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Chapter 1

Introduction

This dissertation focuses on the development of Healthcare Information Systems
(HIS). The research designs and develops a number of HIS with various Machine
Learning (ML) and Natural Language Processing (NLP) techniques that address a
number of issues in healthcare. Further investigations are conducted on how to im-
prove HIS engineering with Open Source methodology. All chapters together present
an overview of HIS engineering in today’s healthcare.

To provide a background of this dissertation, the introduction first presents the
concepts of HIS engineering and various types of HIS related to this research in sec-
tion 1.1. Then, Open Source Software and its application in HIS engineering are dis-
cussed, respectively in section 1.2 and section 1.3. Next, the main research question
and related research questions are introduced, along with the main research methods
used to investigate them in section 1.4 and section 1.5. Finally, the remaining chapters
of this dissertation are outlined in section 1.6, and the outcomes listed in section 1.7.

1.1 Healthcare Information System Engineering

Healthcare engineering is defined as engineering involving all aspects of healthcare,
from prevention to treatment. Its purpose is to improve human health and well-being
through engineering approaches (Chyu et al., 2015). Chyu et al. (2015) lists Health-
care Information Systems (HIS) engineering as an important subject of healthcare en-
gineering. A healthcare information system is defined as a system designed to man-
age healthcare data, including data collection, processing, reporting, and analytics
of such data (Wager et al., 2021). These systems intend to provide better and timely
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decision-making with respect to patient treatments and the provision of healthcare
services (Fichman et al., 2011; Ljubicic et al., 2020). The scope of HIS engineering in-
cludes the following domains of interest: Electronic Health Record, E-Health, Data
Mining and Big Data, M-Health, Telemedicine, Wireless Technology, and Informa-
tion Security (Chyu et al., 2015). This dissertation addresses the first three domains
in depth.

1.1.1 Electronic Health Records

As a prominent example of HIS, electronic health records (EHR) have moved beyond
the simple digitization of healthcare data that are collected during routine delivery
of health care. More and more resources are dedicated to utilize data in EHR to
support clinical decision-making (Evans, 2016). For instance, the large amount of
patient data stored in the EHR consists of a large variety of free-text documents, such
as discharge summaries and medical notes. This spawned the need for the use of
NLP to read, process and transform free-text data with standardized codes such as
ATC and ICD10.

1.1.2 E-Health

An E-Health service refers to a service that uses information and communication
technology to improve healthcare (Pagliari et al., 2005). EHR is often included as one
of the common applications of E-Health. However, we consider it as a separate field
because of its size and importance in the HIS domain. Blaya et al. (2010) presents a
list of E-Health categories, including laboratory information management, pharmacy
information systems, patient registration or scheduling, monitoring, evaluation, and
patient tracking systems, clinical decision support systems, patient reminder systems
and research data collection systems. In particular, clinical decision support systems
(CDSSs) have received a lot of attention in recent years (Sutton et al., 2020). A CDSS
supports clinicians in their complex decision-making processes with a combination
of clinical knowledge, patient information, and other health information (Osheroff

et al., 2012). CDSSs are often provided to clinicians as web or mobile applications.

1.1.3 Data Mining and Big Data

Big data and data mining are among the most important topics in today’s IT world
which are discussed and applied in almost all industries and research domains (Che
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et al., 2013). Its importance in healthcare has grown significantly as a vast amount of
the healthcare data is collected and stored (Yang et al., 2021). Data mining enables
the discovery of hidden knowledge from big healthcare data so that healthcare pro-
fessionals can use such knowledge to solve real-world problems. Applications that
prove the benefits of data mining in healthcare can be found in a variety of healthcare
research (Li et al., 2013; Menger et al., 2018a; Kavakiotis et al., 2017; Carchiolo et al.,
2019; Albahri et al., 2020).

Besides the common structured data, healthcare data has a wide range of other
data types, including semi-structured and unstructured data, such as images, texts,
web pages and videos. Both researchers and practitioners in healthcare have devel-
oped or applied specific data mining techniques to cope with such data variability.
Among them, NLP is an increasingly crucial component in facilitating healthcare ser-
vices since textual data exists in almost all processes of healthcare, ranging from pa-
tient intake to discharge. Furthermore, a huge amount of healthcare literature has
been accumulated over the decades, and the number is still growing on a daily basis.
For example, in chapter 4 we investigate how to use NLP to encode patient health
records, and in chapter 5 we extract knowledge from full-text literature.

1.1.4 Trends and Challenges

Ngafeeson (2015) discussed a number of important trends in the field of HIS. The
scope of this dissertation focuses primarily on the following three trends:

From Local to Global HIS: With the development of Internet and information
security, HIS has moved beyond a single hospital. There are many HIS that are
built for national or international settings (e.g. chapter 3).

From using patient data to all healthcare data: Aside from patient data, a lot
of other healthcare related data has been accumulated, such as healthcare lit-
erature. How to uncover knowledge from a huge amount of openly accessible

full-text literature has gained more interest (e.g. chapter 6).

From Numeric Data to More Complex Types: As mentioned previously, there
are a variety of data types of healthcare data, including text, images and videos.
To fully unlock the potential of healthcare data, researchers are moving toward
analyzing more complex types of healthcare data (e.g. chapter 5).
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1.2 Open Source Software (OSS)

Open source software refers to software distributed with a license that guarantees
free access to its source code, which allows users to freely redistribute the software,
to create derived works, and to unrestrictedly use the software (Bretthauer, 2002). Its
origin could be traced back to the 1950s. Decades of development have transformed
OSS into a sophisticated engineering domain that has produced well-known open
source projects such as Linux and Apache, among many others (Midha and Palvia,
2012). Therefore, OSS is an indispensable component of today’s software industry.
To facilitate the development of OSS, a number of IT tools have been created. Among
them is GitHub, which hosts source codes of millions of OSS, and supports collabo-
ration of software developers around the world (Shen and Spruit, 2019). Therefore,
researchers have learnt more about OSS via studying open source projects hosted on
GitHub (Kalliamvakou et al., 2015; Shen and Spruit, 2019).

Openly accessible OSS can benefit the IT development of both academia and in-
dustry in many ways. To begin with, the free accessibility of OSS allows us to develop
our IT systems more efficiently by easily reusing existing tools or codes instead of cre-
ating everything from scratch. It, therefore, significantly reduces the IT development
cost and time (McDonald et al., 2003). Secondly, the open source philosophy believes
two heads are better than one, and a million heads can move mountains (Brabham,
2008). Therefore, OSS welcomes developers all around the world to contribute to the
development and maintenance of software. This ensures its reliability and robust-
ness due to the world-wide developer community. Lastly, the effective utilization of
open-source software could significantly boost IT development in developing coun-
tries, especially in resource-poor areas where there are few IT resources (Shen et al.,
2019a). Without OSS, developing countries might have difficulty building state of the
art software, and their gap with developed nations would become wider and wider.

1.3 OSS in HIS Engineering

With the progress of healthcare IT in recent years, open source software has be-
come an essential part of HIS engineering. More and more people in healthcare
advocate OSS (de Abajo and Ballestero, 2012; Nolden et al., 2013; Shen and Spruit,
2019). Moreover, numerous open source software projects are created to solve health-
care problems (Athey et al., 2013; Hansen and Serensen, 2013; Bankhead et al., 2017;
Cavelaars et al., 2015; Gibson et al., 2018). Well-known and successful examples in-
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clude openEHR (open Electronic Health Records), cTAKES (clinical Text Analysis and
Knowledge Extraction System), and others. These projects have been used in multi-
ple studies and some are even adopted in the real cinical settings. Table 1.1 shows
more details about this selection of well-known open source healthcare software.

0SS Description License Year Contributors Dev Status

As one of the most popular open

source electronic health records
openEHR and medical practice manage- GNU GPL 2002 188 Active

ment solutions, it supports a va-

riety of clinical practices.
cTAKES cTAKES is a NLP system for Apache Li- 2006 2 Active

extraction of information from cense 2.0

electronic medical record clini-

cal free-text.

OpenClinica is an open source

software for Electronic Data

Capture (EDC) and Clinical
OpenClinica Data  Management (CDM) GNULGPL 2005 22 Inactive
used to optimize clinical trial
workflow in a smart and secure
fashion.
tranSMART is a knowledge
management platform  that
enables scientists to develop
and refine research hypotheses
by investigating correlations
between genetic and phenotypic
data, and assessing their ana-
lytical results in the context of
published literature and other
work.
Gadgetron Gadgetron is an open source MIT license 2013 48 Active

software for medical image re-

construction.
NiftyNet NiftyNet is an open-source con- Apache Li- 2017 41 Inactive

volutional neural networks plat- cense 2.0

form for research in medical im-

age analysis and image-guided

therapy.

tranSMART GNU GPL 2013 45 Inactive

Table 1.1: A selection of well-known OSS in healthcare

However, given the large amount of OSS in healthcare, how to choose the most
appropriate OSS to solve a particular healthcare problem is challenging. For instance,
there are numerous OSS for EHR: OpenEMR, OSEHRA VistA, OpenMRS, GNU
Health, OSCAR, Hospital OS, and ClearHealth; each of them has its own strengths
and weaknesses (Purkayastha et al., 2019). Which OSS to use in building an EHR
system is a difficult question. As a challenging topic, reusing OSS still faces many
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difficulties, particularly in the healthcare domain (Shen. and Spruit., 2019). The lack
of resources to support the selection of OSS from tens of thousands of open source
projects is one of them. Although systematic literature studies on clinical OSS could
help us obtain a deeper understanding of the existing tools and their performances
(Rehim et al., 2017; Guaitoli et al., 2014; Marien et al., 2017), they are not particularly
useful in selecting OSS since they cover only a small proportion of the vast amount
of clinical software. Furthermore, the rapid updates of OSS in healthcare are not re-
flected appropriately due to the slow scientific publication process.

1.4 Research Questions

As previously mentioned, HIS engineering plays a crucial role in addressing vari-
ous clinical challenges, and facilitating the digitalization of healthcare. However, de-
veloping and implementing HIS in today’s healthcare organizations still faces many
challenges. Therefore, this dissertation poses the following main research question:

MRQ - How can we employ artificial intelligence technologies — such as ma-
chine learning algorithms, knowledge systems and natural language
processing techniques — based on open source principles to accelerate
healthcare information system engineering in solving real-world clini-

cal problems?

To answer the main research question, we formulate six research questions. The
first three questions focus on a specific use case. First, we design an intelligent clinical
decision support system for addressing polypharmacy reviews. Then, based on the
use case, the next three research questions investigate the use of NLP for different
biomedical/clinical challenges. The opportunities of open source clinical software

for clinical research and practices are also explored in these questions.

RQ1 - How can we design a GDPR-compliant clinical decision support sys-

tem that supports a multi-center multi-lingual clinical trial?

Polypharmacy, defined as the chronic use of multiple medications by a patient, often
leads to severe clinical problems or accidents if it is inappropriate, including adverse
drug effects, underprescribing, overtreatment, low patient compliance and decreased
drug adherence (Bjorkman et al., 2002; Claxton et al., 2001; Munger, 2010; Steinman
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et al., 2006; Wright et al., 2009). The Systematic Tool to Reduce Inappropriate Pre-
scribing (STRIP) is a clinical intervention method crafted to deal with polypharmacy
problems which are incurred by the concurrent use of multiple drugs. STRIP has been
proven to be effective and is included in the Dutch national guideline for polyphar-
macy. To boost the usage of STRIP in clinical practices, we developed a web applica-
tion called the STRIP Assistant (STRIPA) and a number of Dutch physicians further
evaluated it in terms of user-friendliness, efficiency and effectiveness (Meulendijk
et al.,, 2015a,b, 2016). However, to use the Dutch-based STRIPA tool in a large multi-
national randomized clinical trial (RCT), we need to address several issues, including
multilingual support, clinical data security, data accessibility, consistency and GDPR-
compatibility. Therefore, chapter 2 presents an overhauled STRIPA prototype with
a lightweight data integration component that supports multinational implementa-
tions, ensures data consistency across countries, and maintains data accessibility and

security.

RQ2 — How can we improve rapid and cost-effective development of clinical
NLP systems with external NLP APIs?

Natural language processing (NLP) has become essential for secondary use of clin-
ical data. Over the last two decades, many clinical NLP systems were developed
in both academia and industry. However, nearly all existing systems are restricted
to specific clinical settings mainly because they were developed for and tested with
specific datasets, and they often fail to scale up. Therefore, using existing NLP sys-
tems for one’s own clinical purposes requires substantial resources and long-term
time commitments for customization and testing. Moreover, the maintenance is trou-
blesome and time-consuming. Therefore, chapter 2 presents a lightweight approach
for building clinical NLP systems with limited resources. Following the design sci-
ence research approach, we propose a lightweight architecture which is designed to
be composable, extensible, and configurable. It takes NLP as an external component
which can be accessed independently and orchestrated in a pipeline via web APIs.
To validate its feasibility, we developed a web-based prototype for clinical concept
extraction with six well-known NLP APIs and evaluated it on three clinical datasets.
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RQ3 - How can we utilize NLP techniques to automatically extract adverse
drug reactions from the summary of product characteristics in European drug
product labels?

Drug product labels are regulatory documents required as part of the marketing au-
thorization of each medicine. They provide up-to-date and comprehensive informa-
tion about the risks, benefits, and pharmacological properties of marketed medicines.
As such, extracting the clinical knowledge stored in product labels and making it
available in the form of computationally accessible knowledge bases would benefit
several applications in the area of drug safety surveillance and assessment (Banda
et al., 2016; Roberts et al., 2017). Therefore, in chapter 3 we investigate how to utilize
NLP techniques to automatically extract adverse drug reactions (ADR) from stan-
dardized European product labels, namely SmPC. To answer the question, we de-
velop an NLP pipeline to extract adverse drug reactions from SmPC.

RQ4 - How can we design an open source big data framework to facilitate
cost-effective, large-scale, biomedical literature mining?

A huge amount of biomedical literature has been produced over the decades. For
example, as the leading biomedical literature database, PubMed Central (PMC) has
archived over 5.3 million research papers, of which around 2.4 million full-text arti-
cles are easily accessible at the PMC Open Access Subset (PMC OA Subset) (Pubmed
Central, 2019; Pubmed Open Access, 2019). The massive size of available biomedical
literature requires researchers to utilize novel big data technologies in data storage
and analysis. Among them is cloud computing which has become the most popu-
lar solution for big data applications in industry. Therefore, in chapter 4 we propose
a cloud-based big data framework that enables researchers to perform reproducible
and scalable large-scale biomedical literature mining in an efficient and cost-effective
way. Additionally, a cloud agnostic platform was constructed and then evaluated
on two open access corpora with millions of full-text biomedical articles. The results
demonstrate that our framework indeed supports scalable and efficient large-scale
biomedical literature mining.
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RQ5 - How can we support clinical developers’ decisions in the software
development process with a reproducible and scalable method for systematic

studies on open source clinical software?

The plethora of open source projects offers great reuse opportunities for developers
to build tools at lower cost and at a faster pace. Therefore, software reuse, also called
code reuse, has become an essential topic in software development (Frakes and Fox,
1996; Zaimi et al., 2015). Zhang and Ho (2017) have recognized this importance and
have called for more reuse of open source projects in clinical settings (Zhang and Ho,
2017). However, effective software reuse still faces many difficulties, particularly in
clinical software development (de Oliveira, 2015). To address the problem, chapter 5
contributes to clinical software reuse research by conducting a large-scale analysis of
open source repositories in the clinical domain. In particular, its purpose is to shed
light on the following questions, so that clinical developers can make more informed
decisions: 1). what is the current status of open source clinical software? 2). what are
the impacts of various factors, such as the number of contributors and the number of
commits, on the popularity of an open source clinical software? 3). what are the main

focus areas of all the collected open source clinical software?

RQ6 - How can we design an online platform where clinical developers can
easily locate and confidently select appropriate open-source clinical software
based on associated scientific literature?

Numerous open-source tools have been created across a variety of domains after
decades of open source software advocacy (Anthes, 2016). With the accelerating
popularity of open science, more and more tools will be added to open repositories.
Open-source clinical software covers various research topics and clinical practices,
including medical image analysis (McCormick et al., 2014), medical text processing
(Cunningham et al., 2013), clinical trials management systems (Haak et al., 2016), and
electronic health record systems (de Abajo and Ballestero, 2012). The plethora of tools
offers great opportunities for both clinical researchers and practitioners to accelerate
their work with available open-source tools and algorithms. However, it also leaves
many people unable to easily locate the tools most suitable for their clinical research
or practices. Therefore, chapter 6 addresses this challenge by designing a search tool
that links open-source clinical software to their literature. With this LOCATE tool,
clinical researchers and practitioners are able to find literature related to open-source
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clinical software of their interest so that they can make better informed decisions.

1.5 Research Methods

The dissertation adopts the Design Science Research (DSR) framework. Different
DSR approaches are used to answer the above research questions. The DSR frame-
work is a well-known and widely used research method in information systems (Gre-
gor and Hevner, 2013). Known for its strength and popularity in solving real-world
problems by designing and building innovative IT artifacts (Hevner et al., 2008), this
research follows the design science research methodology (DSRM) proposed by Pef-
fers et al. (2007), which consists of six steps: problem identification and motivation,
a definition of the objectives for a solution, design and development, demonstration,
evaluation, and communication. Figure 1.1 explains how these steps are applied in
the studies. Furthermore, the following methods have been applied in this disserta-

tion: prototyping, computational experiment, and quantitative analysis.

1.5.1 Prototyping

In information systems development, prototyping is a quick and inexpensive way to
improve requirements, commitment from end-users, and quality of code (Beynon-
Davies et al., 1999). Prototypes can be built in the early stages, eliciting or validating
requirements, in the middle stages, confirming the behavior of a system, or in the
late stages, investigating the operational system. In addition to a development tool,
prototyping can also be used as a research method, to increase knowledge and un-
derstanding of a system (O’Leary, 1988). Building such a prototype can additionally
be used to quantify the performance of a system. In this research, we use prototyping
in four chapters (chapters 2 to 4 and 7). In each study, a working prototype with all
key functionalities of the system is constructed to validate its workings.

1.5.2 Computational experiments

An experiment is one of the common quantitative research methods in research,
which investigates the effect of modifying an independent variable on the dependent
variable. The focus of a computational experiment lies in the theoretical analysis and
empirical testing of a computational method, such as approximation or optimiza-
tion algorithms. Zelkowitz and Wallace (1998) for example categorize experimental

10
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research in software engineering into observational, historical, and controlled meth-
ods. In this work, three chapters (chapters 3 to 5) use computational experiments to
conduct their research.

[ Process Iteration

Desigata Demonstratlon Evalaation Communlcallon
development

Artifacts: framework Usage in clinical LR cﬁﬁi""ﬁlﬁé’; Falke
architecture, trials, user testing, effectiveness, open sroeuroe codes,

prototype, web apps case studies acouracy, scalability open source 0ols

v

Identify problem &
motivate

Identify objectives
of a solution

Define problems in
clinical settings
Show importance

!

Problem-
Centered
Initiation

Find goals of an IT
solution in clinical
settings

Research Entry point

Figure 1.1: Process of design science research methodology

1.5.3 Quantitative analysis

Creswell et al. (2004) define quantitative analysis as a research method that involves
the collection of quantified data and statistical analysis for supporting or refuting
claims. Different statistical methods are applied when it comes to different collected
data. Numerical and textual data are common data types collected in research. Re-
searchers use statistical models to analyze numerical data to discover trends, corre-
lations and other insights. For textual data, natural language processing techniques
are applied before using any statistical models. For example, chapter 6 collects both
numerical and textual data and performs quantitative analysis on them.

1.6 Dissertation Outline

Chapters 2-7 of the dissertation investigate the research questions RQ1-RQ6, with
each chapter corresponding to one research question. All chapters are written as
papers, published in proceedings of scientific conferences or in scientific journals. Ta-
ble 1.2 offers an overview of Chapters 2-7 and their corresponding research question
ID, research methods, and a summary of the datasets used in each chapter.

11
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Ch. RQ Research Meth- Data Outcomes Source
ods codes

2 RQ1 Prototyping Table 2.1 in Chapter 2 Architecture and Per request

Web  Application
running in pro-
duction to support
multinational clini-
cal trials

3 RQ2 Prototyping, 100 EHRs in free-text and A prototype (web Yes
computational ~ manual annotation of these application) that (GitHub)
experiment, documents processes free-text
Quantitative EHRs
analysis

4 RQ3 Prototyping, Adverse drug reactions A reusable data Yes
computational ~ sections for 647 common pipeline in Python (GitHub)
experiment, medicines scraped from and structured
Quantitative the Electronic Medicines ADRs knowledge
analysis Compendium base

Over one million full-text
biomedical articles from
PubMed Open Access Sub-

5 RQ4 Computational  set; A framework sup- Yes
experiment, 29437  labeled  full-text ports big clinical (GitHub)
Quantitative biomedical articles from data analysis
analysis PubMed

6 RQ5 Computational =~ Metadata of 14971 clinical- A resuable data Yes
experiment, related open-source GitHub pipeline for con- (GitHub)
Quantitative repositories ducting systematic
analysis studies on GitHub

Metadata of 5119 clinical-

related open-source GitHub

. repositories; .

7 RQ6 Prototyping 8830 scientific papers that re- A.pu.bhc web ap- Ye.s

lated to the selected reposito- plication as proto-  (GitHub)

. P type

ries
Table 1.2: Overview per research question of the research methods and datasets used in Chap-
ters 2-7

1.7 Dissertation outcomes

This section lists used and created datasets, available source codes, implemented pro-

totypes and scientific publications of this thesis. Table 1.2 outlines the research ques-

tions, methods and outcomes from Chapter 2-7.
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1.7.1 Data

The i2b2 2008 Obesity Challenge - consists of 611 discharge letters. The data
provider (National Center for Biomedical Computing) annotated all discharge let-
ters with 16 different medical condition terms in the context of obesity, including
asthma, gastroesophageal disorder, and depression. Terms could be either anno-
tated as being in the document, not being in the document, or undecided /unknown
which was treated as not being in the document. The dataset is available at https:
//www.1i2b2.0rg/NLP/Obesity

The i2b2 2009 Medication Challenge - contains 1243 de-identified discharge let-
ters with the gold standard annotations. Medication names in the annotations are
used for the evaluation. The dataset is available at https://www.i2b2.0org/NLP/

Medication.

Adverse drug reactions corpora - contains section 4.8 Undesirable effects of the
Summary of Product Characteristics (SmPC) of 647 medications scraped from the
Electronic Medicines Compendium (EMC). This data is either free-text or tabu-
lar text. The datasets are available at https://github.com/ianshan0915/

ade—-extraction/tree/master/data.

PubMed Open Access Subset - has millions of journal articles and preprints that are
made available under license terms that allow reuse. The dataset was obtained via
the PMC FTP service as zip files and it contains 1010787 full-text biomedical articles
(Shen et al., 2019b). This data could be found at https://www.ncbi.nlm.nih.
gov/pmc/tools/openftlist.

Labeled full-text biomedical texts from PubMed - contains 29437 full-text biomed-
ical articles from PubMed which are divided into three groups: breast cancer, lung
cancer, and prostate cancer (Ye et al., 2016). This dataset was used for evaluating
document classification models (Ye et al., 2016; Shen et al., 2019b) and is available at
https://figshare.com/articles/dataset/New_draft_item/3796302.

1.7.2 Code and Prototypes

The STRIP Assistant (STRIPA) is a web application that was built to help physi-
cians to perform medication reviews in the case of polypharmacy. It was used in
a large-scale randomized clinical trial (RCT) across four European countries: the
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Netherlands, Switzerland, Ireland and Belgium. A demo of the tool is available at
https://youtu.be/GMhge8GxaVk.

MAB-NLP is a prototype that extracts clinical concepts from clinical free-texts, such
as discharge summaries, clinical reports, etc. It was developed based on a scalable
API-based architecture using Laravel. The code is available at: https://github.
com/ianshan0915/MABNLP. A demo of the tool is available at https://youtu.
be/dGkINQGWYfT.

Automatic Extraction of Adverse Drug Reactions is a natural language processing
pipeline that automatically scrapes the online summary of product characteristics of
medications and then extracts structured adverse drug reactions from them. The code

is available at: https://github.com/ianshan0915/ade-extraction

LDABiotext is a spark application using a Latent Dirichlet Allocation (LDA) model
to infer topics from a large collection of biomedical literature from the PMC OA
Subset. It is written in Scala and can be deployed to a cloud infrastructure of
your choice. The code is available at: https://github.com/ianshan0915/
Spark—-LDA-biomedical-text.

GitHub Data Pipeline is used to collect information about GitHub repositories via
the GitHub APIL Data analysis is conducted to uncover knowledge of the collected
repositories. The code is available at: https://github.com/ianshan0915/

clinical-opensource-projects.

LOCATE is a web application that is useful for both IT practitioners and researchers
in the clinical community. It enables practitioners to explore related literature for a
given open-source clinical software so that they could make an informed decision on
which software to choose. Clinical researchers are provided with a list of potential
useful open-source tools based on their research topics. Details of the prototype and
its source codes are available at: https://github.com/ianshan0915/locate.

