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Abstract

Human immunodeficiency virus (HIV) is still one of the most challenging global public
health issues. An underlying problem is that 45-50% of the people living with HIV
in Western Europe are diagnosed late. Therefore, Erasmus Medical Center wants to
optimize HIV testing. In collaboration with the company MyTomorrows, EMC aims
to create a CDS (clinical decision support) system that selects patients presenting with
a specific HIV indicator. These patients should be recommended an HIV test. HIV
indicators are specific medical conditions, risk factors and medications related to an
HIV prevalence of >0.1%. These are stated in the electronic medical reports (EMR).
The project of my internship at MyTomorrows involves the first step in creating this
system: identifying HIV indicators in Dutch narrative EMR data. I use the tool of
MyTomorrows for identification. The tool is called QuickUMLS, which is a medical
concept extracting tool that maps biomedical terms to the Unified Medical Language
System (UMLS). The contribution of this project lays in showing how this tool can
facilitate the identification of HIV indicators. Accordingly, the research question of the
internship project is: Which improvements can be made in identifying HIV indicator
conditions, risk factors and related medications in Dutch narrative clinical data by using
QuickUMLS as part of the CDS system?

To answer this question, first the coverage of UMLS is checked. The results of
processing the lists with HIV indicators show that the coverage of the Dutch lexicon
is small. However, it demonstrates that using the English version is a useful addition
to the Dutch lexicon, because it contains more risk factors and related medications.
Secondly, results are obtained for processing 50 Dutch clinical notes with the Dutch and
English UMLS versions separately and together. This method is complemented by using
regular expressions which are used to correct for the unrecognized HIV indicators by
QuickUMLS. The method is evaluated using the generally used measures for extraction
system: precision, recall and F-score. Results show that evaluation scores are high when
both versions and regular expressions are used. However, recall should be improved,
for it is very important that all HIV indicators are recognized. If the HIV indicator
is not recognized, the patient is not tested. This could have major implications when
the patient turns out to have HIV. This research recommends using the Dutch lexicon
only for increasing recall if the speed of the system is a prerequisite, since iterating
over two lexicons takes up to 4,7 more time. This can be done by adding the list of
HIV indicators to the Dutch lexicon. Because it is a finite list, this is a manageable
task. Using regular expressions is not recommended, because they do not capture
lexical variants. However, these are useful when the coverage of the lexicon is not yet
increased. The generalizability of the results is limited, since not all HIV indicators are
captured in the 50 clinical notes. Further research should focus on deciding whether
the identified HIV indicator is (still) a present HIV indicator for the patient.
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Chapter 1

Introduction

The volume of biomedical texts is growing, such as scientific papers, books and medical
reports (Cohen and Hersh, 2005). On average, 3000 peer-reviewed biomedical articles
are published each day (Lee et al., 2020). Furthermore, there is an increasing use of
electronic medical records (EMR) where important clinical patient data is electronically
created and stored (Liao et al., 2010; Evans, 1999). Clinical environments, such as hos-
pitals, could have millions of electronic notes. These big volumes of literary and clinical
data are a rich data source for research. However, this data is mostly unstructured.
Papers are written and not codified. EMR data could be structured, e.g. laboratory
values, but a big part is unstructured, i.e. notes in narrative form. The latter contains
all sorts of data, such as which symptoms a patient has, its lifestyle, the impression
and plan of the doctor about the patient (Liao et al., 2010). In order to automatically
access and process this textual information at a large scale, text mining techniques are
needed (Friedman et al., 2004).

Text mining techniques involve several computational technologies, such as natu-
ral language processing (NLP), machine learning and pattern recognition (Zhu et al.,
2013). Moreover, text mining techniques can reveal new connections and associations
between mechanisms and hence provide new information (Cohen and Hersh, 2005).
Although general text mining models obtain high results, these are not achieved when
applied to medical texts. This is because medical texts contain many domain-specific
words. Furthermore, word distribution is different in medical texts (Lee et al., 2020).
Due to this domain-specificity of medical texts, the biomedical models should be very
specialized (Simpson and Demner-Fushman, 2012). Therefore biomedical text mining
is a research field on its own and it is growing.

Next to the growing implementation of text mining techniques in the biomedical
research field, biomedical text mining could support clinical decision support (CDS)
too. CDS systems are “any software designed to directly aid in clinical decision making
in which characteristics of individual patients are matched to a computerized knowledge
base for the purpose of generating patient-specific assessments or recommendations that
are then presented to clinicians for consideration” (Hunt et al., 1998, p. 1339). Erasmus
Medical Center Rotterdam (EMC), a big hospital in the Dutch city Rotterdam, aims to
implement a CDS system, created in collaboration with the company MyTomorrows.1

The goal of this CDS system is to optimize the process of selecting patients who should
take an HIV (human immunodeficiency virus) test. This will be done by identifying

1MyTomorrows is a company which aims to find clinical trials which are still under development by
using the latest technology. See their website for more information: https://mytomorrows.com/en/.

1

 https://mytomorrows.com/en/
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specific HIV related information in the EMR data by using text mining techniques.

Optimizing this HIV testing procedure is important, because HIV is still one of the
most challenging global public health issues (Chen and Barbour, 2017).2 A fundamental
problem is that in Western Europe 45-50% of the people living with HIV are diagnosed
late and therefore enter care late (HIV in Europe, 2012).3 Only one out of three are
aware of their HIV status. Furthermore, doctors do not always have the knowledge of
when to test a patient on HIV (HIV in Europe, 2012). They could also be afraid to
offer an HIV test, because of fear of being perceived as discriminatory (HIV in Europe,
2012, Appendix 5). Consequently, people should be diagnosed earlier in order to receive
care earlier. This is very important, because care at a later stadium ‘is associated with
increased HIV-related morbidity and mortality, poorer response to treatment, increased
healthcare costs and increased transmission rates’ (HIV in Europe, 2012, p.5). EMC
aims to test patients on HIV if they have an HIV prevalence of >0.1%, according to the
guidance of the European platform for information exchange about early HIV diagnosis,
called EuroTEST (HIV in Europe, 2012). In this guidance, HIV indicator conditions
are described which determine if someone should be tested. In most cases this means
that if a patient has a certain indicator condition, the patient should be tested. These
conditions are mostly medical conditions, such as tuberculosis. Next to these, there
are risk factors associated with an HIV prevalence. The EuroTEST does not focus
on these risk factors, because they are already known factors for HIV testing. The
aim of the guidance is to ’address the missed opportunities to diagnose HIV infection
(..) by introducing indicator condition guided testing’ (HIV in Europe, 2012, p.8).
EMC aims to test patients who have these medical conditions and who are at higher
risk too (e.g. people who inject drugs, men who have sex with men). EMC added also
specific medications related to an HIV indicator condition to the group of indicators for
HIV testing. Some doctors do prescribe a medication, but do not mention the related
indicator condition. Identifying these medications will select patients who should take
an HIV test, because of the related indicator condition. In this thesis I use the term
HIV indicators to refer to these three categories together: HIV indicator conditions,
risk factors and related medications.4 Automatically selecting patients with a certain
HIV indicator will optimize the HIV testing procedure.

The first step in creating the CDS system is to identify HIV indicators in the EMR
data. In nearly all biomedical research, biomedical entity extraction is the initial step
in extracting particular information from texts (Campos et al., 2012).5 E.g. to define
the relation between two biomedical entities, first the biomedical entities need to be
identified. Biomedical entity extraction is therefore an important area in the biomed-
ical text mining research field, also called biomedical named entity recognition (NER)
(Cohen and Hersh, 2005). Biomedical NER aims to find biomedical entities in the
text and categorize them according to pre-defined categories, such as protein or drug.
Biomedical NER is complex. E.g. because of synonymy and the great use of acronyms

2HIV is the cause of AIDS (acquired immunodeficiency syndrome).
3In Europe, approximately 2.3 million people have HIV (HIV in Europe, 2012).
4I use the term HIV indicators, because it makes the written text clearer. All HIV indicators are

decisive in recommending an HIV test. I refer to one of the three groups separately when characteristics
specific to the particular category are discussed. EMC or MyTomorrows do not use this term.

5Information could be ’mined’ out of biomedical literature or clinical reports. Hence, we can make a
distinction between literature mining and clinical text mining (Simpson and Demner-Fushman, 2012).
However, handling biomedical literature and clinical texts are very much the same (Aronson et al.,
2007). Therefore, I use the overall term biomedical text mining.
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and abbreviations in the biomedical field (Cohen and Hersh, 2005). Because of the
complexity of biomedical NER, many research is done in biomedical NER and many
NER-systems are developed (Campos et al., 2012; Cohen and Hersh, 2005). However,
the research and NER systems are mainly based on English medical texts (Cornet et al.,
2012) whereas this project is about NER in Dutch medical texts. Dutch biomedical
NER tools are not available (Dercksen and De Vries, 2020). Furthermore, no research
is done in Dutch NER as regard to HIV.6.

However, there is a biomedical entity extraction tool that is language independent,
called QuickUMLS. This is also the tool MyTomorrows uses for NER of English and
Dutch data. QuickUMLS relies only on the dictionary UMLS (Unified Medical Lan-
guage System). UMLS consists of many biomedical vocabularies in multiple languages,
including Dutch. QuickUMLS finds strings in the free text which are mapped to con-
cepts of UMLS (Soldaini and Goharian, 2016). QuickUMLS only seeks for strings and
does not contain more complex NLP functions as other English biomedical NLP tools,
such as relation extraction. Relation extraction is an NLP task that identifies relations
between biomedical entities. Therefore, QuickUMLS is a more limited NER tool, but
available for Dutch biomedical texts.

My internship starts at the beginning of the project of EMC and MyTomorrows.
I will refer to my part of the project as internship project and to the project of EMC
and MyTomorrows as overall project or CDS system. The internship project involves
formalisation of the overall project by defining what the goal and HIV indicators are.
Furthermore, as discussed above, the overall project starts with the identification of
HIV indicators in EMR data. Therefore, the focus of my internship lays on the identi-
fication of HIV indicators. Because my internship takes place at MyTomorrows, I will
use the tool which MyTomorrows uses for biomedical NER, called QuickUMLS. I will
investigate how this tool can facilitate the identification of HIV indicators in relation
to the overall project. This leads to the research question: Which improvements can
be made in identifying HIV indicator conditions, risk factors and related medications
in Dutch EMR data by using QuickUMLS as part of the CDS system?

Identifying these HIV indicators is the first step in creating the CDS system. Later
steps, which are out of the scope of the internship project, will involve relation ex-
traction, coreference resolution, negation finding and word disambiguation in order
to decide if a patient actually has the HIV indicator condition, risk factor or related
medication. E.g. it could be that the indicator condition ’hepatitis A’ is found, but
further investigation points out that the patient is hepatitis A negative. Therefore the
identified entities are possible HIV indicators.7

The contributions of this project are in relation to the overall project. First it gives a
clear overview of the overall project. Furthermore, I demonstrate where improvements
should be made regarding the identification of HIV indicators. It also shows which
future research could be done to optimize the CDS system.

The thesis is structured as follows: in Chapter 2 I will describe the biomedical text
mining field in order to place the overall project in the context of existing literature.

