar to some or all of the messages 

communicated in the clinical text. openEHR Archetypes have two sections that we considered 

valuable for recognising the semantics of the concepts they represent, the Archetype’s schema 

and the Archetype’s Use sections.  

An Archetype’s schema is a graph of Archetype sub-concepts that clinicians, who are designers 

of openEHR Archetypes, consider relevant to the larger concept described by the Archetype. 

For example, the Blood Pressure Archetype contains sub-concepts like Systolic and Diastolic, 

Pulse Pressure and other relevant concepts that can be valuable in the process of annotation 

that follows the paradigm prescribing use of sections of reality as annotation models that we 

posit in this work. The structure of the Blood Pressure Archetype is presented in Figure 10. 

The entities listed under the Events, Protocol, State and Description branches are not very 

useful in terms of semantics of an Archetype and they are ignored in the process. 
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Figure 10 - Blood Pressure Archetype - adapted from openehr.org/ckm 

The Grapher application lists all Archetypes that match the diagnostic section (header as we 

call it) and Body of the EHR document in the top right corner of the front tab (Figure 8 and 

Figure 9). We conduct matching to both Archetype sections, Schema and Use, hence four tabs 

are in total in that area of the front tab. The captions of the tabs are self-explanatory.  

In the lower right section of the front tab, we present 4 tabs, “Links”, “Pre-Expanded 

Archetype”, “Expanded in Archetype” and “Archetype section text”.  

The section Links show the distances between the concepts found in the Archetype after 

expansion and the concepts found in the EHR document after expansion (Figure 8). The 

distance scores 𝐼𝑛𝑣𝐷𝑖𝑠𝑡 shown in the third column in the listview control in this tab are the 

numbers that are the results of the following calculation: 

𝐼𝑛𝑣𝐷𝑖𝑠𝑡 =  𝑀𝑎𝑥𝐷𝑖𝑠𝑡 − 𝐷𝑖𝑠𝑡 

Where: 

• 𝑀𝑎𝑥𝐷𝑖𝑠𝑡 is a maximum distance between any two concepts in the two lists  

• 𝐷𝑖𝑠𝑡 is a distance between concepts 

The first 5 concepts recognised in the expanded Archetype are compared with the first 5 

concepts recognised in the expanded EHR document. Double clicking on an Archetype name 

reveals further detail in the tabs below.  

The “Pre-Expanded in Archetype” tab contains a listview control that shows a list of 

descriptions of the concepts that are found in the Archetype prior to the expansion process. The 



70 

 

list shows the number of concepts found as well. The tab “Expanded in Archetype” shows the 

list of descriptions of the Archetype concepts after expansion along with their weights (Figure 

9). The list shows 20 concepts. However, due to computational limitations, only the first 5 are 

used in the comparison process. The “Archetype section text” tab shows text entries of the 

Archetype schema.  

Weights can be adjusted on the “Weights” tab. The controls on the tab provide data entry 

functionality upon double clicking on any of the entries. The adjustments can be made for 1) 

Roots (axis weights), 2) Ascendants (5 levels), 3) Descendants (5 levels), 4) Siblings and 5) 

Attributes. The Root and Attribute weights show both default and last used weights. The 

interface is as on Figure 11. 

 

Figure 11 - Grapher user interface III 

Ability to change weights enables the user to change the type of concepts that are found in the 

texts. For example, if the focus of the search is finding messages that contain concepts that 

represent procedures, rather than clinical information, then the Root weight of the Procedure 

axis would be increased. That would make the process of expansion be more biased towards 

the concepts that belong to the Procedure axis (that have SCTID: 71388002, Procedure concept 

as a root) in the process of assigning importance (weight) to the concepts.  
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The weights of ascendants, descendants and siblings concepts are also used in the process of 

expansion, hence changing them will impact the selection of the concepts used as expansion 

elements. As an example, if the focus is on revealing concepts with more detailed meaning, 

like SCTID: 73211009, Diabetes mellitus, rather than SCTID: 20957000, Disorder of 

carbohydrate metabolism, the Descendant weights should be set as proportionally higher than 

the Ascendant weights and the number of generations in the Descendant weights section with 

the weight above zero should be higher too.  

The connections between the concepts in SNOMED CT are based on SNOMED CT attributes 

and they are listed under the SCTID: 106237007, Linkage Concept axis root. The Attribute 

weights list shows all possible attributes and assigns weights value to each one of them. In this 

project, we use only SCTID: 116680003, Is_A attribute due to the computational limitations 

we encountered. However, we believe that including further attribute connections in the 

process of expansion will improve the results and we suggest in the section 7 Future work that 

this claim is tested for validity.  

For demonstration, the Grapher reads the pre-cached results of the concepts discovery, 

expansion and comparison as the real-time process would involve impractical delays. The 

weights as we present them in Figure 11 are used in the process of expansion and are the 

weights that the evaluation is based on.  

 

 



72 

 

6 Evaluate artefact (DSR activity 5) 

The DSR activity 5, Evaluate artefact establishes how well an artefact fulfils the goal of the 

project that is outlined in the DSR activity 2 and to what extent it can solve, or alleviate, the 

problem as ascertained in the DSR activity 1.  

In this section we detail the process of evaluation, outline the methods used in the process and 

show the evaluation results, before the results are discussed and the conclusion is made that the 

goal of the project has been achieved. However, to make the evaluation possible, significant 

preparations had to be made, including creation of new artefacts and imposing of some 

limitation on what we do. The artefacts include algorithm for creation of SNOMED CT graph 

from RF2 text-based files, algorithm for finding shortest path in the SNOMED CT graph that 

overcomes technological limitation that prevented us from direct application of available 

algorithms and the algorithm used for concept expansion. We describe that in the section 6.1 

Prerequisites, before we report on the evaluation process results and methods.  

 

6.1 Prerequisites 

As described in the section 6.1.1 Creating SNOMED CT graph, SNOMED CT is made 

available as a set of RF2 files. RF2 files are flat text files and for use in this project, they had 

to be converted into a graph format and serialised for future use, as conversion on as-needed 

basis would be time demanding and impractical. Moreover, although the project utilised high-

end technology, some of the computations, integral and not integral to the main algorithm were 

time demanding and could not be executed without extending evaluated software operation 

time beyond reasonably expected.  

The example is the algorithm for finding shortest paths in the SNOMED CT graph. Although 

mature algorithms exist, the process of finding a shortest path is computationally demanding 

and its processing time impact application performance. For that reason, we had to model a 

new shortest path algorithm that splits the graph to manageable subgraphs.  

Another example of excessive computational requirements is concept expansion process. That 

process involves re-creation of a section of reality around a concept that is being expanded and, 

depending on the number of nodes involved in the process, the time demands could be 
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excessive. Hence, we had to experiment with the expansion process and impose some 

limitations on how many levels are included in the expansion.  

We next outline each of the prerequisites before we detail the evaluation method.  

 

6.1.1 Creating SNOMED CT graph 

SNOMED CT comes as a set of flat, tab delimited text files, encoded in UTF-8. The file 

specification used is called Release Format 2 (RF2) and was specified by SNOMED 

International. In this work, we used SNOMED CT US Edition version 20190301. 

The SNOMED CT release package comes with 3 release types: full, delta and snapshot. A full 

release is a release type in which the release files contain every version of every component 

and reference set member ever released. A delta release is a release type in which the release 

files contain only rows that represent component versions and reference set member versions 

created since the previous release date. And a snapshot is a release type in which the release 

files contain only the most recent version of every component and reference set member 

released, as at the release date (SNOMED International, 2020a). We used the snapshot release 

type in our work as we needed the most recent versions of the components and components’ 

information and were not interested in just the most recent changes (delta) or all historical 

changes (full).  

Files that are important for defining the SNOMED CT graph were those that contain 

information on the concept, concepts’ descriptions and concepts’ relationships. All these files 

are located in the Terminology folder of the snapshot release type.  

As mentioned, the files are tab delimited and contain column names in the first row of each 

file. We read these files using standard file reader functions from the .NET’s System.IO 

namespace and saved the results in SQL Server as a set of relational tables. The concepts of 

the 3 mentioned files are provided in the tables below, followed with the table diagram as in 

the SQL database. The table structures are all from the (SNOMED International, 2020b).   

The concept file structure is as below. The column id in this file contains concepts’ unique 

identifies that are used to name nodes in the graphs. 
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Field Data type Purpose 

id SCTID Uniquely identifies the concept. 

effectiveTime Time Specifies the inclusive date at which the component version's state 

became the then current valid state of the component. 

active Boolean Specifies whether the concept was active or inactive from the 

nominal release date specified by the effectiveTime. 

moduleId SCTID Identifies the concept version's module.  

definitionStatusId SCTID Specifies if the concept version is primitive or defined.  

Table 6 - Concept RF2 file - Detailed Specification 

The table below contains information as in the descriptions file. Each concept id from the table 

above can be associated with one or more descriptions in this table using conceptId field.  

Field Data type Purpose 

id SCTID Uniquely identifies the description. 

effectiveTime Time Specifies the inclusive date at which the component version's state 

became the then current valid state of the component 

active Boolean Specifies whether the state of the description was active or 

inactive from the nominal release date specified by the 

effectiveTime. 

moduleId SCTID Identifies the description version's module. 

conceptId SCTID Identifies the concept to which this description applies. 

languageCode String Specifies the language of the description text using the two 

character ISO-639-1 code. 

typeId SCTID Identifies whether the description is fully specified name a 

synonym or other description type. 

term String The description version's text value, represented in UTF-8 

encoding. 

caseSignificanceId SCTID Identifies the concept enumeration value that represents the case 

significance of this description version. 

Table 7 – Description RF2 file - Detailed Specification 
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The file that contains relationship information is as in the table below. The fields sourceId and 

destinationId are references to the concepts and typeId depicts the type of the relationship. The 

relationship typeId that we use for edges of the SNOMED CT graph is SCTID: 116680003.  

Field Data type Purpose 

id SCTID Uniquely identifies the relationship. 

effectiveTime Time Specifies the inclusive date at which the component version's 

state became the then current valid state of the component. 

active Boolean Specifies whether the state of the relationship was active or 

inactive from the nominal release date specified by the 

effectiveTime field. 

moduleId SCTID Identifies the relationship version's module.  

sourceId SCTID Identifies the source concept of the relationship version.  

destinationId SCTID Identifies the concept that is the destination of the relationship 

version. 

relationshipGroup Integer Groups together relationship versions that are part of a logically 

associated relationshipGroup.  

typeId SCTID Identifies the concept that represent the defining attribute (or 

relationship type) represented by this relationship version. 

characteristicTypeId SCTID A concept enumeration value that identifies the characteristic 

type of the relationship version (i.e. whether the relationship 

version is defining, qualifying, etc.) 

modifierId SCTID A concept enumeration value that identifies the type of 

Description Logic (DL) restriction (some, all, etc.) 

Table 8 - Relationship RF2 file - Detailed specification 

When imported into an MS SQL database, the tables appear as per the diagram below. Tables 

are named with the prefix S_ followed by the type of the construct described in the table. The 

constraints visible on the diagram impose the following: 

• definitionStatusId field contains unique identifiers that are from the id field of the 

S_Concept table 

• typeId field in the S_Description table contains unique identifiers that are from the id 

field in the S_Concept table 
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• caseSignificanceId field in the S_Description table contains unique identifiers that are 

from the id field in the S_Concept table 

• conceptId field in the S_Description table contains unique identifiers that are from the 

id field in the S_Concept table 

• sourceId field in the S_Relationship table contains unique identifiers that are from the 

id field in the S_Concept table 

• destinationId field in the S_Relationship table contains unique identifiers that are from 

the id field in the S_Concept table 

• typeId field in the S_Relationship table contains unique identifiers that are from the id 

field in the S_Concept table 

• characteristicTypeId field in the S_Relationship table contains unique identifiers that 

are from the id field in the S_Concept table 

• modifierId field in the S_Relationship table contains unique identifiers that are from 

the id field in the S_Concept table 

The SNOMED CT graph is created based on the information imported into the three tables 

shown in the diagram above. The SNOMED CT graph is created as an in-memory graph. It is 

Figure 12 - SQL diagram of the imported SNOMED CT table structure 
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re-created every time the application starts and is preserved between its uses in one application 

instance. 

QuickGraph framework (de Halleux, 2014/2020) is used in creation of an in-memory graph 

structure. The framework allows creation of the commonly used graph variations and also 

allows for querying of these structures. The framework allows for the nodes and edges to be 

defined as custom classes, as opposed to just strings or integers. This was helpful as it allowed 

us to include information as multiple definition strings and weights for the nodes and edges 

among others.  

However, the QuickGraph framework has no visualisation functions. To be able to visualise 

segments of the graph, and we very often did that for visual testing purposes, we exported 

graph segments in XML format and visualised them using Cytoscape (Shannon et al., 2003). 

Although the QuickGraph framework has an XML export function, we did not find its output 

suitable for importing to Cytoscape and we created our own export model that we could use 

not just for visualisation of segments of the SNOMED CT graph but also for visualisation in 

the process of evaluation of the artefact created in this project. More on Cytoscape and on the 

XML export function will be included later in this chapter. 

Although SCTID: 116680003, Is_A attribute is directed in nature ([specific concept] Is_A 

[more general concept]), for the purpose of finding the shortest path we render SCTID: 

116680003 as undirected.  

 

6.1.2 Finding shortest path in the SNOMED CT graph 

We use SNOMED CT as ontology of reality that we represent as a unidirectional graph. 

SNOMED CT has well defined relationships between the concepts and we use its concepts as 

nodes and SNOMED CT’s Is_A attributes between the concepts as edges connecting its nodes.   

For deciding on semantic similarity of two concepts, we measure distance of the concepts in 

the SNOMED CT graph. We provided evidence justifying use of this method earlier in the 

section 3.2 Utility of SNOMED CT as ontology of reality. 

The distance between two concepts in the SNOMED CT graph is the shortest distance between 

these two concepts as graph nodes using Is_A connections as edges. We do not consider 
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SCTID: 138875005, SNOMED CT Concept as a connecting node, hence the shortest paths are 

not allowed to use the edges of the top-level axial concepts connecting to the SCTID: 

138875005.  

One Is_A edge is considered 1 hop in the distance calculations and the edges in the graph, for 

the purpose of finding shortest paths, are considered non-directional. The edges are considered 

non-directional because we wanted to make sure that the paths between nodes at all levels are 

found. As an example, if edges were to be one-directional, as Is_A attribute directs, from the 

peripheral levels of the hierarchy towards its top, there would be no path between the node 

representing concept SCTID: 49817004, Neonatal diabetes mellitus and node representing 

SCTID: 73211009, Diabetes mellitus.  