1.7.3 Publications
Publications that are related to the thesis:

1. Shen, Z., Meulendijk, M., and Spruit, M. (2016b). A federated information archi-
tecture for multinational clinical trials: Stripa revisited. 24th European Conference
on Information Systems (ECIS). https://aisel.aisnet.org/ecis2016_
prototypes/2
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2. Shen, Z., van Krimpen, H., and Spruit, M. (2019a). A lightweight api-based
approach for building flexible clinical nlp systems. Journal of Healthcare En-
gineering, 2019(1):3435609. https://onlinelibrary.wiley.com/doi/
abs/10.1155/2019/3435609

3. Shen, Z. and Spruit, M. (2021). Automatic extraction of adverse drug reactions
from summary of product characteristics. Applied Sciences, 11(6). https://
www.mdpi.com/2076-3417/11/6/2663

4. Shen, Z., Wang, X., and Spruit, M. (2019b). Big data framework for scalable and
efficient biomedical literature mining in the cloud. In Proceedings of the 2019 3rd
International Conference on Natural Language Processing and Information Retrieval,
NLPIR 19, page 80-86, New York, NY, USA. Association for Computing Ma-
chinery. https://doi.org/10.1145/3342827.3342843

5. Shen, Z. and Spruit, M. (2019). A systematic review of open source clinical
software on github for improving software reuse in smart healthcare. Applied
Sciences, 9(1). https://www.mdpi.com/2076-3417/9/1/150

6. Shen., Z. and Spruit., M. (2019). Locate: A web application to link open-source
clinical software with literature. In Proceedings of the 12th International Joint
Conference on Biomedical Engineering Systems and Technologies (BIOSTEC 2019)
- HEALTHINF, pages 294-301. INSTICC, SciTePress. https://doi.org/10.
5220/0007378702940301

1.7.4 Other Publications by the Author

1. van Tuijl, G., Leenen, W., Z. Shen, van de Weerd, I, and S. Brinkkemper (2011).
Prioritizing requirements: An experiment to test the perceived reliability, us-
ability and time consumption of bubblesort and the analytical hierarchy pro-
cess. In Proceedings of the International Requirements Engineering Efficiency Work-
shop (REEW 2011), pages 37-48. https://api.semanticscholar.org/
CorpusID:53900285

2. Crowley, E. K,, Sallevelt, B. T., Huibers, C. J., Murphy, K. D., Spruit, M., Shen,
Z., Boland, B., Spinewine, A., Dalleur, O., Moutzouri, E, et al. (2020). Interven-
tion protocol: Optimising therapy to prevent avoidable hospital admission in
the multi-morbid elderly (operam): a structured medication review with sup-
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Chapter 2

Federated Architecture for

Multinational Clinical Trials

The Systematic Tool to Reduce Inappropriate Prescribing (STRIP) is a clinical interven-
tion method crafted to deal with polypharmacy problems which are incurred by the
concurrent use of multiple drugs. STRIP has been proven to be effective and is in-
cluded in the Dutch national guideline for polypharmacy. To boost the usage of STRIP
in clinical practices, a web application called the STRIP Assistant (STRIPA) was de-
veloped and further evaluated as user-friendly, efficient and effective by Dutch physi-
cians. STRIPA has now evolved into a software tool that supports a large multinational
randomized clinical trial (RCT). However, in order to successfully implement and use
the application in such an RCT, several issues, including multilingual support, clinical
data security, data accessibility and consistency, need to be addressed. In this chapter,
we present an overhauled STRIPA prototype with a lightweight data integration com-
ponent that supports multinational implementations, ensures data consistency across
countries, and maintains data accessibility and security. The component includes a
high-level information architecture, data models redesigned to generalize data enti-
ties from all countries, and the ETL processes that integrate diverse data sources and

transfer data between databases.

This work was originally published as: Shen Z., Meulendijk, M. and Spruit, M. (2016). A
Federated Information Architecture for Multinational Clinical Trials: STRIPA Revisted. Pro-
ceedings of the 24th European Conference on Information Systems (ECIS), Prototypes.  Paper 2.
https:/ /aisel.aisnet.org/ecis2016_prototypes/2
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2.1 Introduction

Polypharmacy, defined as the chronic use of multiple medications by a patient, of-
ten leads to severe clinical problems or accidents if it is inappropriate, including ad-
verse drug effects, under prescribing, overtreatment, low patient compliance and de-
creased drug adherence (Bjorkman et al., 2002; Claxton et al., 2001; Munger, 2010;
Steinman et al., 2006; Wright et al., 2009). The elderly, generally adults aged over
65 years, are the main sufferers of polypharmacy (Munger, 2010). The demographic
shift towards an elderly population among developed countries brings necessity and
urgency to the implementation of an effective solution to reduce the risks and maxi-
mize the benefits of polypharmacy.

The STRIP assistant (STRIPA) is a web application that was built to help physi-
cians to perform medication reviews in the case of polypharmacy. A standardized
medication review method named Systematic Tool to Reduce Inappropriate Prescrib-
ing (STRIP) is incorporated into the application. Meulendijk et al. (2015b) presented
the main components of the application, including functional architecture, user in-
terface, decision rule engine, and data formats. It has gained recognition as a user-
friendly, effective and efficient tool among Dutch physicians (Meulendijk et al., 2015a,
2016). Now, it is a part of a large-scale randomized clinical trial (RCT) that aims at
investigating impacts of medication optimization in the multi-morbid elderly among
four European countries: the Netherlands, Switzerland, Ireland and Belgium.

In order to implement and use the application across countries, relevant data from
each country need to be collected and properly managed in the first place. These data
contain medical data on medications, drug interactions and standardized medical
terminology, and patient health records. Besides, usage data recorded in each country
should be accumulated for further analysis. As the number of data sources grows,
the complexity and diversity also increases. How to properly integrate and manage
such diverse data sources becomes a challenge.

In this chapter we present an overhauled prototype that deals with the above
data integration issues so as to support conducting medication reviews in multiple
countries. The prototype, named as STRIPA.EU, expands the previous version of
STRIPA with a data integration component which mainly consists of a number of
databases and ETL processes that populate the databases. The component is able to
integrate necessary heterogeneous data sources from different countries, easily up-
date the data as data sources renew, and gather country-specific usage data together
into a centralized database. In general, the application works independently as a cus-
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tomized application for systematic medication reviews in each country. However, it
also has a centralized database that maintains data consistency across countries and
subsequently keeps research integrity and consistency of the large international RCT.

The remainder of the chapter is organized as follows. At first, related work and
the detailed design objectives of the present research are discussed. Second, the data
integration component that extends STRIPA to multiple countries is elaborated from
three aspects: data representation, integration architecture and the ETL implementa-
tion. Preliminary results of the implementation of STRIPA.EU are briefly discussed
in the following. The final section presents contributions of this research and possible
future research aspects.

2.2 Background

2.2.1 Status Quo of Data Integration

Data integration aims at providing a unified view of heterogeneous data residing at
different sources (Cali et al., 2002). There are three steps in data integration: extract-
ing data from homogeneous or heterogeneous data sources, transforming data into a
common structure and loading it into the final target (Muilu et al., 2007). These steps
are commonly shortened as ETL. Data integration has become of great importance in
the medical/clinical domain because of the tremendous increasing volume and com-
plexity of data gathered at the medical community (Branson et al., 2008; Brazhnik
and Jones, 2007). Many studies regarding integrating heterogeneous data sources in
the areas of biomedical informatics and information technology have been conducted
over the last decades (Karasavvas et al., 2004; Louie et al., 2007; A Seoane et al., 2013).
However, there is little literature focusing on integrating clinical data sources, espe-
cially pharmaceutical data from various countries. But the abundance of information
about drugs and its heterogeneous nature among countries does pose a challenge to
data integration (Meulendijk et al., 2015b).

Louie et al. (2007) divided data integration into two axes: integration architecture,
and data representation. Integration architecture refers to the final destination into
which data and metadata are loaded. There are two main types of integration ar-
chitecture: data warehouse and federated database system (FDB) (Louie et al., 2007).
The need for combining various independent data sources into a secure, but easily
accessible data architecture has given rise to the development of federated database
systems (Cali et al., 2002; Ziegler and Dittrich, 2004). A FDB system has a reliable
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infrastructure for data sharing and collaboration across disparate data sources while
maintaining security and privacy locally. A number of aspects of such a system, such
as privacy, security, access control and availability, have been well-studied both in
research and in industry (Ansper et al., 2013).

In relational databases, data representation refers to a conceptual data model
which represents the common schema of diverse data sources (Louie et al., 2007). For
data integration, data models give a unified and structured view of the integrated and
reconciled data sources, and also offer the elements for expressing the queries over
integrated systems (Cali et al., 2002). Identifying such a data representation from
heterogeneous data sources is mostly time consuming and requires extensive human
interactions (Zhao and Ram, 2007). Over the last three decades numerous methods
have been proposed to facilitate this process (Batini et al., 1986; Clifton et al., 1998;
Passil et al., 2002; Ramesh and Ram, 1995; Zhao and Ram, 2007). Data models for
STRIPA.EU are created by detecting schematic correspondences among data sources

at both structural and semantic levels.

2.2.2 Design Objectives

As stated by Meulendijk et al. (2015b), data exchange and integration for STRIPA are
difficult because of incompatible information systems and customized international
classification standards for drugs and diseases in each country. In particular, since
most countries use medical coding standards modified on the basis of international
standards, or even completely disconnected ones, data encoded with country-specific
codes are not fully interoperable. But decision rules of STRIPA are crafted with in-
ternational codes, and they only recognize input encoded in such codes. Hence, se-
mantic matching of data sources at instance level is necessary in data integration.
Moreover, data of drugs and drug interactions from third-party companies vary a lot
in terms of both schemas and formats. Last but not least, multilingualism of data
sources adds another dimension of complexity to data integration. Table 2.1 demon-
strates the diversity and complexity of data sources from different countries.

To overcome these issues, we developed a data integration component that is pre-
sented in three pillars: data representation, ETL processes and integration architec-
ture. The component is added into STRIPA as a built-in tool. The design objectives
when developing the new prototype were as follows:

(1) to create a federated database system with a unified schema that supports implementa-
tion of the application in multiple countries
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(2) todevelop ETL processes that populate both a federated database and multiple localized
databases in the predefined schema

(3) to regularly update and maintain medical data, including drugs and drug interactions,
in each country

(4) to have an architecture which makes the application running in each country on cus-
tomized local data sources and all the locally collected data remain under the control of
the local authorities for the sake of privacy and security

(5) to create a unique identifier for each data item in the system

Supplier Database / | Scope Format Country Languages
Standard

Z-Index G-Standard | Medications, Clinical Interactions | Fixed Width | Netherlands | Dutch

RIVM ICD-10 Episodes XML Netherlands | Dutch

APB Delphi- Medications, Clinical Interactions | Fixed Width | Belgium French, Dutch

Care

FOD ICD-10 Episodes CSV Belgium French, Dutch

HCI INDEX Medications, Clinical Interactions | XML Switzerland | German,

Solutions French

DIMDI ICD-10 Episodes XML Switzerland | German

HelixHealth | Safescript Medications, Clinical Interactions | Fixed Width | Ireland English

WHO ICD-10 Episodes XML Ireland English

MedDRA MedDRA Adverse Events Csv Netherlands, | Dutch, French,

MSSO Belgium, German,
Switzerland, | English
Ireland

Regenstrief | LOINC Measures, Laboratory Tests CSV Netherlands, | Dutch, French,
Belgium, German,
Switzerland, | English
Ireland

Table 2.1: Data sources from different countries

2.3 Data Integration Component

Details of the data integration component that supports and realizes the design ob-
jectives are described in continuation. It is elaborated from three main aspects: data

representation, integration architecture, and the ETL processes.

2.3.1 Data Representation

As discussed in the previous section, determining data models that represent a com-
mon schema of all heterogeneous data sources is crucial for data extraction and trans-
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formation at the beginning of an ETL process. There are a great amount of methods or
tools that have been developed for detecting schema-level correspondences. In this
chapter we identified common schema elements (i.e., data entities, relations and at-
tributes) by matching schema elements of all the available data sources at both struc-
tural and semantic level. Meanwhile, unnecessary elements are filtered out from the

identified common schema according to the system requirements.

To begin with, data required for the application are summarized into two cat-
egories: medical knowledge and patient data. Medication data, medical codes and
decision rules constitute the knowledge base of STRIPA. As the core data component,
medication data contain all available drugs, drug interactions and adverse events in a
country. Decision rules in the application are implemented based on established clin-
ical guidelines. Hospitals register a variety of information about a patient on patient
health records, but STRIPA only requires patients’ medical data on treatments, diag-
noses and measurements. Moreover, patient health records need to be encoded with
standardized medical codes because both decision rules and drug interactions are
composed with standardized codes and they can only recognize encoded patient’s
information.

As shown in Table 2.1, medication data are provided by many different data sup-
pliers. By matching data entities of all data sources, four common data entities are
derived: medication, product, substance and interactions. Medication stores generic
drugs and their substances are saved in substance. Besides, each generic drug might
have a list of products in the market and this information is recorded in product. In-
teractions between two generic drugs are put into interactions. Figure 2.1 shows the
relationship between these data entities and critical attributes of each data entity are
also listed.

Patient health records are represented by three data entities: diagnoses, measure-
ments and treatments. Standardized medical codes that are utilized to encode patient
health records include LOINC, SNOMED, modified and translated versions of ICD-
10 in each country. They are represented with four data entities: episodes, dosage-
units, dosage-intervals and measures. Episodes is used to instantiate diagnoses with
ICD-10 codes. For instance, one record of patients” diagnoses refers to an episode
identifier given the patient’s number and a timestamp. Measures is extracted from
LOINC and it relates to patients” measurements the same as episodes to diagnoses.
Together with medications, dosage-intervals and dosage-units generate instances of
treatments of patients. Figure 2.1 demonstrates how patient health records are mod-
elled with three layers of data entities. Splitting patient health records into a set of
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Figure 2.1: Class Diagram depicting main data models of STRIPA

data entities reduces data redundancy in the first place because of database normal-
ization. It also provides an easy way of updating medical codes in each country. For
example, adding new ICD-10 codes into episodes requires no modification for diag-
noses and the rest of database.

Since each country regularly renews its medication data by adding new medica-
tions or removing old ones, medication data in the application need to be updated
accordingly. In order to keep track of medication data during a series of updates, a
unique identifier for each data item is created and recorded in sources before data
items are added into relevant databases. Table sources also stores other metadata
which keeps medical knowledge data manageable. Figure 2.1 shows attributes of
sources and relationships between sources and other data entities. In addition, to
maintain the privacy of patients patients’ identification information, such as name,
addpress, is stored as patient in local file system within hospitals, and the rest are put

into personalia in national databases. They are linked with a unique patient identifier.
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2.3.2 Integration Architecture

Integration architecture provides an outline of databases in a system from a data inte-
gration perspective. Data flows are also included to give a dynamic view of how data
are transferred in-between databases. Building a reliable integration architecture is
crucial for any system with distributed and autonomous databases in different loca-
tions. For STRIPA.EU a federated database system was developed instead of a data
warehouse for a number of reasons. At first, unlike a data warehouse, the database
in each country is not a subset of a centralized database, whereas each contains all
data necessary for the application and takes nothing from the centralized one. Sec-
ondly, patient health records collected locally need to remain under the control of
the local authorities for the sake of privacy and security. Only collected research
data in each country are allowed to be transferred into the centralized database. Fi-
nally, a federated database system grants autonomy to the database in each country,
which guarantees national databases having power to adapt themselves in response
to changes.

Figure 2.2 depicts the integration architecture that was designed for STRIPA.EU.
It is a federated database system which is composed of a federated database and a
number of autonomous national databases. As shown in the figure, each country has
its own national database, and private patient data is extracted and saved in the local
file system within hospitals. Physical independence of the local file system prohibits
unauthorized access and use of locally collected private patient data in each country.
National databases are autonomous and independent of each other. The autonomy of
national databases ensures that countries could customize their databases from vari-
ous aspects such as schema and data instances. Because of the high independence of
national databases, the application in each country has a high system availability. In
particular, database breakdown in any country does not affect other countries. The
functions of the federated database are twofold: storing and managing metadata for
data in all countries, and gathering user log data for further user behaviour anal-
ysis (Pachidi et al., 2014). There are two ETL processes for the implementation of
STRIPA.EU in each country. The first ETL process takes the aforementioned external
data sources and transfers them into a national database while writing metadata into
the federated database. Another ETL is designed to accumulate application usage
data from all countries. A detailed description of ETL processes will be given in the
following.
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Figure 2.2: Information Architecture for data integration in STRIPA.EU

2.3.3 ETL

Determining data models and designing integration architecture only lay the ground-
work for the federated database system. In order to provide the client side with a
reliable data service, all relevant data need to be imported and heterogeneous data
sources, including the most important medication data, need to be transferred using
well-designed ETL processes. Therefore, ETL plays a decisive role in the implemen-
tation of STRIPA.EU.

There are a number of challenges ahead when it comes to constructing a success-
ful ETL implementation: 1) significant dissimilarity between external data sources
and target data structure; 2) external data sources are encoded in diverse formats, in-
cluding CSV, fixed width and XML; 3) ETL needs to be autonomous, preferably just
a click away. A powerful open source tool (Talend Open Studio for Data Integration)
has been used to operationalize the ETL processes. It is capable of tackling a variety
of data formats. And its graphic interfaces make ETL easier to follow and evaluate
by non-IT experts. In the following paragraph an example of the ETL processes de-
veloped for medication data in the Netherlands is elaborated to give a glimpse of the
complexity.

Medication data in the Netherlands are provided in positional flat files by the G-
Standaard. There is a significant structural difference between data sources and the

25



2.3. Data Integration Component

Extract

¢

Load Medications

}

ﬁ ransform

—9( Select next medication )
)

< Split into substances }

K Create generic medication }

[medications I@i&

[no more medications]

Load

< Save into national database )

~

i S

MEDICATION

- form
- route

1
1“*

>

SUBSTANCE
- quantity
- unit
1.*
1

GENERIC
- strength
- form
- route

Figure 2.3: The ETL process of extracting medication data in the Netherlands

above data model. In specific, generic medications needed in the national database
do not exist in data sources, whereas only medicinal products, coupled with product
relevant information, such as product name, form, route, etc. are stored separately
in different files. ETL should generate generic medications by grouping medicinal
products based on their substances. Figure 2.3 conceptualizes the ETL process with

the Process-Deliverables Diagram (van de Weerd and Brinkkemper, 2009).

As mentioned above, the regular updates of medication data require us to renew
drugs and drug interactions within the system accordingly. And the updating process
has been built as a part of the ETL implementation. The following process deliverable
diagram illustrates the process of updating a database with its new released external
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data sources. It is coded in a python script and automated with a batch file that loads

and directly runs the script.
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Figure 2.4: Process Deliverable Diagram depicting the data updating process

2.4 Evaluation & Contribution

Evaluation of the application has been carried out or is currently planned in multi-
ple steps. At first, ETL processes are tested on data completeness, data consistency
and data integrity. During the development of ETL processes, random manual com-
parisons of data between databases and data sources have been performed. More
systematic testing tools and methods will be developed to assess ETL performance
in terms of efficiency and maintenance before the implementation of the software.
The next step of the evaluation focuses on the integration architecture. How well
this architecture supports the implementation and use of the application in multiple
countries is investigated. Security and privacy issues of the clinical trials are properly
addressed with the architecture. Moreover, having integrated data sources from four
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data sources in the given architecture shows its technical feasibility and suitability
for such multinational clinical trials.

The successful development of STRIPA.EU and initial feedback collected from
physicians suggest that the proposed data integration component fulfils the require-
ments of multinational clinical trials. These requirements, such as healthcare inter-
operability, privacy and security, are very common among many other large-scale
clinical trials. Therefore, this leads us to believe that the federated information ar-
chitecture and data integration methods have a good potential to be reused in other

clinical trials.

2.5 Conclusion

This chapter presented a federated architecture for multinational clinical trials
through the case study of STRIPA.EU. The proposed solution addresses key chal-
lenges in multinational clinical data integration, including multilingual support, data
security, and consistency across countries. By implementing a federated database sys-
tem with carefully designed data models and ETL processes, we achieved a balance
between local autonomy and centralized coordination. The architecture successfully
supports a clinical trail across four European countries while maintaining data pri-

vacy and security requirements.
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Chapter 3

A Lightweight API-Based
Approach for Clinical NLP

Natural language processing (NLP) has become essential for secondary use of clinical data. Over
the last two decades, many clinical NLP systems were developed in both academia and industry.
However, nearly all existing systems are restricted to specific clinical settings mainly because they
were developed for and tested with specific datasets, and they often fail to scale up. Therefore,
using existing NLP systems for one’s own clinical purposes requires substantial resources and
long-term time commitments for customization and testing. Moreover, the maintenance is also
troublesome and time-consuming. This research presents a lightweight approach for building
clinical NLP systems with limited resources. Following the design science research approach, we
propose a lightweight architecture which is designed to be composable, extensible, and config-
urable. It takes NLP as an external component which can be accessed independently and orches-
trated in a pipeline via web APIs. To validate its feasibility, we developed a web-based prototype
for clinical concept extraction with six well-known NLP APIs and evaluated it on three clinical
datasets. In comparison with available benchmarks for the datasets, three high F1 scores (0.861,
0.724, and 0.805) were obtained from the evaluation. It also gained a low F1 score (0.373) on one of
the tests, which probably is due to the small size of the test dataset. The development and evalu-
ation of the prototype demonstrates that our approach has a great potential for building effective
clinical NLP systems with limited resources.

This work was originally published as: Shen, Z., van Krimpen, H., & Spruit, M. (2019). A Lightweight
API-Based Approach for Building Flexible Clinical NLP Systems. Journal of Healthcare Engineering, 2019(1),
3435609. https://doi.org/10.1155/2019 /3435609
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3.1 Introduction

Today’s technologies allow the accumulation of vast textual data, which conse-
quently has boosted the popularity of NLP research. There has been a huge amount
of papers published and a variety of NLP systems or toolkits crafted in multiple do-
mains over the last two decades. Among them, clinical NLP occupies a large portion.
There are clinical NLP systems, such as Apache cTAKES, that integrate different NLP
tools to process clinical documents (Davis, 2012; Savova et al., 2010). There are also
NLP tools which target certain specific clinical needs, including extracting medica-
tion information (Patrick and Li, 2010), identifying locations of pulmonary embolism
from radiology reports (Cai et al., 2016), and categorizing pain status (Kreuzthaler
and Schulz, 2015).

Figure 3.1 presents a general architecture of a clinical NLP system that contains
two main components: background knowledge and framework (Davis, 2012). Back-
ground knowledge contains ontologies, domain models, domain knowledge, and
trained corpora. The widely used clinical domain knowledge is the Unified Medi-
cal Language System (UMLS) (Bodenreider, 2004). Framework refers to a software
platform that integrates various NLP tasks or modules either sequentially or hierar-
chically into NLP pipelines. GATE and UIMA are the leading open-source frame-
works (Cunningham et al., 2013; Ferrucci and Lally, 2004). There are two levels of
NLP tasks: low-level tasks and high-level tasks. Low-level tasks include tokeniza-
tion, part of speech tagging, sentence boundary detection, and so on. High-level
tasks refer to the semantic level processing such as named entity recognition, relation

extraction, and sentiment analysis.

History has shown that building a successful clinical NLP system requires a
tremendous amount of resources. For instance, it took a team from Columbia Uni-
versity 14 years to commercialize the MedLEE system (Chiang et al., 2010). The de-
velopment of cTAKES started at the Mayo Clinic in 2006, and further external collab-
orations with four other universities in 2010 resulted in the first release of the current
Apache project (Savova et al., 2010). Therefore, creating reusable NLP pipelines based
on open-source modular frameworks like GATE and UIMA becomes more reason-
able (Chiang et al., 2010; De Castilho and Gurevych, 2014). Although it dramatically
reduces resources and level of expertise, we argue that it is not an efficient and effec-
tive solution for two main reasons. Firstly, nearly every NLP pipeline that is created
to address a single specific clinical need, either rule or machine-learning based, has
been proven to be useful for only its designated purposes (Kreimeyer et al., 2017).
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Figure 3.1: A general architecture of clinical NLP systems.

Thus, reusability is difficult given the properties. Secondly, deploying cTAKES-based
NLP pipelines implies a high cost of operation which requires installation and config-
uration of multiple components by NLP experts (Carrell, 2011). Besides, maintenance
of a deployed NLP system requires a continuous investment.

