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Chapter 1 

Introduction

The commonality between science and art is in trying to see profoundly.
To develop strategies of seeing and showing.

Edward Tufte

The art of medicine is the art of decision-making. The process of identifying a med-
ical problem, evaluating diagnostic and treatment options, deciding on appropriate 
actions, and continuously reiterating through this process is the basis of medicine. 
This decision-making process is guided by a dynamic flow of information. In an 
outpatient setting, the information might start with the patient entering a room, 
the patient’s appearance, a thorough history, and a detailed physical examination. 
The information, the data, will grow with the following (diagnostic) steps such as 
blood tests or a radiological examination. In a hospital setting, the available data 
can increase more substantially with several repeated tests or even continuous 
monitoring of vital signs at every second on intensive care units (ICU). This abun-
dance of data, its volume, velocity, and variety is constantly growing with tech-
nology that allows for more data to be captured at every step of a patient’s path 
towards the resolution of the underlying medical problem. For example, mobile 
devices can capture data even before a patient seeks medical support (or might 
trigger this event). On the other end, diagnostic tests in laboratories are becoming 
more sophisticated and can study a patient’s specimen down to the genome level. 
The rapid technological advancements in medicine as well as in other fields lead 
to a continuously growing complexity in decision-making processes, most impor-
tantly through increasing amounts of available information. This also drives the 
fragmentation of medicine into a multitude of (sub-)disciplines, each with unique 
approaches and needs in the acquisition of medical information. Thus, obtaining a 
comprehensive view on a patient’s medical problem that incorporates all relevant 
data is fundamentally challenging. It is the art of medicine to aggregate the com-
plexity of all available data to guide decision-making while keeping the individual 
patient and all his or her needs and wishes in focus. Technology and data-driven 
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solutions can support this process when they aim at providing insights, detecting 
patterns, creating useful alarms at the right time, avoiding errors, and anticipating 
future events. In this way, current technological advancements in medicine that 
focus on these aspects can improve the quality of care and free up precious time 
and resources to focus on the core of medicine: the patient. 

This thesis centres around the use of data and data-driven solutions to support the 
decision-making process in infection management. In this thesis, infection man-
agement is defined as the process of guiding the diagnostic approach, selecting 
the appropriate treatment, monitoring and ensuring the treatment success, and pre-
venting re-infection and the spread of pathogens. This clinical path is character-
ised by a plenitude of decision points where the integration of insights from data 
is vital to enable an evidence-based decision-making process. The incremental 
gain of insights that also incorporates incomplete or partial information is typical 
for this process. In addition, the timely availability of information in infection 
management is essential as rapid clinical action might be required for patients 
with a (suspected) infection. The most fundamental decision is the appropriate 
use of antimicrobial (in this thesis antibacterial and antifungal) therapy to help 
eliminating the cause of the infection. However, two important factors unique to 
infectious diseases exemplify the challenge in this decision. Firstly, the interplay 
between diagnostics and treatment as the treatment itself can negatively influence 
the diagnostic yield. Secondly, the treatment decision needs to take into account 
not only the individual patient but also the population level and the interaction 
between individual treatment decisions and the local epidemiology of infectious 
diseases. One of the main reasons for this second aspect are antimicrobial resis-
tances. The following sections describe these aspects that illustrate the toeholds of 
data science approaches for infection management throughout this thesis.

Antimicrobial Resistance (AMR)

The discovery of antibiotics in the first half of the 20th century was an important 
milestone in science and a major advancement in the development of modern 
healthcare. This breakthrough enabled treatment and curation of many infectious 
diseases such as tuberculosis (TB) that plagued humankind since prehistory [1]. 
However, the effectiveness of antimicrobials is not guaranteed. 