That means if, in text A, a 2-gram candidate “neonatal diabetes” was matched to the SCTID: 

49817004, and in the text B, a 2-gram candidate “diabetes mellitus” was matched to the SCTID: 

73211009, the two concepts would be seen as not connected, looking for text B to text A. The 

same would be the case if direction of edges is aimed towards the peripheral levels of the 

hierarchy, hence we decided that the edges in our ontology of reality graph are instantiated as 

non-directional. 

We tested two algorithms for calculating shortest distance, or shortest path as it is referred to 

in the graph theory (Deo & Pang, 1984). The algorithms are Dijkstra’s Shortest Path Algorithm 

(E. W. Dijkstra, 1959) and Floyd-Warshall Shortest Path Algorithm (Floyd, 1962). These 2 

algorithms deploy different strategies in finding the shortest paths, hence our choice.   

 

6.1.2.1 Dijkstra’s shortest path algorithm 

We present pseudocode for the Dijkstra’s algorithm below. The pseudocode is based on the 

pseudocodes shown in Dijkstra (1959), Dijkstra (1959, p. 270) and Rabin (2019, p. 295). 

1) With graph 𝐺 that has total number of nodes |𝑉| and total number of edges |𝐸|, select 

the start position of the path (source node) 

2) Create empty set 𝑆. This is where the nodes that form the path will be stored 

3) Store start node in the 𝑆 and assign priority value 𝑊 of 0 to it 

4) Start node becomes the first connecting node 𝐶𝑁 

5) Work with each neighbouring node 𝑁𝑁 connected to the 𝐶𝑁, one by one 
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6) Calculate 𝑊 of the 𝑁𝑁. The 𝑊 of the 𝑁𝑁 is a sum of the weight of the edge between 

the 𝑁𝑁 and 𝐶𝑁 and the 𝑊 of the 𝐶𝑁 

7) If the 𝑁𝑁 is not in 𝑆, or if 𝑊 is less than the weight of the 𝑁𝑁 that is in 𝑆, place 𝑁𝑁 in 

𝑆 (or replace if already there) and label it with its name and 𝑊. Else, discard 𝑁𝑁. 

8) Repeat step 5 until there are nodes that are not in 𝑆 

At the end of the process, the set 𝑆 will contain all nodes with paths to the start node and their 

shortest distances to it.  

Although this algorithm produces the desired result (shortest path between two nodes), the 

calculations that we performed to decide on nodes similarity in the process of comparison were 

many and the process took a long time to complete. The main issue was that Dijkstra’s 

algorithm is practically re-creating a segment of a graph on each search. The segment of a 

graph re-created is a segment formed of all edges and nodes that form all paths between the 

source and the destination node. When concepts are proximal and edges sparse, creation of this 

segment is not a long process, but the process becomes particularly long when the source and 

the destination nodes are distant and with many connections between them. Moreover, to 

recreate the segment, the algorithm needs to visit edges that are for paths that are just potential 

candidates too, until the number of hops is lower than the number of hops in an already-

discovered path.  

To put this in perspective, we observe the time complexity of Dijkstra’s algorithm’s runtime. 

To understand the total time requirement for this algorithm, we need to understand time 

requirements of the individual algorithm’s processes. We observe a simplest case that uses a 

standard binary min-heap priority queue. We take the values for operations from Cormen et al. 

(2009). 

1) The algorithm keeps nodes and their priority values in the priority value queue. It 

updates nodes’ values by removing and adding the updating node and its priority value 

back to the queue. The time costs of that operation is 𝑂(log |𝑉|). For each node, this 

operation happens once per its connecting edge, totalling to 𝑂(|𝐸| log |𝑉|) for a 

completed Dijkstra’s algorithm cycle 

2) The algorithm can also keep nodes’ priority values in a separate hash table or a matrix. 

However, this does not change operating time of the whole process 
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3) During the Dijkstra cycle, each of the nodes are removed from the priority queue 

exactly once and each removal takes 𝑂(log |𝑉|) time. That adds up to 𝑂(|𝑉| log |𝑉|) 

for all nodes removed from the queue 

4) The algorithm checks whether the priority queue is empty exactly 𝑂(|𝑉|) times, once 

for every node, just before that node is removed from the queue 

5) Time for iteration through all node’s neighbours is equal to 𝑂(|𝐸|) as iteration includes 

examination of every neighbouring node 

Adding the times together, we get time complexity of 𝑂(|𝐸| log |𝑉|),  𝑂(|𝑉| log |𝑉|), 𝑂(|𝐸|) 

and 𝑂(|𝑉|). Values 𝑂(|𝐸|) and 𝑂(|𝑉|) are dominated by the other two values, hence the final 

time complexity is  

𝑂((|𝑉| + |𝐸|) log |𝑉|) 

Where: 

• |𝑉| is the number of nodes  

• |𝐸| is the number of edges 

For the subgraph rooted in the concept SCTID: 123037004, Body structure, the relevant values 

are |𝐸| = 196004 and |𝑉| = 617. That means that the number of calculations that potentially 

would take place for each short path search iteration is just over 548,000, depending on the 

positions of the nodes. Although some optimisations would be possible, like implementation 

of the Fibonacci queue (Barbehenn, 1998), considering the number of shortest path operations 

we needed to complete the task, we decided against using Dijkstra’s algorithm in finding 

shortest path between the nodes in the SNOMED CT graph in the real time.  

We also tested performance of this algorithm in off-line calculation of distances for the purpose 

of caching and re-using at the time of application execution. However, the tests have shown 

that the process was too long and that caching the number of shortest path results was not 

feasible.  

 

6.1.2.2 Floyd-Warshall (FWI) algorithm 

The next algorithm tested was Floyd-Warshall (FWI) algorithm. This algorithm creates a 

matrix of |𝑉| ∗ |𝑉| where |𝑉| is the number of nodes in a graph. The entries in the matrix 
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created by the FWI are weights of the shortest paths of the matrix elements. FWI creates the 

entire matrix in one pass of the algorithm, hence execution time of that first part of the process 

(matrix creation) can be very long for large graphs. However, subsequent operations (shortest 

path queries) just involve finding the value in the matrix, the process that is close to 

instantaneous on current systems.  

The pseudo-code for this algorithm, as presented in the (Floyd, 1962) is as follows: 

1) begin 

2) integer i, j, k; real inf, s; inf:= 1010; 

3) for i:= 1 step 1 until n do 

4) for j:= 1 step 1 until n do 

5) if m [j, i] < inf then 

6) for k:= 1 step 1 until n do 

7) if m [I, k] < inf then 

8) begin s:= m [j, i] + m [i, k]; 

9) if s < m [j, k] then m [j, k]:= s 

10) end  

11) end shortest path 

Where: 

• n is the number of nodes - |𝑉| 

• m[i, j] is the shortest path between i and j 

• 1010 means that no path is available between 2 nodes 

Our tests have shown that the matrix of the SNOMED CT graph size (n ≈ 360,000 nodes) is 

impossible to create in reasonable time on the systems that we had access to in this project. 

However, as computational and storage capacity of the systems is constantly increasing, future 

research should consider revisiting utilisation of Floyd-Warshall algorithm in calculation of 

shortest path between SNOMED CT nodes.  
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6.1.2.3 Size issues affecting finding shortest path in the SNOMED CT graph 

As mentioned in the text above, the SNOMED CT graph comes with a root node, SCTID: 

138875005, SNOMED CT Concept and has 19 axial root nodes, as shown in Table 9. SCTID: 

138875005 is the universal connector in the SNOMED CT graph, which means that any two 

nodes in the graph are connected through SCTID: 138875005, even if they are not in the same 

axis. That means the number of paths in SNOMED CT graph can be calculated as follows: 

𝑁 = |𝑉| ∗ (|𝑉| − 1) 

Where |𝑉| is the number of concepts in the graph. Considering that the number of concepts is 

356185 the number of paths is 126,867,398,040. As we are not interested in paths with zero 

distance (path from a node to itself), we correct for that as (|𝑉| − 1). 

As our tests show that the average size of each of the paths is around 200 bytes, caching 

126,867,398,040 paths would require just over 25 terabytes of data. Removing SCTID: 

138875005 from the graph divides SNOMED CT graph into 19 smaller and disconnected 

graphs, reducing the number of total paths between the nodes. We calculated the total number 

of shortest paths as follows: 

N = ∑ |𝑉|𝑘 ∗ (|𝑉|𝑘 − 1)

19

𝑘=0

 

 Where |𝑉|𝑘 is the number of nodes in the axial graph 𝑘.  

Our calculations show 17,399,645,082 paths in this case. Considering the size of each of the 

paths, storage requirements change to 3,480 gigabytes or 3.48 terabytes for all of the 19 graphs. 

Although the paths for the some of the 19 graphs would be of manageable size, like one rooted 

in SCTID: 78621006, Physical force (just below 1GB), paths for some of the graphs would be 

far from that, like the graphs rooted in SCTID: 362981000, Qualifier value  (1,555 GB) and 

SCID: 123037004, Body structure (714GB). That excluded caching of all full paths as an 

option as the size required for caching and computing power required for iterating though the 

records storing paths would exceed the characteristics of the technology available to us. We 

show number of concepts under each of the 19 axial roots in the Table 9.  
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k Concept (axial root) Description Count 

1 373873005 Drug 6948 

2 404684003 Clinical finding 39609 

3 48176007 Social context 6702 

4 78621006 Physical force 976 

5 123037004 Body structure 59768 

6 308916002 Environment or geographical location 1840 

7 370115009 Special concept 652 

8 71388002 Procedure 21291 

9 105590001 Substance 43404 

10 123038009 Specimen 4181 

11 254291000 Staging and scales 1601 

12 272379006 Event 3794 

13 362981000 Qualifier value 88183 

14 410607006 Organism 35811 

15 900000000000441003 SNOMED CT Model Component 1728 

16 243796009 Context-dependent categories 1352 

17 260787004 Artefact 16806 

18 363787002 Observable entity 21051 

19 419891008 Record artefact 488 

Table 9 - SNOMED axial root concepts, their descriptions and counts 

 

6.1.2.4 Novel technique for finding shortest path pseudo code 

As neither Dijkstra’s nor the Floyd-Warshall algorithm were efficient in calculating shortest 

paths in our environment, we explored options for enabling faster traversing, so we could find 

shortest paths in real-time. Graph partitioning into sub-graphs even smaller than the axial 

graphs was the strategy that we developed as a result of this inquiry. The process includes 

creation of smaller subgraphs connected by the normally internal edges that now become 

external connections between the newly connected sub-graphs.  
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The process that we followed is as on the following diagram: 

 

Figure 13 - Finding shortest path process phases 

Artefacts used to create SNOMED CT graph and tools and frameworks that we used in the 

process of graph creation are described in the section 6.1.1 Creating SNOMED CT graph and 

will not be covered here.  

It is important to remind here that SNOMED CT graph is firstly created as a directed acyclic 

graph (DAG), where the Is_A attribute’s direction is used as the direction of all edges. The 

graph is originally one connected structure with SCTID: 138875005, SNOMED CT Concept 

acting as a root. However, such a graph, when later converted to an undirected graph (UG), has 

all nodes connected which is an unwanted feature in our process, due to the paths between the 

nodes that are not in the same axes. The nodes located below different axial roots usually depict 

either very low or no semantic similarity between the concepts, hence our decision to eliminate 

these paths. The example are the nodes from the axes rooted in SCTID: 404684003, Clinical 

Finding and 254291000, Staging and scales. The concept SCTID: 297288000, Liver calculus 

has not much in common with the concept SCTID: 254364004, National Wilms' tumor study 

staging system, but the path between them would contain only 5 edges, which would indicate 

semantic similarity.  

To ensure no paths are found between the nodes in different axial graphs, we eliminate the 

edges between the SCTID: 138875005, SNOMED CT Concept and 19 axial roots from the 

graph. The result of that process are 19 subgraphs rooted into 19 axial roots, that act as sink 

concepts. These graphs contain number of nodes as in the Table 9. Terms “sink" and “source” 

are the terms used in graph theory (Gross et al., 2013). Sink represents a node in a directed 

graph that has no outgoing edges. Source nodes are nodes in a directed graph that have no 

incoming edges. Our version of SNOMED CT graph has 1 sink and 218,012 sources originally. 

After SCTID: 138875005, SNOMED CT Concept is removed, the graph has 19 sinks and the 

same number of sources.  

However, due to the number of edges, axial subgraphs are still too large for real-time finding 

of shortest paths between nodes. Hence we partition the subgraphs even further.  
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Our experiments show that the size of a graph that can be easily managed in our system is 20-

250 edges. Graphs larger than 250 are slightly slower to traverse and graphs below 50 edges in 

most of the cases need to be merged with other graphs for the purpose of reduction of overhead 

in keeping track of all relevant connections. However, the numbers are not exact and are used 

for guidance only.  

We start further partitioning by finding all source nodes in each of the graphs. Source nodes 

are the nodes that have no incoming edges. In the SNOMED CT hierarchy, these nodes are at 

the very bottom of the hierarchy, opposite to the SCTID: 138875005, SNOMED CT Concept. 

As mentioned earlier, the number of these nodes in the used version of SNOMED CT is 

218,012. 

When all source nodes are found we start traversing the graph up towards the sink nodes, 

capturing edges between all parents and their immediate children into a new graph, removing 

all captured nodes and their edges from the original graph. We also keep record of the edges 

that we break in the process. These edges are the edges connecting removed nodes to the nodes 

that remain in the original graph. We repeat this for every source node.  

Every time we traverse the graph, the original graph becomes smaller, due to the decreased 

number of nodes and edges, and the number of new graphs (subgraphs) increases. The final 

result of this part of the process is no nodes nor edges in the original graph and 218,012 

subgraphs. 