With the purpose of simplifying and outsourcing the NLP implementation, soft-
ware as a service, or SaaS, has been introduced to the NLP world during recent years
(Dale, 2015). SaaS generally refers to the mode of software delivery where end-users
are charged with a monthly or annual subscription fee to utilize a set of functionalities
over the Internet (Currie et al., 2004). NLP systems distributed in the SaaS model are
often available through web application programming interfaces (APIs) and named
as NLP APIs or cloud-based NLP APIs (Dale, 2015; Rago et al., 2016). Many NLP
APIs have emerged from both companies and universities and are growing popu-
larly (Cunningham et al., 2013). A few prominent examples are IBM Watson, Aylien,
Lexalytics, and TextRazor (Dale, 2015). From the cost-benefit perspective, these NLP
APIs allow developers to rapidly create NLP-enabled tools without investing abun-
dant resources on implementing necessary NLP techniques in codes and on regular
maintenance. A number of applications based on NLP APIs were built (Haffari et al.,
2017; Hellmann et al., 2013; Martinez et al., 2016).

To utilize NLP APIs, API-based frameworks have been produced (Rago et al.,
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2016; Abdallah et al., 2017; Chard et al., 2011; Rizzo and Troncy, 2012). API-based
systems, also known as cloud-based, refer to tools that are built on external web
APIs and having their functionalities partially or fully accomplished with one or a
pipeline of APIs. Due to the growing popularity of web APlIs in the software indus-
try, API-based tools are abundant in companies. For instance, an API-based CMS
(content management system) is utilized to save development resources and follow-
up maintenance (APIs, 2017). Furthermore, researchers have also investigated the
approach in recent years. Rizzo and Troncy proposed the Named Entity Recognition
and Disambiguation (NERD) framework that incorporates the result of ten different
public APIs-based NLP extractors (Rizzo and Troncy, 2012). A web-based tool called
TeXTracT was devised to support the setup and deployment of NLP techniques on
demand (Rago et al., 2016). Abdallah et al. developed a flexible and extensible frame-
work for integrating named entity recognition (NER) web APIs and assessed it across
multiple domains (Abdallah et al., 2017). Although these tools exhibit promising re-
sults, few were built for clinical NLP or evaluated on clinical datasets. Therefore, it
is safe to say that adopting these tools in clinical settings would be problematic due
to the unique characteristics of the clinical domain. For example, privacy is consid-
ered to be of the utmost importance, but none of the above tools have taken it into

consideration.

This paper thus proposes a lightweight framework which enables a rapid devel-
opment of clinical NLP systems with external NLP APIs. The approach has the fol-
lowing advantages compared to traditional NLP frameworks: (1) fast development;
(2) lower costs; (3) flexibility; and (4) programming language independent. The de-
ployment is minimized by outsourcing both NLP tasks and background knowledge
to external API services. Thus, NLP systems can be quickly and cost-efficiently devel-
oped based on the proposed framework. The framework is flexible in many aspects.
To begin with, it supports the flexible combination of different NLP tasks from ex-
ternal APIs. Secondly, users have the freedom of choosing their preferred NLP API
vendors, and multiple APIs can be integrated to achieve better results. To evaluate
the framework, we have built a web-based open-source clinical NLP application.
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3.2 Methods

3.2.1 Design Science

Our research followed the design science research as we built and evaluated the
framework because of its strength and popularity in solving a real-world problem by
designing and building an innovative IT artifact (Hevner et al., 2008). In our case, the
artifact is a lightweight framework that facilitates clinical NLP systems development.
We follow the design science research methodology (DSRM) proposed by Peffers et
al., which consists of six steps: problem identification and motivation, definition of
the objectives for a solution, design and development, demonstration, evaluation,
and communication (Peffers et al., 2007).

The DSRM is initiated by the (I) problem identification and motivation, which we
addressed by literature study. Previous studies have described the general architec-
ture of clinical NLP systems and how expensive it is to build them. Even though the
introduction of modular NLP frameworks reduced the complexity of NLP systems,
it is still challenging to create clinical NLP systems for many healthcare institutions
due to limited resources. Based on the identified problem, we inferred the (II) ob-
jectives for a solution: creating a lightweight NLP framework that enables a rapid
development of an API-based clinical NLP system. In the (III) design and develop-
ment, we developed the framework based on the general architecture we identified,
after which each of its components is explained in detail. To (IV) demonstrate and
(V) evaluate the framework, a web-based open-source clinical NLP application was
developed. Moreover, experiments were carried out with three clinical datasets to
primarily examine whether external NLP APIs would deliver the state-of-the-art per-
formance. The final step of the DSRM is the communication. The paper serves as the

start of our (VI) communication on this topic.

3.2.2 Evaluation Design

Three English anonymized clinical datasets were used in our evaluation. Two of
the datasets are obtained from the Informatics for Integrating Biology and the Bed-
side (i2b2) center: 2008 Obesity Challenge and 2009 Medication Challenge. The third
dataset comes from a European clinical trial called OPERAM. Since the primary goal
of our evaluation is to prove that external general-purpose NLP APIs can yield good
performance on clinical data, we only used a subset of the two large i2b2 datasets.

(I) 2008 Obesity Challenge. This dataset consists of 611 discharge letters. All dis-
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Methods

(In)

(1)

charge letters are annotated with 16 different medical condition terms in the
context of obesity, including asthma, gastroesophageal disorder, and depres-
sion. Terms could be either annotated as being in the document, not being in
the document, or undecided /unknown which was treated as a not being in the
document. The strength of this dataset, concerning the aim of these tests, is
that there are a lot of documents, and its weakness is that it is only annotated
for 16 abstract terms in the context of obesity. To simplify the experiment, we
randomly selected 100 discharge letters and labeled each document with the
medical conditions that are annotated as “present.”

2009 Medication Challenge. 947 out of 1243 in total deidentified discharge letters
have the gold standard annotations. Medication names in the annotations are
used for the evaluation. By comparing the annotated medication names with
those generated from our application, we calculate the evaluation metrics. We

also randomly select 100 out of the 947 documents.

OPERAM Dataset. The dataset consists of five discharge letters that have been
used during the pilot of the OPERAM clinical trial (Shen et al., 2016b). Medical
experts of the trial annotated these letters by both medical conditions and phar-
maceutical drugs. Moreover, standardized clinical codes for each annotation
are included. With this dataset, we aim to demonstrate the performance of our
NLP application with clinical documents from practices, even though it is clear
that the small size limits our findings.

We extracted entities of “medical condition” or “pharmaceutical drug” from the,
in total, 205 clinical documents and then encoded them with UMLS. Based on the

encodings, extracted entities were filtered so that distinct entities were extracted for

each clinical document. In order to measure the performance of our extraction, we

have used well-known metrics: precision, recall, and F1 score. They are computed

from true positives (TP), false positives (FP), and false negatives (FN) for each docu-

ment. As stated above, annotations of the 2008 Obesity Challenge are different from

the other two datasets. To simplify the identification of positives and negatives, we

divided annotations into two groups: positives that are in the text and negatives

which are not mentioned. Therefore, comparing clinical entities extracted by our ap-

plication to the ground truth, we calculate the following:

O
(I)
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(III) EN: entities that were not extracted but were annotated as positives

Precision Equation 3.1 represents the proportion of extracted positives that are an-
notated positives. On the contrary, recall Equation 3.2 is the proportion of annotated
positives that were correctly extracted as such. F1 score Equation 3.3 is the harmonic

mean of precision and recall:

TP
ision = ————— 1
precision = 7 3.1)
TP
l=——— 3.2
T TP FN (3.2)
F1 score — 2 - precision - recall (33)

precision + recall

3.3 Results

The section presents results in two parts: the framework and a web-based open-
source clinical NLP application. The architecture lays down the technical ground-
work, upon which the application was constructed. The following explains each of

them in details.

3.3.1 A Lightweight NLP Architecture for Clinical NLP

The architecture addresses the issues of existing clinical NLP applications, includ-
ing interoperability, flexibility, and specific restrictions within the clinical field, such
as privacy and security. The strength of our proposed architecture is shown in its
capabilities: (1) freedom of assembling suitable NLP APIs either sequentially or hi-
erarchically based on scenarios; (2) encoding clinical terms with comprehensive and
standardized clinical codes; (3) the built-in deidentification function to anonymize
clinical documents. Figure 3.2 depicts its four main components: external APlIs, in-

frastructure, NLP pipelines, and Apps.

External APIs

In this architecture, two types of APIs, namely, an NLP API and a domain knowledge
AP, are included to parse unstructured medical text and map parsed terms against
a medical metathesaurus, respectively. The NLP API provides various cloud-based
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Figure 3.2: A lightweight NLP architecture for clinical NLP.

NLP services that parse unstructured text for different purposes, including entity
recognition and document classification. The domain knowledge API supports the
mapping of medical text to concepts from the UMLS metathesaurus. As the most
used biomedical database, UMLS contains millions of biomedical concept names and
their relations. In addition, domain models and training corpora are available for spe-
cific clinical documents such as radiology reports, pathology reports, and discharge
summaries (Davis, 2012). The UMLS is a major part of the solution for standardiza-
tion and interoperability as it maps terms extracted by multiple APIs to standardized
codes such as ATC and ICD10.

Infrastructure

The infrastructure layer prepares clinical data before sending them to external APIs
by deidentification and adding authentications. Furthermore, it processes results re-
ceived from external APIs for later integration. An optional component, locally im-
plemented NLP techniques, is also incorporated.

(I) API Processing. The purposes of API processing are two-fold: (1) prepare clinical
text before sending them to external APIs and (2) process results returned from
external APIs. Given the difference between multiple APIs, data processing
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is inevitable to achieve interoperability. Specific API processing tasks include
formatting clinical text for APIs requests, filtering results returned from APIs,
and data conversion.

(I) Privacy. Privacy protection is a critical issue in clinical data sharing for both
research and clinical practices, and privacy violations often incur legal prob-
lems with substantial consequences. The privacy component embedded in the
infrastructure offers technical solutions to deidentify or anonymize patient-
level data, such as CRATE (Cardinal, 2017) and DEDUCE (Menger et al.,
2018b). CRATE is an open-source software system that anonymizes an elec-
tronic health records database to create a research database with anonymized
patients” data. With CRATE implemented, our approach can directly use pa-
tients” data. In comparison with CRATE, DEDUCE is more lightweight. As a
Python package, it processes sensitive patient information with commands like
“deduce.deidentify_annotations().”

(III) Security. The security component controls the access of clinical data and all ex-
ternal APIs. Authentication and encryption are added to safeguard data shar-
ing via the Internet.

(IV) (Optional) Local NLP Tasks. As discussed previously, an external NLP API grants
no control of what NLP techniques to employ. In case some specific NLP tech-
niques are required, our local NLP technique component provides a choice of

implementing your own NLP techniques locally in a preferred language.

NLP Pipelines

This layer provides a list of NLP services from which clinical applications can select
the most suitable ones on demand. First of all, differences among NLP API providers
in terms of their available NLP services are apparent. However, as shown in Ta-
ble 3.1, there are also a number of common NLP services. Secondly, systematic stud-
ies have summarized some commonly used NLP techniques in clinical NLP appli-
cations (Kreimeyer et al., 2017). By combining the common NLP services of various
APIs and the useful NLP techniques in clinical settings, a shortlist of NLP services is
selected for the architecture.

Moreover, multiple NLP services from different APIs can be integrated either se-
quentially or hierarchically for a single clinical NLP task. This enables clinical NLP
applications to address the limitations of individual APIs caused by particular NLP
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NLP API

Available NLP Services

IBM Watson NLU

Aylien

Lexalytics

Meaning Cloud

Alchemy API

TextRazor

Developer Cloud

Open Calais

Dandelion API

Haven OnDemand

Entity extraction, concept extraction, relation extraction, text
classification, language detection, and sentiment analysis

Article extraction, entity extraction, concept extraction, summa-
rization, text classification, language detection, semantic label-
ing, sentiment analysis, hashtag suggestion, image tagging, and
microformat extraction

Sentiment analysis, concept extraction, categorization, named
entity extraction, theme extraction, and summarization

Topic extraction, text classification, sentiment analysis, language
detection, and linguistic analysis (POS tagging, parsing, and
lemmatization)

Entity extraction, concept tagging, keywords extraction, relation
extraction, text classification, language detection, sentiment anal-
ysis, microformat extraction, feed detection, and linked data

Entity extraction, disambiguation, linking, keywords extraction,
topic tagging, and classification

Concept extraction, translation, personality insights, and classifi-
cation

Entity extraction, relation extraction, and sentiment analysis

Entity extraction, text classification, language detection, senti-
ment analysis, and text similarity

Autocomplete, concept extraction, document categorization, en-
tity extraction, language detection, sentiment analysis, and text
tokenization

Table 3.1: NLP services of common NLP API providers.

techniques implemented and data employed to build it. More importantly, having

a configurable NLP pipeline brings scalability and flexibility. For instance, a clinical

concepts extraction enabled application can support combining entity extraction ser-

vice from two or more of the NLP APIs in Table 1. However, interoperability between
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different NLP APIs becomes a challenge as both their inputs and outputs might vary
considerably. Therefore, the NLP pipelines contain an integration component which
facilitates the interoperability by implementing a proper integration strategy.

Apps

In the application layer, clinical NLP-enabled applications for various needs can be
created. They are produced either for performing a specific NLP task such as extract-
ing diagnoses from discharge summaries and identifying drugs and dosage infor-
mation from medical records or with a general purpose of processing unstructured
clinical text. Existing NLP applications in clinical domains are categorized into the
following groups:

(I) Concept Extraction. Kreimeyer et al. conducted a systematic literature review
of NLP systems constructed to extract terms from clinical documents and map
them to standardized clinical codes (Kreimeyer et al., 2017).

(I) Text Classification. Classification of free text in electronic health record (EHR)
has surfaced as a popular topic in clinical NLP research. Koopman et al. de-
vised a binary classifier to detect whether or not death is related to cancer using
free texts of death certificates (Koopman et al., 2015). Other text classification
examples in clinical settings cover classifying a complete patient record with
respect to its eligibility for a clinical trial (Ni et al., 2015), categorizing ICU risk
stratification from nursing notes (Marafino et al., 2015), assessing inpatient vi-
olence risk using routinely collected clinical notes (Menger et al., 2019), and
among others.

(III) Sentiment Analysis. Unlocking the subjective meaning of clinical text is partic-
ularly helpful in psychology. A shared task for sentiment analysis of suicide
notes was carried out as an i2b2 challenge (Pestian et al., 2012).

3.3.2 Prototype: API-Based Clinical Concept Extraction

To evaluate the architecture, a prototype that extracts clinical concepts from clinical
free texts has been developed. This section first illustrates the design of its main
components. Then, the prototype itself is presented.
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External NLP APIs

As described above, web NLP APIs have gained wide popularity over the last few
years. Both academics and companies recognized the importance and extended their
NLP systems with web APIs. As shown in Table 3.2, the prototype incorporates six
leading NLP APIs from both academia and industry in its implementation. The se-
lection is based on three criteria: (1) free or free trial available; (2) industrial APIs
supported by big companies/teams; (3) academic APIs verified by peers.

API Fee Company/team References

IBM Watson NLU Free trial | IBM https:/ /www.ibm.com/watson/developercloud/natural-language-understanding /api/v1/
MeaningCloud Free trial MeaningCloud LLC https:/ /www.meaningcloud.com/developer/documentation

Open Calais Free trial Thomson Reuters http:/ /www.opencalais.com/opencalais-api

Haven OnDemand Free trial Hewlett Packard https:/ /dev.havenondemand.com/apis

TextRazor Free trial | TextRazor Ltd. https:/ /www.textrazor.com/docs /rest

Dandelion API Free trial | Spaziodati https:/ /dandelion.eu/docs/

Table 3.2: NLP APIs selected for the prototype.

NLP Technique Implemented Locally

Studies have revealed that negation is very common in clinical reports (Chapman
et al,, 2001; Mehrabi et al., 2015). For instance, “no fracture,” “patient denies a
headache,” and “he has no smoking history” often appear in clinical texts. In order
to correctly extract clinical terms, negation detection becomes inevitable. However,
given that most of the selected NLP APIs are tools for text processing and analysis
in the general domain, the negation issue of clinical documents is not properly tack-
led, and they cannot filter out irrelevant information. Therefore, negation detection is
implemented locally for the prototype. As the most well-known negation detection
algorithm, NegEx has been adopted by a number of biomedical applications (Chap-
man et al., 2003; Meystre and Haug, 2006; Mitchell et al., 2004). We implemented the
algorithm to handle negation in this prototype.

API Processing

NLP APIs first extract clinical terms which will be filtered by the local negator. Then
the UMLS API transforms the filtered clinical terms to the standardized codes, such
as ATC codes, ICD-10, or SNOMED, which ensures that the extracted clinical terms
are interoperable after integration.
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For each extracted term, the UMLS API returns its top 10 matched codes. These
top matches are ranked on their similarity to the extracted term, with the first as the
most similar one. The prototype captures the unique identifier of each matched code

for later use.

As discussed above, when multiple APIs are applied for one task, results need to
be integrated. The prototype employs a double weight system to integrate multiple
APIs. The first weight system determines whether an extracted term is similar to an-
other extracted term from the same document. The weight of a pair of two extracted
terms is calculated based on their top 10 matches from the UMLS API and then is
compared with the similarity threshold ~ ; if the weight is higher than the threshold,
we consider it to be an equal term. The weight formula is shown as follows:

% + % >y

where « refers to the percentage of equal terms over all 10 terms and 3 is the
percentage of equal terms over the top 3 terms. o and 3 are calculated based on the
UMLS API matches of two extracted terms. The weight is a value between 0 and 1, 0
being that the terms are not similar at all and 1 being exactly the same. For a given
NLP task, an initial value of v = 0.1 is recommended, and then according to the num-
ber of false positives and false negatives, we adjust the value of ~ to achieve optimal
output. The strategy of tuning these parameters is discussed further in Section 3.3.

The second weight system determines whether an extracted clinical term has
enough cumulative weight from all NLP APIs. Since the performance of NLP APIs
varies, a weight for each individual API is estimated by using the F1 scores calcu-
lated after testing each API on a small subset of clinical documents. The F1 score for
each API is normalized to an extractor-weight w . For each clinical term extracted,
we sum the weights of the extractors the term was extracted by. If the weight is over
the extractor threshold 6, it is considered to be actually extracted. If it is less, it is

considered to be a false extraction. The weight is computed as follows:

> wi (3.4)
=1

where w is the weight of an NLP API and n refers to the number of API used. The
pseudocode of the integration process is shown in Figure 3.3.
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Algorithm 1 Multiple APIs Integration Algorithm
Input: X = [X;, X5, ..., X,,]: returns of n APIs;
W = |w1,ws, ...,w,]: weights of n APIs;

~: similarity threshold;
6: extractor threshold;
Output: 7' a list of clinical terms
Initialisation : w, = 0.25 and wg = 0.75
Filter out same/similar terms extracted by one API
1: for 2 =1 ton do
2 for z, in X; do
3: Get the rest of terms: X; = X; — X,
4
5

for xp in X; do
calculate the percentage of equal terms over all 10

terms: «

6: calculate the percentage of equal terms over top 3
terms: 3

7: calculate the pairwise similarity: § = wq*a+wg*f

8: if 6 > v then

: discard same/similar term: X; = X; — X,

10: end if

11: end for

122 end for

13: end for

14: Get filtered arrays of terms: X5 = [X1s, X235, ..., Xns]
Filter out extracted terms by the weights over all APIs

15: Compute weights over all APIs: X, = > "' | X;W

16: for wgym, x in X, do

17: it Weym = 0 then

18: Add the term the final list: T+ = [z]
19:  end if
20: end for

21: return T

Figure 3.3: The pseudocode of the integration process.

Prototype

Figure 3.4 shows the overall functional components of the prototype, which is an in-
stantiation of the proposed architecture. The prototype is a web application with a
minimalistic user interface, developed with HTMLS5, CSS, JavaScript, and PHP for the
back end. Given that many existing NLP APIs use JSON as the default format, [SON
is the chosen format for data transferring between different components. Figure 3.5
presents a screenshot of the application. Users need to provide clinical documents
they want to process in the upper input field and then select APIs and coding stan-
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dards. After clicking the Extract button, the results will be displayed in the table at
the bottom. “Diseases Remote” lists the extractions of external NLP APIs, while “Dis-
eases Local” represents results of combining external NLP APIs, the local negation
handler, and the UMLS API. Unfortunately, the application is not accessible online
due to a lack of API token management. Sharing our tokens online might incur a
charge when there are a large number of API requests. Nevertheless, researchers are
able to deploy their own version of the system with the source codes we share on
GitHub at https://github.com/ianshan0915/MABNLP. A demo video is also avail-
able at https:/ /youtu.be/dGkINQGWY(I.

Domain knowledge: UMLS API

j E [ Concept |

extraction

Extraction ’

pipeline Watson Meanin l ‘ TextRaz %
Cloud or
PHP framework:
T F Laravel

!
Node.js Express

‘ APl integration ‘ Server
Infrastructure Negation

handler

| CRATE | | HrTPS |

} -

Documents Annotations

Figure 3.4: Prototype architecture.

3.3.3 Evaluation Results

As explained before, the prototype comes with three hyperparameters that adjust the
extraction outputs: negation «, term similarity threshold (v ), and extractor threshold
0. The hyperparameter tuning was manually conducted by the researchers in the
experiments.

The impacts of the controlling hyperparameters on the outputs of our experiments
vary. First of all, negation surprisingly shows little positive influence as shown in
Table 3.3. Its main reason probably lies in the fact that the implemented negation
algorithm, NegEx, only uses negation cue words without considering the semantics
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Enter the text to process.

oo
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What entry extraction algorithms should be used? What standardizations would you like to find?
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Figure 3.5: Prototype user interface of the multiple NLP API extraction pipeline. A demo
video and source code are available online.

of a sentence (Mehrabi et al., 2015). Implementation of more advanced algorithms,
such as DEEPEN and ConText, will be conducted in future research. The higher v
value means a higher similarity threshold for entities to be merged, which results in
a lower false positive and higher false negative numbers. By increasing the 6 value,
we want entities to be extracted by more APIs, and subsequently lower the number
of false positives and increase the number of false negatives. However, higher values
bring down the number of true positives. The aim is to strive for the best combination
of these hyperparameters for each specific NLP task. The experiments suggested that
the values of v = 0.1 and 6 = 0.35 are a decent starting point for further exploration.

Results have shown that the performance of the prototype is not consistent.
Datasets like the obesity challenge can rely on our approach, but its reliability on
datasets, such as the medication challenge and OPERAM dataset, need further im-
provement and evaluation.

Many NLP systems have been tested on the two i2b2 datasets, and there are
benchmark performance metrics being published in the literature (Uzuner, 2009;
Uzuner et al.,, 2010). We calculated the averages of top 5 best systems as the base-
lines. As displayed in Table 3.4, the prototype performs well and has great potential
of being adopted for clinical concept extraction. In case of the OPERAM dataset, there
is no benchmark. Therefore, its performance is evaluated from an expert intervention
perspective. By comparing the automated extracted clinical concepts with the anno-
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Dataset Negation (k) Recall Precision F1 score
Obesity challenge True 0.733 0.939 0.823
False 0.805 0.925 0.861
Medication challenge True 0.62 0.835 0.712
False 0.636 0.838 0.724
OPERAM medical conditions True 0.594 0.271 0.373
False 0.594 0.271 0.373
OPERAM medications True 0.795 0.816 0.805
False 0.795 0.816 0.805

Table 3.3: Impact of negation from the experiments.

tations, we estimate how well the prototype can be used to assist physicians during
their manual extraction process. Unfortunately, feedback from physicians indicate
that the prototype is not yet considered practically useful. Firstly, its poor perfor-
mance in extracting medical conditions requires physicians to spend more time filter-
ing out incorrect extractions. Secondly, the prototype fails to identify the associated

dosages and frequencies of medications.

3.4 Discussion

We argue that outsourcing NLP tasks offers efficient NLP solutions for processing un-
structured clinical documents. To begin with, outsourcing often leads to a reduction
of both IT development and maintenance costs. Furthermore, a lower level of NLP
expertise is required when external NLP services are used. A developer with limited
knowledge of NLP could develop a clinical NLP application such as our prototype.
Lastly, the architecture supports NLP services beyond clinical concept extraction. By
adding a sentiment analysis NLP pipeline constructed by external NLP APIs, our pro-
totype can perform sentiment analysis on clinical documents. For instance, changing
from concept extraction to sentiment analysis can be accomplished by adjusting the
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Dataset K 5 0 Recall Precision F1 score
Obesity challenge False 0.1 0.2 0.805 0.925 0.861
Baseline* 0.771 0.815 0.787
Medication challenge False 0.1 0.35 0.636 0.838 0.724
Baseline* 0.794 0.845 0.818
OPERAM medjical conditions True 0.1 0.5 0.594 0.271 0.373
OPERAM medications False 0 0.35 0.795 0.816 0.805

* Average of the top 5 best systems from the challenge.

Table 3.4: Overall results on three datasets.

v, u

API request parameters from ““features”: “entities

2 v, 4 s

to ““features”: “sentiment”.