6Which I could find, July, 2020.
7Due to the situation around COVID-19, I was not allowed to go to EMC at regular basis or to enter

the office of MyTomorrows. This slowed down the internship as regards not being able to access the
EMR data and not having face-to-face contact with the IT professionals of MyTomorrows and narrowed
the possibilities as regard to implementing more advanced text mining techniques. Moreover, the model
formalisation, i.e. finding out when to recommend an HIV test, was a big part of the internship what
led to less time available for the text mining implementation.
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The focus is mainly on research in the field of disease identification. From there, I will
narrow down to the research field of HIV using text mining techniques. In Chapter
3 I describe the identification task and the HIV indicator conditions, risk factors and
related medications in further detail. Chapter 4 addresses the methods and data used
for the internship project. The results obtained by these methods are displayed in
Chapter 5. In Chapter 6 I will interpret the results more intensively, point out the
shortcomings and suggest further steps for the overall project of EMC. This will answer
the research question. In the last chapter I conclude by summarizing the results and
findings.



Chapter 2

Related Work

The first chapter made clear that the volume of biomedical texts, such as scientific
papers and EMR data, is rapidly growing. Biomedical text mining techniques are
developed to analyze and process the biomedical knowledge captured in these narrative
texts. In this chapter I will give a broad overview of the biomedical text mining field and
its sub-fields first. Secondly, I will discuss the sub-field of NER in more detail, because
this is what the focus of my project is. Thirdly, I will describe research which focuses
on identification of patients with a specific disease using text mining techniques. This is
comparable to the overall project, because the goal is to identify patients with a specific
HIV indicator. It is followed by a section about assessing risk of HIV or identifying
HIV related entities by using text mining techniques. The chapter concludes with some
remarks about Dutch biomedical text mining and a reflection of the described literature
in relation to the internship project.

2.1 Biomedical Text Mining

The field of biomedical text mining consists of several areas for different text mining
tasks (Cohen and Hersh, 2005). The first area or task is NER. This task has the goal
to find medical entities (recognition) in the text in order to assign them to a predefined
category, such as disease, protein or drug. These categories can differ regarding the
research goal. Biomedical NER is complicated, first because there is no lexicon which
contains all biomedical entities. This is also due to the rapidly expanding list of scientific
biomedical terms (Simpson and Demner-Fushman, 2012). Therefore, it will not suffice
to compare the words in a text with the entries in the dictionary only. Furthermore,
some entities bearing the same name can belong to different categories, e.g. disease
and gene. Another difficulty is that a certain biomedical entity has multiple names, i.e.
synonymy, or consist of multiple words (Cohen and Hersh, 2005). There are generally
three approaches to tackle this problem: lexicon- based, rule-based and statistically-
based approaches.

A lexicon based approach determines whether the recognized entity matches an en-
try of a knowledge resource. A well-known resource is the Unified Medical Language
System (UMLS). It has three components: the Metathesaurus (interrelated biomedi-
cal concepts), the Semantic Network (categorizing the concepts) and lexical resources
(obtaining lexical variants) (Bodenreider, 2004). These three components together con-
tain over 100 medical dictionaries (Névéol et al., 2018). The English Metathesaurus
contains 9.1 million terms. However, for languages such as Dutch this amount is less

5
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than 5% of the English terms (Névéol et al., 2018). But even for the English UMLS, it
does not contain all biomedical entities. Lexicon based approaches are therefore often
complemented by extending the word list by other resources. Moreover, inexact string
matching methods are implemented to account for the spelling mistakes and variants
(Simpson and Demner-Fushman, 2012). Rule-based approaches make use of rules that
define the context or patterns of biomedical entities (Simpson and Demner-Fushman,
2012). These rules are very specific and are manually created, so it is a time consuming
approach. However, rule-based approaches obtain higher evaluation scores than the
lexicon based approaches (Simpson and Demner-Fushman, 2012). Statistically-based
approaches are based on statistical characteristics, such as word distribution, e.g. the
number of occurrences of a certain term in a given context. The above approaches are
commonly used in combination of each other (Cohen and Hersh, 2005).

The second area is text classification, discussed in Cohen and Hersh (2005). In
this task documents are classified according to a certain topic. This topic can be
the subject of the paper or clinical document. The document could also simply contain
some information about this topic. This is an important task for creating and organizing
biomedical databases. In this way databases can be automatically created with articles
about specific topics.

The third area is the task of synonym and abbreviation extraction (Cohen and
Hersh, 2005). The goal of this task is to map the abbreviations, acronyms and syn-
onyms to the concept to which they refer. This is an important task, because biomed-
ical entities often have multiple abbreviations, acronyms and synonyms. Simpson and
Demner-Fushman (2012) considered this task as a sub-task of NER, because synonym
and abbreviation extraction is about recognizing and classifying entities as what NER
involves.

The fourth discussed task is relation extraction. This tasks aims to find binary
relations between different biomedical entities, such as interactions between proteins
(Krallinger et al., 2010) or disease-drug relations (Simpson and Demner-Fushman,
2012). Simpson and Demner-Fushman (2012) added another task to this relation ex-
traction area, called event extraction. Its goal is to find highly complex relations among
the entities, such as protein binding.1

One step further than relation extraction is the task of hypothesis generation. The
goal of this task is not to seek for explicit relations, but for those which are not explicitly
stated in the text. The goal is to generate potential hypotheses. A simple example of
an in-explicit relation is: ‘A influences B, and B influences C, therefore A may influence
C’ (Swanson (1991) in Cohen and Hersh (2005, p.65)). This task is the less developed
of the above described tasks, because better evaluation methods of these hypothesis
tools are needed.

The last area is the task of integration frameworks which focuses on creating systems
or tools which are user-friendly. This task is still only in the developing stage (Cohen
and Hersh, 2005). Zweigenbaum et al. (2007, p.369) called this field even ’mostly
neglected’. Little research is done in developing models and systems based on real-
life tasks, although there is some progress. More systems are developed which try to
meet certain user-needs (Zweigenbaum et al., 2007). A more recent paper also stated
that this field is still under developed (Kim et al., 2019). One of the reasons is that

1An event is mostly a verb or a nominalized verb. Events can be nested (Simpson and Demner-
Fushman, 2012). This means that an event can be part of another event, e.g. ”Entity A causes (event)
B’s demolition (event).
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implementation of the text mining tools require NLP skills, which many biomedical
researchers or healthcare professionals do not have (Kim et al., 2019).

Simpson and Demner-Fushman (2012) discussed two more other tasks which go be-
yond information extraction: summarization and question answering. Summarization
is the task of summarizing the text in general or summarizing only parts containing
specific information. Question answering is the task where detailed answers are given
to questions in narrative form.

The above section shows that biomedical text mining is a big research field with
different sub-fields. For a more detailed overview I refer to the following papers, shortly
discussed above: ’A survey of current work in biomedical text mining’ of Cohen and
Hersh (2005) and ’Biomedical text mining: a survey of recent progress’ of Simpson and
Demner-Fushman (2012).

2.2 Disease Identification Using NER

The focus of the internship project lays on the sub-field NER: identifying specific
biomedical entities, i.e. HIV indicators. In this section I will discuss relevant research
which also focus on finding specific biomedical entities in EMR data.

Liao et al. (2010) detected the disease rheumatoid arthritis (RA) in narrative and
structured data in order to decide if a person had this disease by predicting the proba-
bility of RA (97% or higher). For the unstructured data they used the Health Informa-
tion Text Extraction (HITEx) system as NLP tool (Zeng et al., 2006). This is a system
that maps preprocessed entities to UMLS. With this tool Liao et al. (2010) extracted
variables related to RA, such as disease diagnoses, medications and laboratory data.
Variations of concepts were mapped into one concept to account for the variability in
naming concepts. Furthermore, an algorithm was applied to see if a certain person
really had the extracted disease, e.g. a patient is disease x -positive or x-negative, so
only detecting disease x is not sufficient. For the structured data, they also extracted
variables related to RA, such as ICD-9 (International Classification of Diseases, ninth
edition) codes of RA and related diseases and rheumatoid factor laboratory values.
They trained a penalized logistic regression classifier with the extracted variables to
predict the probability of RA. They trained three different models using different vari-
ables: structured variables, unstructured variables and unstructured and structured
variables together. The last approach obtained the highest evaluation scores.

Ananthakrishnan et al. (2013) is a research comparable to Liao et al. (2010). They
created a classification model that improved the definition of Crohn’s disease (CD)
and ulcerative colitis (UC) for the identification of patients with CD or UC. Their
database consisted of medical data of patients having at least one ICD-9 code of CD
or UC (around 14000 both). From the narrative text they extracted the CD and UC
(related) terms and also the relatively specific ones (or specific to both the terms) and
defined the number of mentions. For this they used the Text Analysis and Knowledge
Extraction System (cTAKES), an open source NLP system to process free medical
texts (Savova et al., 2010). They mapped those extracted terms to the Systemized
Nomenclature of Medicine-Clinical Terms (SNOMED-CT), a collection of medical terms
with their synonyms, acronyms and abbreviations, or to RxNorm, an information source
about drugs and their related terms. From the structured texts they also found (the
number of) the ICD-9 codes of the diseases. Comparable to Liao et al. (2010), they
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trained a classifier with the extracted terms. Three models were created with the
same variable inputs (structured, unstructured and both) and used penalized logistic
regression. Ananthakrishnan et al. (2013) used a fourth model with only the number
of ICD-9 codes. As for Liao et al. (2010), the combined model of unstructured and
structured data performed better than the other models.

Also, Liao et al. (2015a) showed that their algorithm improved by using information
from the narrative texts. They studied coronary artery disease (CAD) in clinical data
of over 4 million patients. They created a list with related terms to CAD, e.g. terms
which are used when doctors describe the patient having CAD. Furthermore, they made
a customized dictionary with related diseases and terms. The terms were mapped to
concepts in the narrative text, extracted with the tool HITEx, mentioned above. They
labeled the concepts whether it was mentioned or not mentioned in the clinical note.
These variables plus variables extracted from structured data, were determined by using
logistic regression. For every patient the algorithm calculated a CAD probability. The
variables extracted from the narrative text improved the sensitivity of the algorithm.
Especially for the patient population where there was a low prevalence of CAD.

The above discussed research could all be divided in two parts. The first part is
extracting biomedical entities, i.e. variables, from the narrative texts. The second part
consists of training a machine learning model with those variables, including extracted
variables from the structured data, also called phenotype algorithm (Liao et al., 2015b).
The internship project has its focus on the first part only: extracting the relevant
biomedical entities.2 The used NLP tools cTAKES and HITEx are comparable to
the tool used in this project, QuickUMLS, as regards mapping biomedical terms to
UMLS (Rajaram, 2018; Zeng et al., 2006).3 QuickUMLS is even up to 135 faster
than cTAKES and therefore more applicable in the clinical field, EMC in this case.
Furthermore, QuickUMLS obtains higher recall for recognizing entities (Soldaini and
Goharian, 2016).4 However, QuickUMLS does not have all the NLP features cTAKES
and HITEx has, such as finding negation using part of speech tagging.

The above sections show a small part of the research which is done in identifying
specific diseases in narrative text. However, little research is done in using text mining
tasks and narrative clinical notes in researching risk of HIV (Feller et al., 2018).