However, some of the subgraphs in the group of 218,012 subgraphs are very small, some with 

only a single node in them. Likewise, some of the subgraphs have significantly more than 250 

edges. In the next step, we find both, very small (less then 20 edges) and very large subgraphs 

(more than 300 edges). We do that by ordering all subgraphs by the number of edges from 

smaller to the largest. For smallest subgraphs, we try to attach as many of them to the subgraphs 

in the middle of the size-ordered graph array, making sure that the resulting subgraphs are not 

much larger than 250 edges. We make sure that we merge as many small subgraphs as possible 

in this process. For large subgraphs, we follow the same process used to break axial graphs, we 

break them by finding the source nodes and traversing the subgraph finding nodes’ parents and 

their children and removing them from the original structure.  
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Summarised, pseudocode for this operation would look as follows: 

1. Remove SCTID: 138875005, SNOMED CT Concept 

2. Find all source nodes (nodes that have no incoming edges) 

3. Traverse each subgraph up, towards the sink nodes  

4. Create new graphs by capturing edges between all parents and their immediate 

children into a new graph,  

5. Remove all captured nodes and their edges from the original graph 

6. Go to 3 for each source node remaining in the original graph 

7. Find small graphs and merge them with medium size graphs 

8. Find large graphs and repeat steps from 2-8 for each one of them 

9. Finish when the number of graphs and their size are acceptable 9processable by the 

available equipment) 

The output of this process is just over 3,000 subgraphs of various sizes, with each subgraph 

containing information on its content (nodes and edges) and its connections with its 

neighbouring graphs. The connections with the neighbouring graphs are the edges of the 

subgraph’s nodes that connect to the nodes of the neighbouring graphs. Each subgraph is given 

unique ID. We also have information on the location of each of the nodes, stored as pairs of 

concept SCTID and subgraph ID. From now on, all edges are considered undirected, which 

technically makes all subgraphs undirected graphs (UG).  

We use graph IDs and information on their connections to create a “graph of graphs” (GoG). 

GoG is a structure where subgraphs are represented as GoG nodes and edges that were recorded 

as connections between the subgraphs are GoG edges. As we also recorded information on the 

locations of nodes (which subgraph a node is in), finding the shortest path between the nodes 

N1 and N2 follows the following pseudo code: 

1) If the N1 and N2 shortest path result is in cache, return result and end 

2) Find the name of the subgraph G1 node N1 is in 

3) Find the name of the subgraph G2 node N2 is in 

4) If G1 = G2, use Dijkstra’s algorithm to find shortest path between nodes N1 and N2 in 

G1 and end 

5) Use Dijkstra’s algorithm to find the shortest path S between G1 and G2 in GoG.  
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6) Record node NC1 that is at the G1 end of the edge (connection) between G1 and its 

first neighbouring subgraph GN1 in S  

7) Record node NC2 that is at the G2 end of the edge (connection) between G2 and its 

first neighbouring subgraph GN2 in S 

8) If there is no connection between N1 and NC1 in G1, temporarily break the edge 

between NC1 and its connecting node in the GN1 and GOTO 4 

9) If there is no connection between N2and NC2 in G2, temporarily break the edge 

between NC2 and its connecting node in the GN2 and GOTO 4 

10) Temporarily merge graphs that form S in GM 

11) Use Dijkstra’s algorithm to find the shortest path between N1 and N2 in GM 

12) Cache the result in memory 

We used the above solution with success in finding shortest paths in real-time. 

 

6.1.3 Concept expansion 

Concept expansion is a process of creation of complex information models based on concepts 

discovered in the process of concept matching. We call concepts discovered in the process of 

concept matching the central concepts. They are a product of matching of 1-gram, 2-gram or 

3-gram candidates to the concepts’ descriptions in SNOMED CT. 

Complex information models created in the concept expansion process are graph structures that 

consist of a central concept and expanding concepts. Expanding concepts are concepts 

proximal to a particular central concept, connected to it with an Is_A attribute in the SNOMED 

CT. The concepts proximal to the central concept that we use in the expansion process are first 

level ascendants (parents), first level descendants (children) and siblings. All concepts, central 

and expanding, become nodes in the graph representing newly created information model. The 

Is_A attribute connections between the nodes become graph edges.   

This process of expansion involves querying the SNOMED CT graph for each type of proximal 

concepts, ascendants, descendants and siblings. Also, multiple queries to the SNOMED CT 

persisted in the SQL database are made if more than just a first level of ascendants and 

descendants is to be used. For example, if only one level of ascendants is used in expansion, 

one call is made to the SNOMED CT and nodes in a position of parents are requested only. 

However, if 2 or 3 levels of ascendants are used in the process of expansion, 2 or 3 calls are 
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made, one to get parents and one to get parents of each of the parents received in the first 2 

calls to the SNOMED CT. We originally selected to expand 3 levels, before we reduced 

expansion to one level only, due to limitations that we experienced.  

The limitations that we faced were related to the computation time required to expand the 

concept and the size of the expanded structure.  

Computation time required for expansion of one concept depends on the number of nodes that 

the concept is directly connected to in the SNOMED CT graph. The greater the number of 

nodes attached to one concept, the longer the expansion time as more concepts need to be 

found, transported to the computation agent and assembled in the information model, a graph. 

Also, the greater the levels of expansion, the greater the number of concepts found, and as a 

result, the longer the expansion process. 

Computation time also depends on the number of concepts found in the process of matching. 

The grater the number of concepts, the greater the number of expansions. Longer texts will 

have more concepts matched, which implies that the longer the text, the greater the number of 

expansions and the longer the computation time required to expand the concepts found in the 

text.  

To overcome this problem, we resorted to offline caching of the information models created 

for each expanded concept found and matched in the text. That reduced the execution time as 

information models did not need to be generated in real time, but were downloaded from their 

place of persistence, SQL database in our case.  

However, although offline caching has helped to reduce execution time of the main algorithm, 

the reduction of time was not significant and sufficient. The reason for that was the large size 

of the created information models caused by the number of concepts that the created 

information models consisted of. As information models are persisted in their serialised form, 

usually as JSON text, they needed to be de-serialised into their objects before they could be 

used in calculations. De-serialisation of a large JSON object is a complex undertaking and 

needs significant computational power and time. Hence, we decided to reduce the size of the 

created information models.  

To reduce the size of the created information models, we minimised the number of levels of 

expansion of ancestor and descendant expanding concepts. We experimented with 1, 2 and 3 
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levels and decided on using only 1 level, including only parents, children and direct siblings of 

the central concept. For the same reason, we also excluded all other but Is_A relations of the 

central concepts.  

Future work will suggest that experiments are conducted testing value of including more than 

one Is_A level as well as value of including concepts connected to the central concept by non-

Is_A attributes. We leave provision in our application for that, allowing for definition of 

weights for other than first level of ascendants and descendants as well as for definition of 

weight for concepts connected to the central concept by each of the non-Is_A relationships. 

As the processes of experimenting with the level of expansion and the process of caching 

expanded information models of the central concepts has taken place outside of the process of 

running the main algorithm, we include it here as the prerequisite.  

 

6.2 Evaluation 

We evaluate validity of our annotation method by testing similarity of the documents contained 

in the corpus containing 889 discharge summaries that we described in the section 3.3 Testing 

SNOMED CT coverage. The method that we designed and used in this process is explained 

next. 

 

6.2.1 Methods used in documents comparison 

An output of a process of document comparison is a number showing a level of semantic 

similarity of two documents. The method that we deployed is based on our Assumption 2 that 

predicates that proximity of concepts in the ontology of reality is a function of their semantic 

similarity and that the more proximal the concepts are in the ontology of reality, the more 

similar they are.  

For two documents to be compared, they need to be annotated. A document is annotated when 

a weighted graph (annotation artefact) constructed of SNOMED CT concepts as nodes and 

is_A relations as edges is associated with text in that document. The annotation artefact, a 

weighted graph, is a result of a complex process where information is extracted, transformed 

and formatted into a graph structure. The process includes extraction of concept candidates 
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from a body of free text, normalisation of concepts, expansion of concepts into graph structures 

and merging of created graph structures into a final graph structure before a process of 

comparison takes place. This process has been explained in the section 4 Design and develop 

artefact (DSR activity 3) in this document. 

After annotation artefacts are created, their nodes are extracted in two separate lists where the 

artefacts are ordered by their weights in descending order. Next, the top 𝑥 nodes are selected 

for comparison, an equal number from each of the two lists. If any of the two lists has less than 

𝑥 nodes (𝑦 < 𝑥), 𝑦 becomes the number of nodes selected from each of the lists. In the case of 

our corpus, 𝑥 = 5 for all documents. 

At this stage we have two weighted lists populated with an equal number of nodes as list items, 

each list representing one document. The nodes are selected based on their weight, assuming 

that the higher the weight of a node is, the more semantically representative the node is of a 

document’s content, or part of it.  

Each of the selected nodes is assigned a rank value 𝑅, based on its position in the list. The first 

in the list, the node with the greatest weight, is given rank 1 and the rank value increases as the 

node’s position decrease in the list. For example, if a list has 20 nodes, the node with the highest 

weight value, located at the start of the list will be assigned 𝑅 = 1, and the node at the end of 

the list will be assigned 𝑅 = 20. 

The process of comparison of two documents involves measuring of distances between each 

of the nodes in the two sets, for the purpose of establishing semantic similarity of the concepts 

represented by the nodes. We explained that process in the section 6.1.2 Finding shortest path 

in the SNOMED CT graph. The outcome is information on how many connections are between 

the concepts in the two documents and how strong these connections are.  

As the rank of the node, or 𝑅 value, depicts the relevance of the concept represented by the 

node, we corrected the distances between the nodes with their ranks. The final result of the 

calculation is a Similarity Coefficient or 𝑆𝑐𝑜 as named by us. The calculation looks like the 

following: 

𝑆𝑐𝑜 =  ∑ ∑
𝑃𝑚𝑎𝑥 + 1 − 𝑑(𝑁𝑘, 𝑁𝑛)

(𝑅𝑁𝑘
+ 𝑅𝑁𝑛

)

𝑥

𝑛=1

𝑥

𝑘=1
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Where: 

• 𝑥 is the number of nodes in the list 

• 𝑑(𝑁𝑘, 𝑁𝑛) is the length of the shortest path between the nodes 𝑁𝑘 and 𝑁𝑛 

• 𝑃𝑚𝑎𝑥 is the maximum distance between any two nodes in the lists that is not infinity 

• 𝑅𝑁𝑘
 is the rank 𝑅 of the 𝑁𝑘 node 

• 𝑅𝑁𝑛
 is the rank 𝑅 of the 𝑁𝑛 node 

𝑃𝑚𝑎𝑥 corrects for the fact that shortest path distance is a positive number increasing as the 

similarity, that we measure with it, decreases. The greatest distance, 𝑃𝑚𝑎𝑥 depicts the smallest 

similarity of two concepts before infinity (not similar at all). In the same time, 0 (zero) depicts 

full similarity (identical concepts). 𝑆𝑐𝑜 is calculated only when 𝑑(𝑁𝑘, 𝑁𝑛) is smaller than 

infinity (when the shortest path exists). Based on results of our experiments confirming that no 

distances have value > 20, we selected 20 as the 𝑃𝑚𝑎𝑥. 

Due to computational limitations, only top 5 nodes are taken in consideration in the process of 

document comparison, hence the equation looks like the following: 

𝑆𝑐𝑜 =  ∑ ∑
20 + 1 − 𝑑(𝑁𝑘, 𝑁𝑛)

(𝑅𝑁𝑘
+ 𝑅𝑁𝑛

)

5

𝑛=1

5

𝑘=1

 

We believe that concept of similarity is represented as a range, rather than an exact set of 

values. That means that for us, similarity is a range between the minimum and the maximum 

similarities, rather than a set of values that each depict a known similarity level. Hence, it bears 

no importance whether the maximum similarity is represented as a number lower than 

minimum similarity, or the other way around, as long as these limits are known.   

Thus, we assumed that if the range 0 → 𝑃𝑚𝑎𝑥 depicts decreasing similarity, the same range can 

be presented as −𝑃𝑚𝑎𝑥 → 0, with −𝑃𝑚𝑎𝑥 as the minimum similarity and 0 as maximum 

similarity. If both ends of the range are expanded with 𝑃𝑚𝑎𝑥 , the range becomes 0 → 𝑃𝑚𝑎𝑥 

with 0 representing minimum similarity and 𝑃𝑚𝑎𝑥 representing maximum similarity. We add 1 

to 𝑃𝑚𝑎𝑥 to avoid divisions by zero in the cases when 𝑃𝑚𝑎𝑥 ==  𝑑(𝑁𝑘, 𝑁𝑛), which happens in 

the cases of the nodes with the shortest paths in the graph spanning 20 edges.  

However, there is no tested scale that can be used for validation of a number calculated using 

the technique presented above (𝑆𝑐𝑜). Hence, we decided to test this technique deploying it on 
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the set of documents that we know are similar and on the set of documents that we know are 

not similar and compare the outputs. The logic is that outputs of testing similarity of similar 

documents will result in 𝑆𝑐𝑜 values different (higher) than outputs of testing of similarity of 

documents that are not similar.  

We split our discharge summaries to create a sample of similar and dissimilar documents. Each 

discharge summary was split into: 

𝑆𝐷𝑘 - diagnosis section and  

𝑆𝑅𝑘 - the rest of the document  

Where:  

• 𝑘 is an ID of a discharge summary document, 𝑘 ∈ {𝐼𝐷1, 𝐼𝐷2 … 𝐼𝐷𝑛} and 

• 𝑛 is a number of discharge summaries that have diagnosis sections 

Some of the discharge summaries did not have diagnosis sections and they were eliminated 

from the experiment. The number of discharge summaries that had entries in their diagnosis 

sections is 582, hence 307 documents were eliminated from the corpus. 

We expected that diagnosis sections will contain concepts that are similar to, but most likely 

not exactly the same as, concepts in the remaining of the document. For example, if a diagnosis 

section contained concept SCTID: 73211009, Diabetes mellitus, it is very likely that the rest 

of the discharge summary would contain concepts like SCTID: 237598005, Hyperglycemic 

disorder or SCTID: 237622006, Poor glycemic control, all concepts proximal as they are 

positioned in the SNOMED CT graph. Therefore, our sample for calculating 𝑆𝑐𝑜 of similar 

documents is a set of 𝑆𝐷𝑘 and 𝑆𝑅𝑘 pairs where 𝑘 is an ID of a discharge summary. We call 

𝑆𝐷𝑘 and 𝑆𝑅𝑘 documents similar documents pair. 

Dissimilar documents, on the other hand, are expected to have semantically dissimilar concepts 

listed in them. We ensure that we compare dissimilar documents by comparing diagnosis 

sections of one discharge summary with a remaining of a document from a different discharge 

summary. In other words, we compare 𝑆𝐷𝑘 and 𝑆𝑅𝑘+𝑗 where (𝑘 + 𝑗)  ∈ {𝐼𝐷1, 𝐼𝐷2 … 𝐼𝐷𝑛} and 

𝑗 > 0 and 𝑗 ∈ {10, 20, … 490}.  
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We believe that 𝑆𝑐𝑜 value of similar documents will be higher than 𝑆𝑐𝑜 value of dissimilar 

documents. Later in this chapter, we outline statistical methods that we use to confirm that 

assumption. 