3.4.1 Evaluation Results

In comparison with the popular biomedical NLP component collections listed
in (Przybyla et al.,, 2016), the main advantage of our proposed approach is its
lightweight nature. The popular component collections, such as ¢cTAKES, Bluima,
and JCoRe, require an intensive IT resources investment including Java developers,
NLP specialists with experience in the UIMA framework, and local hardware sup-
port. On the contrary, clinical institutions could start to process unstructured text
with as little resources as possible due to the fact that our cloud-based approach out-
sources NLP to external NLP services. Moreover, Bluima has not been updated for
four years. Instead of replacing the popular NLP tools, our approach should be con-
sidered as an alternative approach in the face of time and resource constraints.

3.4.2 Error Analysis

An error analysis has been carried out in order to better understand the performance
of the prototype. As explained in Section 2.2, there are two types of errors, namely,
FPs and FNs. Figure 3.6 shows the percentage of FP and EN errors in all experiments.
First of all, one major source of errors in the two i2b2 datasets is false negatives, which
means many annotated terms in the datasets are not extracted by our prototype. The
high proportion of FNs is in great part attributed to the entity-type detection errors.
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Since some NLP APIs (MeaningCloud and Open Calais) are unable to extract phar-
maceutical drug entities, it results in a lower amount of extracted entities and higher
false negatives. Therefore, to enhance the performance, NLP APIs such as Meaning-
Cloud and Open Calais might as well be excluded.

FP (%) FN (%)
80

60

40

20

Obesity challenge Medication challenge OPERAM medical conditions OPERAM medications

Figure 3.6: Error distribution of all the experiments, false positives vs false negatives.

Nevertheless, the higher number of false positives led to an overall performance
loss in the OPERAM medical conditions extraction. We found out that the prob-
lem lies in the annotation. For example, the sentence “Fall during the night, multi-
ple hematomas. Orthostatic hypotension proven.” contains two medical conditions:
hematoma and orthostatic hypotension. Hematoma was found by two out of six ex-
tractors; orthostatic hypotension was found by five out of six. However, neither of
these two was annotated, most likely because the context of the sentence was in past

tense and potentially not applicable to the current state of the patient.

3.4.3 Limitations and Future Research

There are a number of hurdles that prevent the adoption of our approach in daily
practice. Further research is necessary to sufficiently address these concerns. First of
all, practical implementation requires a more thorough privacy and security compo-
nent. The privacy and security component is part of the proposed architecture and
currently implemented in the prototype using CRATE (Cardinal, 2017) and HTTPS.
However, since only anonymized datasets are used in the evaluation, the deidentifi-
cation toolkit, CRATE, was not validated. Before the practical adoption, we need to
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first evaluate the performance of the privacy and security component with real-world
clinical data.

Another concern lies in the computational efficiency of our approach, namely,
execution time. As shown in the demo video, it takes about 20 seconds to process
a discharge letter. In specific, the majority of time (15 seconds) goes to annotation
in which extracted terms are first encoded with UMLS and then pairwise similarity
between them is calculated. Since the prototype was running locally on a laptop with
8 GB RAM, we think it would become faster if we implement it on a larger server.

In practice, clinical NLP is employed to solve various clinical problems, ranging
from entity extraction to cohort detection. Our research demonstrates that the pro-
posed approach performs well on clinical concept extraction. It is crucial to conduct
further evaluation on other tasks, such as cohort detection and sentiment analysis
before adopting the approach in practice.

Last but not least, due to the wide adoption of health information systems (HIS)
in healthcare institutions, developing a simple method that supports the integration
of our approach with HIS would facilitate its implementation.

3.5 Conclusion

The proposed NLP architecture offers an efficient solution to develop tools that are
capable of processing unstructured clinical data in the healthcare industry. With our
approach, less time and resources are required to create and maintain NLP-enabled
clinical tools given that all NLP tasks are outsourced. Moreover, the prototype built
upon the approach produces satisfactory overall results, and its performance on cer-
tain datasets indicates that its practical application in clinical text processing, partic-
ularly clinical concept extraction, is promising. Nevertheless, high variance among

different datasets brings concerns on its generalization and practicability.
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Chapter 4

Automatic Extraction of Adverse

Drug Reactions from SmPC

The summary of product characteristics from the European Medicines Agency is a reference
document on medicines in the EU. It contains textual information for clinical experts on how
to safely use medicines, including adverse drug reactions. Using natural language processing
(NLP) techniques to automatically extract adverse drug reactions from such unstructured textual
information helps clinical experts to effectively and efficiently use them in daily practices. Such
techniques have been developed for Structured Product Labels from the Food and Drug Admin-
istration (FDA), but there is no research focusing on extracting from the Summary of Product
Characteristics. In this work, we built a natural language processing pipeline that automatically
scrapes the summary of product characteristics online and then extracts adverse drug reactions
from them. Besides, we have made the method and its output publicly available so that it can be
reused and further evaluated in clinical practices. In total, we extracted 32,797 common adverse
drug reactions for 647 common medicines scraped from the Electronic Medicines Compendium.
A manual review of 37 commonly used medicines has indicated a good performance, with a recall
and precision of 0.99 and 0.934, respectively.

This work was originally published as: Shen Z, Spruit M. Automatic Extraction of Adverse
Drug Reactions from Summary of Product Characteristics. ~ Applied Sciences.  2021; 11(6):2663.
https:/ /doi.org/10.3390/app11062663
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4.1 Introduction

Drug product labels are regulatory documents required as part of the marketing au-
thorization of each medicine. They provide up-to-date and comprehensive informa-
tion about the risks, benefits, and pharmacological properties of marketed medicines.
As such, extracting the clinical knowledge stored in product labels and making it
available in the form of computationally accessible knowledge bases would benefit
several applications in the area of drug safety surveillance and assessment. For ex-
ample, during post-marketing safety assessments, it is crucial to determine whether
an investigated adverse drug reaction (ADR) is already labeled (Banda et al., 2016;
Roberts et al., 2017).

There are two main versions of drug product labels around the world: Structured
Product Labels (SPL) introduced by the Food and Drug Administration (FDA) in the
US, and the Summary of Product Characteristics (SmPC) supervised by the European
Medicines Agency (EMA) in the EU (Shekhani et al., 2020). Both product labels pro-
vide information in sections, and the content of each section is in free narrative texts.
This study focuses on the undesirable side effect section of product labels which de-
scribes adverse drug reactions (ADRs).

To date, there are no structured machine-readable ADRs. Therefore, extracting
ADRSs from unstructured product labels becomes an interesting research topic. There
are many studies focusing on transforming unstructured ADRs data into structured
machine-readable data (Ly et al., 2018; Fung et al., 2013; Wu et al., 2019; Demner-
Fushman et al., 2018; Kuhn et al., 2016). However, the majority of current studies
focus on the US version of product labels. For example, systems such as SPLICER and
SPL-X were developed to extract ADR terms from particular sections using various
natural language processing (NLP) techniques, including named entity recognition,
rule-based parsing, and NegEx (Ly et al., 2018). Fung et al. (2013) proposed to use
open-source NLP tools to extract drug indication information from SPL. Wu et al.
managed to fetch ADR terms using Oracle Text search from 1164 single-ingredient
medicines (Wu et al., 2019). A variety of NLP techniques were designed to extract
ADRs from SPL in the 2017 Text Analysis Conference track (Roberts et al., 2017).

However, the FDA SPL is the main data source used in such studies. Until now,
the SmPC, as the European equivalent to SPL, has barely been investigated and no
method has been developed solely for extracting ADRs from the SmPC. This study
contributes to the field as a starting point.

In this study, the main research question we are addressing is how to utilize NLP
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techniques to automatically extract ADRs from standardized European product la-
bels, namely SmPC. To answer the question, we first develop an NLP pipeline to
extract adverse drug reactions from SmPC. A knowledge base is created from the ex-
tracted terms. The main characteristics of the NLP pipeline and the knowledge base
are summarized as follows: (a) open-source and reproducible; (b) customizable for
related ad hoc tasks; (c) knowledge base applicable for clinical studies.

The paper is structured as follows. section 4.2 defines a number of methods and
materials used in our study. Then the results are presented in section 4.3. Discussions
in section 4.4 summarize the main findings of this research and some limitations.

section 4.5 concludes the study:.

4.2 Materials and Methods

In this section, we describe the SmPC data source, elaborate on the various NLP tech-
niques that are applied to extract ADRs from SmPC, and briefly explain the eval-
uation setup for validating our automatic ADR extraction approach. A conceptual
overview of the ADR extraction pipeline is illustrated in Figure 4.1. The first step is to
scrape the side effects data from the Electronic Medicines Compendium (EMC). Then
the ADRs are extracted accordingly. Finally, the performance of our NLP method is
evaluated by both NLP and clinical experts.

4.2.1 Dataset

All SmPCs were scraped from the EMC which provides the most recent and openly
accessible regulated and approved information about medicines licensed in the UK
(Electronic Medicines Compendium (EMC), 2020). The EMC was selected as our
data source for two main reasons: (1) all information is in English; (2) it has more
than 14,000 documents, all of which have been checked and approved by the Euro-
pean government agencies. Figure 4.2 shows an example of the side effects section of
SmPC.

4.2.2 Scraping the Side Effects Section of SmPC

Since this study focuses on commonly used medications, we only scrape the Sm-
PCs of a limited number of medicines in the EMC. As shown in Figure 4.1, the pro-
cess of scraping side effects data starts with identifying active substances. Then, for
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Figure 4.1: A conceptual overview of the automatic Adverse Drug Reactions (ADRs) extrac-

tion pipeline.

each active substance, only one medication in tablet form is included in the final list

which contains 647 medicines, because the tablet form is the most common medica-

tion route. When there is no medicine in tablet form for a given active substance,

none is selected. At last, section 4.8 Undesirable effects of the SmPC is obtained for

all 647 medications in the final list. The 4.8 section consists of ADR information in

both plain text and structured tables, we scraped the available information in HTML
format so that the data structure is kept. All data is stored as a JSON file, which is

used in the later steps.

4.2.3 ADR Extraction

SmPC Processing

In the second phase of our NLP pipeline is ADR extraction. It starts with processing

the above-mentioned ADR relevant HTML excerpts. As we described before, the

section 4.8 in the SmPC contains ADR information in diverse formats: plain text,

structured text, and tables. Tables used in describing ADR information also come
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4.8 Undesirable effects
Summary of the safety profile

Headache, abdominal pain, diarrhoea and nausea are among those adverse reactions that have been most commonly reported in
clinical trials (and also from post-marketing use). In addition, the safety profile is similar for different formulations, treatment
indications, age groups and patient populations. No dose-related adverse reactions have been identified.

Tabulated list of adverse reactions

The following adverse drug reactions have been identified or suspected in the clinical trials programme for esomeprazole and post-
marketing. None was found to be dose-related. The reactions are classified according to frequency (very common > 1/10; common
21/100 to <1/10; uncommon 21/1000 to <1/100; rare 21/10000 to <1/1000; very rare <1/10000); not known (cannot be estimated
from the available data).

4

Blood and lymphatic system disorders

Rare: Leukopenia, thrombocytopenia

Very rare: Agranulocytosis, pancytopenia

Immune system disorders

Rare: Hypersensitivity reactions e.g. fever, angioedema and anaphylactic reaction/shock
Metabolism and nutrition disorders

Uncommon: Peripheral oedema

Rare: Hyponatraemia

Not known: Hypomagnesaemia (see section 4.4); severe hypomagnesaemia can correlate with hypocalcaemia.
Hypomagnesaemia may also be associated with hypokalaemia

Psychiatric disorders
Uncommon: Insomnia
Rare: Agitation, confusion, depression

Very rare: Aggression, hallucinations

Figure 4.2: An example of a Summary of Product Characteristics (SmPC) excerpt.

with different structural styles. Therefore, we classify the 4.8 section into separate
categories in terms of its content structure. Figure 4.3 elaborates on the process of
categorization. Each category has its own ADR extraction technique.

First, we identify a list of structural features in the HTML excerpts, for instance,
the counts of ‘<table>’, the counts and positions of some MedDRA terms (Mozzi-
cato, 2007), such as the frequency and SOC (System Organ Classes) (MedDRA, 2020).
Table 4.1 shows some specific examples of such words. Secondly, the features are en-
gineered from the scraped HTML files. Based on the features, we obtain three main

structural categories: structured text, free text, and tabular.

* Free-text: ADRs are explained in free-text, as shown in Figure 4.4a. ADRs are
hidden in sentences, which thus requires named entity recognition (NER) to
extract them.

¢ Structured text: ADRs are described in a structured text, as shown in Fig-
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Figure 4.3: A decision tree for classifying the ADR content during SmPC processing.

ure 4.4b. It depicts a list of ADRs and their frequencies in an organized format.

e Tabular: ADRs are presented in a very structured way, namely a table. Fig-
ure 4.4c shows an example of such tables. These tables are further split into two
groups: tabular horizontal and tabular vertical.

ADR Extraction

In the previous section, we identify three main structural categories that require
different ADR extraction techniques, respectively. An overview of the extraction
pipeline for each category is illustrated in Figure 4.5.

To uncover the hidden ADRs in the free-text, entity extraction techniques are
applied. Specifically, we simplify the extraction process by using the IBM Watson
Natural Language Understanding API that offers sophisticated NLP techniques in
extracting meta-data from content such as concepts, entities, keywords, and others.

54



Chapter 4. Automatic Extraction of Adverse Drug Reactions from SmPC

Term Type Description Examples
Frequency Terms that describe how  Very common
often an ADR happens Common

Uncommon
Rare
Very rare
Not known

SOC The highest level of  Immune system disorders

groupings in MedDRA. Metabolism and nutrition disorders
There are 27 groups  Nervous system disorders
which are defined by Eye disorders

etiology (Electronic Cardiac disorders

Medicines Compendium Gastrointestinal disorders

(EMC), 2020). Skin and subcutaneous tissue disorders
General disorders and administration site
conditions
Investigations

Table 4.1: Examples of ADR-specific terminologies.

Benchmarking studies have shown that IBM Watson Natural Language Understand-
ing API is a simple and useful NLP tool in solving various clinical NLP problems
(Canonico and De Russis, 2018; Shen et al., 2019a). A demonstration of how the API
works is available (IBM, 2021b). Since the number of ADR term:s is relatively limited,
we can use the API for free. It offers a lite account which can process 30, 000 items per
month free of charge (IBM, 2021a). Frequencies of the extracted ADRs are assigned
as unknown due to their absence in the free texts.

For the structured text, we extract ADR terms and their corresponding frequencies
with syntax parsing. The syntactic structure of a structured HTML text is depicted
by the occurrences and positions of SOC (System Organ Class) and frequency terms.
With the identified positions of SOC and frequency terms, we can obtain the HTML
elements that contain only ADR terms. In most cases, ADRs terms in an HTML ele-
ment are separated by a comma. Thus, by splitting the string by comma, we extract
several ADRs for a given SOC and frequency. An example of such ADR extraction
is illustrated in Figure 4.6. The left is the structured text in HTML and the right side
shows the extracted ADRs in JSON.

The tabular text refers to HTML tables that describe ADRs of a given medicine
in a two-dimensional grid format. The first step of information extraction for HTML
tables is to detect the structure. As mentioned above, we identify two types of struc-
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Hypersensitivity reactions (rash, urticaria, Stevens-Johnson Syndrome, angioedema of the skin, Quincke edema, bronchospasm
with obstruction, asthma and anaphylactic shock) may occur.

Echinacea can trigger allergic reactions in atopic patients. Association with autoimmune diseases (encephalitis disseminata,
erythema nodosum, immunothrombocytopenia, Evans Syndrome, Sjogren syndrome with renal tubular dysfunction) has been
reported.

Leucopenia may occur in long-term use (more than 8 weeks)

The frequency is not known.

If other adverse reactions not mentioned above occur, a doctor or a qualified healthcare practitioner should be consulted..
Reporting of suspected adverse reactions

Reporting suspected adverse reactions after authorisation of the medicinal product is important. It allows continued monitoring of
the benefit/risk of the medicinal product. Healthcare professionals are asked to report any suspected adverse reactions via the
Yellow card Scheme at www.mhra.gov.uk/yellowcard or search for 'MHRA Yellow Card' in the Google Play or Apple App Store.

a. Free-text
|mmune system disorders Table 1: Advorse reactions (doniifld in cllnical studios and postmarketing
Systom Organ Class Adverse roaction and frequancy
Very rare: Hypersensilivily reactions including urlicaria, angio-oedema or anaphylactc reactions.
Intoctions and infastations vary common: unoary Vo inecti

Psychiatric disorders
Common: Decreased libido. Endocrine disorders.

Matabolism and nulrition disorders
Uncommon: Increased libido.

Gastrointestinal disorders: Cardiac disordors.

Very common: Diarrhoea

notknown: fercton, OT prolongaton (seo
Common: Abdominal pain, nausea, vomiting, flatulence. " o
Skin and subcutaneous tissue disorders: Vascular disorders
iratory, thoracic and mediastinal isordars
Common: Pruritus, maculo-papular rash Resplestory, thomclo disord
Gostrointostinal disordors
Not known: Vesiculo-bullous eruptions

Reproduclive syslem and breast disorders: Hapatabiliary disordors

Common: Frigidity or impotence.

b. Structured c. Tabular

Figure 4.4: Example fragments of the three main structural categories: (a) free text, (b) struc-
tured text, and (c) tabular text.

tures: vertical and horizontal. Similar to structured text, ADR extraction starts with
getting the occurrences and positions of SOC and frequency terms. Then, with the po-
sition indexes of SOC and frequency terms, HTML table cells that contain ADR terms
are fetched and processed. ADR terms in an HTML table cell are usually separated
by a comma. An example is given in Figure 4.7.

4.2.4 Evaluation

An expert manual review is performed in the evaluation of ADRs extracted from the
SmPCs in this study. To alleviate the burden of manual reviewing for our clinical ex-
perts, we only sample a small subset of common medicines. Moreover, an NLP expert
is also involved in the manual review. The NLP expert specializes in processing the
clinical text and has a sufficient clinical knowledge to properly review the extracted
ADRS. In total, 37 medications were selected by the clinical expert for manual review.
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Hypersensilivity reactions (rash, urticaria, Stevens-Johnson Syndrome, angioedema of the skin, Quincke edema, bronchospasm
with obstruction, asthma and anaphylactic shock) may occur.

Echinacea can trigger allergic reactions in atopic patients. Association with autoimmune diseases (encephalitis disseminata,
erythema nodosum, immunothrombocytopenia, Evans Syndrome, Sjogren syndrome with renal tubular dysfunction) has been
reported.

Leucopenia may occur in long-term use (more than 8 weeks).

The frequency is not known.

If other adverse reactions not mentioned above occur, a doctor or a qualified healthcare practitioner should be consulled..
Reporting of suspected adverse reactions

Reporting suspected adverse reactions after authorisation of the medicinal product is important. It allows continued monitoring of
the benefit/risk of the medicinal product. Healthcare professionals are asked to report any suspected adverse reactions via the
Yellow card Scheme at www.mhra.gov.uk/yellowcard or search for 'MHRA Yellow Card' in the Google Play or Apple App Store.

a. Free-text

|mmune system disorders Table 1: Advorse roactions idontifiad in clinical studios and post-markoting
System Organ Class Adverse reaction and froquancy
Very raro: Hypersensilivily reactions including urlicaria, angio-oedema or anaphylaclc reactions.

Infoctions and infestations ary tract infoction

Psychiatric disorders
Common: Decreased libido. Endocrine disorders

Motabolism and nulrition disorders vary comaon: hypoksiaemia
Uncommon: Increased libido.

Gastrointestinal disorders Cordiac disordors
Very common: Diarrhoea

Common: Abdominal pain, nausea, vomiling, flatulence.

Skin and subcutaneous tissue disorders. Vasculer disorders

Rospiratory, thoracic and medisstinal disordors
Common: Pruritus, maculo-papular rash. ERslon:

Gostrointostinal disordors
Not known: Vesiculo-bullous eruptions.

syslem and broast disorders Hopatobiliary disordors

Common: Frigidity or impotence.

b. Structured c. Tabular

Figure 4.5: An Overview of the ADR Extraction Pipeline.

The clinical expert provided a list of top 50 commonly used medicines in Dutch pri-
mary care, and 37 of 50 were available in our scraped drug list. At the beginning of
the evaluation, both clinical and NLP experts are requested to review five identical
medicines to align the manual reviews of different experts. Following that, due to
time constraints, the clinical expert is asked to review five more medicines, whereas

the NLP expert continues to review 32 more medicines.

For each medicine, all extracted ADRs are examined and labeled as ‘correct’,
‘near’, or ‘incorrect’. Furthermore, the number of missing ADRs is counted by com-
paring the extracted ADRs with the original SmPC. Subsequently, we obtain the num-
bers of true positives (TP), false positives, and false negatives (FN). The ADR terms
with only ‘correct’ label are considered as TP, both ‘near” and ‘incorrect” are FP, and
the missing ADRs are FN. The standard metrics of recall, precision, and F-score are
calculated to measure the performance of the proposed automated approach.
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"atc_code": "N@7BB0O3",
"adrs": {
"very rare": [

"hypersensitivity reactions including urticari

a
Immune system disorders:
,

Very rare: Hypersensitivity reactions including urticaria, angio-oedema or anaphylactic reactions "angio-oedema or anaphylactic reactions."
1
Psychiatric disorders: . .
uncommon™: [
Common: Decreased libido. "increased libido."
Uncommon: Increased libido. 1
“common": [
Gastrointestinal disorders: " r libido."
ADRs Extration ”dec eased 1ib fo '
Very common: Diarrthoea. — abdominal pain",
"nausea",
Common: Abdominal pain, nausea, vomiting, flatulence. “vomiting",
Skin and tissue disorders: "flatulence.",
§ "pruritus",
Common: Pruritus, maculo-papular rash. “maculo-papular rash.",
Not known: Vesiculo-bullous eruptions. "frigidity or impotence."
1
ive system and breast disorders: . .
very common": [
Common: Frigidity or impotence. "diarrhoea."

1,
"unknown": [
"vesiculo-bullous eruptions."
1
}

Figure 4.6: An example of ADR extraction for the structured text.

4.3 Results

This section presents the results of our proposed ADR extraction method and the

manual evaluation results.

4.3.1 Overview

This study scrapes the SmPC documents of a total number of 647 marketed
medicines, from which 32,797 ADR terms and their frequencies are extracted. Among
all extracted ADR terms, 8069 are unique. The average number of ADR terms per
medicine is 51. Table 4.2 offers a statistical overview of the extraction results from
our selected medicines.

4.3.2 The Manual Evaluation Results

Clinical experts chose 37 commonly prescribed medicines for manual reviews. Ap-
pendix A in the section 4.6 provides a complete list of the 37 reviewed medicines.
Among these chosen medicines, there are 28 tabular texts, 7 structured texts, and 2
free texts. As explained before, two experts participated in the manual evaluation.
Table 4.3 shows the results of the manual review, including some important perfor-
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System Organ Class

Infections and infestations

Table 1: Adverse reactions identified in clinical studies and post-marketing

Adverse reaction and frequency

very common: urinary tract infection

(common: sepsis

Endocrine disorders

Metabolism and nutrition disorders

luncommon: adrenal insuffciency

very common: hypokalaemia

common: hypertriglyceridaemia

Cardiac disorders

Vascular disorders
Respiratory, thoracic and mediastinal disorders

Gastrointestinal disorders

(common: cardiac failure", angina pectoris, atrial
fibrilation, tachycardia

uncommon: other arthythmias

not known: myocardial infarction, QT prolongation (see
|sections 4.4 and 4.5)

|very common: hypertension
|
|rare: allergic alveolitis*

|very common: diarrhoea

"atc_code": "L0O2BX03",
"adrs": {

"uncommon": [
"adrenal insufficiency",
"other arrhythmias",
"myopathy",
"rhabdomyolysis"

1,

“"common": [
"sepsis",
"hypertriglyceridaemia",
"cardiac failure",
"angina pectoris",
"atrial fibrillation",
"tachycardia",
"dyspepsia",
"rash",
"haematuria",
"fractures"

ADRs Extration 1,

"very common": [
"urinary tract infection",
"hypokalaemia",
"hypertension",
"diarrhoea",

"alanine aminotransferase increased and/or asp

common: dyspepsia artate aminotransferase increased"

Hepatobiliary disorders |very common: alanine aminotransferase increased and/or

[aspartate aminotransferase increased ]
rare: hepatitis fulminant, acute hepatic failure !
| “rare": [
"allergic alveolitis",
"hepatitis fulminant",
"acute hepatic failure"

"oedema peripheral"

1,
“unknown": [
"myocardial infarction",
"qt prolongation"
1
}

Figure 4.7: An example of ADR extraction for the tabular text.

mance scores, such as recall and precision. For each medicine, the number of true
positives, false positives, and false negatives are counted. An extracted term is con-
sidered as true positive only when it is reviewed as a correct ADR compared with
the original text. False positives refer to the extracted terms that are not ADRs. The
missing ADRs are labeled as false negatives. The overall recall and precision of all
reviewed medicines are 0.99 and 0.932, respectively, which shows the effectiveness of
our ADR extraction approach and the reliability of its outputs.