The development of AMR is an evolutionary process. It is the natural reaction of 
microorganisms to selection pressure in the presence of an antimicrobial agent. 
This can result in a dose-dependent loss of effectiveness of the respective agent 
against the microorganism. In medicine, the susceptibility (or resistance) of a 
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microorganism to an antimicrobial agent is measured through antimicrobial sus-
ceptibility testing (AST) in microbiological laboratories. Based on international 
guidelines, AST results are further categorised into susceptible (S), susceptible, 
increased exposure (I), or resistant (R) [2,3]. Although convenient for capturing 
and storing test results and for communicating results to clinicians, these inter-
pretations of resistance alone are oversimplified when assessing AMR in an in-
dividual patient case. Of equal importance are the consideration of pharmacoki-
netic and -dynamic properties of the antimicrobial agent together with the site of 
the infection. The susceptibility of a microorganism to the antimicrobial agent 
of choice might be established through AST but the required concentration for 
an effective treatment of the infection might still not be reached at the site of the 
infection (e.g., due a limited bioavailability of the selected antimicrobial agent). 
Using the respective antimicrobial agent would thus be inappropriate despite the 
susceptibility of the isolated microorganisms in AST. Similarly, the appropriate 
dosing regimen and host factors need to be considered when taking a holistic view 
on AMR at the individual patient level. This said, the approaches developed and 
explored in this thesis focus on AMR as defined by and available as AST results. 
However, many of the underlying methodological concepts of this thesis are also 
applicable to and can integrate other described aspects, such as including pharma-
cological properties of antimicrobials in the decision-making process, that form 
the complexity of AMR in the care for patients with infections. 

Since the beginning of the modern antimicrobial era in the 1930s, the danger of 
evolving resistances in microorganisms against these drugs has been recognized. 
Sir Alexander Fleming, the discoverer of penicillin, already warned about this 
potential threat in 1945:

“[…] instead of clearing up the infection, the microbes are educated 
to resist penicillin and a host of penicillin-fast organisms is bred out 
which can be passed on to other individuals and perhaps from there 
to others until they reach someone who gets a septicaemia or pneu-
monia which penicillin cannot save. In such a case the thoughtless 
person playing with penicillin treatment is morally responsible for 
the death of the man who finally succumbs to infection with the peni-
cillin-resistant organism. I hope this evil can be averted.” [4]

Unfortunately, Fleming’s fears have become true. AMR have become a major 
threat to global health and healthcare in the 21st century [5]. Modern medicine 
would not be feasible without the effective prevention, early diagnosis, and treat-
ment of infections. The occurrence and increase of multi-drug resistant microor-
ganisms as pathogens result in new threats from previously well-treatable infec-
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tions. Even pan-resistance (i.e. resistance to all available antimicrobials) is being 
observed, demonstrating the looming risk of entering a ‘post-antibiotic era’ [6–8].

Assessing the current global burden of AMR is challenging [9–11]. Yet, the in-
creasing trend is evident. Estimates depict a concerning picture for the coming 
decades with AMR projected to be among the leading causes of death if this trend 
is not halted [5]. Next to the implications on global health, AMR and its preven-
tion also pose substantial financial burdens to societies and their healthcare sys-
tems [12]. A prominent example for those increasing problems due to AMR is TB 
which is caused by Mycobacterium tuberculosis complex and the leading cause of 
death from a single infectious agent worldwide [13]. AMR in TB further adds to 
this global health problem. But while, for example, the incidence of multidrug-re-
sistant TB (MDR -TB) in Western Europe remains low, MDR-TB incidence is on 
the rise in post-Soviet countries, causing a significant burden to public health and 
vulnerable population groups in particular. The world is still not on track to reach 
its milestones in TB reduction overall. These milestones aimed at 80% reduction 
in the TB incidence rate and 90% reduction in the annual number of TB deaths 
by 2030 compared to 2015. The estimated 1.4 million persons that died from TB 
in 2019 including 182,000 people with MDR-TB in 2019 pushes this target even 
more out of reach [13]. 

AMR is further not limited to human healthcare. The development of resistance 
can occur in any setting – human medicine, veterinary medicine, and in the envi-
ronment. Important to note, these settings are closely linked. A prominent exam-
ple was the emergence of plasmid-mediated colistin resistance through the mcr-1 
gene in Gram-negative bacteria, first detected in a pig in China in 2015 [14]. Soon 
thereafter, a mcr-1 gene positive Escherichia coli strain was found in a patient 
with a urinary tract infection in the United States [15]. There is no causal connec-
tion between these events but they demonstrate the need to take a holistic view on 
AMR. Even though resistance to colistin is also mediated by other, partially not 
well-defined mechanisms, mcr-1-mediated resistance is of major concern due to 
its horizontal transmissibility. Thus, paying attention to mobile genetic elements 
is highly important. Today, Gram-negative bacteria carrying the mcr-1 gene are 
globally prevalent in healthcare. It needs to be noted, however, that the largest 
burden due to multidrug-resistant Gram-negative bacteria still results from re-
sistance to carbapenems which is of great concern and for which combination 
regimens with colistin often are the last line of treatment [16,17].  