In addition to 𝑆𝑐𝑜 value for each of document pairs calculated in each of the iterations, we also 

calculate 𝑆𝑖𝑣 value, that is a total sum of all distances for each of the discharge summaries in 

each of the iterations, unadjusted for ranking of concepts included in distance calculation. We 

measure that because we expect that the total sum of all shortest paths between nodes in the 

sets derived from annotation graphs will be greater when similar documents are compared than 

when dissimilar documents are compared. The formula that we used for calculating this type 

of similarity of two documents is as below. We call this measure Indicative Similarity Value 

or 𝑆𝑖𝑣. As with 𝑆𝑐𝑜, 𝑆𝑖𝑣 is calculated only when 𝑑(𝑁𝑘, 𝑁𝑛) is smaller than infinity (when a 

shortest path exists). 

𝑆𝑖𝑣 =  ∑ ∑ 𝑃𝑚𝑎𝑥 + 1 − 𝑑(𝑁𝑘, 𝑁𝑛)

𝑥

𝑛=1

𝑥

𝑘=1

 

Where: 

• 𝑥 is the number of nodes in the list 

• 𝑑(𝑁𝑘, 𝑁𝑛) is the length of the shortest path between the nodes 𝑁𝑘 and 𝑁𝑛 

• 𝑃𝑚𝑎𝑥 is the maximum distance between any two nodes in the lists that is not infinity. 

We used 20 as the value for 𝑃𝑚𝑎𝑥 

Considering that we calculate distances between 5 highest ranked concepts only and that 𝑃𝑚𝑎𝑥 

is 20, the final formula looks like the following: 

𝑆𝑖𝑣 =  ∑ ∑ 20 + 1 − 𝑑(𝑁𝑘, 𝑁𝑛)

5

𝑛=1

5

𝑘=1

 

Another construct we measure is the average strength of the connection between the 

documents, 𝐴𝑣𝑔𝑆𝑐𝑜. We do that by dividing the Similarity Coefficient or 𝑆𝑐𝑜 with the total 

number of shortest paths found between documents’ nodes compared in the process. The 

formula is as follows:  
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𝐴𝑣𝑔𝑆𝑐𝑜 =
𝑆𝑐𝑜

𝑆𝑃𝑛
 

Where: 

• 𝑆𝑃𝑛 is a total number of shortest paths found between compared nodes 

We expect that 𝐴𝑣𝑔𝑆𝑐𝑜 for similar documents will be higher than 𝐴𝑣𝑔𝑆𝑐𝑜 of dissimilar 

documents. 

 

6.2.2 Evaluation results and discussion 

For our evaluation experiment, we conduct 50 iterations of calculating 𝑆𝑐𝑜 for each of the 582 

discharge summaries. 49 out of 50 iterations use dissimilar documents as a sample (Dis1 – 

Dis49 in Table 16) and 1 uses the standard sample of discharge summaries, a sample of similar 

documents (Sim1 in Table 16). We then summarise results of all iterations. Evaluation results 

are presented in Table 16 in the Appendices. 

 

6.2.3 Discussion of the evaluation results 

The results have shown the following: 

1) 𝑆𝑖𝑣 of the Sim1 is greater than any other 𝑆𝑖𝑣 results of the Dis1 – Dis49 iterations 

2) 𝑆𝑐𝑜 of the Sim1 is greater than any other 𝑆𝑐𝑜 results of the Dis1 – Dis49 iterations 

3) 𝐴𝑣𝑔𝑆𝑐𝑜 of the Sim1 is greater than any other 𝐴𝑣𝑔𝑆𝑐𝑜 results of the Dis1-Dis49 

iterations 

Hence, the data shows that shortest paths unadjusted for the rank of nodes that they belong to 

(𝑆𝑖𝑣) are shorter, that shortest paths adjusted for their ranks (𝑆𝑐𝑜) are shorter and that the 

average shortest paths adjusted for the rank of nodes that form these shortest paths (𝐴𝑣𝑔𝑆𝑐𝑜) 

are shorter when documents in the similar group (Sim1) are compared to when documents in 

the dissimilar groups (Dis1-Dis49) are compared. These conclusions are the result of a simple 

observation of the values in the Table 16.  

However, these numbers by themselves are not sufficient evidence to support the claim that an 

artefact is able to correctly annotate a document for comparison. Hence, we next test whether 
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results of comparison of similar documents are somewhat different than results of comparison 

of dissimilar documents. For that, we use a statistical measure that finds outliers in the array of 

values.  

Outliers test is a test used for detection of an unusually extreme value for a variable, given the 

statistical model in use (Barnett & Lewis, 1984). “An outlying observation, or ‘outlier,’ is one 

that appears to deviate markedly from other members of the sample in which it occurs” 

(Grubbs, 1969, p. 1). The value is either at the top (highest value) or the bottom (lowest value) 

of the value ordered model.  

An outlier might be merely an extreme manifestation of a variability of information contained 

in a model. A variability might indicate errors in measurement process, deviation from 

experimental procedure or errors in supporting data if any supporting data is used (Grubbs, 

1969). In case of the evaluation experiment that we conducted, we can exclude errors in 

measurement process, deviation from experimental procedures and errors in supporting data as 

our iterations were all automated, performed as a continuous process and used the same 

procedure, measures and supporting data. To increase validity of results, we conduct 50 

iterations, each including 582 measurements and we sum results of each of the iterations to 

minimise the impact of results variability. Based on the number of iterations and measurements, 

as well as use of sums instead of individual results, we consider outlier a good measure for 

testing for extreme manifestations of variabilities in the results of our experiment.  

The output of an outlier test is a representation of a chance that a value could have been 

encountered in a set of values. An output below 5% chance strongly indicates an outlier, or in 

other words, indicates that a value is an extreme manifestation of variability in a particular 

model.  

Although there are several tests used for testing for outliers, tests by Dixon and Grubbs are 

usually applied (Reichenbächer & Einax, 2011, p. 43). However, Dixon’s tests is only for 

sample sizes of up to 29 results (n < 29 || n == 29), hence we decide to utilise Grubb’s test.  

Grubb’s test assumes normality of results presented as data, except for the outlier. Hence, the 

results are first tested for normal distribution before the Grubb’s test for outliers is even applied. 

The normal distribution is a probability function that explains how values are distributed. For 

a distribution to be normal, values are expected to cluster around the central peak and to be 
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distributed equally on both sides of the central point. A Bell Curve is a specific representation 

of normally distributed data.  

For testing normal distribution of data, we use the Rapid Test for Normal Distribution (David 

et al., 1954), further referred to as David’s test, and the d'Agostino-Pearson (1973) test. 

David’s test calculates a value of normal distribution coefficient that is than found in the 

Significance Table for Testing Normal Distribution (Reichenbächer & Einax, 2011, p. 350; 

Sachs, 2013) shown as Table 17. The coefficient is calculated as follows: 

𝜌Ŕ =  
𝛾𝑚𝑎𝑥 −  𝛾𝑚𝑖𝑛

𝑠
 

Where: 

• 𝛾𝑚𝑎𝑥 is the maximum value in the range 

• 𝛾𝑚𝑖𝑛 is the minimum value in the range and 

• 𝑠 is standard deviation of the range 

As this test only provides a strong indication that a normal distribution exists, rather than that 

the data conforms to a normal distribution, it needs to be confirmed with one of the more robust 

tests. We selected the d'Agostino-Pearson test as confirmatory measure. This test is a robust 

test, an integration of Skewness and Kurtosis tests (Mardia, 1970). The d'Agostino-Pearson test 

was performed using the Real Statistics Resource Pack software, an Excel add-in created by 

Dr Charles Zaiontz (2020).  

We start with a null hypothesis (𝐻0) that states that the 𝑆𝑖𝑣, 𝑆𝑐𝑜 and 𝐴𝑣𝑔𝑆𝑐𝑜 results are 

normally distributed. To reject this hypothesis, we performed David’s test first followed by the 

d'Agostino-Pearson test. The results of the tests are as follows: 
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𝑆𝑖𝑣 

 

Measures 

David 3.921268506 

d'Agostino-Pearson 

p-value: 0.17700975 

α: 0.05 

Normal: Yes 
 

Table 10 - Siv normal distribution testing results 

𝑆𝑐𝑜 

 

Measures 

David 4.143223288 

d'Agostino-Pearson 

p-value: 0.328627127 

α: 0.05 

Normal: Yes 
 

Table 11 - Sco normal distribution testing results 

𝐴𝑣𝑔𝑆𝑐𝑜 

 

Measures 

David 4.531572974 

d'Agostino-Pearson 

p-value: 0.651485282 

α: 0.05 

Normal: Yes 
 

Table 12 - AvgSco normal distribution testing results 
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The following compares results of the David’s test with the values in the significance table for 

testing normal distribution according to David, listed as Table 17: 

• 𝑺𝒊𝒗:    𝜌Ŕ = 3.921268506;  n = 49;  

o 𝑃 = 95%: 3.83 < 3.921268506< 5.35 –> normal distribution suggested 

o 𝑃 = 99%: 3.62 < 3.921268506< 5.77 –> normal distribution suggested 

• 𝑺𝒄𝒐:    𝜌Ŕ = 4.143223288;  n = 49;  

o 𝑃 = 95%: 3.83 < 4.143223288< 5.35 –> normal distribution suggested 

o 𝑃 = 99%: 3.62 < 4.143223288< 5.77 –> normal distribution suggested 

• 𝑨𝒗𝒈𝑺𝒄𝒐:  𝜌Ŕ = 4.531572974;  n = 49; 

o 𝑃 = 95%: 3.83 < 4.531572974< 5.35 –> normal distribution suggested 

o 𝑃 = 99%: 3.62 < 4.531572974< 5.77 –> normal distribution suggested 

The results clearly provide no grounds for rejecting 𝐻0. This allowed us to proceed to the 

d'Agostino-Pearson’s test for normal distribution.  

To perform d'Agostino-Pearson’s test, we use Excel, Real Statistics Resource Pack add-on and 

𝐷𝑃𝑇𝐸𝑆𝑇(𝑅1) formula where 𝑅1 is the array of measures for each of the variables, 

𝑆𝑖𝑣, 𝑆𝑐𝑜 𝑎𝑛𝑑 𝐴𝑣𝑔𝑆𝑐𝑜. The results of the d'Agostino-Pearson’s test are as follows 

• 𝑺𝒊𝒗:    n = 49;  α = 0.05;  𝑝 − 𝑣𝑎𝑙𝑢𝑒 =  0.17700975 

o 0.17700975 > α –> normal distribution confirmed 

• 𝑺𝒄𝒐:   n = 49;  α = 0.05;  𝑝 − 𝑣𝑎𝑙𝑢𝑒 =  0.328627127 

o 0.328627127 >  α –> normal distribution confirmed 

• 𝑨𝒗𝒈𝑺𝒄𝒐:  n = 49;  α = 0.05;  p − value =  0.651485282 

o 0.651485282 > α –> normal distribution confirmed 

As the 𝐻0 has not been rejected, we proceed with the Grubb’s test for testing for outliers.  

Our 𝐻0 in the case of outliers states that there are no outliers in the range of measured values 

of neither of the 3 variables: 𝑆𝑖𝑣, 𝑆𝑐𝑜 𝑎𝑛𝑑 𝐴𝑣𝑔𝑆𝑐𝑜. In the Grubb’s test, we calculate two 

Grubb’s defined values, 𝐺 and 𝐺𝑐𝑟𝑖𝑡 and compare them. If 𝐺 >  𝐺𝑐𝑟𝑖𝑡 than we can reject null 

hypothesis ( 𝐻0). The following are the relevant formulas for 𝐺 and 𝐺𝑐𝑟𝑖𝑡: 

𝐺 =  
𝑥𝑚𝑎𝑥 −  𝑥 

𝑠
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Where: 

• 𝑥𝑚𝑎𝑥 is a suspected outlier 

• 𝑥 is mean and 

• 𝑠 is a standard deviation 

And  

𝐺𝑐𝑟𝑖𝑡 =  
(𝑛 − 1) ∗  𝑡𝑐𝑟𝑖𝑡

√𝑛 ∗ (𝑛 − 2 +  𝑡𝑐𝑟𝑖𝑡
2 )

 

Where: 

• 𝑛 is the sample size 

• 𝑡𝑐𝑟𝑖𝑡 is the critical value of the 𝑡 distribution 𝑇(𝑛 − 2) and the significance level is 𝛼/𝑛 

We calculated 𝐺 and 𝐺𝑐𝑟𝑖𝑡 using Excel and Real Statistics Resource Pack add-on and 

𝐺𝑅𝑈𝐵𝐵𝑆(𝑅1, 𝑙𝑎𝑏, 𝑎𝑙𝑝ℎ𝑎) function where 𝑅1 is an array of values (measurements), 𝑙𝑎𝑏 is the 

layout of the output expected (True for 4X4 output, False for single output of an outlier) and 

𝑎𝑙𝑝ℎ𝑎 (𝛼) is significance level. We used 𝛼 = 0.05 as a significance level. The results of the 

Grubb’s outlier test for 𝑆𝑖𝑣, 𝑆𝑐𝑜 𝑎𝑛𝑑 𝐴𝑣𝑔𝑆𝑐𝑜 are as follows: 

 

𝑺𝒊𝒗 

Original After outlier removed 

Outlier 166202 

𝐺 4.140916757 

𝐺𝑐𝑟𝑖𝑡 2.956974847 

Significant Yes 
 

Outlier 160625 

𝐺 2.406745803 

𝐺𝑐𝑟𝑖𝑡 2.949060371 

Significant No 
 

Table 13 - Outlier test result for Siv 
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𝑺𝒄𝒐 

Original After outlier removed 

Outlier 45817.69643 

𝐺 4.748305914 

𝐺𝑐𝑟𝑖𝑡 2.956974847 

Significant Yes 
 

Outlier 44317.31587 

𝐺 2.578050259 

𝐺𝑐𝑟𝑖𝑡 2.949060371 

Significant No 
 

Table 14 - Outlier test result for Sco 

𝑨𝒗𝒈𝑺𝒄𝒐 

Original After outlier removed 

Outlier 4.187323746 

𝐺 5.483846621 

𝐺𝑐𝑟𝑖𝑡 2.956974847 

Significant Yes 
 

Outlier 4.049092359 

𝐺 2.760796284 

𝐺𝑐𝑟𝑖𝑡 2.949060371 

Significant No 
 

Table 15 - Outlier test result for AvgSco 

 

The results of the outlier tests reject the 𝐻0, confirming the following: 

1) 𝑆𝑖𝑣 value of the Sim1 is an outlier compared to the 𝑆𝑖𝑣 results of the Dis1 – Dis49 

iterations 

2) 𝑆𝑐𝑜 value of the Sim1 is an outlier compared to the 𝑆𝑐𝑜 results of the Dis1 – Dis49 

iterations 

3) 𝐴𝑣𝑔𝑆𝑐𝑜 value of the Sim1 is an outlier compared to the 𝐴𝑣𝑔𝑆𝑐𝑜 results of the Dis1-

Dis49 iterations 

The test points out the outliers as the Sim1 measurements in all, 𝑆𝑖𝑣, 𝑆𝑐𝑜 𝑎𝑛𝑑 𝐴𝑣𝑔𝑆𝑐𝑜 groups 

of results. Indicative is that after the outlier is removed, the next outlier test shows that there 

are no significant outliers in the results. That finding indicates high data validity. 