2Using a machine learning approach was out of the scope of this project. Due to privacy regulations, I
was not able to obtain training data which is essential for machine learning models. A machine learning
approach could be implemented in the future. This will perhaps reveal new information as text mining
techniques could (Cohen and Hersh, 2005).

3Ananthakrishnan et al. (2013) used cTAKES by mapping strings to SNOMED-CT and RxNORM,
these are part of UMLS too.

4Soldaini and Goharian (2016) compared the NER results of (i) QuickUMLS against the the state-
of-the-art tool (ii) cTAKES on the same dataset, consisting of 169 clinical records of the 2010 i2b2/VA
Challenge dataset. Recall is higher: (ii) 0,53 and (i) 0,75. A recall of 0,75 is obtained by selecting the
lowest similarity threshold: 0,6. When the threshold is higher, precision increases and recall lowers.
With a score of 0,71 cTAKES outperforms QuickUMLS with precision: (i) 0,50.
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2.3 HIV Research Using Text Mining Techniques

In this section I present two papers which have comparable research objectives as the
internship project: identifying HIV related terms by using text mining techniques.

Feller et al. (2018) is one of the first using text mining techniques for automating
the selection of HIV risk factors in narrative texts. They did keyword identification
and topic modelling for selecting variables which contain information about HIV. To
do this they used respectively, term frequency-inverse document frequency and Latent
Dirichlet allocation, a generative probabilistic model. Feller et al. (2018) used clinical
data of 543 HIV-uninfected individuals and of 181 HIV-infected individuals of the New
York Presbyterian Hospital – Columbia University Medical Center. To select the HIV
related variables they took all clinical data 5 days or more prior to the positive HIV
diagnosis, but not less. Hence, the machine learning algorithm could select predictive
variables. For the uninfected patients they took all clinical data of the the period
2007-2015. They extracted structured and unstructured data, such as demographics
and visit history. To generate the two NLP models they used random forest classifiers
trained on 150 variables for each, ranging from high to low importance. The keyword
model had highest evaluation scores. The topic model selected two negative-correlated
HIV topics. Therefore, Feller et al. (2018) suggested to focus on keyword extraction
instead of topic extraction for assessing risk of HIV.

This research used a statistical method, term frequency-inverse document frequency,
which requires a huge amount of data. For the internship project is was not possible
to access big databases. The model of Feller et al. (2018) did not take into account
negation and lexical variants, only the distribution of HIV related terms in clinical data.
However, for the overall project lexical variants and negation are important. Negation
is for example essential in deciding if the HIV indicator is an HIV indicator the patient
has. Therefore, this method is less useful for the internship and overall project.

Jamieson et al. (2012) is the only research which used a NER technique for identi-
fying HIV related entities, i.e. HIV to human protein interactions.5 They tested text
mining techniques against the manually created HIV type 1 (HIV-1), human protein
interaction database (HHPID). HIV-1 is the HIV type that is most common. The other
HIV type, HIV-2, occurs only in west and central Africa (Ariën et al., 2005). Jamieson
et al. (2012) used 3090 titles and abstracts and 49 full-text articles of PubMed Cen-
tral.f This data was openly available. They used the NER tool BANNER for recognizing
proteins (Leaman and Gonzalez, 2008). Jamieson et al. (2012) adjusted the BANNER
tool by training the machine learning system on HIV-1 specific texts. Furthermore,
they added a dictionary for the unrecognized proteins. They used two event extraction
tools for finding relations and interactions between the proteins, called the Turku event
extraction system (TEES) and EventMine (Björne et al. (2009); Miwa et al. (2010)
in Jamieson et al. (2012)). They extracted the entities and events from the articles
which were used for the manually curated HHPID too. In this way Jamieson et al.
(2012) could compare the manual extractions and text mining extractions precisely.
Results show that NLP tools are very efficient in extracting HIV related information.
Moreover, the tools found new interactions which were not yet present in the HHPID.
However, manual curation cannot be completely omitted, because not all proteins and
interactions were covered by the NLP techniques (Jamieson et al., 2012).

This research investigated a very specific NER, namely protein interactions. Jamieson

5Which I could find, April 2020.
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et al. (2012) aimed to find new interactions and relations between HIV related enti-
ties. This is different for the internship project, which is already explicit in which
terms should be found, i.e. HIV indicators. However, the used NLP tools, BANNER,
TEES and EventMine, might be useful in the future for finding new relations between
HIV-patients and certain proteins, diseases or risk factors.

2.4 Dutch NLP Tools

All the discussed research in this section is based on English data. This is because
the majority of biomedical NLP tools and terminology systems are based on English
(Cornet et al., 2012). However, the internship project is based on Dutch EMR data.
Nonetheless, no Dutch medical extraction tools are available (Nobel et al., 2020) and
sparse structured vocabularies (Dercksen and De Vries, 2020). Only QuickUMLS, in-
troduced in Chapter 1, is the available NLP tool for Dutch medical texts. This tool only
relies on UMLS and not on language specific knowledge (Dercksen and De Vries, 2020).
Some research is done in translating procedures of SNOMED-CT in other languages
than English with translators such as Google Translate (Cornet et al., 2017). Although
the translations are good, it is a very time consuming approach. Other research made
use of creating synonym sets by domain experts and converting these concepts into
regular expressions (Nobel et al., 2020). This is a time consuming approach as well. In
short, the research field of Dutch medical NLP is far less developed than the English
field. However, there is growing interest for this field, but more efforts still needs to be
made (Névéol et al., 2018).

This chapter points out that the described text mining tasks, section and research
are very useful in researching biomedical narrative data. It shows that biomedical
NLP improves the results. However, these NLP tasks are still not widely implemented
in healthcare settings and remain mostly in the research field (Demner-Fushman and
Elhadad, 2016). One of the problems is that the tools are not primarily facing the real-
world problems which the biomedical researchers are concerned with (Cohen and Hersh,
2005). Several researches argue for a more interdisciplinary approach to make the
developed systems more user-oriented (Cohen and Hersh, 2005; Hersh, 2005; Simpson
and Demner-Fushman, 2012). The internship project is very interdisciplinary and does
face the big health-issue of HIV. This is because this project is initiated by several
healthcare professionals of EMC who are directly involved with real-world problems.
However, the used tools in the presented research are mainly based on English data.
There are no Dutch biomedical NLP tools. This non-availability of data and tools
makes this project a challenging project. In the next chapter I will discuss the project
in greater detail.



Chapter 3

Task Description

In this chapter I describe the task of the (i) internship project as part of the (ii) overall
project: (i) identifying HIV indicators in Dutch clinical data in narrative format in
order to (ii) decide if a certain patient should be recommended an HIV test. I describe
what the HIV indicators are and explain them in further detail.

3.1 Identification Task

As introduced in Chapter 1, HIV is still a challenging global public health issue (Chen
and Barbour, 2017). Many people are not aware of their HIV status. Neither doctors
do always know when to offer an HIV test or they are afraid to offer one (HIV in
Europe, 2012). However, people benefit more from treatment when they enter care
earlier. Furthermore, when patients are aware of their status they will alter their
behaviour which results in less transmission of the virus (HIV in Europe, 2012). It
is therefore important to standardize the HIV testing procedure. The hospital EMC
aims to optimize the HIV testing procedure by testing patients with an HIV prevalence
of >0.1%, according to the guidance of EuroTEST (HIV in Europe, 2012). In the
guidance it is pointed out what the indicator condition are which are related to an HIV
prevalence of >0.1%. If a patient has a certain indicator condition, a patient should be
tested on HIV. Next to these indicator conditions, EMC wants to test patients having
a certain risk factor which increases the prevalence of HIV. Moreover, patients should
be tested when a medication is prescribed for an indicator condition. E.g. a patient
is prescribed the medication ’cotrimoxazol’, although the related indicator condition
’cerebral toxoplasmosis’ is not mentioned in the clinical report. EMC wants to select
these patients with this prescribed medication too, because the cost is high of missing
a patient who in the end appears to have HIV.

The first step in this overall project or CDS system is identifying those HIV in-
dicators in the EMR data. It is important to note that only identifying those HIV
indicators is not sufficient. E.g. in a clinical report the indicator condition ’hepatitis
A’ is identified. By further investigation, it is pointed out that the patient is tested neg-
ative on hepatitis A. Furthermore, certain diseases are only HIV indicator conditions
when they are unexplained or occur in a certain time span, explained below. Therefore,
it is accurate to call the HIV indicators, possible HIV indicators. Below I discuss the
(possible) HIV indicators in detail. In the next chapter I describe the approach of how
the possible HIV indicators are identified.

11



12 CHAPTER 3. TASK DESCRIPTION

3.2 HIV Indicators

HIV indicators are indicators which are related to an HIV prevalence of >0.1%. If
a patient has a certain HIV indicator, a patient should receive an HIV test. In this
section I describe the HIV indicators according to the sub-group to which they belong:
HIV indicator conditions, risk factors and related medications.

3.2.1 HIV Indicator Conditions

HIV indicator conditions are mostly diseases, infections, inflammations and bacteria.
See Appendix A for the detailed list in English. This list is created by EuroTEST,
an European platform for information exchange about early HIV diagnosis (HIV in
Europe, 2012). EMC provided me with a translated list of these indicator conditions
in Dutch, 188 in total. This includes lexical variants, e.g. ‘herpes labialis’ and ‘herpes
simplex labialis’. It could be that these terms have different ICD-10 codes, but refer
to the same indicator condition. In the guidance there are subgroups made regarding
the importance or complexity of the HIV indicator condition. These are made because
they vary in the degree of recommending an HIV test (strongly recommended or just
recommended) or they need more explanation.

• There are 24 AIDS defining conditions. When one of these indicator conditions
are identified and the HIV test is positive, the patient is diagnosed with AIDS.
A patient is strongly recommended an HIV test. Examples of these indicator
conditions are:

– Kaposi’s sarcoma.

– Cerebral toxoplasmosis.

– Non-Hodgkin lymphoma.

• HIV indicator conditions that are symptoms of an acute HIV infection, 6 in total.
A patient is strongly recommended an HIV test. Examples are:

– Guillain-Barre Syndrome.

– Mononucleosis-like illness.

– Unexplained Lymphadenopathy.

• Conditions which are only indicator conditions when they are ’unexplained’, 6 in
total. According to a healthcare professional of EMC, by ’unexplained’ is meant:

– Stated by the medical specialist as conclusion. E.g. when a general prac-
titioner refers a patient to which already much attention has been paid,
specific to the indicator condition;

– Insufficiently explained after one round of diagnostic work-up, so no diagno-
sis firmly suspected or confirmed at the second consultation.

Examples of unexplained conditions are:

– Weightloss.

– Lymphadenopathy.

– Fever.
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• There are 5 conditions which are only indicator conditions when they occur mul-
tiple times in a certain time span or lasts a certain time, e.g.:

– Pneumonia, recurrent (2 or more episodes in 12 months).

– Salmonella septicaemia, recurrent.

– leukocytopenia/thrombocytopenia lasting >4 weeks.

If a patient has an indicator condition which do not belong to one of the groups above,
a patient should be recommended an HIV test.