4.3.3 Error Analysis

Three main types of errors are identified among the 116 incorrect extracted ADRs of
Reviewer 1 (false positives). Table 4.4 summarizes the error analysis of incorrectly ex-
tracted ADRs. Our approach encountered issues with splitting multiple ADR terms
that are joined by a colon or semicolon. For instance, two ADR terms (agitation and
aggression) could be extracted from ‘Agitation, aggression’. However, if multiple
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Characteristics Statistics

# of selected marketed 647
medicines

# of medicines with struc- 141
tured text

# of medicines with tabu- 419
lar text

# of medicines with free 87
text

Average ADRs per 51
medicine

25% percentile ADRs per 21
medicine

50% percentile ADRs per 38
medicine

75% percentile ADRs per 67
medicine

Top medicines in terms of 1.Topamax 100 mg Tablets (269)

extracted ADRs 2. Revolade 25 mg film-coated tablets (255)
3.Capecitabine Accord 150 mg film coated tablets (240)
4.Glivec 100 mg film-coated tablets (232)
5.Risperdal 0.5 mg Film-Coated Tablets (218)
6.Xadago 50 mg film-coated tablets (215)
7.Invega 12 mg prolonged-release tablets (207)
8.LUSTRAL 100 mg film coated tablets (207)
9.Isentress 100 mg chewable tablets (191)

Table 4.2: Overview of the ADR extraction results.

ADR terms are joined by ‘or’, ‘and’, or semicolon, such as the examples shown in
Table 4.4, our extraction method fails to properly address this. The second type of
false-positive results is related to the data cleaning of our approach. The extracted
ADRs contain noises such as unrelated words or special characters. As shown in the
examples, to get the correct ADRs, we need to clean up noises like ‘2020, and “in com-
bination with insulin or sulphonylurea’. Lastly, a small number of extracted terms are
not ADRs at all. For example, ‘skin and subcutaneous tissue disorders” is an SoC term
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Reviewer 1 (NLP Expert) Reviewer 2 (Clinical Expert) Totals

# of reviewed medicines 32 5 37
# of extracted ADRs terms 1700 118 1824
# of correct ADRs (TP) 1590 110 1703
# of incorrect ADRs (FP) 116 8 124
# of missing ADRs (FN) 7 11 18
Recall 0.996 0.909 0.99
Precision 0.932 0.932 0.932

Table 4.3: Final results of the manual expert reviews.

that should be excluded from our final ADR lists. Since other incorrect extractions do
not belong to any specific group, it is difficult to exclude them. However, the number
of such errors is so small that its impact is limited.

Type of Error Examples Extracted Terms Counts
Unsplit multiple ADTs “angio-oedema or anaphylactic reac- 81
P P tion%” phylach - angio-oedema
- anaphylactic reactions
ADR with noi 22
withnoise - ‘retinal detachment’ - retinal detachment
- ‘hypoglycaemia in combination with - hypoglycaemia

insulin or sulphonylurea’

Non-ADR . , Not ADR 13
‘all causality frequency’

‘general disorders:’
- ‘skin and subcutaneous tissue disor-
ders’

Table 4.4: Error analysis for false positives.

Since there are only seven missing ADRs out of 1706 extracted ADRs, false-
negative (missing ADR) is not a common error. However, we found that such an error
is more likely to happen to medicines using free text to describe their ADRs. Since
only 87 out of the selected 647 medicines summarize their ADRs in free-text, and the
number of unstructured reported medicines has been steadily decreasing with recent
SmPC updates, the false-negative error has a relatively limited and decreasing impact
on the performance of our approach.
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4.4 Discussion

Many studies investigated the extraction of ADRs from SPLs from the FDA in the
USA, and some effective methods have been developed. However, as an equivalent
in Europe, the SmPC from the European Medicines Agency receives very little atten-
tion in the field of NLP. In this study, we fill the research gap with the development
of an automated ADRs extraction method for the SmPC.

The manual experts review results demonstrate that our proposed method is ef-
fective and has the potential of being used to solve ADR related clinical problems.
Specifically, our method achieves an overall recall of 0.990 and a precision of 0.932.
Such high performance has never been reported in previous studies focusing on ex-
tracting ADRs from SPLs (Wu et al., 2019; Pandey et al., 2019).

As discussed in the error analysis, there are a few ways to further improve the
performance of our method. For example, noise in the extracted terms can be cleaned
with regular expressions. When it comes to the unsplit multiple ADRs, we can extend
the split function with more options so that it allows strings to be split by ‘or’, ‘and’,
or semicolon. Furthermore, encoding extracted ADR terms into MedDRA Preferred
Terms could reduce the non-ADR errors, thus further improving the performance.

Our study has some limitations. First, there are no standardized ADR annotations
based on the SmPC available to benchmark ADR extraction methods. It is difficult
to reproduce the performance of this study. Manual reviews from different experts
might present different performance scores.

Another limitation lies in the manual review process of this study. Involving
clinical experts in the manual review process is always challenging given their busy
schedule. The coronavirus has made the situation even worse. Therefore, the manual
process in this study only included one clinical expert. To compensate for this, we
added one clinical NLP expert as another reviewer. The NLP expert is familiar with
this topic and was trained for the task by the clinical expert. To address this, we plan
to expand the manual review to a larger size of samples and a bigger group of clinical
experts in a post-COVID world.

The proposed ADR extraction method is developed based on data from the EMC
in UK. However, due to Brexit, product labels in UK might changes. Then the method
will not perform the same as shown in this study. Further development of this
method should focus on using the SmPCs from the EMA.
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4.5 Conclusions

The contributions of this study are two-fold. First, it contributes to the field of clini-
cal NLP by introducing an open-source and reproducible method that extracts ADR
terms from the SmPC. The high-performance scores (recall: 0.99 and precision: 0.934)
indicate our approach is very effective, which leads us to believe that the method
could be useful in the processing and coding of ADRs in the SmPC. The second con-
tribution lies in the clinical field. The results of our extraction method are structured
data that describes marketed medicines and their recorded ADRs and frequencies.
Such a knowledge base could be applied to address practical clinical problems, rang-
ing from ADR assessment in clinical trials to assisting the detection of ADRs in pa-

tients.

4.6 Supplementary Materials

The following materials are available online at
https://github.com/ianshan0915/ade-extraction/paper, =~ Appendix A: Ap-
pendix A-manual review results.xlsx. Source code of the project is available on
https:/ / github.com/ianshan0915/ade-extraction.
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Chapter 5

Big Data Framework for

Biomedical Literature Mining

The massive size of available biomedical literature requires researchers to utilize novel big data
technologies in data storage and analysis. Among them is cloud computing which has become
the most popular solution for big data applications in industry. However, many bioinformaticians
still rely on expensive and inefficient in-house infrastructure to discover knowledge from biomed-
ical literature. Although some cloud-based solutions were constructed recently, they failed to
sufficiently address a few key issues including scalability, flexibility, and reusability. Moreover,
no study has taken computational cost into consideration. To fill the gap, we proposed a cloud-
based big data framework that enables researchers to perform reproducible and scalable large-
scale biomedical literature mining in an efficient and cost-effective way. Additionally, a cloud
agnostic platform was constructed and then evaluated on two open access corpora with millions
of full-text biomedical articles. The results indicate that our framework supports scalable and
efficient large-scale biomedical literature mining.

Big Data

This work was originally published as: Shen, Z.,, Wang, X., & Spruit, M. (2019, June).

Framework for Scalable and Efficient Biomedical Literature Mining in the Cloud. In Proceedings of the
2019 3rd International Conference on Natural Language Processing and Information Retrieval (pp. 80-86).

https://doi.org/10.1145/3342827.3342843
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5.1 Introduction

A huge amount of biomedical literature has been produced over the decades, and the
number is still growing on a daily basis. Furthermore, with the advocacy of open sci-
ence, an increasing number of publications become openly accessible. For example,
as the leading biomedical literature database, PubMed Central (PMC) has archived
over 5.3 million research papers, of which around 2.4 million full-text articles are eas-
ily accessible at the PMC Open Access Subset (PMC OA Subset) (Pubmed Central,
2019; Pubmed Open Access, 2019). The size of the latest update of full-text articles
in the PMC OA Subset is around 100 GB, so storing, processing, and analyzing such
massive data is not exactly trivial.

The difficulty of extracting hidden useful knowledge from literature increases as
the number of literature arise. Analyzing today’s massive biomedical literature, es-
pecially full-text articles, is a challenging task. The huge amount of available full-text
articles results in very high computational and storage requirements. However, ex-
isting biomedical text mining tools that run on single commodity hardware cannot
meet the requirements. For instance, a full run of BioContext on 20 million MEDLINE
abstracts and 234 thousand PMC full-texts took 2-3 months (Gerner et al., 2012). To
tackle this infrastructure barrier, cloud-based solutions that integrate multiple off-
the-shelf big data technologies including parallel computing and cloud computing
were introduced (Luo et al., 2016). Parallel computing is a fundamental infrastruc-
ture which enables the execution of data analysis tasks simultaneously on a cluster
of machines or supercomputers (Luo et al., 2016). A prominent example is Hadoop,
an open-source MapReduce package for distributed data management (Dean and
Ghemawat, 2004). Cloud computing is a new paradigm for sharing computational
resources across the Internet. It offers a scalable and cost-effective solution for big
data analysis (Assungéo et al., 2015). Amazon and Google are today’s two biggest
cloud infrastructure providers (Rajdho and Biba, 2013).

Nevertheless, the development of cloud-based solutions for large-scale literature
mining is complicated, requiring IT experts to integrate a number of specific tech-
nologies, such as massive parallel processing, distributed databases, scalable stor-
age systems, and a variety of third-party text mining libraries (Assungdo et al., 2015;
Yang et al., 2017b). Additionally, the configuration and management of cloud infras-
tructure are notoriously difficult and resource-intensive (Hendrickson et al., 2016).
Since bioinformaticians specialized in text mining or natural language processing of-
ten lack the experience of managing cloud infrastructures, it is of great necessity that
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there is an integrated cloud-based platform which relieves them from the burden of
technical details, such as cloud setups and configurations. On the other hand, faced
with various text mining needs, biomedical scientists need a great deal of freedom
when it comes to selecting natural language processing (NLP) and text mining tech-
niques (Lamurias and Couto, 2019).

In this work, we first proposed a big data framework named SELM to facilitate
large-scale biomedical literature mining by utilizing cloud computing (Bahrami and
Singhal, 2015) and Apache Spark (Zaharia et al., 2016). In specific, SELM incorporates
a storage layer that supports cost-effective and scalable data storage in the cloud, and
a management layer which manages both cloud infrastructure and text mining appli-
cations. An implementation of the framework was then presented as a cloud-based
computational platform. The main characteristics of the platform are as follows: (1)
scalable, (2) flexible, (3) efficient, (4) affordable, (5) reusable analysis to improve re-
search reproducibility. Furthermore, the code of our implementation is open source
and available on GitHub (Shen and Wang, 2019).

5.2 Related literature

Over the last few years, a number of platforms or systems have been produced to per-
form text mining tasks on large-scale literature corpora. For instance, Labropoulou et
al. devised the OpenMinTed platform to support text mining of open access scholarly
content (Labropoulou et al., 2018). Users can conduct text mining on self-defined cor-
pora with graphic user interfaces. Textpresso Central is a similar tool crafted specifi-
cally for the biomedical domain (Miiller et al., 2018). Although both tools are proven
to be effective and efficient for researchers to discover useful insights from literature,
they do not address big data challenges at all. To fill the gap, studies on large-scale
biomedical text mining introduced software with the capacity for handling big data.
SparkText, a text mining framework based on Apache Spark, was created and evalu-
ated in (Ye et al., 2016). Tafti et al. proposed their big data analytics system to identify
adverse drug events (ADEs) from literature and social media posts (Tafti et al., 2017).
Besides, high performance computers were also employed in large-scale biomedical
text mining (Ide et al., 2018; Xing et al., 2018). Nonetheless, given that supercomput-
ers, such as Tianhe-2 (Liao et al., 2014), XSEDE (Towns et al., 2014), are not reachable
to most researchers, the supercomputer dependent frameworks lack practical impli-
cations.

Table 5.1 summarizes the main characteristics of the existing platforms or systems,
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including open source, cloud support, scalability, flexibility, and reproducibility.

* Open source: Releasing the code of a software under open source licenses be-

comes a popular practice in software industry and academia. It enables people

to freely reuse the software for their own purposes (McKiernan et al., 2016).

Whether a platform is open source is usually explicitly described.

* Cloud support: As discussed previously, cloud-based solutions are scalable

and cost-effective. We examined the existing tools on whether they support

large-scale text mining in the cloud.

* Scalability: It refers to how well a platform can scale up to large-scale literature

mining. The size of corpora in the evaluation reflects the scalability of a system.

According to the evaluation results stated in (Labropoulou et al., 2018; Miiller
etal., 2018; Ye et al., 2016; Tafti et al., 2017; Ide et al., 2018; Xing et al., 2018), we

divided into high, medium and low.

* Flexibility: Given that a complex collection of text mining techniques are re-

quired for biomedical literature mining tasks (Lamurias and Couto, 2019), plat-

forms or systems are not able to include all text mining techniques for users.

Therefore, a certain degree of freedom should be granted to users in customiz-

ing text mining methods according to their specific needs. Flexibility reflects

the level of freedom.

* Reproducibility: Reproducing computational experiments with a high degree

of certainty is becoming a very important factor in assessing the quality of one’s

research (Korolev and Joshi, 2014). How well a platform supports the develop-

ment of reproducible text mining pipelines determines the level of its repro-

ducibility.

As shown in Table 5.1, not all existing platforms have cloud support. But there is a

consensus among researchers about the benefits of utilizing cloud-based solutions for
big data (Alharthi et al., 2017). Healthcare system developed on the cloud has shown
its capacity to collect, store, and analyze big health data (Zhang et al., 2017). Geospa-

tial scientists also utilized cloud computing to tackle big geospatial data challenges

(Yang et al., 2017a).
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Paper/Platforms Description Open Cloud Scalability Flexibility Reproducibility
source sup-
port
OpenMinTed A platform facilitating  Yes Yes Low Medium  High
Labropoulou  text mining of scholarly
et al. (2018) content
Textpresso A customizable platform No Yes Low Medium  Medium
Central for searching, text min-
Miiller et al. ing, viewing, and curat-
(2018) ing biomedical literature
bigNN Tafti A scalable framework  No No Medium  Low Low

etal. (2017) to analyze ADEs from
large-scale  biomedical

text
SparkText an efficient text mining No No Medium  Medium  Low
Ye et al framework built on big
(2016) data infrastructure and
a Cassandra NoSQL
database
LAPPS An open, interoperable  Yes Yes Medium  Medium  High
Grid Ide  web service platform for
et al. (2018); natural language pro-
Towns et al. cessing (NLP) research
(2014) and development
ParaBTM A runnable framework Yes No High Low Low

Xing et al. that enables parallel text
(2018); Liao mining on the Tianhe-2
etal. (2014) supercomputer

Table 5.1: Summary of Existing Tools for Large-scale Biomedical Literature Mining

5.3 Framework

In this section, we present a framework which is composed of three main compo-
nents for storing, analyzing massive biomedical literature and a underlying cloud
infrastructure layer.

As displayed in Figure 5.1, the framework provides a high-level representation
of our large-scale biomedical literature mining solution which is cloud-based and
built upon Infrastructure-as-a-Service (IaaS). Instead of being limited to IaaS from a

specific provider, it is compatible with all major public cloud infrastructures.

The storage layer utilizes the distributed file system from the cloud providers. It
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Figure 5.1: SELM: the Big Data Framework for Scalable and Efficient Biomedical Literature
Mining in the Cloud

is extremely cost-effective and scalable due to the separation of storage and computa-
tion. High availability and data loss prevention are also secured at the same time. In
addition, the accessibility of the storage layer is further extended to various use cases
that are not bounded with particular machines or networks. In practice, Amazon
Web Services (AWS) S3, Google cloud storage and Azure blob storage are employed
for the reason that they are scalable for unstructured data with the vendor-variant
Hadoop Distributed File System (HDFS) (Shvachko et al., 2010).

In the management layer, Kubernetes and Docker are employed to manage com-
putational and storage resource, and Spark applications at scale. Spark applications
written by bioinformaticians in the Spark Apps layer are built as Docker images
which is an executable package. Firstly, it allows users to easily manage the lifecy-
cles of Spark applications with simple configuration files. Secondly, it facilitates the
computation resources to interact with the storage layer in an orderly fashion which
is based on user-defined requirements. To scale up to run Spark applications on a
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large cluster, Kubernetes is introduced to orchestrate the Docker containerized Spark
applications.

As the external component of the framework, the Spark apps layer allows biomed-
ical researchers to easily created reusable text mining modules with Apache Spark
based on their specific needs. To begin with, biomedical researchers can create
a Spark application with some widely used programming languages, including
Python, Java, Scala, and R. Moreover, the built-in libraries in Apache Spark and third-
party NLP libraries make it simpler. Before running a Spark application, Kubernetes
deployment configurations should be added so that the application could be scaled
up to running on a large number of servers. As mentioned before, Spark applications
are assembled as Docker images in this layer which could be easily distributed and
deployed across platforms (Boettiger, 2014). Therefore, biomedical literature mining

tasks created for the framework are reusable.

5.4 Evaluation

To evaluate the performance of the framework, a cloud platform was constructed and
evaluated on two large-scale full-text articles datasets. This section briefly discusses
the datasets, the details of the experiment setup and evaluation metrics.

Dataset Year range Size Task Model Cloud Specifica- Evaluation metrics
tions

PMC OA Subset 1918-2019 1,010,787 Vilidate the scalability LDA 190G RAM, 64 Execution time
with large biomedical cores Estimated cost
literature corpora

SparkText 2009-2016 29,437 Classifying full-text arti- Naive Bayes 80G RAM, 16 cores Execution time
cles into breast lung or Estimated cost
prostate cancer Accuracy

Precision
Recall

Table 5.2: Details about Datasets, Experiment Setup, and Evaluation Metrics

5.4.1 Datasets

The first dataset contains over one million full-text biomedical articles from PubMed
Open Access Subset. The articles were obtained via the PMC FTP service as zip files
(Pubmed Open Access, 2019). With this dataset, we intend to demonstrate the pow-
erful scalability of our approach by conducting topic modelling on three big samples.
The biggest sample contains 1010787 full-text articles, and the smallest one comprises
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267471 articles. The second dataset devised by Ye et al. in (Ye et al., 2016) was a collec-
tion of labeled biomedical articles from PubMed. More specifically, it contains 29437
full-text articles which are divided into three groups: breast cancer, lung cancer, and
prostate cancer. we employed 80% of the entire dataset to train a classification model
while the remaining 20% was used for testing.

5.4.2 Experiment Setup

An implementation of SELM has been created to verify our design and to evaluate
its performance on analyzing big biomedical literature corpora. The implementa-
tion was constructed on top of the Google Cloud Platform. In particular, the cloud
service in our implementation is Google Cloud. The storage layer relied on Google
Cloud Storage. An open source software, Kubernetes Operator for Apache Spark
(GoogleCloudPlatform, 2019), was utilized for the management layer. These tools
were integrated into a cloud platform which supports running Spark applications in
a scalable and efficient manner. The specifications of the cloud infrastructure in each
experiment are in Table Table 5.2.

Spark applications were developed in Scala 2.11. Each Spark application consists
of two main components: NLP pipeline and data modeling. In the NLP pipeline, raw
text is preprocessed and vectorized into features with the built-in Apache Spark ML-
lib and the external NLP library for Apache Spark, namely Spark-NLP from the John-
snow labs. Data modeling takes into the extracted features from the NLP pipeline to
train the latent Dirichlet allocation (LDA) for topic extraction and the Naive Bayes

model for document classification.

5.4.3 Evaluation Metrics

The performance metrics applied in the evaluation include execution time, estimated
cost, and three common prediction measures: accuracy, precision, and recall. Execu-
tion time refers to the amount of time it takes to complete the execution of a Spark
application in the cloud. Long execution time would significantly slow the develop-
ment of text mining solutions. In most cases, data scientists obtain their best results
through numerous rounds of execution. Thus, less execution time means more ef-
ficiency and synergies in text mining. Since cloud computing shares computational
resources through the Internet, execution time can be reduced by expanding the num-
ber of cloud servers. However, the bigger the cloud is, the expensive it becomes. Tak-
ing affordability into consideration, we calculated the cloud computational cost for
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each experiment. Since all cloud infrastructure providers support the pay-as-you-go
model, costs are estimated on the basis of execution time.

Besides execution time and estimated cost, accuracy, precision, and recall are em-
ployed to measure the prediction performance of the document classification model
trained on the second dataset. From the classification point of view, four possible
outcomes are defined: true positive (TP), true negative (TN), false positive (FP), and
false negative (FN). Based on the four outcomes, accuracy, precision and recall are
calculated.

* Accuracy: it is calculated as the ratio of correctly classified document to the
total number of documents. Accuracy = (TP + TN) /(TP + TN + FP + FN)

* Precision: it measures the exactness of a prediction. It refers the percent of
positive predictions that are accurate. Precision = TP/(TP + FP)

* Recall: it measures the sensitivity of a classifier. It is calculated as Recall =
TP /(TP + EN) To compare the performance of our approach,

we used the performance of a big data framework in (Ye et al., 2016) as the benchmark
to conduct comparison.

5.5 Results

In this section, we present the results of two experiments and discuss the implications
and limitation of the evaluation.

5.5.1 Topic Modelling on the PMC OA Subset

We demonstrated the scalability of SELM with a big biomedical literature corpus
which contains over one million biomedical full-texts articles. To our best knowl-
edge, there is no research on biomedical literature mining that has analyzed data of
this size, even in those where big data frameworks were developed for biomedical
literature mining (Ye et al., 2016; Tafti et al., 2017; Xing et al., 2018). Moreover, as
a generative probabilistic model, LDA is computationally intensive. The result of
this experiment also applies to text mining tasks using other common classification
models, including Support Vector Machine (SVM), Logistic Regression, and Random
Forest.
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Performance comparison of our approach and other systems for large-scale
biomedical literature mining is shown in Table 5.3 The analysis of over one million
full-text articles took around 25 minutes with a cost of around 1.5 US dollars. Our
implementation only took nine minutes to analyze 267,471 full-text articles. It took
six minutes to build a classification model with 29,437 full-text articles on SparkText.
The execution time of running the same analysis on the same dataset in the second
experiment is only one minute. Therefore, in terms of time efficiency, our framework
is around six times faster than SparkText. Furthermore, when it comes to cost, our
framework’s is much lower than that of the other three systems. It offers an affordable

means for biomedical scientists to fully utilize the available biomedical literature.

Size Model Time (min- Cost
utes) %)
SELM 1,010,787 LDA 25 1.5
428,152 LDA 15 0.75
267471 LDA 9 0.45
29,437 Naive Bayes 1 0.02
bigNN 14,017 SVM 88.9 597"

21,843 Naive Bayes 135.3

SparkText 29,437 Naive Bayes 6 1100°
ParaBTM 61,078  Conditional 240 High™
Random
Fields

" Monthly cost estimated on server specifications provided on the pa-
pers and the prices of Google Cloud.

" The authors stated that the cost of a full run of over 1 million full-text
articles from PMC is beyond their funding budget.

Table 5.3: Performance Comparison with Large Corpus
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5.5.2 Cancer Articles Classification

Table 5.4 shows the comparison of execution time, estimated cost and the prediction
metrics between our solution and SparkText. Like SparkText, we trained a Naive
Bayes classification model on a dataset of 29,437 full-text articles. First of all, SELM is
six times faster than SparkText. Secondly, the cost of execution with our framework
is much less and more flexible. In comparison with SparkText our approach do not
require a server running at 24/7. Cloud infrastructure only starts on demand and
costs are calculated based on the amount of actual running time. Last but not least,
prediction results are improved with our approach. Therefore, it is safe to claim that
our framework is a better choice in handling large-scale biomedical literature mining.

Accuracy Precision Recall Time (min- Cost

utes) %)

SELM 90.28%  90.36%  90.28% 1 0.02
SparkText 86.44%  87.61%  89.12% 6 1100

Table 5.4: Performance on Cancer Articles Classification

5.6 Discussions

The execution time and estimated costs from both experiments indicate that the pro-
posed framework is more efficient and affordable in large-scale biomedical literature
mining. The fact that the framework supported the analysis of over one million full-
text articles exhibits its good scalability in handling big data. No existing biomedical
literature mining system has demonstrated similar capacity. Besides, the prediction
performance in the second experiment suggests that SELM is capable of being scaled
down to medium-sized datasets. As mentioned previously, the framework is de-
signed as a flexible platform that supports a variety of biomedical literature mining
tasks. During the evaluation, we performed two literature mining tasks on two dif-
ferent datasets, which ensures that our framework can be easily expanded to other
biomedical literature mining tasks. Therefore, we argue that the purpose of design-
ing a scalable, flexible, efficient and affordable framework for biomedical literature
mining is fulfilled.
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The target users of the platform built on the framework include any biomedical
researcher who works at discovering knowledge from a huge amount of biomedical
literature. It relieves biomedical researchers from the burden of technical details on
configuring computational infrastructure. With the platform, biomedical researchers
focus on building text mining Spark applications and distributing them as Docker
images. Spark applications in the format of Docker images are reusable modules that
facilitate reproducible research.