However, despite strong data validity, large sample and mature and robust statistical methods 

utilized in the process, mere presence of an outlier in a pool of results does not provide evidence 

sufficient for confirming that our annotation method is valid. Nevertheless, the results are 

promising and certainly provide strong indication of validity and are enough to incite further 
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work on the subject of annotation using complex information models modelled upon ontologies 

as reference and a model of reality.  

As the goal of this project is to start a process towards defining a method, rather than to fully 

define and fine tune a method, considering the complexity of the subject, the results of the 

evaluation strongly suggests that that the goal of this project has been achieved. The artefact 

created in this DSR guided project and the methods described in this document represent a 

blueprint that will help the next group of researchers to not start from ‘ground zero’ but to have 

a starting point that will provide them with a rather valuable guidance.  
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7 Future work 

 

This method certainly merits further investigation that will confirm its validity (1), investigate 

benefits of inclusion of functions that have not been implemented due to technical limitations 

(2) and test its utility on other formats of information (3), e.g. structured information. 

Therefore, we suggest that the following is suitable continuation of work presented in this 

document: 

• Evaluate the artefact using human agents (1) 

• Include other than SCTID: 116680003, Is_A attributes as connections between the 

concepts (2) 

• Include more than one generation of ancestors and descendants in the expansion process 

(2) 

• Evaluate utility of Annotation of clinical datasets using openEHR Archetypes presented 

as a use-case in this document (3) 

Each of these four suggested lines of future work will be expanded upon next.  

 

7.1 Evaluate artefact using human agents 

Although the evaluation presented in this document is fairly robust, we suggest that annotations 

created by the artefact we created are evaluated by human agents and that results are 

triangulated with the results presented in this document. However, considering that our 

artefact’s outputs are complex information models, that are normally not easy to comprehend 

by human agents, the method used in this process will be difficult to design.  

When evaluation by human agents is designed, the researcher will have to consider the fact that 

the algorithm we created as the artifact of this work annotates the messages, rather than 

individual concepts found in the document. Hence, just highlighting the concepts found in the 

document, which is commonly used as a technique in some evaluations, should not be 

considered as the concept recognised in the text might be part of the message that has meaning 

wider than the concept. For example, the sentence: “systolic and diastolic values have 

equalised” could indicate the message like SCTID: 58283004 | Narrow arterial pulse pressure 
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or one of the low or high blood pressure variants, which are more valuable for annotation than 

just concepts like 271649006 | Systolic blood pressure (observable entity) and 271650006 | 

Diastolic blood pressure (observable entity). 

Also, important to consider is that the outputs of our algorithm are SNOMED CT coded entries 

organised in a graph, rather than just plain phrases. For example, the concept SCTID: 55382008 

| Cerebral atherosclerosis (disorder) has 4 synonyms: Cerebral atherosclerosis, Atherosclerosis 

of intracranial artery, ICAD - intracranial atherosclerotic disease and ICAS - intracranial 

atherosclerosis. Hence, it is important that human agent evaluators use SNOMED CT codes as 

annotation elements, rather than just concept text.  

Our recommendation of the design of the evaluation experiment will be given next. Please note 

that we provide guidelines only and not a prescription for an experiment.  

Participants: The participants should have clinical knowledge sufficient to recognise clinical 

messages in the discharge summary documents from the corpus. They also need to be familiar 

with the SNOMED CT structure and proficient users of one of the SNOMED CT browsers. 

The number of participants in similar experiments ranges from 3 (e.g. Chapman et al., 2008) 

to undisclosed (e.g. Viani et al., 2019) and no gold standard exist, hence we are unable to 

suggest the optimal number.  

Sample: The sample should be selected using Simple Random Sample. The researchers should 

use optimal system for selecting IDs of the documents from the sample of documents used in 

the evaluation described in this document. Only one set of documents should be selected and 

distributed to the participants. The sample should be presented in an easy-to-read electronic 

format. 

Data collection: Participants should complete the experiment individually and in isolation 

from one another. Participants should also have full access to the SNOMED CT browser. They 

are to be presented with an electronic form where they will be able to list 𝑛 number of concepts 

recognised as best descriptors of the messages conveyed in each of the sample documents. The 

most practical layout of the form would be 𝑛 number of text boxes at the end of each document. 

We suggest that 𝑛 = 5 as that was the same number of concepts used in our experiment. 

However, selection of a number of concepts was influenced by our technical limitations, rather 

than any other reason. This strategy is comparable to the strategy that we deployed in the 

process of comparison of documents. 
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Statistical analysis: After the representative concepts are selected by all of the participants, 

the concepts are to be compared with the concepts selected by the algorithm for each of the 

documents from the sample. We suggest that interrater agreement (Fleiss et al., 1981) is 

calculated between the participants only and between the participants and the algorithm 

altogether. If the interrater agreement result when the algorithm results are included is better 

or the same than the interrater agreement result when only the outputs of the participants are 

taken in consideration, the algorithm output is valid. 

The null hypothesis for the experiment would be similar to: “Interrater agreement calculating 

agreement between the outputs of the algorithm and human agents altogether is worse than 

the interrater agreement calculating agreement between the outputs produced by human 

agents only.” 

We suggest that distance of concepts in the SNOMED CT graph is included in measuring 

interrater agreement. For example, if one agent has selected 267036007 | Dyspnea (finding) 

and the other agent has selected 230145002 | Difficulty breathing (finding), the analysis method 

needs to take in consideration that these methods are just one hop away from one another in 

the SNOMED CT ontology and that the agreement of these two outputs is higher than if one 

agent has selected 267036007 | Dyspnea (finding) and the other agent has selected 707540007 

| Acute respiratory distress in newborn (disorder), which are much further away from one 

another. 

Triangulation of results of evaluation using human agents with result of the evaluation 

presented in this document would either substantiate or refute our claim that annotation of free 

text using complex information models is valid and that the artefact we developed in this work 

produces valid annotation information models. 

 

7.2 Include other than SCTID: 116680003, Is_A attributes 

Inclusion of other than Is_A attributes as connection between the concepts would provide richer 

and more detailed information about the real connectedness of concepts in a segment of reality 

they belong to.  

For example, the current algorithm and the weighting structure will give very low weight to 

the concept SCTID: 72704001, Fracture (morphologic abnormality) even if found in the same 
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text as the concept SCTID: 23406007, Fracture of upper limb (disorder). The reason for that is 

the absence of an Is_A attribute between these two concepts in the SNOMED CT graph. 

However, if other than just Is_A attributes are included in the expansion, the algorithm would 

include the concept SCTID: 363698007, Finding site (attribute) as a connection between the 

two and therefore adjust the weight of the SCTID: 72704001, Fracture (morphologic 

abnormality) concept.  

The same would be the case with the concepts SCTID: 371195002, Bone structure of upper 

limb (body structure) and SCTID: 23406007, Fracture of upper limb (disorder). The current 

algorithm would assign a low weight to the concept SCTID: 371195002 unless other than Is_A 

attributes are taken in consideration, in which case the concept SCTID: 363698007, Finding 

site (attribute) would be seen as a connecting attribute. Both examples are shown on the 

following diagram: 

 

Figure 14 - Example of where inclusion of non-Is_A attributes would improve utility of the developed artefact 

Provision for inclusion of non-Is_A connections in a process of expansion has already been 

made visually on the Weights tab in the Grapher application, and only minor changes would 

need to be made in the application’s mid-tier layer for this to work. However, a system with 

significantly higher information processing power compared to the one we used in this project 

would be required, due to increased number of new concepts and new connections that will 

need to be integrated in a reality segment created by expansion.  
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7.3 Include more than one generation of ancestors and descendants in expansion 

process 

Inclusion of more than one generation of ancestors or descendants would improve detail of 

description of a segment of reality represented after expansion. This ability would also allow 

that as required, only ascendants or only descendants are used as expanding elements. That 

would further allow for movement of focus towards more specialised concepts (more 

generations of descendants) or more general concepts (more generations of ascendants).  

Provision for that has already been made in the Grapher application as Grapher application 

allows for weights of generations of ascendants and descendants to be defined. No changes in 

the mid-tier layer of the application would be needed as the Grapher has already been 

programmed to process any number of generations of ascendants and descendants as listed in 

the “Ascendants weights” and “Descendants weights” generation weights control.  

However, introduction of new generations of concepts would increase processing requirements 

and a system with higher processing power compared to the one we used in this work will have 

to be used.  

 

7.4 Evaluate utility of Annotation of clinical datasets using openEHR Archetypes 

presented as a use-case in this document 

We present a novel use case of openEHR Archetypes in this work. We suggest openEHR 

Archetypes as annotation artefacts, rather than as just the general clinical information models 

that they have been designed to be. We suggest that the semantic power of openEHR 

Archetypes can be utilised for annotation of clinical documents and we suggest that our artefact 

is used as the intermediary algorithm that ensures that the right openEHR Archetypes are used 

in the process.  

The Grapher application offers the required functionality for the proposed evaluation to be 

conducted. It processes openEHR Archetypes to the point where their semantic similarity with 

other documents, discharge summaries in the current work, is expressed quantitatively. Two 

sections of the openEHR Archetypes are processed, Archetype schema and Archetype “Use” 

section, and both results are offered separately. The evaluation design will decide whether just 
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one or both sections’ results will be taken into consideration and whether the evaluation will 

utilise automated or human agents in the process or both.  
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8 Contribution of this PhD work 

In reviewing PhD contribution to the body of knowledge, Gill and Dolan suggest that doctoral 

candidates should be able to critically elaborate on how and in what way their research makes 

a meaningful contribution to the body of knowledge (2015, p. 11). Clarke and Lunt’ (2014) 

focus on originality of achievements of doctoral research and, although they confirm that 

originality is difficult to define, one of their findings is that examiners see publishability as an 

evidence of originality of achievements of doctoral projects. We take this as a guideline in 

defending the originality aspect of our project’s achievements.  

 

8.1 Originality 

During the course of this work, we reported our findings in one international journal (Zivaljevic 

et al., 2020), on three conferences (Zivaljevic et al., 2015b, 2015c, 2019) and on two forums 

(Zivaljevic et al., 2015a, 2016). The journal article and the article presented on the HINZ2015 

conference were peer reviewed. The work presented in the journal was one of the prerequisites 

for this project and the findings are presented in the thesis. The work presented on the 

HINZ2015 conference was awarded best scientific work award. The conference was a three-

day conference where presenters from New Zealand and Australia presented their scientific 

and applied work. We believe that our publication achievements, peer reviewed publications 

in particular, are strong evidence supporting originality of our work presented in this thesis.  

Phillips and Pugh (2010) list that being cross-disciplinary is a good indication of originality of 

a PhD research. We believe that we present original, cross-disciplinary thinking by producing 

an artefact that operates in the domain of technology on a basis of our assumptions grounded 

in the field of philosophy. We also use SNOMED CT in a new way, as an ontology of reality. 

This artefact has certainly not been made to serve that purpose, but the methods that we create 

and detail in our work, like conversion from SNOMED CT RF2 form into a graph and finding 

a shortest path in a large graph, make it suitable for that purpose. The algorithm that we produce 

to partition the SNOMED CT graph and to find a shortest path is unique. As PhD originality is 

hard to separate from PhD contributions, we provide further discussion on that topic in the 

section 8.2 Contribution.  
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8.2 Contribution 

In our view, we made several contributions to the field of science in this work. The 

contributions can be separated into two distinct categories: 1) contribution to theory and 2) 

contribution to practice. We elaborate on each of the two next. 

 

8.2.1 Contribution to theory 

Our contribution to theory includes the following findings: 

• Complex information models can be used in annotation of clinical documents 

• Concepts semantics is a function of its representation and position in reality 

• Segments of reality can be merged as well as information models that represent them 

• Concepts can be assigned importance in reality to assist the algorithm to achieve its 

goal 

• Knowledge of a concept is acquired through observation of its position in its 

environment, the reality 

• Ontology can be used as representation of reality 

Each of the contributions listed above will be touched upon next. 

 

8.2.1.1 Complex information models can be used in annotation of clinical documents 

Our approach taken in the process of finding a solution to the problem presented in this work 

was not born purely in the realm of technology. It rather stemmed out of the field of philosophy 

and was guided by the fundamentals of the field of epistemology that informed and steered 

development of the methodology applied. We approached the problem of meaning of entity by 

positioning it as a unit of reality, before we partially reveal its semantics through its expansion 

using semantically similar concepts that surround it. We then position that very segment of 

reality and compare it to another segment of reality that represents another meaning of another 

entity. The segments are therefore regarded not just as stand-alone structures, but as pieces of 

a whole, that themselves are constructed of pieces connected with links that govern the whole’s 

structure.  
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We are not aware of other works in the area of clinical informatics, annotation of clinical 

datasets in particular, that willingly ground their approach to finding a meaning of an entity 

into a notion that is based on a postulate that a meaning of an entity is as a function of their 

position and representation in reality. Neither are we aware of a work that provides justification 

as clear as we do in this work on the use of complex information models as clinical information 

annotation elements.  