3.2.2 Risk Factors

Risk factors are factors which are associated with an increased risk of HIV. These can
be divided in several groups, presented below. There are 84 risk factors in total. See
Appendix B for the full list.

• Originating from one of the 58 endemic HIV countries.1

• Sexual related risk factors, e.g.:

– Unprotected sex.

– Contact with prostitutes/prostitution.

– Sexual orientation: homosexual, bisexual, transgender, MSM (men who have
sex with men).

• IV (intravenous) drug use, when drugs are injected intravenously i.e. needles are
used. Examples of drugs for which it is realistic to inject intravenously, called
slamming:

– Heroin.

– Cocaine.

– Morphine.

• Partner with any of the risk factors mentioned above.

3.2.3 Related Medications

Related medications are medications related to an HIV indicator condition. An example
of a certain related medication is ’mitoxantron’, which is used for the HIV indicator
condition ’multiple sclerosis-like disease’. It could be that doctors do not mention the
indicator condition, but do prescribe the related drug. There are 74 medications in
total. See Appendix C for the full and detailed list.

1EMC aims to test patients who are originating from an endemic HIV country. Maybe this will
later be updated by testing people who lived for a long time in an endemic HIV country, but do not
originate from it. However, more research needs be done on deciding if living for a longer time in an
endemic HIV country is an HIV risk factor.



Chapter 4

Methodology

In this chapter I discuss the approach to address the task described in Chapter 3:
identifying possible HIV indicators in narrative clinical text. This task is addressed
with the string matching tool QuickUMLS and complemented with regular expressions.
I used an experimental dataset consisting of 50 Dutch clinical notes, described in detail
in section 4.2.2, because I was not able to access the EMR data of EMC. Due to time
limitations I could not obtain notes which contain all possible indicator conditions, risk
factors and medications.

Below I discuss the methods, followed by a description of the EMR data of EMC
and the synthetic dataset on which I tested the methods. I conclude this chapter by
giving an overview of how I will evaluate the defined methods.

4.1 Approach

As mentioned above, the approach consists of two different string matching methods:
QuickUMLS and regular expressions. Below I will explain this in detail. The code
of the methods and evaluation can be found here: https://github.com/lucameima/

Internship-Project-MyT.

4.1.1 QuickUMLS

Justification

I need to perform biomedical entity extraction on narrative data. Therefore I need a tool
which identifies biomedical entities in Dutch narrative data. I will use the biomedical
entity extraction tool QuickUMLS. Firstly, because this is the tool MyTomorrows uses,
the company where I did my internship. The associated accessibility of the tool and
the availability of the lexicon UMLS are a great advantage for the short period of time
of the internship project. Secondly, QuickUMLS has the advantage of being language
independent. Many (English-based) tools are developed for biomedical NER, such as
cTAKES and HITex, described in Chapter 2. These tools identify medical entities and
map them to a biomedical lexicon. However, these tools are trained and developed for
English medical texts. There are no Dutch medical extraction tools available (Nobel
et al., 2020) and only sparse structured vocabularies (Dercksen and De Vries, 2020).
QuickUMLS is a string matching tool which is not dependent on a specific language, but
on the language of UMLS. There is a Dutch version of UMLS, although it contains less
than 5% of the total amount of concepts in the English version of UMLS (Névéol et al.,

14
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2018). Thirdly, QuickUMLS has high evaluation scores and is fast in comparison to
state-of-the-art biomedical NLP tools such as cTAKES.1 The fastness of QuickUMLS
could be an advantage, since this project is the first step of a project in which the
algorithm will be implemented on thousands of electronic records of EMC on regular
basis.

Algorithm

QuickUMLS is an unsupervised algorithm that matches biomedical concepts from un-
structured text to a biomedical lexicon. QuickUMLS first tokenizes the text and assigns
part-of-speech tags to the tokens. Then it finds similar strings to the tokens. It does
not map a token to all concepts, but finds a subset of concepts using CP MERGE, an
approximate dictionary matching algorithm (Okazaki and Tsujii, 2010). This subset
has a certain amount of overlapping features. QuickUMLS generates per recognized
biomedical term (i) the start and end position in the string, (ii) the n-gram, i.e. what
part of the string is recognized as a biomedical concept, (iii) the term, i.e. to which
biomedical concept it is mapped, (iv) a CUI, (v) a similarity score (0-1) and (vi) an
UMLS semantic types concept, e.g. hormone or virus.

UMLS

I used the customized lexicon of MyTomorrows to which QuickUMLS maps the terms.
This lexicon is constructed in a way QuickUMLS can process. MyTomorrows has
its own data collected over time from different data sources. The Dutch lexicon of
MyTomorrows contains the Dutch data sources of UMLS of 2018. This lexicon is
available for this project. The English lexicon is primarily based on UMLS and contains
other sources, such as PubMed and DBpedia. In this thesis I refer to this lexicon as
English version of UMLS, because it is primarily based on UMLS. The Dutch lexicon
contains 208 205 terms (90,4 MB). This lexicon is smaller than the English one (2,51
GB), wich contains 7 793 890 terms. I refer to Section 2.1 for more information about
UMLS.

Processing

The synthetic dataset is processed with QuickUMLS and both Dutch and English ver-
sions of UMLS separately and in combination. This dataset contains 50 Dutch clinical
notes in narrative format with possible HIV indicators. This dataset is described in
further detail in Section 4.2.2. I choose to use both Dutch and English versions of
UMLS, because biomedical terms could have a similar lexical form in different lan-
guages. E.g. the indicator conditions ’lymfadenopathie’ and ’pancytopenie’ are in
English lymphadenopathy and pancytopenia respectively.

As stated at the beginning of this chapter, the synthetic dataset does not contain
all possible HIV indicators. However, it is important to know what the coverage is
of the Dutch and English lexicon. Therefore, I processed the list with HIV indicator
conditions, the list with risk factors and the list with related medications, provided by
EMC. The English versions of the three lists are provided in respectively the Appendices

1Soldaini and Goharian (2016) tested QuickUMLS against the state-of-the-art approaches cTAKES
and MetaMap and showed that those are comparable with QuickUMLS. Moreover, QuickUMLS has
higher recall and is up to 135 times faster.
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A, B and C. This means that every HIV indicator is processed with QuickUMLS, but
not every HIV indicator is captured in the narrative text.

The 50 clinical notes and the three separate HIV indicator lists are processed with
QuickUMLS. QuickUMLS searches for biomedical terms which match the biomedical
terms in UMLS. If a biomedical term is identified, the term is checked against the
lists of HIV indicators. If a match is found between the biomedical term and the HIV
indicator, I selected the highest similarity score per recognized term. E.g. ’hepatitis A’
(HIV indicator condition) has a similarity score of 1 with ’hepatitis A’ (biomedical term
in UMLS) and a similarity score of 0.8 with ’hepatitis D’(biomedical term in UMLS,
which is no HIV indicator condition). To select the term which matches the HIV
indicator most, the concept with the highest similarity score is selected. Only selecting
the terms with a similarity score of 1 would not differ from exact string matching. As
a result, I could also have used only exact string matching.

4.1.2 String Matching

Justification

No lexicon contains all biomedical entities (Simpson and Demner-Fushman, 2012).
Therefore, many lexical-based approaches are complemented with inexact string match-
ing methods (Simpson and Demner-Fushman, 2012). Moreover, the lexicon used in this
project does not contain all indicator conditions, risk factors and medications, see Chap-
ter 5. MyTomorrows could not form the list of these three components into a format
which QuickUMLS could process, as this task is too complex for the limited time of this
project. Furthermore, most risk factors are no biomedical entities, so QuickUMLS will
not identify these since it maps strings to a biomedical dictionary (UMLS). Therefore
I implemented a string matching method which matches the unrecognized HIV indica-
tors with the words in the narrative texts. This is restrictive. It does not account for
lexical variants, because it only finds strings which are the exact same strings as the
input. A healthcare professional of EMC extended the list of HIV indicator conditions
and risk factors with lexical variants which she found in the EMR data. E.g. the indi-
cator condition ’nierinsufficiëntie’ (renal impairment) is the same for ’nierfalen’ (renal
failure). This will not cover all lexical variants, since new lexical variants can be used
in the future.

Processing

I used regular expressions as string matching method for complementing QuickUMLS.
The regular expressions are the unrecognized indicators by QuickUMLS using the Dutch
and English database. To define these regular expressions, I created a code which
produces a list for the unrecognized HIV indicators. The unrecognized HIV indicators
are 85 in total. The regular expression engine in Python searches the regular expressions
in the 50 clinical notes. If found, the term is added to the terms which are recognized
by QuickUMLS.

4.2 Data

The clinical narrative data of the overall project are the electronic health records of
EMC. Due to the situation around COVID-19, I could not go to EMC to access this
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EMR data.2 Furthermore, because of privacy regulations, remote access to the med-
ical correspondence of EMC was not possible. Therefore, I created a small synthetic
database with 50 clinical notes in narrative form, comparable to the EMR data of EMC,
described in next sections.

4.2.1 EMR Data of EMC

In this section I discuss the EMR data of EMC. Although I did not work with this data,
the characteristics of the narrative data are important. This is because the synthetic
database should be comparable to this EMR data in order to evaluate the results as
part of the overall project. Furthermore, these characteristics can influence the choice
of methods, e.g. the size of the database in relation to the speed of the tool.

EMR contains structured and unstructured data. The structured data contains
information such as: diagnosis code, laboratory data, medication, practitioners, vital
functions (e.g. blood pressure, BMI). The unstructured data is typed in Dutch by
doctors of different specialties. This data is formally written. There is a widespread
use of abbreviations and acronyms, e.g. ESRD (End-Stage Renal Disease) is about
renal impairment which is an IC. Although there are grammatical mistakes, there are
no spelling mistakes. This is because the electronic environment where the EMR data
is stored has an automatic spelling correction function. Each patient has one file which
can consist of multiple diagnoses. The CDS system will run over all newly registered
diagnoses. On average, the amount of the newly registered diagnoses per week is 1500-
1800.

4.2.2 Synthetic Dataset

I created a synthetic dataset in order to test the methods when HIV indicators are
captured in the narrative data. I selected 50 notes of the English dataset n2c2, which
contains anonymised clinical reports in narrative form (National NLP Clinical Chal-
lenges, 2010 Relations Test Data). This dataset is provided by the NIH-funded National
Center for Biomedical Computing (NCBC) known as i2b2. The datasets are now under
supervision of the Department of Biomedical Informatics (DBMI) at Harvard Medical
School and called National NLP Clinical Challenges (n2c2). The dataset is available un-
der data use agreements to meet research purposes. It contains also annotated patient
reports. The 2010 i2b2/VA Workshop on Natural Language Processing Challenges for
Clinical Records proposed the tasks: concept extraction, assertion classification task
and a relation classification task (Uzuner et al., 2011). I used the relation test dataset,
because it contains unannotated clinical notes. I selected 50 reports. Due to time
limitations I could not annotate more than this amount. The annotation process is
explained below.