There are some noted limitations in our study. First, not all 2.4 million full-text
articles in the PMC OA Subset were used in our evaluation. Although there is no
doubt that the framework can scale up to analyze all 2.4 million full-text articles, it
is of great interest to see all articles being analyzed. Secondly, common biomedi-
cal literature mining tasks, such as entity recognition and relation extraction, are not
validated in the evaluation. However, these tasks are crucial in knowledge discov-
ery from biomedical literature. For instance, relation extraction helps advance pre-
cision medicine by discovering the association between gene and disease (Pletscher-
Frankild et al., 2015), gene and drug (Cafiada et al., 2017), and other associations.
Future studies should include the implementation of these tasks. At last, the frame-
work was introduced as cloud infrastructure independent, meaning it can seamlessly
integrate with all major cloud service providers, including Amazon, Google, and Mi-

crosoft. However, only Google Cloud was tested in the evaluation.

5.7 Conclusion

In this study, we presented a big data framework for large-scale biomedical litera-
ture mining in the cloud. The scalability and cost-effectiveness are guaranteed by
the cloud infrastructure upon which the framework was built. Besides, the storage
and management components supported by Kubernetes and Docker make develop-
ing, managing and reproducing Spark based biomedical literature mining as easy as
possible. Experimental results validate that our platform offers a scalable, flexible,
efficient and affordable solution for large-scale biomedical literature mining.

In future work, we plan to further evaluate the platform by inviting more biomed-
ical researchers to evaluate it and provide feedback. Then we will improve its usabil-
ity based the feedback, We also would like to investigate the performance of our

platform in analyzing literature or textual data from other domains.
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Chapter 6

A Systematic Review of Open

Source Clinical Software

The plethora of open source clinical software offers great reuse opportunities for developers to
build clinical tools at lower cost and faster pace. However, the lack of research on open source
clinical software poses a challenge for code reuse in clinical software development. This paper
aims to help clinical developers better understand open source clinical software by conducting a
thorough investigation of open source clinical software hosted on GitHub. We first developed a
data pipeline that automatically collected and preprocessed GitHub data. Then, an in-depth anal-
ysis using several methods, such as statistical analysis, hypothesis testing, and topic modeling,
was conducted to reveal the overall status and various characteristics of open source clinical soft-
ware. There were 14,971 clinical-related GitHub repositories created during the last 10 years, with
an average annual growth rate of 55%. Among them, 12,919 are open source clinical software.
Our analysis unveiled a number of interesting findings: Popular open source clinical software in
terms of the number of stars, most productive countries that contribute to the community, impor-
tant factors that make open source clinical software popular, and 10 main groups of open source
clinical software. The results can assist both researchers and practitioners, especially newcomers,
in understanding open source clinical software.

This work was originally published as: Shen Z, Spruit M. A Systematic Review of Open Source Clinical
Software on GitHub for Improving Software Reuse in Smart Healthcare. Applied Sciences. 2019; 9(1):150.

https:/ /doi.org/10.3390/app9010150
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6.1 Introduction

There have been numerous open source projects created across a variety of domains
after decades of open source software advocacy (Anthes, 2016). With their acceler-
ating popularity, more and more will likely be added. The plethora of open source
projects offers great reuse opportunities for developers to build tools at lower cost
and at a faster pace. Therefore, software reuse, also called code reuse, has become an
essential topic in software development (Frakes and Fox, 1996; Mcllroy et al., 1968;
Zaimi et al., 2015). This is especially true in the clinical domain, where the lack of
a well-trained IT workforce and an uneven geographic distribution of clinical infor-
maticians between developed and developing countries restrain the development of
clinical IT (Luna et al., 2014; Russo et al., 2016). Given that successful reuse of exist-
ing open source software enables the rapid and cost-effective development of clinical
applications, it is of great importance to promote reuse awareness in the clinical com-
munity and facilitate software reuse practices among clinical developers and applied
data scientists (Zhang and Ho, 2017; Schots, 2014; Badgeley et al., 2016; Spruit and
Lytras, 2018). Zhang and Ho (2017) have recognized this importance and have called

for more reuse of open source projects in clinical settings.

As a challenging topic, software reuse still faces many difficulties, particularly in
clinical software development (de Oliveira, 2015). The lack of resources to support
the selection of suitable reusable source codes or software from tens of thousands of
open source projects is one of them. Although systematic literature studies on clinical
software have helped developers obtain a deeper understanding of the existing tools
and their performances (Rehim et al., 2017; Guaitoli et al., 2014; Marien et al., 2017),
they are not particularly useful in clinical software development. First, systematic lit-
erature studies cover only a small proportion of the vast amount of clinical software.
Moreover, the rapid updates of clinical software are not reflected due to the long pub-
lication process. Most importantly, these systematic literature studies do not examine
source codes, software issues, and code usage, which are crucial in reuse practices.

Recently, researchers in life sciences have combined literature studies and large-
scale analysis on open source repositories to achieve better reusability (Wang et al.,
2017; Russell et al., 2018). A source code repository is a file archive and web host-
ing facility where a large amount of source code is kept, either publicly or privately
(Wikipedia, 2018). Well-organized repositories contain both brief descriptions and
detailed README files that explain what the projects are and how to use them.
Quantitative metrics such as stars and forks indicate how popular a repository is.
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Wang et al. built an online software discovery platform with biomedical software-
related data collected from PubMed literature and GitHub. It empowers biomedical
researchers to easily find the (open source) tools they need (Wang et al., 2017). A
large-scale analysis of bioinformatics open source projects on GitHub was conducted
to uncover the unknown state of bioinformatics software. The analysis covers a list of
1743 GitHub repositories manually selected from bioinformatics articles and online
forums (Russell et al., 2018). By focusing on the analysis of data extracted from open
source repositories, these studies offered more information for evaluating software
in reusability. However, both studies only included a limited amount of biomedical
software that were mentioned in the literature. To our knowledge, there is no such
research that has investigated open source clinical software.

Therefore, this work intends to contribute to clinical software reuse research by
conducting a large-scale analysis of open source repositories in the clinical domain.
Instead of analyzing a shortlist of open source repositories extracted from literature,
this study includes all clinical-related open source repositories on GitHub. As the
largest code host in the world, GitHub reached 24 million developers working across
67 million repositories in 2017 (Octoverse, 2018). Numerous open source projects in
various domains could be found and reused. A systematic study on GitHub repos-
itories could provide a good representation of available open source tools in clinical
domains. Besides, GitHub offers an easy application programming interface (API)
for external users to retrieve data from repositories.

Natural language processing (NLP) quantitative research via topic modeling was
conducted to uncover the distribution of open source repositories over different top-
ics. Additionally, quantitative analysis of numerical data revealed the status of repos-
itories in terms of their reuse capability. The analyses provide sufficient information
to support clinical developers’ decisions in the software development process. More-
over, this study developed a reproducible and scalable method for systematic studies
on GitHub repositories. Reproducing the research can be completed by running the
data collection and analysis scripts we host on GitHub. To scale up the study to other
domains, one merely needs to customize the search terms.

In particular, the purpose of the paper is to shed light on the following questions,
so that clinical developers can make more informed decisions:

* What is the current status of open source clinical software?
* What are the impacts of various factors, such as the number of contributors and

the number of commits, on the popularity of an open source clinical software?
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* What are the main focus areas of all the collected open source clinical software?

The paper is structured as follows. section 6.2 illustrates a number of methods
used in our study. Then the results are presented in section 6.3 . Discussions in
section 6.4 summarize the main findings of this research and list some limitations.
section 6.5 concludes the study.

6.2 Materials and Methods

This study underwent two main steps: (1) Data collection that extracted data from
GitHub repositories via the GitHub REST API v3 (GitHub, 2018), and (2) data anal-
ysis in which both numerical and textual data were analyzed to reveal insights on
open source repositories in the clinical domain. The data collection produced the
core material of this study, GitHub data. To uncover the current status, we applied
descriptive analysis to obtain a summary of open source clinical software from many
aspects. Second, since generalized additive models (GAMs) have an interpretability
advantage, the study employed a GAM to explore the relationships between vari-
ous factors and the number of stars of an open source clinical software. Lastly, the
description of an open source clinical software offers a quick way of understanding
what it does and what it is for. Therefore, the main focus areas were derived from

thousands of descriptions with topic modeling.

6.2.1 Data Collection and Processing
Search Terms

This study refers to clinical software as software that is implemented in healthcare to
help doctors improve patient care. Software that is developed for biological research,
such as genome sequencing (Pabinger et al., 2014) and cell screening (Omta et al.,
2016), were excluded. Therefore, “(clinical OR medical) OR (patient OR doctor)” was
selected as the search term. English terms were used given that the majority of repos-
itories have their names and descriptions in English. Figure 6.1 shows the numbers of
repositories returned using the search term “clinical” in different languages. Second,

the search term covered the main entities in the clinical domain.
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“clinical”: English

“clinique”: French 168

“clinico”: Spanish 166

“gaE<”: Chinese | 26

FEER O Japanese | 3

0 2500 5000 7500 10000 12500

Figure 6.1: The number of repositories returned with the search term “clinical” in different
languages.

Data Extraction

GitHub REST API v3 exposes GitHub repository data to external users. Its search
API offers an optimized solution for users to locate the specific items that interest
them most, such as repositories, users, and issues. GitHub repositories in this study
were obtained by using the search repository with the above term, and data for each
repository including name, description, README files, stars, forks, the number of
contributors, and the number of commits were extracted. Table 6.1 displays the fea-
tures extracted and the purposes of extracting them.

Automated Data Pipeline

The data extraction pipeline was written in Python using a third-party library, Py-
GitHub. The pipeline took the chosen search terms as input and received repository
data in JSON. The JSON responses were first filtered and then converted to database
records and pushed to tables in a MySQL database. Repositories with no descrip-
tion or no programming language specified were excluded from further analysis for
the reason that clinical software was the focus of our study. The whole process is
reproducible by running the Python scripts at (Open Source Clinical Software, 2018).
Moreover, replacing the search term with others scales the pipeline to other domains.
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Data Type Data Ex- Description
tracted
Description A brief explanation of what a repository does, what
it is for, and other items.
Textual README A READMEE file summarizes the most important as-
files pects of your project. It generally includes project
name, description, table of contents, installation, us-
age, contributors, credits, and license.
Languages Programming languages of the source codes.
Owner type Two types of owners exist: Organization and indi-
vidual developers.
Owner loca- Location of an owner.
tion
Stargazers Stargazers refers to the number of times a repository
is bookmarked. It reflects an approximate level of
interest in the repository.
Forks A fork is a copy of a repository. Forking is necessary
) for developers to contribute a project. Forks refers
Numerical to the number of forks.
Contributors The number of contributors who have worked for a
repository.
Commits The total number of commits.
Created date The date that a repository was created.
Updated The latest date that a repository was updated.
date
Issues Issues is the number of open issues in a repository.
Size of  Thesizeis valued as the size of the whole repository
source codes (including all of its history), in KB.
Size of The size of the README file of a repository, in B.
README
file

Text Processing

Table 6.1: Data extracted from GitHub REST API v3.

Although GitHub has allowed users to attach topics as labels of the repositories since
2017, only a small fraction of them have topics. Specifically, only 6.6% (982/14,971)
of the collected repositories have topic labels. Therefore, we utilized keywords ex-
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tracted from a repository description as labels. Keywords extracted from the descrip-
tion presented an insightful indication into a repository. An external API, namely
IBM Watson Natural Language Understanding (IBM Watson NLU, 2018), was re-
quested to process the descriptions, which yielded a list of informative keywords for
each repository.

Nevertheless, the extracted keywords could not be directly added as labels be-
cause a large number of keywords had semantically similar forms. Examples in-
cluded “patients’ data” versus “patients’ information”, “medical appointments” ver-
sus “doctor appointments”, and “diabetes patients” versus “diabetic patients”. To
address this semantic issue, we employed a normalization process in which semanti-
cally similar keywords were combined. The process consisted of three steps: (1) Cal-
culating the semantic similarity between keyword pairs, (2) labeling keyword pairs
based on their similarity, and (3) replacing keywords with their semantically similar
keywords.

To calculate the semantic similarity, we utilized Word2Vec (Mikolov et al., 2013;
Goldberg and Levy, 2014) to represent keywords. Word2Vec is an unsupervised al-
gorithm developed by Google that tries to learn meaningful vector representations
of words from a dataset of text (Goldberg and Levy, 2014). It does so based on the
distributional hypothesis, which states that words that appear in the same context
probably have a similar meaning. With Word2Vec, each keyword becomes a word
vector that is compared to other keyword vectors to generate a similarity score. Based
on their similarity, we divided keyword pairs into two groups, equal and tag. The
threshold of the similarity score was 0.85. Keywords with a similarity score greater
than or equal to 0.85 were considered as an equal keyword pair. Otherwise, they were
a taggable pair. For equal keyword pairs, we replaced one of the keywords, the less
frequent one, to replace the other. The “tag” meant that the more frequent keyword
was added as a tag to the other. Table 6.2 shows some prominent examples of these
keyword pairs.

6.2.2 Descriptive Analysis

Descriptive analysis is applied to acquire the characteristics of a collection of data
(Mann, 2010). Together with simple graphics, it presents knowledge hidden in large
datasets in a manageable way. To identify interesting characteristics that reflected
the current status of the GitHub repositories, we conducted a descriptive analysis.
Specifically, we identified popular repositories in terms of stars, most rapidly grow-
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Original Keyword Replacement Tag
Patients” information Patients’ data Patients
Electronic medical record Medical records
Clinical data Patients’ data Data
Medical information Medical data Medical records
Medications Medicines
Breast cancer patients Cancer patients
Healthcare Medical care Health
Pharmacists Physicians
Clinical studies Clinical research Clinical data
Simple web application Web application Application

Table 6.2: Examples of 10 keyword pairs based on their semantic similarity.

ing repositories according to stars per day, most diverse repositories in terms of the
number of contributors, and most active repositories in terms of the number of com-
mits per day.

Graphics are of great importance to descriptive analysis (Mann, 2010). A graphic
was created with geographic visualization to show the geographic distribution of
open source clinical software. Geographic visualization refers to a set of techniques
for analyzing spatial data (Dodge et al., 2011). The graphic reflected the current de-
velopment of clinical software across countries, which provided some insights into
the uneven geographic distribution of clinical informaticians between developed and

developing countries.

6.2.3 Generalized Additive Models

As an extension of generalized linear models (GLMs), a GAM is an additive mod-
eling technique that captures the impact of the predictive variables through smooth
functions (Wood, 2017). It is best known for its interpretability, which can determine
the contribution of each independent variable to the prediction. Therefore, we chose
a GAM to help us identify the relationships between several repository features and
its popularity (the number of stars). To begin with, we built a linear regression model
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that predicted the number of stars of a repository based on a number of predictors:
Forks, the number of issues, the repository size, owner type, the size of README
files, the number of contributors, the total number of commits, and creation year.
Then, partial dependency plots were produced to explicitly show the relationships
between the predictors and the number of stars on GitHub repositories. We chose
pyGAM, a Python package for GAM, as the package for our implementation (GAM
in Python, 2018).

6.24 Topic Modeling

For broad search queries, thousands of unique keywords may remain, even after the
previously described similarity-based processing step. Therefore, labeling the repos-
itories with such keywords could not provide a good overview. Our aim was to iden-
tify a few numbers of broader topics that could be used to label repositories. This
paper applied an unsupervised machine learning approach, latent Dirichlet alloca-
tion (LDA), to infer topics from the extracted keywords. We set 10 to 20 as the range
in creating optimal LDA models.

LDA, first introduced by Blei, Ng, and Jordan in 2003, is a generative probabilis-
tic topic model that aims to discover the underlying topics from a corpus (Blei et al.,
2003; Jelodar et al., 2019). LDA models document probabilistic distributions over K
latent topics, where each latent topic is represented by a probabilistic distribution
over words from a fixed vocabulary. The words with the highest probabilities in each
topic usually give a good indication of what the topic is. As a robust open source
topic modeling toolkit, Gensim offers an easy way of implementing topic model-
ing (Rehurek and Sojka, 2010). We implemented our LDA with Gensim in Python
(Genism, 2018).

We first trained an LDA model on the extracted keywords from all the reposito-
ries, and then five more LDA models were built on repositories from different peri-
ods: Prior to 2015, 2015-2016, 2016-2017, 2017-2018, and post-2018. Each of these pe-
riods contained a roughly similar number of repositories, around 3000. Table 6.3 lists
all the models and the parameters that generated the optimal result in terms of the
cohesion and explainability of topics. Alpha dictates how many topics a document
potentially has. The lower the alpha, the lower the number of topics per document
is. Passes is the number of times you want to go through the entire corpus.
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LDA Model Number of Repositories Number of Topics Alpha Passes
(Repos)
All repositories 14,971 10 0.001 10
Prior to 2015 2,784 8 0.002
2015-2016 1,899 6 0.01 8
2016-2017 2,872 8 0.01 6
2017-2018 4,330 8 0.02 8
Post-2018 3,086 8 0.01 10

Table 6.3: Latent Dirichlet allocation (LDA) models: Five models that built on yearly reposi-
tory data.

6.2.5 Interactive Data Visualization

Data visualization empowers researchers to present their results in a graphical man-
ner (Jiang et al., 2005). In this work, we visualized our findings with interactive data
visualizations, which are accessible online. Interactive data visualization engages
more with users by allowing them to select specific data points to visualize the data in
the way they choose (Dunkerley, 2013). In particular, radar charts and time-series line
plots were created with Plotly.py (plotly visualization, 2018), an interactive, browser-
based graphing library for Python. In addition, we built an interactive top modeling
visualization with pyLDAvis to improve the interpretation of the generated topics
(Sievert and Shirley, 2014; pyLDAwis, 2018).

6.3 Results

This section presents the main findings of our analysis, which answers the questions
described in section 6.1.

6.3.1 Current Status

Table 6.4 provides a quantitative summary of all collected GitHub repositories. It
highlights some important characteristics of the dataset and illustrates the current
status of open source clinical software from different aspects. First of all, there have
been 14,971 clinical-related GitHub repositories created since 2008. Among them,
12,919 are open source clinical software for the reason that they own publically ac-
cessible source codes. Moreover, there has been an upward trend in the number of
repositories created on a yearly basis. Until 2011, the number of repositories was
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around 100 per year. The number rapidly increased to around 1000 from 2012 to
2014. Since the average yearly growth rate over the last five years has been 55%, the
number of repositories created in a year will reach around 9300 in 2020.

Table 6.4 lists repositories according to a variety of metrics. From “popular re-
pos”, “most rapidly growing repos”, “10 frequency topics extracted from repos”, and
“top 10 libraries”, we found that clinical software on machine learning, medical im-
ages, and electronic medical records attract more attention from developers. The
most rapidly growing repositories list indicated that deep learning-related reposito-
ries are becoming dominant, with five out of seven of the most rapidly growing ones
addressing deep learning issues in the clinical field. Nevertheless, the most diverse

repositories and most active repositories did not show a clear pattern.

6.3.2 Geographic Distribution

Table 6.4 shows the top 10 countries that contribute most to the open source com-
munity based on the number of GitHub repositories. Figure 6.2 is the geographic
visualization of a country’s repositories (accessible at Reference (GeoVis, 2018)). As
shown in the figure, the U.S. is unsurprisingly the biggest player, taking up to 38.8%
of the total GitHub repositories. Among developing countries, India contributes the
most, with around 10%.

6.3.3 Key Success Factors of Open Source Clinical Software

Many factors affect the popularity of GitHub repositories. However, given the data
we could collect, we mainly examined the impact of eight factors: The number of
forks, the number of open issues, repository size, owner type, README file size, to-
tal contributors, total commits, and year of creation. The partial dependence plots,
as shown in Figure 6.3, reveal the impacts of different factors on the number of stars.
First, forks and the number of contributors exhibited a clear positive effect on the
number of stars. A higher number of forks or contributors led to more stars. Mean-
while, the README file size had litter influence. Whether a repository is owned by
an organization or individual developers was also trivial. With regard to the year of
creation, we noticed that repositories that had existed significantly longer tended to
earn more stars, but the impact diminished after 2010.

When the number of open issues was between 60 and 120, the number of stars
was at a lower point. When the value was larger than 120, there was a positive cor-
relation. A possible explanation is that the number of issues rises as developers of a
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Characteristics Statistics
# of repos that were not 114,971
empty
Open source clinical 12,919

software (# of repos with
codes)

Top 10 countries (# of repos)

Popular repos (# of stars)

Most rapidly growing repos
(# of stars per day)

Most diverse repos (# of
contributors)

Most active repos (# of
commits per day)

Top 10 frequency topics
extracted from repos

Top 10 libraries/framework

U.S,, India, United Kingdom, Canada, China, Germany,
France, Bangladesh, Australia, Brazil

ResearchKit, openemr, ClearCanvas, dwv, cornerstone,
Deep-Learning-for-Medical-Applications, CTK, NiftyNet,
3DUnetCNN, OpenClinica

ResearchKit, NiftyNet, DLTK, Attention-Gated-Networks,
Deep-Learning-for-Medical-Applications, chart-doctor,
3DUnetCNN

ResearchKit, openmrs-module-bahmniapps,
medical-appointment-scheduling, sweetdoc,
Swasthlndia, CTK, sofa-framework, MITK, dicom_tools

MITKats, openeyes, cds-stack, sofa-framework,
myeclinic-spring, renalware-core, BluePearlViewer,
SwasthIndia, clinical-meteor-tool

machine learning, healthcare, medical image, deep
learning, clinical trial, patients, medical information,
natural language processing

React, Jquery, Angular, Tensorflow, Ajax, Redux, Keras,
OpenCV, Pytorch, Scikit-learn

Table 6.4: Overview of open source clinical software.
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Figure 6.2: Geographic visualization of GitHub repositories by country.

repository stop further development, which then drives potential users away. Lastly,
the impacts of repository size and the number of commits were unclear.

6.3.4 Main Focus Areas

As shown in Figure 6.4, ten topics discovered in all repositories were as follows: Med-
ical images analysis, applications for medical practice, medical data reuse, clinical
text processing, applications for doctors, medical research, medical education, health-
care management systems, clinical trials, and medical data analysis. Table 6.5 offers

a brief description of each of these topics and their top keywords.

Analysis of topics generated from the yearly data revealed that new technologies
emerged over time. For instance, the open source community has devoted a lot to
medical images analysis since the very beginning. It has also been a topic through-
out all the years. Top keywords in the topic showed that deep learning and neural
networks emerged as popular techniques in 2015. Moreover, we noticed that recently

developers have been starting to evaluate blockchain in medical record sharing.
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Figure 6.3: Partial dependency plots showing the relationships between the predictors (forks,
open issues, repository size, owner type, README file size, total contributors, total commits,
year of creation) and the number of stars on GitHub repositories.
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#in Topic Label Top Keywords
Figure 6.4
1 Medical images analysis Medical images, medical image processing, deep learning,

medical image analysis, medical image segmentation

2 Applications for medical Android application, medical applications, prescriptions,
practice medical practice, appointments, medical care
3 Medical data reuse Medical data, website, API, medical services, database,
MySQL
4 Clinical text processing Medical documents, symptoms, medical history, clinical

notes, natural language processing (NLP)

5 Application for doctors Doctors, applications, doctor appointments, medical
professionals, doctor office, nearby doctor, medical staff

6 Medical research Medical research, clinical research, clinical data, patient
registration, projects, design, clinical decision support,
medical informatics

7 Medical education Medical students, final project, medical center, project
Gutenberg book, experiments, paperwork

8 Healthcare management Patient management, medical appointments, medical
systems store management, patient monitoring, patient
management systems, platform, software

9 Clinical trials Clinical trials, patients, data analysis, new patients,
survival analysis

10 Medical data analysis Patient data, medical imaging, machine learning, model,
data science, gene expression, predictive model

Table 6.5: Ten topics of all clinical GitHub repositories. API: Application programming inter-
face.
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Figure 6.4: Interactive visualization of clinical topic clusters.

6.4 Discussion

With the purpose of shedding light onto the vast amount of clinical-related open
source software, our study collected data through the GitHub API and then con-
ducted various analyses to uncover both overall and specific characteristics among
GitHub repositories. The analysis methods included a descriptive analysis, trends
analysis, and topic clustering. The main findings are summarized as follows:

¢ The number of repositories and the growth rate indicated an increasing interest,
which suggests the potential of utilizing open source software in both academic
and practical clinical settings;

¢ Clinical software on machine learning, medical images, and electronic medi-
cal records attract more attention from developers, and deep learning-related
repositories are becoming dominant;

¢ The U.S. is the biggest player in the world, taking up to 38.8%. Among devel-
oping countries, India contributes the most, with around 10%;

* Factors that affect the popularity of a GitHub repository include forks and the
number of contributors. The README file size and owner type had litter influ-
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ence. Other factors, such as the number of open issues, the repository size, and

the number of commits, are unclear.