 

8.2.1.2 Concepts semantics is a function of its representation and position in reality 

The idea that a concept’s semantics is a function of its representation and position in reality 

will provide a new perspective to the researchers working in this field. That thinking signifies 

importance of use of composite information models as annotation entities, rather than just 

codes from terminology systems. That opens perspective on text as a message, or a set of 

messages that neither can be understood nor compared without being observed as a segment of 

reality. This represents a significant shift of a paradigm in the field. In our view, this 

contribution to theory of science is also in support of this PhD’s originality.  

The results of our evaluation indicate that this approach is tenable and that the methods that we 

use in our work are good guidelines on how to approach solution development. We hope that, 

as a result, the researchers that now annotate (mostly singular) entities in clinical documents 

using techniques based on NLP (Zech et al., 2018), bag of words (Powell et al., 2017) or even 

ontologies (Tchechmedjiev et al., 2018) might decide to expand their methods and consider 

consulting an entity’s environment, a reality segment where the entity is posited, when 

searching for an entity’s semantics.  

 

8.2.1.3 Segments of reality can be merged as well as information models that represent 

them 

We also offer an idea that segments of reality, as representations of concepts’ environments 

that are represented as information models, can be merged. After creating a segment of reality 

around each of the concepts found in a document (through concept expansion), we merge them 

and create another, larger segment of reality, suggesting that segments can be merged into one. 

In practical terms, our method for merging of reality segments eliminates duplication of 

concepts in an information model and unifies smaller reality segments into one.  
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8.2.1.4 Concepts can be assigned importance in reality to assist the algorithm to achieve its 

goal 

By assigning weights to concepts, we introduce the notion of importance as a characteristic of 

concepts or groups of concepts that form a structured setting, like a reality segment. This 

approach is valuable as it allows for matching and expansion preferences to be pre-defined, so 

they impact the algorithm’s decision on the type of concepts (including siblings, descendants 

and ascendants) to be integrated into reality segments as expansion outputs.  

We put forward that importance of a concept depends on several factors. Firstly, it depends on 

the algorithm’s pre-set interest in a specific segment of ontology of reality that a concept 

belongs to. We determine that by finding the root sink of a concept’s branch and we record its 

root’s pre-defined weight. Secondly, we posit that importance of a concept depends on how 

many times it has been repeated in the target text. The more times the concept is mentioned in 

the text, the higher its importance.  

Thirdly, importance of a concept depends on whether it is found in text, or it has become part 

of the concept’s expanded structure during the expansion process. For that, we allow that 

weights can be assigned to each type of concept (siblings, descendants, ascendants) used in 

expansion with a special provision for assigning different weights to different generations of 

these concepts. And finally, we claim that importance of concepts is cumulative as, when 

merging segments of reality, we sum weights of equivalent concepts that are combined into 

one. We are not aware of a work that takes the same or a similar approach to determining 

importance of concepts in merging segments of reality. 

 

8.2.1.5 Knowledge of a concept is acquired through observation of its position in its 

environment, the reality 

Finding a meaning of a concept through its expansion and positioning in reality also offers an 

answer to one of the core questions of epistemology “How is knowledge acquired?”. It suggests 

that an entity, or a concept, is not learned nor understood when presented on its own, but only 

when “explained” as a segment of reality. 
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8.2.1.6 Ontology can be used as representation of reality 

We also put forward that an information model, ontology, can be used as a representation of 

reality. We have shown that discovery of meaning of entities as well as comparing entities 

similarities depends on our ability to represent the reality where these entities reside. Our 

expectation is that ontologies that are used to represent reality will Improve as representational 

models, increasing in complexity and improving in semantic descriptiveness over time. 

Specifically, we suggest that, due to its axiomatic descriptiveness and its coverage, SNOMED 

CT can be used to represent a segment of reality that depicts the clinical field. We offer 

discussion on that topic in the section 3.2 Utility of SNOMED CT as ontology of reality. 

 

8.2.2 Contribution to practice 

Our contribution to practice includes the following: 

• SNOMED CT’s coverage tested and scientific-community informed 

• A novel method for SNOMED CT graph partitioning and parsing developed 

• A method for integration of Cytoscape in a C# project using GraphML as an 

intermediary developed 

• A novel method for comparing similarity of composite information models 

• A novel method for annotation of clinical datasets using composite information models 

Each of the contributions listed above will be touched upon next. 

 

8.2.2.1 SNOMED CT’s coverage tested and scientific community informed 

Testing suitability of SNOMED CT in terms of its coverage was a prerequisite for the project 

as we needed to understand whether SNOMED CT has sufficient coverage for use as an 

ontology of reality. We not only tested SNOMED CT for coverage, but several other ontologies 

as well, providing detailed statistics and discussion on our findings and methodology (listed in 

section 3.3 Testing SNOMED CT coverage). The output of that work has been published as an 

article in an international, peer-reviewed journal with impact factor 1.833 (Zivaljevic et al., 

2020). We believe that other researchers will benefit from our contribution as our findings can 

be reused, and our methods can be replicated in other projects. We believe that this contribution 

belongs to both realms, theory and practice.  



113 

 

8.2.2.2 A novel method for SNOMED CT graph partitioning and parsing developed 

Due to the computational limitations, caused by the state of the art in the current development 

of information systems (or at least those available for this thesis research), we needed to find 

an alternative, less computationally demanding method for calculating shortest path between 

the SNOMED CT graph’s nodes. As a result, we developed a set of methods that partition the 

SNOMED CT graph into smaller graphs that are reconnected when needed for shortest path 

calculation. We detail the technique and include pseudocode in the section 6.1.2 Finding 

shortest path in the SNOMED CT graph. 

Although graph partitioning algorithms are not new, they are generic (Hongke Xia et al., 2010; 

Schlicht & Stuckenschmidt, 2007) and it is up to a researcher to customise them to suit 

circumstances of a particular graph at hand. Moreover, the algorithms that are tested on the 

SNOMED CT graph (Ochieng & Kyanda, 2018) seem to focus on partitioning only, and do not 

specifically define methods to guide use of new structure in finding shortest paths between the 

graph’s nodes after partitioning.  

Our algorithm is not generic, as it has been customised to take into consideration specifics of 

SNOMED CT, and it also includes methods for keeping track of the location of the nodes and 

for re-joining of required graph segments when finding the shortest path. We believe that, after 

our method is published, the scientific community will benefit from a detailed set of 

instructions on how to find shortest path in the SNOMED CT graph, both in realistic time and 

using standard computing resources. Furthermore, other authors include pseudocode only, 

while we have a C# code base to include in the published material. Including working code, in 

particular in C#, will assist members of the scientific community as they will be able to re-use 

rather than re-develop the method. 

 

8.2.2.3 A method for integration of Cytoscape in C# project using GraphML as an 

intermediary developed  

Cytoscape is a tool widely used for visualisation of graphs. However, it is a stand-alone 

application built in Java and difficult to interact with from software utilising .NET technology. 

To overcome this issue and to be able to use this useful application in our environment, we 

mastered the GraphML language and used it as an output of our application to demonstrate 

results of document comparison. We also created a new style specification for the Cytoscape 
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application that makes visual outlook of graphs more explanatory. We will publish this style 

as a contribution to the open source community that maintains and develops Cytoscape. We 

believe that this artefact will be of use to others working in the graph comparison space. We 

see this as applications integration that demonstrates utility of currently available technologies, 

including .NET, Cytoscape and the GraphML language. As there is a lack of open source C# 

libraries with visualisation features as comprehensive as that of Cytoscape, this alternative will 

be of help to the future researchers using C# as a development environment. We include 

discussion on how Cytoscape is used in the section 5.2 Development environment software. 

 

8.2.2.4 A novel method for comparing similarity of composite information models 

Numerous approaches measure information models’ similarity by using NLP methods in 

comparing concept labels and/or other textual meta-data available as concept descriptions 

(Smaili et al., 2019; Kiourtis et al., 2018). Others expect real numbers as concept identifiers 

that they can compare using mathematical methods (G. Liu et al., 2018). Another school of 

thought takes into consideration structures of information models compared, assuming that the 

more structurally similar the compared information models, the more semantically similar they 

are (Kiourtis et al., 2018).  

Our method does not have to consider these specifics as the information models compared are 

already standardised to the ontology of reality standards. We suggest that the concept of 

similarity of two composite information models is a function of semantic similarity of concepts 

contained in two models. Furthermore, we propose that semantic similarity of any two concepts 

is a function of their distance in the ontology of reality that contains them. That implies that 

for deciding on a similarity of two composite information models, we need a third one that 

realistically represents the first two information models as they are in their shared reality. We 

use SNOMED CT as that third information model, or as an ‘ontology of reality’ as we refer to 

it in this document.  

Measuring similarity of two information models based on the similarity of their concepts is not 

a new notion, but is far from well researched/developed and gold standards do not exist. The 

example of a current work in that field is the work of Gao et al. (Gao et al., 2017) where, similar 

to our work, the authors compare composite information models that they convert to graph 

structures for distance measuring. However, they condition their work to the learning 
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framework where information of each ontology vertex is expressed as a vector, that they use 

in the process of comparison. This solution creates a new structure that takes on the function 

of an ontology of reality providing axioms on concepts distances. We believe that inferring 

relations between concepts from their appearance in two models, which might not be as 

comprehensive as an acceptable ontology of reality would be, raises questions of validity. Our 

solution relies on a well-established, specialised ontology to provide axioms governing 

concepts’ environment.  

We believe that, using our graph partitioning method, calculation of concepts’ distances 

becomes possible for any, not just small graphs. This further enables the similarity of composite 

information models to be calculated as a function of distances of concepts that form the 

information models being compared.  

 

8.2.2.5 A novel and complete method for annotation of clinical datasets using composite 

information models 

We present a novel and a complete algorithm for annotation of clinical datasets using 

composite information models as the primary output of this work. The novelty that our 

approach brings is its use of composite information models, rather than just single concepts as 

annotation elements. We ground that approach in the field of philosophy and offer a discussion 

on our underlying assumptions in the section 3.1 Project goal and underlying assumptions. We 

also offer discussion on the systems that employ similar, but not the same strategies, namely 

MetaMap (Aronson, 2001), cTAKES (Savova et al., 2010) and MedLEE (Friedman et al., 

1994), noting that these systems use different annotation elements (single concepts).  

We believe that the outcome of our work is an evolutionary step in development of the field of 

annotation of clinical datasets. We offer another perspective, that takes into consideration a 

message rather than just a concept and a whole rather than just a single unit. Our approach is 

not an end, but a continuation of efforts towards achieving efficient and valid conversion of 

clinical free text into machine-readable information.  

A practical contribution that we make in this work is a complete algorithm for automated 

annotation of clinical text, that includes all stages of the process, from pre-processing to the 

final presentation of results. We include diagrams, pseudocode and code to help future 

researchers to easily reuse what we developed, and we include discussion detailing not just 
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how but also why we did what we did. We elaborate on the sections of the algorithm throughout 

the chapter 4 Design and develop artefact (DSR activity 3).  

We believe that this practical contribution is valuable as it is detailed and allows for easy 

replication and reuse of the methods we created. This in particular because the issues that we 

experienced in the course of this work, and that we describe here, take time and resources to 

be addressed. As an example, the solutions that we offer for overcoming problems imposed by 

high computational requirements of some of the methods will certainly save some time to the 

researchers inquiring in this field in the near future.  
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9 Appendices 

9.1 Evaluation results 

 

Iteration ∑ 𝑺𝒊𝒗 ∑ 𝑺𝒄𝒐 ∑ 𝑨𝒗𝒈𝑺𝒄𝒐 

Sim1 166202 45817.70 4.187324 

Dis1 161276 44487.03 4.065342 

Dis2 160625 44317.32 4.049092 

Dis3 161145 44464.90 4.064805 

Dis4 161024 44423.71 4.059926 

Dis5 161618 44592.87 4.073524 

Dis6 161547 44538.12 4.070754 

Dis7 161737 44603.41 4.071512 

Dis8 161434 44567.02 4.076749 

Dis9 161437 44534.71 4.071931 

Dis10 161580 44588.14 4.077935 

Dis11 161932 44669.77 4.084653 

Dis12 162368 44771.58 4.087236 

Dis13 162117 44657.53 4.074220 

Dis14 162287 44720.07 4.077322 

Dis15 162453 44737.61 4.076319 

Dis16 162393 44754.76 4.082346 

Dis17 162577 44794.62 4.088593 

Dis18 162372 44759.80 4.085787 

Dis19 162995 44866.19 4.084314 

Dis20 163024 44888.49 4.091186 

Dis21 162760 44803.00 4.082650 

Dis22 162958 44841.41 4.086894 

Dis23 163121 44927.53 4.094370 

Dis24 162976 44832.65 4.084235 

Dis25 162819 44816.47 4.088348 

Dis26 163362 44995.80 4.102088 

Dis27 163451 44972.42 4.098462 

Dis28 163427 44988.36 4.101784 

Dis29 163421 44926.99 4.091711 

Dis30 163494 44978.54 4.100141 

Dis31 163197 44936.48 4.098174 

Dis32 163052 44882.64 4.092891 

Dis33 162991 44886.13 4.094329 

Dis34 163202 44917.12 4.093049 

Dis35 163044 44899.90 4.090735 

Dis36 162710 44820.82 4.086508 

Dis37 162910 44864.82 4.089774 

Dis38 162789 44836.11 4.088647 

Dis39 162795 44818.79 4.084833 

Dis40 162323 44699.19 4.076161 

Dis41 162404 44742.33 4.080840 

Dis42 162311 44700.20 4.074396 

Dis43 162389 44716.11 4.073619 

Dis44 162429 44735.22 4.075359 

Dis45 162064 44671.65 4.073279 

Dis46 161868 44623.15 4.070341 

Dis47 161616 44578.89 4.067788 

Dis48 161552 44540.23 4.066116 

Dis49 161533 44544.45 4.066501 

Table 16 - Evaluation results
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9.2 Statistical tables 

 

Table 17 - Significance table for testing normal distribution according to David 
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9.3 Custom graph class  

 
    public class SubGraph : IDisposable 

    { 
        public SubGraph(String _Name, String _Root_SNOMED_Code) 

        { 

            Name = _Name; Root_SNOMED_Code = _Root_SNOMED_Code; 
            Elements = new HashSet<Pre_Edge_of_String>(new Pre_Edge_of_String_Comparer()); 

            Weight_Function = (S, T) => 1; 

            Parent_Graph_Names = new HashSet<string>(); 
        } 

        public String Name { get; set; } 

        public HashSet<String> Parent_Graph_Names { get; set; } 
        public String Root_SNOMED_Code { get; set; } 