Next to the use of antimicrobials in human and animal health, environmental fac-
tors and microbial adaptation play an important role in the evolution of AMR. One 
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example can be found in Candida, a genus of yeasts and part of the kingdom of 
fungi. Fungal infections, as caused by fungi such as Candida or Aspergillus spe-
cies, pose a well-known risk to patients with impaired immune systems. Candida 
auris has recently emerged as a new pathogenic yeast in humans [18]. Although 
still rare, it can cause invasive infections associated with a high mortality while 
being very challenging to treat due to resistance to several classes of antimicro-
bials [19]. However, the exact origin of Candida auris is unclear and it had so far 
only been found in healthcare settings. It is assumed that the pathogen emerged 
in the environment but it is not (yet) known how Candida auris could evolve 
to sustain the thermal conditions in the human body and cause infections. The 
adaption to warmer temperatures could have occurred in warming conditions in 
the environment due to climate change [20]. Now, for the first time, the pathogen 
has been isolated from non-patient environments in Indian coastal wetlands that 
are affected by global warming [21]. These findings could further support the 
theory that Candida auris as a pathogen in humans is linked to climate change 
[20]. These examples show the importance of a comprehensive view on AMR in-
cluding human medicine, veterinary medicine, and the environment – an approach 
known as the One Health approach.

In addition to increasing AMR levels in the entangled areas of human medicine, 
veterinary medicine, and the environment, the global challenge is further compli-
cated by a dry pipeline in new antimicrobial development. Most antimicrobials in 
the current clinical pipeline are derivatives of established classes and innovative 
antimicrobials are lacking [22]. This problem is even aggravated by malfunction-
ing incentives in the market of new antimicrobials. Traditional market incentives 
inevitably fail to prevent increasing trends in AMR and new incentives that ensure 
the sustainable effectiveness of new antimicrobials are highly needed [23]. For the 
current use of antimicrobials this means that a responsible use of available anti-
microbials is crucial, more than ever before. Together with detailed surveillance 
on AMR trends and improved infection control actions, the goal has to be the 
preservation of antimicrobials as a non-renewable resource for the treatment and 
prevention of infections. Strategies and solutions for this challenge are needed on 
all levels ranging from choosing the right antimicrobials at the patient’s bedside 
to reduced antimicrobial consumption in agriculture and the general fight against 
climate change. 

Even though the entirety of these complex challenges in AMR surmount the scope 
of this thesis, it aims at providing a small piece to the puzzle of solutions to AMR 
and antimicrobial use in human healthcare.

Introduction Chapter 1



14

Antimicrobial use and resistance in healtcare 

Antimicrobial use in healthcare is characterised by a plenitude of different actors 
involved – from the nurse at a patient’s bedside to the staff at the laboratory bench 
and from specialists in clinical rounds to policy makers in (inter-)national regu-
latory bodies [24]. For all, the optimal quality of patient care should be central to 
the decision-making process in antimicrobial therapy. Yet, each decision in this 
process has also to be seen in the light of its potential implications for AMR on 
the population level. This makes AMR a wicked problem where standard prob-
lem-solving mechanisms do not apply and where the actors involved in the solu-
tion are also part of the problem [25,26]. The use of antimicrobials today directly 
affects the level of AMR in the future. But at the same time, their use is often vital 
for the individual patient. Healthcare professionals are thus faced to take respon-
sibility for both the patient and the population. This complex challenge and the 
development of solutions is under ever increasing research since the late 1990s 
when the concept of antimicrobial stewardship emerged.