* The LDA model clustered keywords extracted from repository descriptions into
10 groups, ranging from clinical text processing to medical education. More-
over, analysis of the topics generated by yearly data revealed that topics evolve
over time.

Besides the above findings, our study contributes to the scientific community by
providing a reproducible method of studying GitHub repositories. Over the years,
researchers have been struggling with reproducing research results such as literature
studies. As mentioned above, both data collection and analysis could be reproduced
with a rerun of the Python scripts. Scaling up the approach to other domains requires
some additional inputs, such as search terms, and the number of topics for topic
modeling.

Nevertheless, some limitations to this study should be noted. Although GitHub
is a major platform where developers work and share their codes, there are other
platforms that are also of great importance to the open source community, such as
SourceForge and GitLab. Collecting more data from such platforms may therefore
produce more complete and deeper insights.

Furthermore, README files were also employed to extract keywords because
some repositories only describe coarsely what the code does in the project de-
scription. Keywords extracted from README files could provide more informa-
tion so that the following topic modeling would be more accurate. For example,
borochris/CLinUiP has a very short and uninformative description, “Clinical UI Por-
tal”, but its README file contains a clear explanation, “Clinical UI Portal is an Open
Source demonstration medical portal”.

Last but not least, the topic labeling was limited. First of all, some of the topics
contained overlapping keywords, given that they were related. For instance, medi-
cal image analysis has “medical images” as a top keyword, and “medical imaging”
belongs to medical data analysis. In addition, the labels were manually assigned by
authors only, instead of a group of experts.

6.5 Conclusions

This paper provided an overview of the open source GitHub projects in clinical do-
mains with the purpose of understanding the status of open source clinical software.
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It, on the one hand, helps clinical developers be aware of the status quo so that they
can make an informed decision while they design their systems and tools. Instead of
creating all code from scratch by investing a lot of resources and time, making good
use of existing tools and code can be a more efficient strategy. On the other hand,

researchers might get possible research direction from this study.
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Chapter 7

LOCATE: A web application to
link open-source clinical

software with literature

Nowadays, the effective utilization of open-source software could significantly boost both clini-
cal research and practices, especially in resource-poor countries. However, the plethora of open-
source clinical software has left many people unable to quickly locate the appropriate one for
their needs. Commonly available software quality metrics and software documentation, such as
downloads, forks, stars, and readme files, are useful selection criteria, but they only indicate the
software quality from the perspective of IT experts. This paper proposes a method that offers
additional insights on the performance and effectiveness of clinical software. It links open-source
clinical software with relevant scientific literature, such as papers that use case studies of clinical
software to reveal the strength and weakness of a given software from the clinical perspective.
To interactively present the open-source clinical software and their related literature, we have de-
veloped the LOCATE web application that enables users to explore related literature for a given
open-source clinical software. Moreover, the peer-review cycle of the application allows users to
improve the application by confirming, adding or removing related literature. An evaluation ex-
periment of the five most popular open-source clinical tools demonstrates the potential usefulness
of LOCATE.

This work was originally published as: Shen, Zhengru, and Marco Spruit "LOCATE: A web application
to link open-source clinical software with literature." In Proceedings of the 12th International Joint Con-
ference on Biomedical Engineering Systems and Technologies (BIOSTEC 2019)-Volume 5. SciTePress, 2019.
https:/ /doi.org/10.5220/0007378702940301
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7.1 Introduction

Open-source software plays a more important role in today’s research, especially in
the clinical field where using IT to leverage clinical practices has become ubiquitous
(McDonald et al., 2003; Karopka et al., 2014; Reynolds and Wyatt, 2011). Furthermore,
both the huge volume and the various types of clinical data accumulated on a daily
basis require researchers to develop more advanced data analysis methods includ-
ing both machine learning and deep learning algorithms (Raghupathi and Raghu-
pathi, 2014). By using openly accessible tools or algorithms, both clinical researchers
and practitioners can improve their work in many ways. To begin with, it signifi-
cantly reduces the IT development cost, which, in return, allows us to focus (usually
limited) resources on clinical issues (McDonald et al., 2003). Secondly, open-source
clinical software, especially the well-supported in the open-source community, en-
sures the public accessibility of software platforms and tools in research and thus
empower the scientific community to verify its reproducibility (McCormick et al.,
2014). Lastly, your involvement contributes to the open-source community by veri-
fying open-source clinical software in real-world settings (Kiah et al., 2014; Zettinig
et al., 2015; Akowuah et al., 2015).

There are numerous open-source tools created across a variety of domains after
decades of the open-source software advocacy (Anthes, 2016). With its accelerating
popularity of open science, more and more will be added. Open-source clinical soft-
ware covers its various research topics and clinical practices: medical images anal-
yses (McCormick et al., 2014), medical text processing (Cunningham et al., 2013),
clinical trials management systems (Haak et al., 2016), electronic health records sys-
tems (de Abajo and Ballestero, 2012) and so on. The plethora offers great oppor-
tunities for both clinical researchers and practitioners to accelerate their work with
available open-source tools or algorithms. However, it also leaves many people un-
able to quickly locate the tools most suitable to their clinical research or practices. To
make things worse, the lack of adequate usage examples in software documentation

is a common issue for open-source software (McColl et al., 2014).

To select appropriate open-source clinical software, researchers or practitioners
need to investigate a long list of available open-source software and go through
a large volume of relevant literature. The search functions of most popular open-
source software hosting platforms, like GitHub, enable users to easily retrieve clini-
cal software to their specific needs. The commonly used databases, such as Google
Scholar, PubMed, and Scopus, could help us obtain relevant literature for any open-
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source software. But there is no unified platform that links open-source software
directly to literature so that users can directly obtain related literature of a given
open-source clinical software, instead of collecting and processing information from
different sources. Recently, researchers in the life sciences have started to work on
combining literature and open-source software (Wang et al., 2017). Wang et al. (2017)
built an online biomedical software discovery platform based on data collected from
PubMed literature and GitHub. It empowers biomedical researchers to easily find the
suitable (open-source) tools they need. However, the study only included biomedi-
cal software that was reported in the biomedical literature from PubMed. To date, to
the best of our knowledge, no single study has directly focused on building an on-
line platform where users can easily locate and confidently select appropriate open-
source clinical software.

Thus, the objective of this work is to bridge the research gap by developing a
tool that links open- source clinical software to their literature. Currently, links be-
tween clinical software and their literature are described either in the readme files,
like the Attention-Gated-Networks repository from GitHub, or in a separate GitHub
repository where papers for some clinical software, such as deep learning methods
for medical image processing, or blockchain for medical platforms and healthcare, are
summarized. Both readme files and literature summaries have related papers hidden
in unstructured text so that it is troublesome to extract such information and present
it in a structured way. In this work, we first collected a large number of available
open-source clinical software and then retrieved literature related to each of them
through Google Scholar. Based on the collected data we built a web application with
the following main functionalities: 1) searching open-source clinical software with
any given topic; 2) showing relevant literature for a selected software, if there is any;
3) updating the existing clinical software and related literature; 4) adding new open-
source software and related literature.

The remainder of the paper is organized as follows: section 7.2 explains the re-
search approach, including data collection and processing methods, and artifact de-
sign strategies. In section 7.3, we present the system and two common use cases.
Evaluation is discussed in section 7.4. section 7.5 and section 7.6 conclude the paper
and outline future work.

97



7.2. Methods

7.2 Methods

7.2.1 Design Science

Our research followed the design science research as we built the application, be-
cause of its strength and popularity in solving a real-world problem by designing
and building an innovative IT artefact (Hevner et al., 2008). In our case, the artefact
is a system that links open-source clinical software and literature so that both clinical
researchers and practitioners are able to efficiently locate their supporting resources,
including both open-source software and papers. Specifically, we follow the design
science research methodology (DSRM) proposed by Peffers et al. (2007), which con-
sists of six steps: problem identification and motivation, a definition of the objectives
for a solution, design and development, demonstration, evaluation, and communica-
tion.

The DSRM was initiated by the (I) problem identification and motivation, which
we addressed by literature study and by reviewing other relevant online resources.
As stated before, so far little research has been performed on linking open-source
clinical tools to literature. But literature is a reliable resource that could provide ad-
ditional information about clinical software such that we can make an informed de-
cision on choosing the most suitable software. Such additional information could be
the technical details of a clinical software, the strength and weakness of a given clin-
ical software when comparing with other similar ones, or the software implementa-
tion advices learned from case studies. Based on the identified problem, we inferred
(II) the objectives for a solution: creating a tool that links clinical open-source clinical
software to their literature. In the (III) design and development, we built a web appli-
cation. At first, we started by building a data pipeline in which open-source clinical
software and literature were collected, processed and stored in our database. Then
the artefact, namely the web application, was developed with Node.js and the React
framework. To (IV) demonstrate the use of the system, two common use cases were
presented. An (V) evaluation experiment measures the system reliability by compar-
ing the automatically generated results from the system with the manually evaluated
results. The final step of the DSRM is the (VI) communication. This paper serves as
the start of our communication on this topic.
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7.2.2 Data Pipeline

This section describes the data pipeline which collects open-source clinical software
data and literature

Data Sources

Nowadays the open-source community has adopted a transparent version control
system to manage source codes and other related files for long-term reproducibility
and usability (Russell et al., 2018). Git dominates the open-source community with
87.2% of developers using it according to the 2018 Stack Overflow Developer Sur-
vey (Stack Overflow Survey, 2018). Open-source software hosted on Git platforms
often refers to as a Git repository in which files along with all tracked changes are
stored under version control. There are a number of online hosting platforms for Git
repositories, including GitHub, SourceForge, Bitbucket and GitLab.

As the largest code host in the world, GitHub has reached 24 million develop-
ers working across 67 million repositories in 2017 (Octoverse, 2018). It hosts source
codes of numerous open-source software in various domains. Figure 7.1 demon-
strates GitHub’s rising popularity in the clinical field by the proportion of PubMed
articles mentioning GitHub in the title or abstract. In comparison with other plat-
forms, GitHub has become the most used one and grows at the highest rate. There-
fore, Given that GitHub repositories provide a good representation of available open-
source software in the clinical domain, this study obtained open-source clinical soft-
ware solely from GitHub. Besides, GitHub offers an easy API for external users to

retrieve data from repositories (Russell et al., 2018).

Data Collection

This study refers to clinical software as software that is developed for either clin-
ical practices or clinical research. Biomedical software, such as genome sequencing
(Pabinger et al., 2014) or cell screening (Omta et al., 2016), are excluded. Therefore, we
selected “(clinical OR medical) OR (patient OR doctor)” as the search term while us-
ing GitHub API to retrieve Git repositories. Furthermore, English terms were chosen
because more than 97% of GitHub repositories have their names and descriptions in
English. Figure 7.2 shows the numbers of Git repositories returned using the search
term ‘clinical’ in different languages.

We chose Google Scholar to conduct our literature search. The literature search
for each Git repository contains two main steps: 1) determining search terms for the
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Figure 7.1: Trends of Git platforms mentioned in Pubmed titles or abstracts.

repository; 2) searching literature via Google Scholar with the search terms. Each Git
repository derives two types of search terms. The first term is the full name of a Git
repository, including both the owner name and the repository name, which retrieves
papers that specifically mention the Git repository. Another search term contains both
the repository name and keywords extracted from the repository description. This
term identifies relevant literature that covers similar topics as a given Git repository.
For each term, the top ten papers in terms of relevance are collected while there are

more than ten papers discovered.

Data Extraction

GitHub REST API v3 exposes GitHub repository data to external users. Its search API
offers an optimized solution for users to locate the specific items that interest them
most, such as Git repositories, users, and issues. GitHub repositories in this study
were first obtained by using the search repository API with the above terms. Then we
extracted relevant data for each Git repository including name, description, readme
files, stars, forks, and programming languages. Afterwards, a filter process excluded
repositories based on their popularity and whether they contain source codes or not.
We argue that Git repositories that receive no forks or stars three months after their
creation are not reliable software or tools. Therefore, we filtered out such Git reposi-
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Figure 7.2: The number of repositories returned with the search term ‘clinical” in different
languages.

tories.

Data Processing

Keywords extracted from a GitHub repository description present an insightful in-
dication of the repository. An external API, namely IBM Watson, is called to process
the descriptions, which yields a list of informative keywords for each Git repository.

The extracted keywords cannot be directly employed as search terms for the lit-
erature retrieval as the list of keywords will contain many semantically similar key-

"non

words. A number of examples are: "patients data" vs "patients information", "medical
appointments” vs "doctor appointments”, "diabetes patients" vs "diabetic patients".
To address this issue, we developed a normalization process in which semantically
similar keywords were combined. The process consists of three steps: 1) calculating
the semantic similarity between keywords pairs; 2) labelling keyword pairs based on
their similarity; 3) replacing keywords with their semantically similar keywords.
Not all papers collected with the abovementioned method are in the clinical scope,
especially those retrieved based on the second search term. For instance, ClearCan-
vas, a medical imaging tool, obtained a few papers about video games, titled as “Im-
plementing Common Components of Video Games”, “Build Your Own 2D Game
Engine and Create Great Web Games”. Therefore, we filtered out literature according
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to their relevance to the clinical domain. Specifically, the abstract of each paper was
examined to see if it mentions clinically relevant terms like ‘clinical’, ‘medical’, ‘pa-
tient” or ‘doctor’. If not, we exclude the paper. Prior to the paper filtering, our GitHub
filtering helped us obtain a subset of all collected GitHub repositories. As mentioned
earlier, the criteria include whether it has source code, the number of forks larger
than 0, the number of stars larger than 0, and the readme file is not empty. In the end,
5119 GitHub repositories and 8820 related papers were collected. Figure 7.3 gives a
detailed view of the above-mentioned data pipeline.
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Retrieve

Clinical
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— Knowledge Base
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(Links between software and Papers
papers)

Updated/Added
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Update/Add

Updates/Added

Confirm

Figure 7.3: The peer review cycle.

7.3 LOCATE

7.3.1 Overview

LOCATE is a web application developed purely in JavaScript with support of pop-
ular open-source web development tools: Node.js and React. The web application,
running online, is composed of interactive user interfaces and a REST (Representa-
tional State Transfer) API as the backend.
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7.3.2 Key Design Principles

Continuously improving software is crucial in today’s ever-changing environment.
It is especially true to open-source software developed in academia where repro-
ducibility is essential (Boettiger, 2015). Therefore, we adopted continuous integration
which is a software development practice where software is continuously improved
(Dingseyr and Lassenius, 2016). Specifically, we implemented two methods to im-
prove the core of our system, i.e. the data source. Firstly, since both open-source clin-
ical software and literature are constantly added, we accordingly update our database
on a regular basis in an incremental manner. Secondly, peer review was introduced
to assess and modify the automatically extracted knowledge, particularly the links
between open-source clinical software and papers. Figure 4 outlines the peer review
cycle. Firstly, experts can retrieve clinical software of their interest and obtain a list
of retrieved software. Experts give feedback on current links between the retrieved
clinical software and literature, such as confirming, adding or removing links, then
the system administrators make the final decisions upon the aggregated feedback.

While there is no related paper found, experts can add relevant papers.

14971 clinical related GitHub _ | 9028 papers found from

Data Collection e .
repositories identified Google Scholar

\ 4

Extract keywords from the
descriptions

Data Processing

\4 Y

Data Filtering 5119 repositories selected 8820 papers included

!

Save both repositories and papers into
Data Storage MongoDB

Y

Figure 7.4: The data pipeline.

In the spirit of open-source, we made a choice to open source the application.
Stewart (2016) grouped open-source software success into two broad types: develop-

ment success which measures the success of attracting contributors from the open-
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source community, and usage success that refers to the user interest/adoption. To
ensure development success, source codes are modularized with the Model View
Controller (MVC) architecture (Pop and Altar, 2014). The code and architecture sim-
plicity clears barriers faced by newcomers to open-source software projects (Stein-
macher et al., 2015). Moreover, we built a REST API that allows you to complete
the CRUD (Create, Read, Update, Delete) operations. The REST API handles the
server-side requests of the web application while providing a great deal of flexibility
in expanding to other applications or the additional requirements of new use cases.

7.3.3 Technical Details

Since we intend to continuously improve the application, its data schema evolves ac-
cordingly. To support the dynamic schema of our data and the need for continuously
redefining data structures, a non-relational (NoSQL) database, specifically MongoDB,
was implemented. As one of the most popular document-based NoSQL databases,
MongoDB allows us 1) to update schemas without modifying the existing data, 2) to
easily manage the database without complicated database administrator skills, 3) to
have good performance and availability (Bradshaw et al., 2019).

Full-text search is utilized to enable users to retrieve clinical software with spec-
ified search terms. Since both open-source clinical software and papers in our
database contain large chunks of free text that describes them in detail, full-text search
is a reasonable option. MongoDB offers a built-in full- text search feature that sup-
ports case-insensitive searches on text content.

The following screenshots capture several key user interfaces of the application.
Figure 7.5a shows the process of searching for open-source clinical software with or
without a search term and assessing them based on related papers. The left screen-
shot shows a list of software returned by a request, while the right one displays a
software called ‘openemr” and its related papers. The peer review cycle that helps
improve the application continuously is demonstrated in Figure 7.5b. The left inter-
face demonstrates how a user update a link between software and literature. To better
understand how the application works, we invite you to examine the web application

at https:/ /locate-repo.herokuapp.com.

7.3.4 Use Cases

As indicated above, LOCATE is capable of assisting both clinical researchers and
practitioners. This section describes two use cases in detail to show how the applica-
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Figure 7.5: Screenshots of the application LOCATE

tion can be useful in clinical settings.

The first use case is that of suggesting open- source tools based on literature: given
a clinical research topic, e.g. medical image segmentation, researchers who are con-
ducting research on this topic need to investigate relevant literature and explore the
potential appropriate tools to support them, preferably open-source ones. In this
case, our application is able to recommend useful open-source software based on re-
lated literature. Without our application, researchers might need to search literature
and software separately, which is a tedious process.

The second use case discussed in detail is that of choosing open-source tools. The
lack of sufficient documentation in much open-source clinical software makes it diffi-
cult to assess their usability and reliability. In this context, the system matches open-
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source software to their relevant literature which elucidates open-source clinical soft-
ware in various aspects: ranging from detailing the technical features, comparing
similar tools, to applications of tools in solving practical issues. With such additional
information, researchers can make a more informed decision with regard to which
tools to use.

7.4 Evaluation

This section presents the results of our evaluation experiment on whether the system
offers additional knowledge about open-source clinical software. We selected five
popular open-source clinical software projects to review the value of linked papers.
Specifically, we examine the associated papers of each software and compare them
with their GitHub repository documentation.

Software Description Docs Papers from LOCATE
OpenEMR Electronic health records Features, manuals, and Comparing OpenEMR with other
and medical practice forum where people open-source EMR systems; Case
management solution share their knowledge studies on specific issues of
OpenEMR, such as performance and
security.
DICOM Medical image viewer Setup manual A survey of DICOM viewer software;
Viewer Web case studies
DLTK Deep Learning Toolkit for Setup manual, tutorials, Paper explaining the tool; Case studies
Medical Image Analysis sample applications
Open Open-source clinical trial Features, setup manual, Case studies
Clinica software for Electronic forum
Data Capture (EDC)
Clinical Data
Management (CDM)
NiftyNet An open-source Features, manuals, other Paper explaining the platform; Survey

convolutional neural

networks platform for
research in medical
image analysis and

image-guided therapy

resources including
StackOverflow questions

papers; Paper on similar tools

Table 7.1: Comparison between software documentation and linked papers from LOCATE.

As shown in Table 7.1, related papers from LOCATE provide additional knowl-
edge about open-source clinical software from several aspects: 1) a more detailed
description of the development of the software; 2) studies that compare a number of
similar open-source software projects; 3) case studies that apply the software to solve
a specific clinical issue. Nevertheless, such knowledge cannot be obtained from soft-

ware documentation which commonly exists as readme files, setup manuals, tutori-
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als and so on. Therefore, the results confirm our assumption that enriching software

documentation with its linked papers enables more informed decision making.

7.5 Discussion

This study developed a web application that links open-source clinical software with
their related literature. To our best knowledge, no such studies have been conducted
and our study is the first attempt to combine the two valuable components of to-
day’s clinical research. The tool which is available as an online web application offers
an easy and openly accessible representation of our study. Moreover, an evaluation
experiment which compared software documentation with the linked papers from
LOCATE, outlines how the application enables more informed decision making.

The application has the potential of being beneficial for both practitioners and re-
searchers in the clinical community. Practitioners obtain knowledge about the clinical
tools of their interest from related literature so that they can better assess which one
to choose. On the other hand, clinical researchers are provided with a list of potential
useful open-source tools based on their research topics so that it might save a sub-
stantial amount of time by directly using available software or customizing them to
fit their own research goals.

Furthermore, source codes of our study are open- sourced under the MIT license
and hosted at https:/ /github.com/ianshan(0915/locate. People in other domains are
able to utilize the source codes and conduct similar research in other domains.

Nevertheless, some limitations regarding this study should be noted. Firstly,
GitHub is the only source for open-source clinical software in the study. Although
GitHub is a major platform where developers work and share their codes, there are
other platforms which are of great importance to the open-source community, such
as SourceForge and GitLab. Collecting more data from other platforms might yield a
more complete list of open-source clinical software.

Secondly, a more comprehensive evaluation is necessary, for example through a
system usability measurement with a customized System Usability Scale (SUS) and
case studies with clinical researchers or participating practitioners. Then, the usabil-
ity study will quantitatively assess our application in terms of functionality and user-
friendliness. Furthermore, the case study could provide a qualitative evaluation of
the application from the perspective of potential users. Specific suggestions for fur-
ther improvement are the expected results.

Last but not the least, the development of LOCATE is ongoing. A revised version
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is being developed. New features will also be added. For instance, natural language
processing techniques will be used to process the textual data so that the application

can support keyword-based retrieval.

7.6 Conclusions

The primary goal of the paper has been to develop an application that supports the
clinical community to easily and confidently locate open-source software. The web
application we built offers user-friendly interfaces and are publicly accessible online.
Furthermore, its iterative development process ensures the continuous improvement
of the application and that the rapid updates of open-source clinical software are in-
corporated. As the first attempt to link open-source clinical software to literature, we
have laid down the groundwork for more research on this topic so that open-source

clinical software can be better utilized to contribute to both research and practice.
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Chapter 8

Conclusions

The purpose of this research is to enhance the development and deployment of
healthcare information systems in practice. The interdisciplinarity of HIS engineer-
ing research provides us research opportunities from both IT and healthcare perspec-
tives. This dissertation focused on: 1) how to solve specific real-world healthcare
problems with HIS; 2) how to employ state-of-the-art of information technology to
accelerate HIS engineering. The empirical work of this dissertation demonstrates the
usefulness and effectiveness of HIS in practice.

In this concluding chapter, we answer the Main Research Question (MRQ) in sec-
tion 8.1 by discussing answers to all Research Questions (RQs) as presented in sec-
tion 1.4. We end by providing a reflection on this dissertation in section 8.2, which
includes a discussion of its limitations (subsection 8.2.1), an outlook on future work

(subsection 8.2.2), and a personal reflection (??).

8.1 Answers to Research Questions
MRQ

The aim of this research is formalised in the following research question:

How can we employ artificial intelligence technologies — such as machine learn-
ing algorithms, knowledge systems and natural language processing techniques
— based on open source principles to accelerate healthcare information system en-
gineering in solving real-world clinical problems?
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Turning to our main research question, we have investigated the application of var-
ious Al technologies in healthcare. The dissertation started with the clinical desci-
sion support system we developed in chapter 2, where we focused on designing a
federated information architecture to integrate various healthcare data sources from
different countries. The system supported a large multinational randomized clinical
trial over 2 years without any technical issue. However, we also identified a number
of improvements to the system, such as enhancing the data entry process with NLP-
enabled data extraction. To address this we experimented with an NLP prototype in
chapter 3. The prototype built on a proposed lightweight NLP framework which ex-
tracted medical entities such as diseases and medications and then transformed these
into standardized medical codes. The evaluation of the prototype shows promising
results, so there is a potential of using the system to replace data entry in healthcare
information systems. In chapter 4, we further explored the use of NLP data extraction
for adverse drug reactions from drug product labels. An NLP pipeline was devel-
oped to collect drug product labels from Electronic Medicines Compendium (EMC)
and then extract adverse drug reactions from them. The evaluation conducted on 647
common medicines shows that the pipeline is capable of extracting adverse drug re-
actions with high precision and recall. It has the potential of being used to solve ADR
related clinical problems, such as creating adverse drug reaction databases (Kuhn
et al., 2016; Garcia et al., 2023).