        [JsonIgnore] 

        public Func<String, String, double> Weight_Function { get; set; } 
        public HashSet<String> Get_Sources_And_Targets() 

        { 

            return new HashSet<string>(Get_Sources().Union(Get_Targets())); 
        } 

        public HashSet<String> Get_Sources() 

        { 
            return new HashSet<String>(Elements.Select(a => a.Source)); 

        } 

        public HashSet<String> Get_Targets() 
        { 

            return new HashSet<String>(Elements.Select(a => a.Target)); 

        } 
        [JsonIgnore] 

        private IBidirectionalGraph<String, SEdge<String>> _Quick_Graph; 

        public IBidirectionalGraph<String, SEdge<String>> Get_Quick_Graph(bool Add_Both_Directions = false) 
        { 

            if (_Quick_Graph == default) 

            { 
                HashSet<SEdge<String>> Edges; 

                if (Add_Both_Directions) 

                { 
                    Edges = new HashSet<SEdge<string>>(Elements.SelectMany(a => new HashSet<SEdge<String>>()  

{ new SEdge<string>(a.Source, a.Target), new SEdge<string>(a.Target, a.Source) })); 

                } 
                else 

                { 

                    Edges = new HashSet<SEdge<string>>(Elements.Select(a => new SEdge<string>(a.Source, a.Target))); 
                } 

                _Quick_Graph = Edges.ToArray().ToBidirectionalGraph<String, SEdge<String>>(false); 

            } 
            return _Quick_Graph; 

        } 

        public void Add_Elements(IEnumerable<Pre_Edge_of_String> _Elements) 
        { 

            _Connections_Cache = default; _Quick_Graph = default; 

            _Nodes = default; 
            Clear_Matrix(); 

            Elements.UnionWith(_Elements); 

        } 
        public void Add_Sub_Graph(IEnumerable<SubGraph> Sub_Graphs, bool Check = false) 

        { 
            foreach (SubGraph S in Sub_Graphs) { Add_Sub_Graph(S, Check); } 

        } 

        public bool Is_SubGraph_Of_This(SubGraph Sub_Graph) 
        { 

            if (Sub_Graph.Get_Targets().Intersect(Get_Sources()).Count() < 1) { return false; } else { return true; } 

        } 
        public void Add_Sub_Graph(SubGraph Sub_Graph, bool Check = true) 

        { 

            if (Check) { if (!Is_SubGraph_Of_This(Sub_Graph)) { return; } } 
            Add_Elements(Sub_Graph.Elements); 

        } 

        public HashSet<Pre_Edge_of_String> Elements { get; } 
        private AdjacencyGraph<string, Edge<string>> Q_Graph; 

        public double Get_Shortest_Path_Distance(String Source, String Target, int hoops = 5) 

        { 
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            if (Q_Graph == default) { Create_Q_Graph(); } 
            double edgeCost(Edge<string> e) => 1; double res = 100; 

            TryFunc<String, IEnumerable<Edge<String>>> tryGetPaths = Q_Graph.ShortestPathsDijkstra(edgeCost, Source); 

            if (tryGetPaths(Target, out IEnumerable<Edge<String>> path)) { res = path.Count(); } 
            return res; 

        } 

        private void Create_Q_Graph() 
        { 

            Q_Graph = new AdjacencyGraph<string, Edge<string>>(); 

            Q_Graph = Elements.Select(a => new Edge<string>(a.Source, a.Target)).ToAdjacencyGraph<String, Edge<String>>(); 
        } 

        [JsonIgnore] 

        public HashSet<Matrix_Node> Matrix => CacheExtensions.GetOrStore( 
this.Name + "_Matrix", _CreateMatrix, Caching_Location.File); 

        public void Clear_Matrix() { CacheExtensions.DeCache(this.Name + "_Matrix"); } 

        private HashSet<Matrix_Node> _CreateMatrix() 
        { 

            WinApi.TimeBeginPeriod(1); 

            //add weights 

            int c = Nodes().Count(); 

            Dictionary<String, int> tmp_Fast = new Dictionary<String, int>(c * c, StringComparer.Ordinal); 

            String k; 
            foreach (Pre_Edge_of_String a in Elements) 

            { 

                k = a.Source + "_" + a.Target; 
                if (!tmp_Fast.ContainsKey(k)) { tmp_Fast.Add(k, 1); } 

            } 
            foreach (String S in Nodes()) 

            { 

                foreach (String T in Nodes()) 
                { 

                    k = S + "_" + T; 

                    if (!tmp_Fast.ContainsKey(k)) { if (S == T) { tmp_Fast.Add(k, 0); } else { tmp_Fast.Add(k, 10); } } 
                } 

            } 

            //Floyd warshal 
            //Matrix_Node tmp1; Matrix_Node tmp2; Matrix_Node tmp3; 

            String key_main; int key_calculated; 

            HashSet<String> N = new HashSet<string>(Nodes()); 
            foreach (String A1 in N) 

            { 

                //System.Diagnostics.Stopwatch watch = System.Diagnostics.Stopwatch.StartNew(); 
                foreach (String A2 in N) 

                { 

                    foreach (String A3 in N) 
                    { 

                        if (A2 != A3) 

                        { 
                            key_main = A2 + "_" + A3; 

                            key_calculated = tmp_Fast[A2 + "_" + A1] + tmp_Fast[A1 + "_" + A3]; 

                            if (key_calculated < tmp_Fast[key_main]) 
                            { 

                                tmp_Fast[key_main] = key_calculated; //tmp3.Prev_Node = A1; 

                            } 
                        } 

                    } 

                } 
                //MessageBox.Show(watch.ElapsedMilliseconds.ToString()); 

            } 

            //Temp_Print_Matrix(M); 
            WinApi.TimeEndPeriod(1); 

            return new HashSet<Matrix_Node>(tmp_Fast.Select(a => new Matrix_Node( 

a.Key.Split('_')[0], a.Key.Split('_')[0], "", a.Value))); 
        } 

        [JsonIgnore] 

        private HashSet<String> _Nodes; 
        public HashSet<String> Nodes() 

        { 

            if (_Nodes == default) { _Nodes = new HashSet<string>(Elements.Select(a => a.Source));  
_Nodes.UnionWith(Elements.Select(b => b.Target)); } 

            return _Nodes; 

        } 
        [JsonIgnore] 

        public HashSet<Pre_Edge_of_String> Connections => _Connections_Cache != default ?  
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_Connections_Cache : _Connections(); 
        [JsonIgnore] 

        private HashSet<Pre_Edge_of_String> _Connections_Cache; 

        private HashSet<Pre_Edge_of_String> _Connections() 
        { 

            return new HashSet<Pre_Edge_of_String>( 

                Elements.Where(a => a.Target != Root_SNOMED_Code && Elements.FirstOrDefault( 
b => b.Source == a.Target) == default), new Pre_Edge_of_String_Comparer()); 

        } 

        private void Temp_Print_Matrix(HashSet<Matrix_Node> M) 
        { 

            foreach (Matrix_Node m in M) 

            { 
                if (m.Weight < 1000 && m.Weight != 0) 

                { 

                    Console.WriteLine(m.Source + " -> " + m.Target + " = " + m.Weight.ToString() + " - " + m.Prev_Node); 
                } 

            } 

        } 

        public String Create_JSON_Graph_String() 

        { 

            JArray JA_Nodes = new JArray(); 
            foreach (String Source in Get_Sources()) { JA_Nodes.Add(JSON_Node_Data(Source, false)); } 

            foreach (String Target in Get_Targets().Except(Get_Sources())) { JA_Nodes.Add(JSON_Node_Data(Target, false)); } 

            JProperty Nodes = new JProperty("nodes", JA_Nodes); 
            JArray JA_Edges = new JArray(); 

            foreach (Pre_Edge_of_String Edge in Elements)  
{  

JA_Edges.Add(JSON_Edge_Data(Edge, false, Get_Sources().Contains(Edge.Target) ? "blue" : "red"));  

} 
            JProperty Edges = new JProperty("edges", JA_Edges); 

            JObject El = new JObject(); El.Add(Nodes); El.Add(Edges); 

            JProperty Fin_Prop = new JProperty("elements", El); 
            return JsonConvert.SerializeObject(new JObject(Fin_Prop)); 

        } 

        private JObject JSON_Node_Data(String Node, bool Selected) 
        { 

            JObject J = new JObject { { "data", JSON_Node(Node) }, { "selected", Selected.ToString().ToLower() } }; 

            return J; 
        } 

        private JObject JSON_Node(String Node) 

        { 
            JObject J = new JObject { { "id", Node }, { "name", Node } }; 

            return J; 

        } 
        private JObject JSON_Edge_Data(Pre_Edge_of_String Edge, bool Selected, String Color) 

        { 

            JObject J = new JObject { { "data", JSON_Edge(Edge, Color) }, { "selected", Selected.ToString() } }; 
            return J; 

        } 

        private JObject JSON_Edge(Pre_Edge_of_String Edge, String Color) 
        { 

            JObject J = new JObject { { "id", Edge.Source + "-" + Edge.Target }, { "source", Edge.Source },  

{ "target", Edge.Target }, { "connection", Edge.Connection }, { "color", Color } }; 
            return J; 

        } 

        public void Dispose() 
        { 

            Clear_Matrix(); 

        } 
    } 
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9.4 EHR GraphML code 

<?xml version="1.0" encoding="UTF-8"?> 

<graphml xmlns="http://graphml.graphdrawing.org/xmlns" xmlns:xsi="http://www.w3.org/2001/XMLSchema-
instance" xsi:schemaLocation="http://graphml.graphdrawing.org/xmlns 
http://graphml.graphdrawing.org/xmlns/1.0/graphml.xsd"> 

  <key xmlns="" id="N" for="node" attr.name="SNOMED_CODE" attr.type="string"/> 

  <key xmlns="" id="R" for="node" attr.name="rank" attr.type="double"/> 

  <key xmlns="" id="D" for="node" attr.name="descriptions" attr.type="string"/> 

  <key xmlns="" id="W" for="node" attr.name="weight" attr.type="double"/> 

  <key xmlns="" id="L" for="node" attr.name="location" attr.type="string"/> 

  <key xmlns="" id="Clr" for="node" attr.name="color" attr.type="string"> 

    <default>blue</default> 

  </key> 

  <key xmlns="" id="Dist" for="edge" attr.name="Distance_To_Target" attr.type="double"/> 

  <graph xmlns="" id="G_110" edgedefault="directed"> 

    <node id="B_199047001"> 

      <data key="N">199047001</data> 

      <data key="R">0</data> 

      <data key="D">False labor (finding)</data> 

      <data key="W">1.5</data> 

      <data key="L">Body</data> 

      <data key="Clr">red</data> 

    </node> 

    <node id="B_118212000"> 

      <data key="N">118212000</data> 

      <data key="R">1</data> 

      <data key="D">Parity finding (finding)</data> 

      <data key="W">1.1</data> 

      <data key="L">Body</data> 

      <data key="Clr">red</data> 

    </node> 

    <node id="B_366322004"> 

      <data key="N">366322004</data> 

      <data key="R">2</data> 

      <data key="D">Finding of estimated date of delivery (finding)</data> 

      <data key="W">1.1</data> 

      <data key="L">Body</data> 

      <data key="Clr">red</data> 

    </node> 

    <node id="B_70028003"> 

      <data key="N">70028003</data> 

      <data key="R">3</data> 

      <data key="D">Vertex presentation (finding)</data> 
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      <data key="W">1.0054945054945055</data> 

      <data key="L">Body</data> 

      <data key="Clr">red</data> 

    </node> 

    <node id="B_6096002"> 

      <data key="N">6096002</data> 

      <data key="R">4</data> 

      <data key="D">Breech presentation (finding)</data> 

      <data key="W">1.0054347826086956</data> 

      <data key="L">Body</data> 

      <data key="Clr">red</data> 

    </node> 

    <node id="H_77386006"> 

      <data key="N">77386006</data> 

      <data key="R">0</data> 

      <data key="D">Pregnant (finding)</data> 

      <data key="W">1</data> 

      <data key="L">Header</data> 

    </node> 

    <node id="H_6383007"> 

      <data key="N">6383007</data> 

      <data key="R">1</data> 

      <data key="D">Premature labor (finding)</data> 

      <data key="W">1</data> 

      <data key="L">Header</data> 

    </node> 

    <node id="H_199047001"> 

      <data key="N">199047001</data> 

      <data key="R">2</data> 

      <data key="D">False labor (finding)</data> 

      <data key="W">1</data> 

      <data key="L">Header</data> 

    </node> 

    <node id="H_118185001"> 

      <data key="N">118185001</data> 

      <data key="R">3</data> 

      <data key="D">Finding related to pregnancy (finding)</data> 

      <data key="W">0.2</data> 

      <data key="L">Header</data> 

    </node> 

    <node id="H_289909005"> 

      <data key="N">289909005</data> 

      <data key="R">4</data> 

      <data key="D">Labor, function (observable entity)</data> 
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      <data key="W">0.2</data> 

      <data key="L">Header</data> 

    </node> 

    <edge id="B_199047001-H_77386006" source="B_199047001" target="H_77386006"> 

      <data key="Dist">5</data> 

    </edge> 

    <edge id="B_199047001-H_6383007" source="B_199047001" target="H_6383007"> 

      <data key="Dist">2</data> 

    </edge> 

    <edge id="B_199047001-H_199047001" source="B_199047001" target="H_199047001"> 

      <data key="Dist">0</data> 

    </edge> 

    <edge id="B_199047001-H_118185001" source="B_199047001" target="H_118185001"> 

      <data key="Dist">4</data> 

    </edge> 

    <edge id="B_118212000-H_77386006" source="B_118212000" target="H_77386006"> 

      <data key="Dist">3</data> 

    </edge> 

    <edge id="B_118212000-H_6383007" source="B_118212000" target="H_6383007"> 

      <data key="Dist">6</data> 

    </edge> 

    <edge id="B_118212000-H_199047001" source="B_118212000" target="H_199047001"> 

      <data key="Dist">6</data> 

    </edge> 

    <edge id="B_118212000-H_118185001" source="B_118212000" target="H_118185001"> 

      <data key="Dist">2</data> 

    </edge> 

    <edge id="B_366322004-H_77386006" source="B_366322004" target="H_77386006"> 

      <data key="Dist">3</data> 

    </edge> 

    <edge id="B_366322004-H_6383007" source="B_366322004" target="H_6383007"> 

      <data key="Dist">6</data> 

    </edge> 

    <edge id="B_366322004-H_199047001" source="B_366322004" target="H_199047001"> 

      <data key="Dist">6</data> 

    </edge> 

    <edge id="B_366322004-H_118185001" source="B_366322004" target="H_118185001"> 

      <data key="Dist">2</data> 

    </edge> 

    <edge id="B_70028003-H_77386006" source="B_70028003" target="H_77386006"> 

      <data key="Dist">5</data> 

    </edge> 

    <edge id="B_70028003-H_6383007" source="B_70028003" target="H_6383007"> 

      <data key="Dist">8</data> 
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    </edge> 