The synthetic database should be in Dutch, because the EMR data of EMC is in
Dutch. I could not find a Dutch database containing narrative clinical notes. There-
fore, I translated the 50 selected notes of the n2c2 dataset to Dutch via the generic
neural machine translation system DeeplPro. DeeplPro is the confidential version of
Deepl which deletes files after translating and does not store any information on those
files.3 Using a confidential translator was necessary, because the data could consist of

2I was allowed to go to EMC to explore the data. I looked into the EMR data to know what the
characteristics of the data are.

3https://www.deepl.com/pro.html#developer

https://www.deepl.com/pro.html##developer
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privacy sensitive information, although the n2c2 dataset contains anonymized reports.
Furthermore, DeeplPro is a translator with high quality translations (Volkart et al.,
2018; Reber, 2019). However, this is obtained for general texts. I could not find an
openly available and confidential biomedical translator. The dataset was checked by a
healthcare professional of EMC. She confirmed that this dataset is comparable to their
EMR data.4

I annotated the 50 clinical notes by labeling the indicator conditions, risk factors
and related medications, see Appendix D for an example note. I created an Excel file
where the first column contains the name of the note and the second column the HIV
indicator. When an HIV indicator occurs multiple times in one note, I created separate
rows for each HIV indicator.

The dataset consists of 23 555 words in total. Table 4.1 shows the distribution of
the HIV indicators over the synthetic dataset, 100 in total. The first column shows the
unique HIV indicators, the second the total amount of HIV indicators in the synthetic
dataset. The third column shows the total amount of all HIV indicators.

Unique HIV Indicators Total in dataset Total in general

Indicator Conditions 29 77 188
Risk Factors 4 9 84

Related Medications 8 14 74

Table 4.1: Distribution of the HIV indicators among the 50 clinical notes.

4.3 Experiments

The experiments I performed are shown in Table 4.2 and are numbered according to
the order I executed them. QuickUMLS with either the Dutch or English version of
UMLS is used for experiment 1-8. Experiment 9 is executed with the Dutch version of
UMLS and complemented with the English version for the biomedical terms the Dutch
version did not contain. This is also done for experiment 10 and complemented with
regular expressions for the terms both the Dutch and English versions did not contain.

4.4 Evaluation

The three HIV indicator lists, experiments 1-6, are evaluated by using the degree of
recognition: fully, partly and not recognized. Fully recognized means the concept is
recognized in its exact form, e.g. ”hepatitis A” to ”hepatitis A”. Partly recognized
means that a part of the term is recognized, e.g. ’toxoplasma chorioretinitis’ is mapped
to ’chorioretinitis’ only. Not recognized means that QuickUMLS did not find any
concept to match the term.5 I discuss the results per indicator group and version of
UMLS. This gives a clear overview of the coverage of the Dutch and English lexicons

4I cannot provide this synthetic dataset, because access to the English dataset n2c2 is only given
with permission of DBMI.

5I created a script that compares each HIV indicator in the list with the recognized biomedical term
of QuickUMLS. If the terms are identical, I counted the term as fully recognized. If the terms are
not identical, but there is a similarity score obtained by QuickUMLS, I counted the term as partly
recognized. When nothing was recognized, this means there is no match, the term is counted as not
recognized.
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String Matching Variant Version UMLS Executed on

QuickUMLS

Dutch 1. HIV Indicator Conditions
Dutch 2. Risk Factors
Dutch 3. Related Medications

English 4. HIV Indicator Conditions
English 5. Risk Factors
English 6. Related Medications
Dutch 7. 50 Clinical Notes

English 8. 50 Clinical Notes
Dutch and English 9. 50 Clinical Notes

QuickUMLS and Regular Expressions Dutch and English 10. 50 Clinical Notes

Table 4.2: Overview of the experiments performed with QuickUMLS with both the
Dutch and English versions of UMLS and regular expressions using Python.

and which parts should be improved. It also shows that complementing the Dutch
version with the English version is a useful addition.

The extraction of concepts in the 50 clinical notes, experiments 7-10, will be eval-
uated by using precision, recall and F-scores. These are generally used measures for
information extraction systems (Makhoul et al., 1999). Precision measures the accu-
racy of the model. It shows how many of the predicted positives are actual positives.
Here it means, how many of the identified indicator conditions are actual indicator
conditions? Recall shows how many of the actual positives are retrieved. It measures
how complete the extraction is. Here it means, how many indicator conditions of the
total sum are retrieved? F-score is the harmonic mean between precision and recall
and shows the general performance of the model. According to Kim et al. (2019), it is
plausible that healthcare professionals are less interested in F-scores than in recall and
precision. This is because F-scores are a more general metric and do not show where
the system should be improved (accuracy or completeness). Therefore, I will discuss
precision and recall in more detail in Chapter 6. For the three HIV indicator lists I did
not use the generally used measures precision, recall and F-score. Many terms, see the
next chapter, are recognized partly. Using these measures will obtain very low recall
scores. E.g. the HIV indicator ’toxoplasma chorioretinitis’ recognized as ’chorioretini-
tis’ will not be counted as a retrieved HIV indicator. However, QuickUMLS recognizes
a part of the HIV indicator. This is informative and should not be omitted, because
EMC prefers higher recall over higher precision. They rather want to test more people
than missing one patient who should have been tested on HIV.

I obtained the evaluation scores by comparing the manually annotated file with
the results obtained by QuickUMLS or regular expressions using Python. This script
selected the concept with the highest similarity score for each recognized term by Quick-
UMLS. These terms are compared with the manually annotated file per clinical note.
The correctly identified, not identified and wrongly identified terms are counted auto-
matically. This is also done for the regular expressions. The code can be found here:
https://github.com/lucameima/Internship-Project-MyT.

https://github.com/lucameima/Internship-Project-MyT


Chapter 5

Results

In this chapter I show and discuss the results of the experiments, discussed in the
previous chapter and shown in Table 4.2. For both the Dutch and English versions of
UMLS I will give the results for the indicator conditions, risk factors and medications.
After that I show the results for the clinical notes with both the Dutch and English
lexicons. The English results are mainly discussed in relation to the Dutch version.
Lastly, I show the results of the extraction of QuickUMLS and regular expressions
together for the 50 notes. In Chapter 6 I will discuss the results in relation to existing
research, the research question and future work.

5.1 QuickUMLS - HIV Indicators

In this section I show the results of the extraction of QuickUMLS on the three HIV
indicator lists. The results are based on the degree of recognition: fully, partly and not
recognized, see Section 4.4 for an explanation. These experiments are numbered 1-6 in
Table 4.2.

5.1.1 Dutch Version UMLS

Table 5.1 shows the results of the HIV indicators processed with QuickUMLS and
the Dutch version of UMLS. Relatively more indicator conditions are recognized in
comparison to the risk factors and medications. Almost no risk factors and medications
are recognized.

Fully Recognized Partly Recognized Not Recognized Total

Indicator Conditions 49 (26,1%) 112 (59,6%) 27 (14,4%) 188
Risk Factors 1 (1,2%) 1 (1,2%) 82 (97,6%) 84
Medications 1 (1,4%) 0 73 (98,6%) 74

Table 5.1: Recognition scores of QuickUMLS and the Dutch version of UMLS. Executed
on the three HIV indicator lists.

Indicator Conditions

In total there are 188 Dutch indicator conditions. Most of the indicator conditions
are recognized partly. In total 406 times QuickUMLS mapped a term to a biomedical
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concept. This means that also parts of indicator conditions are mapped. Moreover,
some strings are mapped to different biomedical concepts. E.g. ’hepatitis’ is mapped to
’hepatitis’, but also to all different kinds of hepatitis (A-H). Also, some indicator condi-
tions consisting of multiple terms are mapped to several distinct biomedical concepts.
The indicator condition ’neuropathie van nervus peroneus’ (peripheral neuropathy) is
mapped to the concept ’nervus peroneus’ and to ’neuropathie’, but not to the whole
phrase. The best match is selected.

Most indicator conditions are recognized partly. This is not due to the number of
words. E.g. the complex concept ’gegeneraliseerde vergrote lymfklieren’ (the English
indicator condition is unexplained lymfadenopathy), consisting of three words, is rec-
ognized fully. The indicator condition ’Hodgkin lymfoom’, two words, is recognized
as Hodgkins. ”Histoplasma”, one word, is not recognized. Some indicator conditions
contain an adjective, such as ’chronish’ (chronic) or ’acuut’ (acute). QuickUMLS does
recognize these words in relation to the particular disease or bacteria, but not always.
’Chronische nierziekte’ (related to chronic renal impairment) is mapped to ’nierzieke’,
but ’chronische hepatitis C’ is mapped to ’chronische hepatitis C’. However, some adjec-
tives are only recognized and wrongly connected to the disease. ’Chronische nierziekte,
niet gespecificeerd’ (unspecified) is mapped to several diseases with the adjective ’niet
gespecificeerd’, such as ’astma, niet gespecificeerd’ (asthma). Adjectives which are
very specific to a certain condition are not always recognized, e.g. ’Seborroisch eczeem’
(Seborrheic exanthema) is recognized as ’eczeem’ only.

Risk Factors

Only two risk factors are recognized: ’methadon’ (semantic type: injury or poisoning)
and ’transgender’ (semantic type: finding). It was to be expected that QuickUMLS does
not recognize country names, since these are no biomedical entities. However, it does
not recognize other drugs, which are biomedical entities, such as ’morfine’ (morphine).

Related Medications

Although QuickUMLS has the UMLS semantic types concepts ’clinical drug’ and ’lab-
oratory procedure’, it recognized only ’hydrocortison’ out of the 74 medications. An
explanation could be that the compilers of the Dutch version of UMLS are not yet
focused on adding medications and drugs to the lexicon.

5.1.2 English version UMLS

Table 5.2 shows the results of the three HIV indicator lists processed with the English
UMLS version. Medications are recognized most (fully and partly) in comparison to
the indicator conditions and risk factors.

Fully Recognized Partly Recognized Not Recognized Total

Indicator Conditions 14 (7,4%) 96 (51,1%) 78 (41,5%) 188
Risk Factors 5 (6,0%) 10 (12,0%) 69 (82,1%) 84
Medications 25 (33,8%) 44 (59,5%) 5 (6,8%) 74

Table 5.2: Recognition scores of QuickUMLS and the English version of UMLS. Exe-
cuted on the 3 HIV indicator lists.
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Indicator Conditions

As for the Dutch version of UMLS, most indicator conditions are recognized partly.
More indicator conditions are not recognized by the English version (41,5% versus
14,4%). Two indicator conditions are fully recognized by the English version and partly
by the Dutch version: ’toxoplasma chorioretinitis’ as ’chorioretinitis’ and ’candida bal-
anitis’ as ’balanitis’.

Recognized indicator conditions have Latin-like names, such as ’candidiasis’. When
the indicator condition has a merely Dutch name, such as ’baarmoederhalskanker’ (cer-
vical cancer) or ’longontsteking’ (pneumonia), the English version did not recognize
the term.

There are seven indicator conditions which are not recognized by the Dutch version,
but partially by the English version, e.g. ’progressieve multifocale leuco-encephalopathy’,
recognized as encephalomyelopathy and ’Epstein-barr virus’ recognized as Epstein.