We demonstrated the potential of NLP techniques in extracting information from
clinical texts. But all the studies were conducted on small datasets. Given the ac-
cumulation of huge amounts of clinical data over last decades, it is worth exploring
the use of NLP techniques in extracting information from large-scale clinical data. In
chapter 5, we proposed a big data framework for scalable and efficient information
extraction from large-scale biomedical and clinical data. This framework enabled us
to perform topic modeling on over 1 million full-text articles from the PMC Open
Access Subset in about 25 minutes at a cost of $1.5 USD on Google Cloud.

With the development of Al, there are so many Al technologies including NLP
techniques, algorithms, packages. In chapter 6, a systematic literature review is con-
ducted to identify the state-of-the-art of open source clinical software. In chapter 7,
we have developed a web-based application to support clinical developers’ decisions
in the software development process with a reproducible and scalable method for
systematic studies on open source clinical software.

This dissertation has demonstrated how to help accelerate healthcare informa-
tion system engineering with Al technologies in real-world clinical settings. Both
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scientific and technical contributions are of great importance in our studies. Besides
designing federated information architecture, big data framework and systematic lit-
erature review, we also developed NLP pipelines and web-based applications with
open source principles. We hope that clinical developers and researchers will reuse
our public accessible source codes and data for their research and clinical applications
(Tanaka et al., 2024; Garcia et al., 2023).

RQ1 (chapter 2)

How can we design a GDPR-compliant clinical decision support system that
supports a multi-center multi-lingual clinical trial?

To answer this question, this chapter designed a federated information architecture
thatis capable of integrating data from different countries in a unified schema. A clin-
ical decision support system named STRIPA was developed based on the above archi-
tecture to support a large multinational randomized clinical trial which requires mul-
tilingual support, data security and privacy, data accessibility and consistency. Eval-
uation of the system was conducted in both development and deployment. Through-
out development random manual comparisons of data between databases and data
sources were performed to test on data completeness, data consistency and data in-
tegrity. During the clinical trial information of 2008 older adults from 110 clusters of
inpatient wards within university based hospitals in four European countries were
stored and processed. STRIPA supported the clinical trial for 2 years without any
technical issue (Blum et al., 2021a). Sensitive patient data in the system were kept
secure and private.

From a broader perspective, the success of this clinical decision support system
leads us to believe that the federated information architecture and data integration
methods have a good potential to be reused in similar scenarios, especially, in large-
scale clinical trials.

RQ2 (chapter 3)

How can we improve rapid and cost-effective development of clinical NLP sys-
tems with external NLP APIs?

There are various methods and frameworks for developing clinical NLP systems.
However, most of them require a tremendous amount of resources to ensure success-
ful implementation (Chiang et al., 2010). In this chapter we presented a lightweight
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framework which enables a rapid development of clinical NLP systems with external
NLP APIs. In addition, a web-based open source clinical NLP application was built
to validate the framework and they together answer RQ2.

The lightweight framework consists of four main components: external APIs, in-
frastructure, NLP pipelines, and Apps. External API refers to cloud-based NLP ser-
vices which are available for everyone via APIs. The pay-as-you-go billing model
offers end-users flexibility and freedom. The infrastructure layer ensures data pri-
vacy and security by preparing clinical data with deidentification and authentications
before sending them to external APIs. NLP pipelines parse unstructured medical
text and map them into structured and standardized medical codes with the external
APIs component. By assembling suitable cloud-based NLP services on demand in
NLP pipelines, we are able to process unstructured medical text with the least effort.
In the application layer, clinical NLP-enabled applications for various needs can be
created.

A clinical concept extraction app is created based on the proposed framework
in the chaper. It extracts clinical concepts from clinical free texts. Evaluation of the
application on four test datasets shows satisfactory overall results, which proves the
effectiveness and capabilities of the proposed framework. Moreover less time and
resources are required to create and maintain NLP-enabled clinical tools given that

all NLP tasks are outsourced.

RQ3 (chapter 4)

How can we utilize NLP techniques to automatically extract adverse drug re-
actions from the summary of product characteristics in European drug product
labels?

In this chapter, we designed an NLP pipeline that automatically scrapes the sum-
mary of product characteristics online and then extracts adverse drug reactions from
them. It starts with scraping side effects data of 647 commonly used medicines from
the Electronic Medicines Compendium (EMC) (Electronic Medicines Compendium
(EMC), 2020). The second step of the pipeline is to extract adverse drug reactions
from different formats of side effects data. For side effects that are recorded in free-
text, named entity recognition (NER) is used. Side effects written in structured text
can be easily extracted by syntax parsing.

The manual experts review results demonstrate that our proposed method is ef-
fective and has the potential of being used to solve ADR related clinical problems.
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Specifically, our method achieves an overall recall of 0.990 and a precision of 0.932.

RQ4 (chapter 5)

How can we design an open source big data framework to facilitate cost-effective,
large-scale, biomedical literature mining?

To address this research question, we proposed a big data framework specifically
designed for large-scale biomedical literature mining. Our framework consists of
three key components: storage layer, management layer and spark apps layer. These
components work together on top of a cloud infrastructure layer (Infrastructure-as-a-
Service) to provide a scalable, flexible, efficient, and affordable solution for large-scale
biomedical literature mining.

To validate the effectiveness of our framework, we conducted two case stud-
ies to evaluate the performance of our framework. To begin with, we performed
topic modeling on over 1 million full-text articles from the PMC Open Access Sub-
set, demonstrating the framework’s scalability by analyzing a much larger dataset
than previous studies. It processed over 1 million articles in about 25 minutes at
a cost of $1.5 USD, proving significantly faster and more cost-effective than other
systems. The second study conducted cancer article classification using 29,437 la-
beled full-text articles, comparing performance with SparkText. Our framework was
6 times faster, with lower costs and improved prediction results. These case studies
effectively showcased the framework’s scalability, efficiency, and cost-effectiveness
for large-scale biomedical literature mining tasks, outperforming existing solutions
in execution time, cost, and prediction performance.

RQ5 (chapter 6)

How can we support clinical developers” decisions in the software development
process with a reproducible and scalable method for systematic studies on open
source clinical software?

To conduct the systematic studies on open source clinical software, we developed
a reproducible and scalable data pipeline to collect and analyze GitHub repository
data, providing insights into the current status, popularity factors, and main focus
areas of open source clinical software. Our approach offers several key contributions:

* A quantitative overview of the open source clinical software landscape, includ-
ing growth trends, popular repositories, and geographic distribution.
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¢ Identification of factors impacting repository popularity, such as forks and
number of contributors.

* Discovery of 10 main focus areas through topic modeling, revealing the evolv-
ing trends in clinical software development.

* A reproducible methodology that can be easily adapted to study open source
software in other domains.

By providing these insights and a reusable approach, this study empowers clinical
developers to make more informed decisions in their software development process.
They can better understand the available open source resources, identify popular
and actively maintained projects, and recognize emerging trends in clinical software
development. The reproducible methodology in this study also encourages collabo-
ration and continuous improvement in the field, as other researchers can build upon
and extend this work to provide even more comprehensive insights in the future.

While limitations exist, such as the focus on GitHub and manual topic labeling,
this research lays the groundwork for future studies on open source clinical software.
The reproducible nature of our method encourages further refinement and applica-
tion to support ongoing improvements in clinical software development and reuse.

RQ6 (chapter 7)

How can we design an online platform where clinical developers can easily locate
and confidently select appropriate open-source clinical software based on associ-
ated scientific literature?

This chapter presents LOCATE, a web application designed to address the challenge
of efficiently linking open-source clinical software with relevant scientific literature.
The system answers the main research question by:

1. Developing a data pipeline that collects and processes information about open-
source clinical software from GitHub and associated literature from Google
Scholar.

2. Creating an interactive web application that allows users to search for clinical
software and view related papers, providing additional insights beyond typical
software documentation.
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3. Implementing a peer review cycle that enables continuous improvement of the
platform through expert feedback.

4. Offering an open-source, modular architecture that facilitates further develop-
ment and expansion.

The evaluation demonstrates that LOCATE provides valuable additional knowl-
edge about clinical software through linked papers, enabling more informed
decision-making for both researchers and practitioners. While limitations exist, such
as relying solely on GitHub for software data, LOCATE represents a significant step
towards bridging the gap between open-source clinical software and scientific liter-
ature. This work lays the foundation for future research and improvements in this
area, ultimately contributing to more effective utilization of open-source tools in clin-

ical research and practice.

8.2 Reflection

This section of the dissertation discusses the Limitations of this work, proposes some
future research opportunities, and ends with a personal reflection.

8.2.1 Limitations

We first reflect on the Al technologies used in this dissertation. We then discuss the
datasets we used to evaluate the performance of the proposed methods. We continue
with discussing the privacy and security issues in HIS. We conclude with elaborating
on the impact of LLMs.

Al technologies

Al technologies cover a variety of topics including machine learning, deep learning,
NLP and LLM. Al technologies used in this dissertation include traditional NLP tech-
niques like topic modeling and text classification. In chapter 4, chapter 5 and chap-
ter 6, we employed Al technologies to process big clinical data. While these methods
demonstrated good performance for their respective tasks, they have some inherent
limitations. The NLP techniques used in this dissertation are relatively basic com-
pared to current state-of-the-art approaches, such as deep learning or transformer-
based models. For example, chapter 4 uses rule-based parsing techniques specifi-
cally designed for SmPC (Summary of Product Characteristics) documents, rather
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than more generalizable approaches. chapter 5 and chapter 6 rely on traditional topic
modeling and text classification methods instead of exploring recent advances in neu-
ral architectures that could potentially yield better results. Given the wide adoption
of deep learning methods in NLP tasks, some comparison studies would be useful.

Data bias

One key threat to the validity of this dissertation is the data bias. First, most of
data used to evaluate the proposed methods and prototypes in this study are in En-
glish. For instance, the ADR extraction pipeline in chapter 4 was tailored for English
drug products from SmPC. The decision to overlook this issue was not intentional
but rather a consequence of broader limitations in clinical data resource availability.
Specifically, public medical and clinical datasets in general remain scare, and datasets
languages other than English are exceptionally scarce. However, these methods can
be adapted for application in non-English clinical data. The big data framework from
chapter 5 is applicable to large clinical datasets in any language. Secondly, the open
source research in chapter 6 and chapter 7 are purely based on GitHub. Although
GitHub serves as the main platforms for open source projects, there are also other
platform such as GitLab and Bitbucket.

Privacy and security

Data privacy and security is considered as one of the most important aspects in re-
search using clinical data. Although systems from chapter 3 and chapter 4 included
the privacy and security component, this study lacks explicit research focusing on
privacy-preserving methodologies and security measures for clinical data storage
and transmission. Given the sensitive nature of health information, ensuring pa-
tient confidentiality and safeguarding data against breaches are critical in real-world
applications. Therefore, privacy and security related rules and guidelines should be
carefully examined, and it lays the foundation for the utilization of AI technologies
in clinical settings.

The advocacy of open source clinical software in this study has its security limi-
tations. While open source software offers benefits such as cost-effectiveness, trans-
parency, and community-driven innovation, its application in healthcare has some
security concerns. First of all, open source software may contain undiscovered vul-
nerabilities or dependencies on inadequately maintained libraries, which could ex-
pose sensitive patient data to breaches if not rigorously audited or updated. Unlike
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commercial software which has built-in safeguards for compliance with healthcare-
specific regulations (e.g., HIPAA, GDPR), open source software needs extra work to
meet the compliance requirements. Lastly, security patches and updates depend on
community contributions, which may lag behind emerging threats, leaving systems

unprotected during critical windows.

Impact of LLMs

This dissertation was completed before the release of ChatGPT. The rapid adoption
and advancement of LLMs after ChatGPT have fundamentally transformed the ap-
plication of clinical natural language processing, making many of the techniques pre-
sented in this work obsolete. The powerful capabilities of LLMs in general tasks sur-
pass the rule-based parsing and traditional NLP methods employed in this research.
While the approaches introduced in this research were state-of-the-art at the time of
their creation, LLMs have introduced a paradigm shift in processing clinical text.

The API-based framework proposed in chapter 3 aligns remarkably well with to-
day’s LLM ecosystem, as both rely on external service integration through APIs. This
architectural similarity makes the framework highly adaptable to LLM integration.
Furthermore, LLMs significantly simplify the framework by consolidating multiple
NLP tasks (entity extraction, negation detection, etc.) into a single API call, reducing
the need for complex pipeline orchestration and local NLP implementations. The
framework’s modular design allows for seamless replacement of traditional NLP
APIs with LLM APIs while maintaining its core benefits of flexibility and configura-
bility.

chapter 4 employed various methods, such as rule-based parsing, named entity
recognition, and HTML structure analysis, to extract ADR from SmPC documents.
Although being an effective method with high precision and recall, it is quite limited
in comparison with today’s LLMs.

1. Generalization: The rule-based approach is tailored to SmPC documents and
requires manual rule creation. LLMs can generalize accross document formats
without explicit rules. By simply adjusting prompts, LLMs would process dif-

ferent product labels with ease.

2. Context Understanding: Traditional NER struggles with contextual under-
standing, while LLMs excel at understanding context and can better handle

ambiguous cases.
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3. Error Handling: To handle specific error cases (e.g., handling "or", "and" in
ADR lists), manual checks were introduced. LLMs can better handle such vari-
ations naturally.

Traditional NLP techniques, such as topic extraction and text classification em-
ployed in other chapters can be easily replaced by LLMs. It simplifies the clinical text
processing pipelines in this dissertation and improves the generalization of our ap-
proaches. However, due to the limitations of today’s LLM models in explainability,
transparency and reliability, extensive tests and evalation are necessary before de-
ployment in clinial setting which requires trust, transparency and consistency. The
architectural complexity and hundreds of billions parameters make it difficult to trace
how LLMs generate outputs. Moreover, Al companies which built the best LLMs in
the world are more reluctant to share how they train their models and what data is
used. As a well-known feature of LLMs from the beginning, hallucination produces
false information and incorrect responses which is a huge challenge in high-stakes
domains like healthcare.

8.2.2 Future Work

This dissertation has contributed to overcoming challenges in healthcare information
system engineering, especially in clinical settings. Besides developing frameworks
and tools to solve specific HIS problems, we also introduced open source methodol-
ogy as best practice for HIS engineering. Nevertheless, there are still many improve-
ments and unexplored territories in this field. A few future research areas can be
imagined, and we will describe three of them below.

1. Transitioning from prototype to practice — Due to limited resources and time,
we only managed to validate the architecture proposed in chapter 2 via a multi-
national randomized clinical trial. Further research or experiments on applying
the proposed tools and frameworks from Chapter 3-5 in practice are neces-
sary to prove their true value to healthcare. The lightweight API-based NLP
framework from chapter 3 could be integrated into hospital information sys-
tems (HIS) to automate clinical concept extraction from discharge summaries
or medical records, thereby reducing manual effort and improving decision-
making. Similarly, The big data framework for biomedical literature mining de-
signed in chapter 5 could be deployed in clinical research institutions to analyze
large-scale biomedical/clinical literature of any given topic. Moreover, chap-
ter 4 constructed an adverse drug reaction (ADR) extraction pipeline which is
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intended for the development of ADR knowldege base. Then the knowledge

base can be used for automatic ADR detection from electronic patient records.

However, practical implementation requires addressing several challenges, in-
cluding privacy and security concerns, computational efficiency, and seamless
integration with existing clinical workflows. Therefore, before deploying any-
thing in pratice we should start with a small proof of concept in a well-defined

context.

. Leveraging LLMs in clinical text processing — As discussed in subsection 8.2.1,
LLMs are superior to traditional NLP techinques in many tasks. Future re-
search should focus on integration of LLMs with frameworks or approaches
introduced in this dissertation. Given the generalization of LLMs, it is worth
investigating the replacement of various NLP APIs with LLMs, and get a more
lightweight framework with better performance. As a follow-up research on
ADR extraction pipeline from chapter 4, we could explore using LLMs to sim-
plify the extraction pipeline and add multilingual support. chapter 5 only used
two NLP tasks to validate the efficiency and effectiveness of the framework,
more NLP tasks need to be tested. LLMs could make this very easy by just
adjusting the prompts. Therefore, future research on integrating LLMs will im-
prove the framework.

. Expanding knowledge sources — As the largest code host platform in the
world, Github hosted hundreds of millions projects with millions of active de-
velopers. However, besides GitHub, there are other platforms which also host
open source projects, such as GitLab, Bitbucket and SourceForge. Therefore in-
cluding open source projects from other platforms will provide a more hollistic
view of open source clinical software. Likewise, literature search and collection
in chapter 6 was limited to Google Scholar. Since Google Scholar often fails to
index the latest literature in time, especially in fields with rapid development,
like Al, we could fill the gap by including literature from arXiv. Another fu-
ture research direction lies with developing a retrieval augmented generation
(RAG) based chatbot on the expanded knowledge sources. The chatbot will
offer an easier and interactive way for retrieving related literature for a given

opensource clinical software.
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Summary

Healthcare Information Systems (HIS) play a pivotal role in modern today’s health-
care, managing patient data, supporting clinical decisions, and enabling large-scale
clincal trails. However, developing effective HIS faces numerous challenges, includ-
ing structured and unstructed data in various format, massive data volume, regu-
latory compliance, and the increasing need of using Al for better decision making.
Simultaneously, a large number of open source software or projects are created to ad-
dress healthcare problems, with some well-known and successful ones like openEHR
(open Electronic Health Records) and cTAKES (clinical Text Analysis and Knowledge
Extraction System). These openly accessible OSS (Open Source Software) can benefit
the HIS development, especially for circumstances where IT resources are restrained.

This dissertation investigates how artificial intelligence technologies and open
source principles can accelerate HIS development to solve real-world clinical prob-

lems. The main research question is:

How can we employ artificial intelligence technologies — such as ma-
chine learning algorithms, knowledge systems and natural language
processing techniques — based on open source principles to accelerate
healthcare information system engineering in solving real-world clini-

cal problems?

We approached this research question through a practical, two-step methodology.
The first part of the dissertation (chapter 2 and chapter 3) built a few healthcare infor-
mation systems and prototypes to address specific clinical challenges, showing the
real-world user cases of Al technologies in healthcare settings. Then, building on
these practical experiences, we investigated how open source software and method-
ologies could accelerate HIS development. This progression from concrete system de-
velopment to broader engineering methodology reflects our belief that effective HIS
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engineering must be grounded in practical implementation while embracing open
collaboration.

The research begins with a concrete clinical need — supporting polypharmacy re-
views through rule-based clinical decision support system called the STRIP Assis-
tant (STRIPA). To supoort its use in a multinational clinical trial, we design GDPR-
compliant systems while maintaining data security and accessibility in chapter 2.
STRIPA has a manual data entry process which is time consuming and error-prone.
To address such issue, chapter 3 proposes a lightweight, API-based architecture for
clinical NLP systems, which orchestrates various external NLP services to create flex-
ible, cost-effective solutions that overcome the limitations of monolithic clinical NLP
systems. We develop a prototype which demonstrates the potential of reducing man-
ual data entry for HIS like STRIPA. The dissertation then continues on designing an
automated NLP pipeline for extracting structured adverse drug reactions from Euro-
pean product labels in chapter 4. It shows how specialized NLP techniques can un-
lock structured knowledge from regulatory documents with high precision. chapter 5
presents a cloud-based big data framework for large-scale biomedical literature min-
ing, providing a scalable solution for processing millions of research articles while
maintaining cost-effectiveness. The need for such framework becomes apparent as
the size of biomedical data grows rapidly.

The second part of the research focuses on exploring how open source software
can enhance HIS engineering. A reproducible methodology is developed for system-
atic studies of open source clinical software in chapter 6, which provides insights into
the landscape of available tools and their characteristics. Furthermore, we develop
a web platform, named LOCATE, that bridges the gap between open source clini-
cal software and scientific literature and enables developers to make more informed
choices about software reuse. Except this first clinical decision support system, all
the source codes of this research are publically accessible on GitHub with the aim of

supporting open source software.
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Samenvatting

Healthcare Information Systems (HIS) spelen een cruciale rol in de moderne gezond-
heidszorg. Deze systemen beheren patiéntgegevens, ondersteunen klinische besluit-
vorming en faciliteren grootschalige klinische trials. De ontwikkeling van effectieve
HIS wordt echter geconfronteerd met talrijke uitdagingen, waaronder de verwerking
van gestructureerde en ongestructureerde data in verschillende formaten, enorme
datavolumes, naleving van wet- en regelgeving, en de toenemende behoefte aan
het gebruik van kunstmatige intelligentie voor betere besluitvorming. Tegelijkertijd
wordt er een groot aantal open source projecten gecreéerd om gezondheidszorgpro-
blemen aan te pakken. Prominente en succesvolle voorbeelden zijn openEHR (open
Electronic Health Records) en cTAKES (clinical Text Analysis and Knowledge Extrac-
tion System). Deze publiek toegankelijke open source software (OSS) kan de ontwik-
keling van HIS bevorderen, met name in omstandigheden waar IT-middelen beperkt
zijn.

Dit proefschrift onderzoekt hoe kunstmatige intelligentie technologieén en open
source principes de ontwikkeling van HIS kunnen versnellen om klinische proble-
men uit de praktijk op te lossen. De hoofdonderzoeksvraag luidt:

Hoe kunnen we kunstmatige intelligentie technologieén — zoals ma-
chine learning algoritmen, kennissystemen en natuurlijke taalverwer-
king technieken — op basis van open source principes inzetten om de
ontwikkeling van healthcare information systems te versnellen bij het
oplossen van klinische problemen in de dagelijkse praktijk?

Deze onderzoeksvraag hebben we benaderd door middel van een praktische,
tweestaps-methodologie. Het eerste deel van dit proefschrift (Hoofdstuk 2 en Hoofd-
stuk 3) ontwikkelde verschillende HIS en prototypes om specifieke klinische uitda-

gingen aan te pakken, waarmee praktische toepassingen van Al-technologieén in de
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gezondheidszorg worden gedemonstreerd. Voortbouwend op deze praktische erva-
ringen hebben we onderzocht hoe open source software en methodologieén de ont-
wikkeling van HIS kunnen versnellen. Deze progressie van concrete systeemontwik-
keling naar een bredere ontwikkelingsmethodologie weerspiegelt onze overtuiging
dat effectieve HIS-ontwikkeling op praktische implementatie moet zijn gebaseerd en

tegelijkertijd open samenwerking moet omarmen.

Ons onderzoek begint met een concrete klinische behoefte — het ondersteunen
van polyfarmacie-reviews door middel van een regel-gebaseerd klinisch beslissings-
ondersteunend systeem genaamd de STRIP Assistant (STRIPA). Om het gebruik er-
van in een multinationale klinische trial te ondersteunen, ontwerpen we in Hoofd-
stuk 2 GDPR-conforme systemen die tegelijkertijd databeveiliging en toegankelijk-
heid waarborgen. In eerste instantie had STRIPA een handmatig data-invoerproces
dat tijdrovend en foutgevoelig is. Om dit probleem aan te pakken, introduceert
Hoofdstuk 3 een lichtgewicht, API-gebaseerde architectuur voor klinische NLP-
systemen. Dit is een architectuur die verschillende externe NLP-diensten orkestreert
om flexibele, kosteneffectieve oplossingen te creéren die de beperkingen van monoli-
thische klinische NLP-systemen overwinnen. We ontwikkelen een prototype dat het
potentieel aantoont om handmatige data-invoer voor HIS zoals STRIPA te vermin-
deren. Het proefschrift vervolgt met het ontwerpen van een geautomatiseerde NLP-
pipeline voor het extraheren van gestructureerde bijwerkingen van geneesmiddelen
uit Europese productlabels in Hoofdstuk 4. Dit laat zien hoe gespecialiseerde NLP-
technieken gestructureerde kennis kunnen ontsluiten uit regelgevingsdocumenten
met hoge precisie. Hoofdstuk 5 presenteert een cloud-gebaseerd big data framework
voor grootschalige biomedische literatuur mining, dat een schaalbare oplossing biedt
voor het verwerken van miljoenen onderzoeksartikelen met behoud van kostenef-
fectiviteit. De behoefte aan een dergelijk framework wordt duidelijk aangezien de
omvang van biomedische publicaties nog altijd gestaag sneller groeit.

Het tweede deel van het onderzoek richt zich op het verkennen van hoe open
source software de ontwikkeling van HIS kan verbeteren. In Hoofdstuk 6 wordt
een reproduceerbare methodologie ontwikkeld voor systematische studies van open
source klinische software, die inzicht biedt in het landschap van beschikbare tools en
hun kenmerken. Verder ontwikkelen we een webplatform, genaamd LOCATE, dat
de kloof overbrugt tussen open source klinische software en wetenschappelijke lite-
ratuur en ontwikkelaars in staat stelt beter geinformeerde keuzes te maken over het
hergebruik van software. Met uitzondering van het eerste klinische beslissingsonder-
steunende systeem, zijn alle broncodes van dit onderzoek publiekelijk toegankelijk
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op GitHub met als doel aan open source software bij te dragen.
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