    <edge id="B_70028003-H_199047001" source="B_70028003" target="H_199047001"> 

      <data key="Dist">8</data> 

    </edge> 

    <edge id="B_70028003-H_118185001" source="B_70028003" target="H_118185001"> 

      <data key="Dist">4</data> 

    </edge> 

    <edge id="B_6096002-H_77386006" source="B_6096002" target="H_77386006"> 

      <data key="Dist">5</data> 

    </edge> 

    <edge id="B_6096002-H_6383007" source="B_6096002" target="H_6383007"> 

      <data key="Dist">8</data> 

    </edge> 

    <edge id="B_6096002-H_199047001" source="B_6096002" target="H_199047001"> 

      <data key="Dist">8</data> 

    </edge> 

    <edge id="B_6096002-H_118185001" source="B_6096002" target="H_118185001"> 

      <data key="Dist">4</data> 

    </edge> 

  </graph> 

</graphml> 

 Formatted using the tool provided by (OneLogin, 2021). 
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9.5 Style sheet used in Cytoscape 

 

<?xml version="1.0" encoding="UTF-8" standalone="yes"?> 

<vizmap id="VizMap-2020_11_05-23_42" documentVersion="3.0"> 

  <visualStyle name="default"> 

    <network> 

      <visualProperty default="0.0" name="NETWORK_CENTER_Z_LOCATION"/> 

      <visualProperty default="550.0" name="NETWORK_WIDTH"/> 

      <visualProperty default="#FFFFFF" name="NETWORK_BACKGROUND_PAINT"/> 

      <visualProperty default="false" name="NETWORK_FORCE_HIGH_DETAIL"/> 

      <visualProperty default="" name="NETWORK_TITLE"/> 

      <visualProperty default="false" name="NETWORK_NODE_LABEL_SELECTION"/> 

      <visualProperty default="0.0" name="NETWORK_CENTER_X_LOCATION"/> 

      <visualProperty default="400.0" name="NETWORK_HEIGHT"/> 

      <visualProperty default="true" name="NETWORK_EDGE_SELECTION"/> 

      <visualProperty default="false" name="NETWORK_ANNOTATION_SELECTION"/> 

      <visualProperty default="0.0" name="NETWORK_DEPTH"/> 

      <visualProperty default="true" name="NETWORK_NODE_SELECTION"/> 

      <visualProperty default="550.0" name="NETWORK_SIZE"/> 

      <visualProperty default="0.0" name="NETWORK_CENTER_Y_LOCATION"/> 

      <visualProperty default="1.0" name="NETWORK_SCALE_FACTOR"/> 

    </network> 

    <node> 

      <dependency value="true" name="nodeCustomGraphicsSizeSync"/> 

      <dependency value="false" name="nodeSizeLocked"/> 

      <visualProperty default="org.cytoscape.ding.customgraphics.NullCustomGraphics,0,[ Remove Graphics 
]," name="NODE_CUSTOMGRAPHICS_8"/> 

      <visualProperty default="255" name="NODE_BORDER_TRANSPARENCY"/> 

      <visualProperty default="DefaultVisualizableVisualProperty(id=NODE_CUSTOMPAINT_2, name=Node 
Custom Paint 2)" name="NODE_CUSTOMPAINT_2"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_CUSTOMGRAPHICS_POSITION_9"/> 

      <visualProperty default="115.0" name="NODE_WIDTH"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_CUSTOMGRAPHICS_POSITION_8"/> 

      <visualProperty default="110.0" name="NODE_LABEL_WIDTH"/> 

      <visualProperty default="0.0" name="NODE_BORDER_WIDTH"/> 

      <visualProperty default="true" name="NODE_NESTED_NETWORK_IMAGE_VISIBLE"/> 

      <visualProperty default="org.cytoscape.ding.customgraphics.NullCustomGraphics,0,[ Remove Graphics 
]," name="NODE_CUSTOMGRAPHICS_9"/> 

      <visualProperty default="50.0" name="NODE_CUSTOMGRAPHICS_SIZE_1"/> 

      <visualProperty default="50.0" name="NODE_CUSTOMGRAPHICS_SIZE_6"/> 

      <visualProperty default="#000000" name="NODE_LABEL_COLOR"/> 

      <visualProperty default="DefaultVisualizableVisualProperty(id=NODE_CUSTOMPAINT_4, name=Node 
Custom Paint 4)" name="NODE_CUSTOMPAINT_4"/> 

      <visualProperty default="50.0" name="NODE_CUSTOMGRAPHICS_SIZE_2"/> 
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      <visualProperty default="" name="NODE_LABEL"> 

        <passthroughMapping attributeName="descriptions" attributeType="string"/> 

      </visualProperty> 

      <visualProperty default="DefaultVisualizableVisualProperty(id=NODE_CUSTOMPAINT_8, name=Node 
Custom Paint 8)" name="NODE_CUSTOMPAINT_8"/> 

      <visualProperty default="org.cytoscape.ding.customgraphics.NullCustomGraphics,0,[ Remove Graphics 
]," name="NODE_CUSTOMGRAPHICS_2"/> 

      <visualProperty default="DefaultVisualizableVisualProperty(id=NODE_CUSTOMPAINT_7, name=Node 
Custom Paint 7)" name="NODE_CUSTOMPAINT_7"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_CUSTOMGRAPHICS_POSITION_6"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_CUSTOMGRAPHICS_POSITION_1"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_CUSTOMGRAPHICS_POSITION_5"/> 

      <visualProperty default="org.cytoscape.ding.customgraphics.NullCustomGraphics,0,[ Remove Graphics 
]," name="NODE_CUSTOMGRAPHICS_3"/> 

      <visualProperty default="DefaultVisualizableVisualProperty(id=NODE_CUSTOMPAINT_6, name=Node 
Custom Paint 6)" name="NODE_CUSTOMPAINT_6"/> 

      <visualProperty default="35.0" name="NODE_HEIGHT"/> 

      <visualProperty default="ROUND_RECTANGLE" name="COMPOUND_NODE_SHAPE"/> 

      <visualProperty default="50.0" name="NODE_CUSTOMGRAPHICS_SIZE_5"/> 

      <visualProperty default="35.0" name="NODE_SIZE"/> 

      <visualProperty default="10.0" name="NODE_Y_LOCATION"> 

        <discreteMapping attributeName="location" attributeType="string"> 

          <discreteMappingEntry attributeValue="Header" value="200.0"/> 

          <discreteMappingEntry attributeValue="Body" value="0.0"/> 

        </discreteMapping> 

      </visualProperty> 

      <visualProperty default="DefaultVisualizableVisualProperty(id=NODE_CUSTOMPAINT_9, name=Node 
Custom Paint 9)" name="NODE_CUSTOMPAINT_9"/> 

      <visualProperty default="50.0" name="NODE_CUSTOMGRAPHICS_SIZE_7"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_CUSTOMGRAPHICS_POSITION_2"/> 

      <visualProperty default="DefaultVisualizableVisualProperty(id=NODE_CUSTOMPAINT_3, name=Node 
Custom Paint 3)" name="NODE_CUSTOMPAINT_3"/> 

      <visualProperty default="SansSerif.plain,plain,12" name="NODE_LABEL_FONT_FACE"/> 

      <visualProperty default="#1E90FF" name="NODE_PAINT"/> 

      <visualProperty default="DefaultVisualizableVisualProperty(id=NODE_CUSTOMPAINT_1, name=Node 
Custom Paint 1)" name="NODE_CUSTOMPAINT_1"/> 

      <visualProperty default="org.cytoscape.ding.customgraphics.NullCustomGraphics,0,[ Remove Graphics 
]," name="NODE_CUSTOMGRAPHICS_5"/> 

      <visualProperty default="50.0" name="NODE_CUSTOMGRAPHICS_SIZE_9"/> 

      <visualProperty default="" name="NODE_TOOLTIP"> 

        <passthroughMapping attributeName="rank" attributeType="float"/> 

      </visualProperty> 

      <visualProperty default="10.0" name="COMPOUND_NODE_PADDING"/> 

      <visualProperty default="0.0" name="NODE_Z_LOCATION"/> 

      <visualProperty default="#CCCCCC" name="NODE_BORDER_PAINT"/> 

      <visualProperty default="7" name="NODE_LABEL_FONT_SIZE"/> 

      <visualProperty default="100" name="NODE_TRANSPARENCY"/> 
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      <visualProperty default="DefaultVisualizableVisualProperty(id=NODE_CUSTOMPAINT_5, name=Node 
Custom Paint 5)" name="NODE_CUSTOMPAINT_5"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_CUSTOMGRAPHICS_POSITION_7"/> 

      <visualProperty default="#89D0F5" name="NODE_FILL_COLOR"> 

        <passthroughMapping attributeName="color" attributeType="string"/> 

      </visualProperty> 

      <visualProperty default="org.cytoscape.ding.customgraphics.NullCustomGraphics,0,[ Remove Graphics 
]," name="NODE_CUSTOMGRAPHICS_4"/> 

      <visualProperty default="org.cytoscape.ding.customgraphics.NullCustomGraphics,0,[ Remove Graphics 
]," name="NODE_CUSTOMGRAPHICS_6"/> 

      <visualProperty default="ROUND_RECTANGLE" name="NODE_SHAPE"/> 

      <visualProperty default="0.0" name="NODE_DEPTH"/> 

      <visualProperty default="SOLID" name="NODE_BORDER_STROKE"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_LABEL_POSITION"/> 

      <visualProperty default="org.cytoscape.ding.customgraphics.NullCustomGraphics,0,[ Remove Graphics 
]," name="NODE_CUSTOMGRAPHICS_1"/> 

      <visualProperty default="50.0" name="NODE_CUSTOMGRAPHICS_SIZE_3"/> 

      <visualProperty default="50.0" name="NODE_CUSTOMGRAPHICS_SIZE_8"/> 

      <visualProperty default="false" name="NODE_SELECTED"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_CUSTOMGRAPHICS_POSITION_3"/> 

      <visualProperty default="org.cytoscape.ding.customgraphics.NullCustomGraphics,0,[ Remove Graphics 
]," name="NODE_CUSTOMGRAPHICS_7"/> 

      <visualProperty default="0.0" name="NODE_X_LOCATION"> 

        <discreteMapping attributeName="rank" attributeType="float"> 

          <discreteMappingEntry attributeValue="0.0" value="0.0"/> 

          <discreteMappingEntry attributeValue="1.0" value="150.0"/> 

          <discreteMappingEntry attributeValue="2.0" value="300.0"/> 

          <discreteMappingEntry attributeValue="4.0" value="600.0"/> 

          <discreteMappingEntry attributeValue="3.0" value="450.0"/> 

        </discreteMapping> 

      </visualProperty> 

      <visualProperty default="#FFFF00" name="NODE_SELECTED_PAINT"/> 

      <visualProperty default="C,C,c,0.00,0.00" name="NODE_CUSTOMGRAPHICS_POSITION_4"/> 

      <visualProperty default="true" name="NODE_VISIBLE"/> 

      <visualProperty default="50.0" name="NODE_CUSTOMGRAPHICS_SIZE_4"/> 

      <visualProperty default="255" name="NODE_LABEL_TRANSPARENCY"/> 

    </node> 

    <edge> 

      <dependency value="false" name="arrowColorMatchesEdge"/> 

      <visualProperty default="#000000" name="EDGE_LABEL_COLOR"/> 

      <visualProperty default="#323232" name="EDGE_PAINT"/> 

      <visualProperty default="#404040" name="EDGE_UNSELECTED_PAINT"/> 

      <visualProperty default="#33FF00" name="EDGE_STROKE_UNSELECTED_PAINT"/> 

      <visualProperty name="EDGE_BEND"/> 

      <visualProperty default="#FFFF00" name="EDGE_SOURCE_ARROW_SELECTED_PAINT"/> 

      <visualProperty default="false" name="EDGE_SELECTED"/> 
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      <visualProperty default="1.0" name="EDGE_WIDTH"/> 

      <visualProperty default="255" name="EDGE_LABEL_TRANSPARENCY"/> 

      <visualProperty default="255" name="EDGE_TRANSPARENCY"/> 

      <visualProperty default="#000000" name="EDGE_SOURCE_ARROW_UNSELECTED_PAINT"/> 

      <visualProperty default="#000000" name="EDGE_TARGET_ARROW_UNSELECTED_PAINT"/> 

      <visualProperty default="#FFFF00" name="EDGE_TARGET_ARROW_SELECTED_PAINT"/> 

      <visualProperty default="#FF0000" name="EDGE_SELECTED_PAINT"/> 

      <visualProperty default="NONE" name="EDGE_TARGET_ARROW_SHAPE"/> 

      <visualProperty default="#FF0000" name="EDGE_STROKE_SELECTED_PAINT"/> 

      <visualProperty default="" name="EDGE_LABEL"> 

        <passthroughMapping attributeName="Distance_To_Target" attributeType="float"/> 

      </visualProperty> 

      <visualProperty default="Dialog.plain,plain,10" name="EDGE_LABEL_FONT_FACE"/> 

      <visualProperty default="true" name="EDGE_CURVED"/> 

      <visualProperty default="SOLID" name="EDGE_LINE_TYPE"/> 

      <visualProperty default="6.0" name="EDGE_TARGET_ARROW_SIZE"/> 

      <visualProperty default="true" name="EDGE_VISIBLE"/> 

      <visualProperty default="" name="EDGE_TOOLTIP"/> 

      <visualProperty default="200.0" name="EDGE_LABEL_WIDTH"/> 

      <visualProperty default="12" name="EDGE_LABEL_FONT_SIZE"/> 

      <visualProperty default="6.0" name="EDGE_SOURCE_ARROW_SIZE"/> 

      <visualProperty default="NONE" name="EDGE_SOURCE_ARROW_SHAPE"/> 

    </edge> 

  </visualStyle> 

</vizmap> 

 Formatted using the tool provided by (OneLogin, 2021). 
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