Risk Factors

Although the Dutch version recognizes more indicator conditions than the English ver-
sion, the English version recognizes more risk factors (12% versus 1,2%). It recognizes
the drugs, such as ’opioids’ and ’heroin’, and the country ’Trinidad’. Also ’methadone’
and ’transgender’, the risk factors recognized by the Dutch version, are recognized.
Again here, these are names which still have the Latin or Greek root, or are words
which are very comparable in English, e.g. ’heröıne’ (Dutch) and heroin (English).

Medication Use

25 medications are recognized, only 6,8% is not recognized. Also the partially recog-
nized medications are recognized at a high rate: 44 in total. These high scores are
due to the minor spelling difference between Dutch and English for these (partly) rec-
ognized medications, e.g.: ’glatirameer’ and ’caspofungine’ (Dutch) and respectively
glatiramer and caspofungin (English). The recognized medication ’hydrocortison’ by
the Dutch version is recognized by the English version too. It shows that the English
version of UMLS is more extended than the Dutch version of UMLS regarding drugs
and medications.

5.2 QuickUMLS - Clinical Notes

The 50 clinical notes are processed with first QuickUMLS and the Dutch version of
UMLS (experiment 7). Secondly, with the English version of UMLS (experiment 8).
Thirdly with the Dutch version of UMLS and complemented with the English version
for the biomedical terms the Dutch version did not contain (experiment 9). Table 5.3
shows the results.

5.2.1 Dutch Version UMLS

With a precision of 0,85, the accuracy of the model is high. However, recall is 0,6. This
is because no risk factors and no medications are identified in the notes. See Table 5.1
for the low recognition scores of the Dutch version of UMLS for the risk factors and
medications.
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5.2.2 English Version UMLS

QuickUMLS mapping the biomedical terms to the English version of UMLS has less
accurate extraction than the Dutch version of UMLS. This is due to the language
difference: words are not mapped to the the exact same word. See again the example
’glatirameer’ (Dutch) and glatiramer (English) with one letter difference. Recall is low
for the English version of UMLS. This is because many HIV indicators are not in this
dictionary, see Table 5.2. However, all different medications in the notes are identified.

5.2.3 Dutch and English Version Combined

When both the Dutch and English versions of UMLS are used, precision is lowered and
recall is increased, relative to the Dutch version scores. This is due to the fact that the
English version does recognize more concepts, but in a less accurate way. E.g. drugs
are recognized, but not spelled in the exact way of the Dutch spelling.

Precision Recall F-score

Dutch Version 0,85 0,60 0,70
English Version 0,61 0,22 0,32

Dutch and English combined 0,82 0,67 0,74

Table 5.3: Evaluation scores of QuickUMLS and the Dutch and English versions of
UMLS. Executed on the 50 clinical notes.

5.3 QuickUMLS and Regular Expressions - Clinical Notes

Regular expressions are used for the HIV indicators which were not covered by the
Dutch and English version of UMLS. Regular expressions are only used in combination
with QuickUMLS. Table 5.4 shows again the results of QuickUMLS with the Dutch
and English version and the results of these versions together with regular expressions
(RexEx). This is experiment number 10 in Table 4.2.

Precision Recall F-score

Dutch and English combined 0,82 0,67 0,74
Dutch, English and RegEx combined 0,84 0,79 0,82

Table 5.4: Evaluation scores of both QuickUMLS and the Dutch and English versions
of UMLS and regular expressions (RexEx) together. Executed on the 50 clinical notes.

When QuickUMLS is complemented with regular expressions, the evaluation scores
show that precision increases with 0.02 and recall with 0,12. F-score is increased with
0,08. Note, recall is not 1, i.e. all HIV indicators are recognized. This is because
regular expressions are only used for the concepts which are not recognized by both
the Dutch and English versions of UMLS. Some terms are mapped partly and therefore
not retrieved fully.

5.4 Summary

Table 5.5 shows the results of the experiments 7-10. These are the experiments executed
on the 50 clinical notes.
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Precision Recall F-score

Dutch Version 0,85 0,60 0,70
English Version 0,61 0,22 0,32

Dutch and English combined 0,82 0,67 0,74
Dutch, English and RegEx combined 0,84 0,79 0,82

Table 5.5: Evaluation scores of all experiments executed on the 50 clinical notes with
(both) QuickUMLS and the Dutch and English versions of UMLS and regular expres-
sions (RexEx) together.

Only using the Dutch version of UMLS gives highest precision scores. Highest
recall and F-scores are obtained with the Dutch and English versions of UMLS to-
gether complemented with regular expressions. Lowest evaluation scores are obtained
by QuickUMLS and the English version of UMLS only. In the next chapter I discuss
what the results mean in relation to the internship and overall project.



Chapter 6

Discussion

The goal of this project is to identify possible HIV indicators in Dutch clinical narrative
text as first step of the CDS system in order to know which improvements can be
made. In this chapter the implemented methods to obtain this goal and the results are
evaluated. Furthermore, the results are discussed in relation to existing work and to
the research question. The chapter concludes with a section about future work that
goes beyond the improvements that should be made regarding the overall project.

6.1 Method and Results

The method used in this project is limited, since QuickUMLS and regular expressions
are simple string matching techniques. English biomedical NLP tools, e.g. cTAKES
and HITEx, have more NLP features such as finding negation and relations between
entities. I did not use these tools, since these are not available for Dutch biomedical
texts. QuickUMLS only maps strings to a dictionary. In this way ’longontsteking’
(pneumonia) and ’tongontsteking’ (tongue inflammation) with only one letter difference
are both mapped to the concept ’Longontsteking’ with the same similarity score (0,846).
This is corrected in the code by ignoring case. Also, it does not recognize compositions.
E.g. for the composition ’maag - en hartzweer’ (stomach and heart ulcer) only the words
together ’hartzweer’ (heart ulcer) are recognized and not ’maagzweer’ (stomach ulcer).1

This shows that QuickUMLS is purely a string matching tool. However, the only one
available for Dutch biomedical texts.

Using regular expressions does account for the unrecognized HIV indicators, but
lexical variants are not captured by it. However, it can be assumed that most HIV
indicators with their variants are identified by regular expressions. Because a healthcare
professional of EMC kept a list where lexical variants of the HIV indicators are stored.
Variants which were found till the moment of the implementation of methods are used
for identification. However, it is preferable to use a tool that accounts for the lexical
variants, because it is very plausible that a healthcare professional uses another lexical
variant which is not yet included in the list. An example of a lexical variant which
is also an HIV indicator is: ’nierfalen’ (renal failure) and ’nierinsufficiëntie’ (renal
impairment). Hence, EMC does not have to keep a list with lexical variants of the HIV
indicators.

1In Dutch is it very common to abbreviate words by placing a center dash after the word which
should be followed by the same composition part as the second word, in this case ’zweer’ (ulcer).
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The results of processing the three HIV indicator lists show that the Dutch version
of UMLS consists of almost no HIV risk factors and related medications (about 98%
is not recognized). The English database covers more risk factors (6,0% fully and
12,0% partly) and more medications (33,8% fully and 59,5% partly). The indicator
conditions are mostly recognized partly for both the Dutch and English versions. These
results show that improvements should be made by increasing the coverage of the
Dutch and English lexicons of MyTomorrows. Furthermore, the results demonstrate
that implementing QuickUMLS with the English lexicon are a useful addition to the
identification of Dutch HIV indicators.

The results of processing the synthetic database show that QuickUMLS and the
Dutch version of UMLS has highest precision scores. When implementing the English
version too, recall is increased, but precision lowered. This is because more HIV in-
dicators are recognized, but in a less accurate way. Complementing QuickUMLS with
regular expressions increases recall and F-score, because more HIV indicators are re-
trieved. These results indicate that HIV indicators are identified in the narrative texts
most when implementing the two versions of QuickUMLS and regular expressions in
combination. The extraction is more accurate when implementing the Dutch version
of QuickUMLS only, however this is only a difference of 0,01. Therefore, it is recom-
mended to use both the Dutch and English versions of UMLS. Discussed previously,
regular expressions do not account for lexical variants. It is therefore recommended
to use a tool which does account for lexical variants. Because the Dutch and English
versions of UMLS do not contain all HIV indicators and their lexical variants, regular
expressions are a useful addition for this internship project.

However, the generalizability of the results is limited, because the synthetic dataset
contains only a subset of all HIV indicators, see Table 4.1. Due to inaccessibility of
data and lack of time I could not obtain a dataset which consists of all possible HIV
indicators. Scores could differ significantly when all HIV indicators are represented in
the clinical notes. The Dutch and English version of UMLS obtain high evaluation
scores for the clinical notes, but low scores for the three HIV indicator lists. Only
26,1% indicator conditions are recognized fully by the Dutch version of UMLS and
7,4% by the English version. For the risk factors and medications this is even less,
except for the medications: 33,8% is recognized fully by the English version. It could
be that the 41 different HIV indicators in the synthetic dataset frequently occur in
clinical notes in any clinical environment. These frequently occurring HIV indicators
are probably biomedical terms which are therefore captured in the Dutch en English
versions of UMLS. If these are frequently occurring HIV indicators, this could also be
the case for the EMR data of EMC. The evaluation scores for the clinical notes are
able to be generalized. However, this is not assured.

6.2 Existing Work

The discussed related work in Chapter 2 showed that biomedical text mining is a
growing research field. The field is mainly focused on English. Nowadays, English is
the dominant language in scientific publications (Ferguson et al., 2011). Biomedical
text mining is needed in other languages than English as well. This shows again the
gap between research and the real world. Although the internship project meets real-
life problems, it cannot make use of advanced biomedical NLP tools, since these are
not available for Dutch.
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A difference between the presented research and the overall project is that the
research searches for yet unknown information in literature or clinical data. For the
overall project it is very clear which information should be identified and when a patient
should be recommended an HIV test. One could argue that QuickUMLS and the
Dutch version of UMLS would suffice if the lexicon is updated with all HIV indicators.
However, only identifying HIV indicators is not enough. More advanced NLP techniques
should show if the patient is presenting with the identified HIV indicator. Because an
identified HIV indicator would not necessarily mean that the patient has this HIV
indicator. E.g. if the patient had hepatitis A in the past, this person should not be
recommended an HIV test, although the HIV indicator ’hepatitis A’ is identified.

6.3 Improvements

Results show that evaluation scores are high when both QuickUMLS with Dutch and
English versions of UMLS and regular expressions are used. Only using the Dutch
version of QuickUMLS is not recommended since recall is low. However, implementing
both Dutch and English lexicons is up to 4,7 slower than iterating over the Dutch
database only. On the one hand it is recommended to focus on extending the Dutch
lexicon only instead of combining two lexicons, since the CDS system will run over
thousands of electronic medical records weekly. However, it is not sure if the speed
of the CDS system is a prerequisite. On the other hand, a health care professional of
EMC stated that the preference lays in higher recall than higher precision. It could
be that a patient who should have been recommended testing is not selected, because
precision is too high. Therefore, using the English database is useful, since it increases
recall and precision is still high.

Lexicon-based approaches are often complemented with another approach, because
no lexicon contains all biomedical entities (Simpson and Demner-Fushman, 2012). How-
ever, this project contains a demarcated set of biomedical entities which should be
identified. Therefore, it is manageable to focus on the lexicon-based approach only.
Therefore, the coverage of the Dutch lexicon should be increased by adding this set of
HIV indicators to the lexicon.

It is not recommended to use regular expressions instead of increasing the coverage
of the lexicon, because it does not map words to a concept. It only searches for the bare
string. Biomedical terms which are spelled in a different way will not be recognized.
Implementing an inexact string matching tool will correct for this. However, this does
not capture lexical variants which differ greatly in spelling.

6.4 Future Work

The above recommendations are about the identification of possible HIV indicators.
Once this identification is improved, the focus should lay on entity linking, relation
extraction and other tasks which are important in deciding in if the identified possible
HIV indicator is a present HIV indicator. Moreover, it is suggested to train a classifier
with the HIV indicators from both unstructured and structured EMR data as the
research discussed in Chapter 2. This could possibly reveal new connections between
HIV indicators or reveal new HIV indicators and therefore provide information that
goes beyond the information provided by the guidance of the platform EuroTEST
(HIV in Europe, 2012).



Chapter 7

Conclusions

This internship project aimed to show which improvements can be made with regard
to the identification of HIV indicators in Dutch clinical narrative texts by using Quick-
UMLS. To do this, first the three lists with indicator conditions are processed with
QuickUMLS and the Dutch and English version of UMLS. The results show clearly
that the coverage of the lexicons is small. The Dutch version contains more HIV indi-
cator conditions, but more risk factors and medications are recognized by the English
version. This shows that implementing the English version too is a useful addition to
the Dutch lexicon. Secondly, the synthetic database, 50 translated Dutch clinical notes
containing HIV indicators, is processed with QuickUMLS and the Dutch and English
versions of UMLS seperately and together. Lastly, it is processed with both versions
and complemented with regular expressions. The results show that using QuickUMLS
with the Dutch and English versions of UMLS complemented with regular expressions
obtain highest recall and F-score. When using only QuickUMLS, precision is high, but
recall is low. Using only the Dutch version achieves the highest precision score and low
recall.

EMC prefers higher recall over higher precision. Because it could have major impli-
cations when a patient is not selected for testing who appears to have HIV. Therefore,
using both versions is preferred. However, using two lexicons takes up to 4,7 more
time than using the Dutch database only. If the speed of the CDS system appears to
be very important, it is recommended to improve recall by increasing the coverage of
the Dutch database only. Furthermore, it is recommended to increase the coverage of
the lexicon instead of using regular expressions, because they do not capture lexical
variants. Limitations of the methods and results are discussed previously.

Future work should focus on other NLP tasks that focus on the presence of an HIV
indicator. Only identifying HIV indicators does not necessarily mean that a patient has
this particular HIV indicator. Furthermore, a classifier should be implemented which
can probably reveal new connections between HIV indicators and other biomedical
entities.
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Appendix A

Indicator Conditions

• Specialty: Neurology and neurosurgery

– Cerebral toxoplasmosis

– Lymphocytic meningitis

– Progressive multifocal leucoencephalophathy

– Guillain-Barré syndrome

– Mononeuritis

– Subcortical dementia

– Multiple sclerosis-like disease

– Peripheral neuropathy

– Primary space occupying lesion of the brain

• Specialty: Dermatology

– Seborrheic dermatitis/exanthema

– Severe or recalcitrant or atypical psoriasis

• Specialty: Gastroenterology / hepatology

– Cryptosporidiosis diarrhea >1 month

– Microsporidiosis >1 month

– Isosporiasis >1 month

– Unexplained chronic diarrhoea

• Specialty: Oncology

– Kaposi’s sarcoma

– Primary lung cancer

– Anal cancer/dysplasia

• Specialty: Gynecology / Obstetrics

– Cervical cancer

– Pregnancy (implications for unborn child)
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– Cervical dysplasia

• Specialty: Hematology

– Lymphoma, non-Hodgkin

– Malignant lymphoma

– Unexplained leukocytopenia / thrombocytopenia, >4 weeks

– Unexplained lymfadenopathy

– Idiopatic/Thrombotic thrombocytopenic purpura

• Specialty: Infectious diseases / Internal medicine

– Tuberculosis / Myobacterium tuberculosis (extra)pulmonary / Mycobac-
terium avium complex or mycobacterium kansasii / Mycobacterium other
species

– Pneumonia recurrent (2 or more episodes in 12 months) / community ac-
quired pneumonia

– Pneumocystis carinii pneumonie

– Cryptococcosis, extrapulmonary

– Salmonella septicaemia, recurrent

– Cytomegalovirus other (except liver, spleen, glands) / Cytomegalovirus re-
tinitis

– Herpes simplex ulcer(s), >1 month / bronchitis / pneumonitis

– Candidiasis bronchial / tracheal / lungs / oral / Candidiasis, oesophageal /
Candidaemia / Candidiasis

– Histoplasmosis, disseminated / extrapulmonary

– Coccidiomycosis, disseminated / extrapulmonary

– Atypical disseminated leismaniasis / Visceral leismaniasis

– Reactivation of American trypanosomiasis (meningoencephalitis or myocardi-
tis)

– Penicilliosis, disseminated

– Sexually transmitted infections

– Hepatitis B or C (acute or chronic)

– Hepatitis A

– Mononucleosis-like illness

– Invasive pneumococcal disease

– Herpes Zoster

– Unexplained weightloss

– Unexplained fever

• Specialty: Rheumatology

– Auto-immune disease treated with aggressive immuno-suppresive therapy
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• Specialty: Nephrology

– Unexplained chronic renal impairment

• Specialty: Dentistry

– Oral hairy leukoplakia



Appendix B

Risk Factors

B.1 Endemic HIV Countries

• Angola

• Antigua and Barbuda

• Aruba

• Bahamas

• Barbados

• Belize

• Benin

• Botswana

• Burkina Faso

• Burundi

• Cameroon

• Cape Verde

• Central African Republic

• Chad

• Congo

• Congo, the Democratic Republic of
the Cote d Ivoire

• Curaçao

• Djibouti

• Dominican Republic

• Equatorial Guinea

• Eritrea

• Ethiopia

• Gabon

• Gambia

• Ghana

• Guinea

• Guinea-Bissau

• Guyana

• Haiti

• Jamaica

• Kenya

• Lesotho

• Liberia

• Malawi

• Mali

• Mauritius

• Mozambique

• Namibia

• Netherlands Antilles

• Nigeria
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• Rwanda

• Saint Vincent and the Grenadines

• Sierra Leone

• South Africa

• South Sudan

• Suriname

• Swaziland

• Tanzania, United Republic of

• Thailand

• Togo

• Trinidad and Tobago

• Turkey

• Uganda

• Ukraine

• Zäıre

• Zambia

• Zimbabwe

B.2 Sexual Related Risk Factors

• Unprotected sexual contact

• Prostitution/Contact with prostitute

• Bisexual

• Fisting

• MSM (men who sex with men)

• Homosexual

• Transgender

B.3 Drug Related Risk Factors

• IV drugs (intravenous drug use)

• Heroine

• Cocaine

• Morphine

• Opioids

• Methadone

• Amphetamine

• Methamphetamine

• Ketamine

• Slamming/slam



Appendix C

Medication Use

Within brackets the the related HIV indicator condition. Note, a person should not
necessarily have the HIV indicator condition when using this medication.

• Aciclovir (Herpes Zoster + Herpes simplex ulcer(s), >1 month / bronchitis /
pneumonitis)

• Aciclovir -oculair (Herpes simplex ulcer(s), >1 month / bronchitis / pneumonitis)

• Acitretine (Severe or recalcitrant or atypical psoriasis)

• Adefovir (Hepatitis B or C (acute or chronic))

• Albendazol (Microsporidiosis, >1 month)

• Ambisome + flucytosine (Cryptococcosis, extrapulmonary)

• Amfotericin B (Histoplasmosis, disseminated / extrapulmonary + Coccidiomyco-
sis, disseminated / extrapulmonary + Atypical disseminated leismaniasis / Vis-
ceral leismaniasis + Penicilliosis, disseminated)

• Anidulafungin (Candidiasis bronchial / tracheal / lungs / oral / Candidiasis,
oesophageal / Candidaemia / Candidiasis)

• Azitromycine (Sexually transmitted infections)

• Benzathinebenzylpenicilline(Sexually transmitted infections)

• Benznidazole (Reactivation of American trypanosomiasis (meningoencephalitis or
myocarditis))

• Benzylpenicilline (Sexually transmitted infections)

• Betamethason (Seborrheic dermatitis/exanthema)

• Caelyx (Kaposi’s sarcoma + Conditions requiring aggressive immuno-suppressive
therapy - Cancer)

• Calcipotriolzalf (Severe or recalcitrant or atypical psoriasis)

• Caspofungine (Candidiasis bronchial / tracheal / lungs / oral / Candidiasis, oe-
sophageal / Candidaemia / Candidiasis)
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• Ceftriaxon (Sexually transmitted infections)

• Cladribine (Multiple sclerosis-like disease)

• Cotrimoxazol (Cerebral toxoplasmosis)

• Cotrimoxazol (Pneumocystis carinii pneumonie (PCP))

• Dasabuvir (Hepatitis B or C (acute or chronic))

• Dimethylfumaraat (Multiple sclerosis-like disease)

• Ditranol (Severe or recalcitrant or atypical psoriasis)

• Dolutegravir + tenovofir + emtricitabine (Sexually transmitted infections)

• Donepezil (Subcortical Dementia)

• Doxycycline (Sexually transmitted infections)

• Elbasvir + grazoprevir (Hepatitis B or C (acute or chronic))

• Entecavir (Hepatitis B or C (acute or chronic))

• Ethambutol (Tuberculosis / Myobacterium tuberculosis (extra)pulmonary / My-
cobacterium avium complex or mycobacterium kansasii / Mycobacterium other
species)

• Fampridine (Multiple sclerosis-like disease)

• Fluconazol (Cryptococcosis, extrapulmonary + Candidiasis bronchial / tracheal
/ lungs / oral / Candidiasis, oesophageal / Candidaemia / Candidiasis + Histo-
plasmosis, disseminated / extrapulmonary)

• Foscarnet (Cytomegalovirus other (except liver, spleen, glands) / Cytomegalovirus
retinitis)

• Fumagillin (Microsporidiosis, >1 month)

• Ganciclovir (Cytomegalovirus other (except liver, spleen, glands) / Cytomegalovirus
retinitis)

• Glatirameer (Multiple sclerosis-like disease)

• Glecaprevir + pibrentasvir (Hepatitis B or C (acute or chronic))

• Hydrocortison (Seborrheic dermatitis/exanthema)

• Imiquimod (Anal cancer/dysplasia)

• Interferon beta-1a (Multiple sclerosis-like disease)

• Isoniazide (Tuberculosis / Myobacterium tuberculosis (extra)pulmonary / My-
cobacterium avium complex or mycobacterium kansasii / Mycobacterium other
species)
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• Isoniazide + rifampicine (Tuberculosis / Myobacterium tuberculosis (extra)pulmonary
/ Mycobacterium avium complex or mycobacterium kansasii / Mycobacterium
other species)

• Itraconazol (Candidiasis bronchial / tracheal / lungs / oral / Candidiasis, oe-
sophageal / Candidaemia / Candidiasis + Histoplasmosis, disseminated / extra-
pulmonary)

• IVIg (Guillain-Barré syndrome)

• Ketoconazol creme/shampoo (Seborrheic dermatitis/exanthema)

• Ledipasvir + sofosbuvir (Hepatitis B or C (acute or chronic))

• Memantine (Subcortical Dementia)

• Micafungine (Candidiasis bronchial / tracheal / lungs / oral / Candidiasis, oe-
sophageal / Candidaemia / Candidiasis)

• Miltefosuine (Atypical disseminated leismaniasis / Visceral leismaniasis)

• Mitoxantron (Multiple sclerosis-like disease)

• Nifurtimox (Reactivation of American trypanosomiasis (meningoencephalitis or
myocarditis))

• Nitazoxanide (Cryptosporidiosis diarrhea, >1 month)

• Nystatine (Candidiasis bronchial / tracheal / lungs / oral / Candidiasis, oe-
sophageal / Candidaemia / Candidiasis)

• Ocrelizumab (Multiple sclerosis-like disease)

• Paritaprevir + ritonavir + ombitasvir (Hepatitis B or C (acute or chronic))

• Paromomycine (Cryptosporidiosis diarrhea, >1 month)

• Peginterferon beta-1a (Multiple sclerosis-like disease)

• Pimecrolimuszalf (Severe or recalcitrant or atypical psoriasis)

• Pyrazinamide (Tuberculosis / Myobacterium tuberculosis (extra)pulmonary /
Mycobacterium avium complex or mycobacterium kansasii / Mycobacterium other
species)

• Pyrimethamine + sulfadiazide (Cerebral toxoplasmosis)

• Rifabutine(Tuberculosis / Myobacterium tuberculosis (extra)pulmonary / My-
cobacterium avium complex or mycobacterium kansasii / Mycobacterium other
species)

• Rivastigmine (Subcortical Dementia)

• Seleensulfide (Seborrheic dermatitis/exanthema)

• Sofosbuvir (Hepatitis B or C (acute or chronic))
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• Sofosbuvir + velpatasvir + voxilaprevir (Hepatitis B or C (acute or chronic))

• Tacrolimuszalf (Severe or recalcitrant or atypical psoriasis)

• Tenofovir + emtricitabine (Sexually transmitted infections)

• Tenofovir alafenamide (Hepatitis B or C (acute or chronic))

• Tenofovir disoproxil fumaraat (Hepatitis B or C (acute or chronic))

• Teriflunomide (Multiple sclerosis-like disease)

• Triamcinolon 0.1% creme (Seborrheic dermatitis/exanthema)

• Valaciclovir (Herpes simplex ulcer(s), >1 month / bronchitis / pneumonitis +
Herpes Zoster)

• Valganciclovir (Cytomegalovirus other (except liver, spleen, glands) / Cytomegalovirus
retinitis)

• Velpatasvir + sofosbuvir (Hepatitis B or C (acute or chronic))

• Voriconazol (Candidiasis bronchial / tracheal / lungs / oral / Candidiasis, oe-
sophageal / Candidaemia / Candidiasis)



Appendix D

Example Note

(Variables are in bold letters)

125667950
PRGH
10805085
360731
10/22/2000 12:00:00 UUR
CHRONISCHE LYMFOCYTISCHE LEUKEMIE
Ondertekend
DIS
Toelatingsdatum :
10/22/2000
Rapporteer de status :
Ondertekend
Ontladingsdatum :
11/17/2000
HOOFDDIAGNOSE :
CHRONISCHE LYMFOCYTISCHE LEUKEMIE.
ANDERE PROBLEMEN :
1. FREQUENTE HOOFDPIJN .
2. CHOLECYSTITIS .
3. SPASTISCHE DARM .
4. GESCHIEDENIS VAN DE HUIDIGE ZIEKTE :
De patiënt is een 47-jarige man met een vergevorderd stadium van chronische lymfo-
cytische leukemie die werd opgenomen voor autologe beenmergtransplantatie volgens
protocol 94-055 van het Santusli-ziekenhuis . De patiënt werd oorspronkelijk gediag-
nosticeerd in 06/98 tijdens een routinematige fysieke oefening toen hij werd opgemerkt
dat hij een witte bloedlichaampje had van 20.000 , gewichtsverlies en zwelling in zijn
nek en lies . Na zijn eerste diagnose werd hij in de gaten gehouden, maar zes maanden
later ontwikkelde hij een snel toenemende leukocytose en werd hij symptomatischer.
Na een behandeling met drie cycli van fludarabine had hij 90% betrokkenheid van zijn
intratrabeculaire ruimte . Hij werd daarom behandeld met drie cycli van fludarabine in
combinatie met cytoxan . Na deze therapie bereikte hij een protocol dat in aanmerking
komt voor een minimale ziektetoestand . Hij had echter wel relatieve pancytopenie
na deze therapie . Hij werd in 08/22 naar de beenmergvoederoogst gebracht, waar-
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bij onvoldoende cellen werden verkregen om verder te gaan . Voorafgaand aan deze
opname werd hij teruggestuurd voor een herhaalde beenmergtransplantatie en op dat
moment kreeg hij Neupogen voor de oogst en werden er onvoldoende cellen verkregen
om verder te gaan met de autologe beenmergtransplantatie . Zijn meest recente been-
mergbiopsie onthulde minder dan 5% van de intratrabeculaire ruimte betrokkenheid .
Recente CT-scan toonde geen significante lymfadenopathie. De milt was binnen de
normale grenzen. MEDISCHE VOORGESCHIEDENIS :
1. Episode van longontsteking in 1996 .
2. Op 40-jarige leeftijd had hij problemen met frequente hoofdpijn .
3. Afleveringen van cholecystitis en spastische darm .
4. MEDICIJNEN BIJ OPNAME :
Geen medicijnen bij opname .
ALLERGIEËN :
Geen bekende medicijnallergieën .
SOCIALE GESCHIEDENIS :
Hij werkt als lijnpiloot voor Vent
Hij vliegt momenteel op Hwy routes. Hij was vele jaren getrouwd Hij heeft drie kinderen
. Hij is gescheiden en heeft een zeer ondersteunende nieuwe partner .
FAMILIEGESCHIEDENIS : Zijn vader had prostaatkanker . Moeder had borstkanker
. Heeft een neef met een hersentumor . Geen familiegeschiedenis van leukemie of
lymfoom . Hij heeft een zus en een broer die nog in leven zijn . Ze zijn niet HLA-
gematcht .
BEOORDELING VAN SYSTEMEN :
Bij de opname had hij geen symptomen van de bovenste luchtwegen , recente infecties ,
pijn op de borst , kortademigheid , misselijkheid of braken , verandering in de darmen
of buikpijn . Hij klaagde wel over frequente hoofdpijn . Na zijn recente beenmergoogst
had hij langdurige periodes van misselijkheid en braken . Alle andere systemen waren
negatief . LICHAMELIJK ONDERZOEK : Bij de opname .
ALGEMEEN:
Hij was goed verschijnend en in geen schijnbare nood . Prestatiestatus was 0 . VITAL
SIGNS : Gewicht 70,4 kg , temperatuur 96,5 , ademhalingssnelheid 20 , bloeddruk
105/60 , pols 76 . HUID : Onmerkbaar zonder uitslag of letsels .
HOOGTE :
Sclerae anicterisch . Leerlingen gelijk , rond en reactief op licht . Oropharynx , lippen
, tanden en tandvlees waren zonder laesies en zonder bewijs van mucositis . NECK
: Soepel met een normale schildklier . Geen cervicale , supraclaviculaire of axillaire
adenopathie .
KASTEN :
Duidelijk . HART : Hart klinkt normaal .
ABDOMEN :
Zacht , niet gevoelig , zonder enige massa en zonder enige hepatosplenomegalie . GU :
Normale testikels en penis .
EXTREMITEITEN :
Zonder knotsen , cyanose of oedeem . NEURO :
Normaal met intacte craniale zenuwen , diepe peesreflexen en normaal motorisch / sen-
sorisch onderzoek .
LABORATORIUMGEGEVENS :
Elektrolyten waren binnen de normale grenzen . Leverfunctietests waren binnen de
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normale grenzen . Het aantal witte bloedcellen 10,4 , hemoglobine 11,9 , bloedplaatjes
124 , PT en PTT waren binnen de normale grenzen .
ZIEKENHUISCURSUS :
1 ) Oncologie : De patiënt werd opgenomen op 10/22/00 en kreeg cytoxan en totale
lichaamsbestraling per protocol . Autologe beenmerginfusie vond plaats op 10/29/00
en was onbewogen . Zijn post-transplantatiecursus werd gecompliceerd door pijn van
mucositis en recalcitrante misselijkheid en braken . De patiënt tolereerde geen antiemet-
ica goed en vervolgens werd besloten om fenothiazides te vermijden die ondergeschikt
waren aan de nervositeit en de rusteloze benen .
2 ) Besmettelijke ziekte :
De patiënt bleef dronken tot dag +11 toen hij een piek kreeg en begon met ceftazidime
. Bloedkweken en urinekweken waren allemaal negatief .
3 ) Heme :
De patiënt kreeg intermitterende transfusies voor pancytopenie.
4 ) FEN :
De patiënt was niet in staat om voldoende p.o.apos te tolereren in de laatste paar da-
gen. Hij was goed gevoed dus TPN werd niet gestart . I apos;s en O apos;s waren in
balans en werden onderhouden met infuusvloeistoffen .
ONTLADINGSMEDICIJNEN :
Tylenol 650 mg p.o. q. 4-6h p.r.n. hoofdpijn of pijn ; aciclovir 400 mg p.o. t.i.d.;
aciclovir actueel t.i.d. toe te passen op laesie op de mondhoek ; Peridex 15 ml p. o.
b.i.d.; Mycelex 1 troche p.o. t.i.d.; g-csf 404 mcg subcu q.d.; foliumzuur 1 mg p.o. q.d.;
lorazepam 1-2 mg p.o. q. 4-6h p.r.n. misselijkheid en braken; Miracle Cream actueel
q.d. p.r.n. perianale irritatie; Eucerin Cream actueel b.i.d.; Zantac 150 mg p.o. b.i.d.;
Restoril 15-30 mg p.o. q. h.s. p.r.n. slapeloosheid ; multivitamine 1 tablet p.o. q.d.;
viskeuze lidocäıne 15 ml p.o. q. 3u kan worden toegepast op mondhoek of lippen p.r.n.
pijnbestrijding .
CONDITIE BIJ ONTLADING :
Stabiel .
FOLLOWUP :
Follow-up afspraak met Die Anoort en Tomedankell Care op 11/18/00 om 9:30 uur (
een dag na ontslag ) . De patiënt weet dat hij elke dag naar het Sper Medical Center
moet gaan voor lijnverzorging , bloedafname en controle .
Gedicteerd door :
CONRELLIE KOTERUDES , M.D. VJ31
Het bijwonen van :
SUOT CARE , M.D. OB89 RL958/5760
Batch:
24769
Indexnummer GFNC2Z5N8Q
D :
11/22/00
T :
11/22/00
CC :
1. TOMEDANKELZORG , M.D. RE04
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