Antimicrobial stewardship and infection management

Antimicrobial stewardship can be defined as “a coherent set of actions which pro-
mote using antimicrobials responsibly” [24]. Guiding and supporting the deci-
sion-making process around antimicrobial therapy are the core concepts of this 
approach which unfolds on multiple levels and is characterised by a multidisci-
plinary nature [27]. Antimicrobial stewardship activities stretch from regulato-
ry levels (e.g., creation of guidelines) to organisational aspects (e.g., available 
resources, staffing, IT support) and face-to-face clinical support, ideally at the 
bedside [28–30]. On the institutional level, antimicrobial stewardship activities 
are typically implemented through dedicated antimicrobial stewardship teams 
[31]. These teams are characterised by multidisciplinary approaches through the 
incorporation of expertise from different clinical specialties, most commonly 
clinical microbiology, hospital pharmacy, and infectious diseases. Antimicrobial 
stewardship teams are focused on establishing effective strategies to, for example, 
ensure guideline adherence, initiate appropriate treatment changes, or change of 
treatment application options [32]. Thereby, these actions guide the decision-mak-
ing process in antimicrobial therapy to ensure a responsible use of antimicrobials 
while ensuring the optimal quality of care for the patient.

This decision-making process is characterised by an inherent aspect that is unique 
in clinical medicine: the underlying cause of a disease (the pathogen causing the 
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infection) is typically unknown at a time when causal treatment is already re-
quired. The most prominent example is sepsis where a timely start of antimicro-
bial treatment (even on the mere suspicion of sepsis) is directly linked to patient 
outcome [33]. This implies the necessity of selecting the most appropriate anti-
microbial treatment during a window of information scarcity until first diagnostic 
test results that might detect the causative pathogen become available. At this time 
point, treatment decisions are based on other available information that can in-
form the decision-making process (i.e. empiric antimicrobial treatment). Antimi-
crobial agents that are used in these scenarios need to be effective against a broad 
spectrum of potential pathogens. However, a broad spectrum usually also covers 
non-causative microorganisms, including (gut) microbiota. This can induce selec-
tion pressure in a range of microorganisms, thereby adding to the emergence of 
resistance. In addition, disturbance of the commensal human microbiota can result 
in adverse side effects of the antimicrobial treatment [34]. Therefore, the duration 
of empiric treatment should be as short as possible until treatment adjustment to-
wards the identified causative pathogen is possible. Of note, the decision-making 
process not only comprises selecting the right antimicrobial agents for the right 
patient at the right time, but also includes decisions on the right diagnostics test 
for the right patients at the right time. This thesis further expands and highlights 
these aspects in several chapters.

Data to fill the gap

During the above-described information scarcity at the time when the underlying 
pathogen is not known, data can support the decision-making process in initiating 
the appropriate diagnostics tests and antimicrobial treatment. Data that is usual-
ly available at that time point comprise demographic patient data (e.g., gender 
and age), underlying diseases, clinical characteristics and patient history (e.g., 
surgical-site infections), physical examination results, and clinical data (e.g., 
vital signs). Additional data can include medication history, prior antimicrobi-
al exposure, and previous diagnostic test results. Ideally, data on the microbial 
epidemiology and AMR levels at the patient’s origin (e.g., travel history, nurs-
ing home environment, occupation in the agricultural sector) as well as in the 
respective local healthcare setting is also available. The prescribing healthcare 
professional can use this (potential) bulk of information to make an informed and 
evidence-based decision for the most appropriate diagnostic test and antimicro-
bial treatment. However, the effective use of all this information is influenced by 
several potential barriers.
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Data availability
Electronic health records (EHR) are the basis for patient data collection in mod-
ern healthcare settings. Depending on the available resources and the degree of 
their sophistication, EHR can be the source for all kinds of highly detailed patient 
data, ranging from general demographic data to vital signs and laboratory param-
eters with a resolution of up to one data point per second. However, not all EHR 
systems are per se designed for clinical decision-making processes and seldomly 
incorporate dedicated interfaces for antimicrobial stewardship purposes [35,36].

Next to EHR systems, laboratory information systems (LIS) exist that store data 
on microbiological tests results, such as the isolated microorganism from a pa-
tient’s specimen and antimicrobial susceptibility test results. In the best-case sce-
nario, these systems are linked to the EHR. However, LIS are primarily designed 
for the provision of single patient diagnostic test results and billing purposes. 
Epidemiological analysis and detailed AMR data analysis functionalities on the 
patient and population level are often lacking. Yet, they are fundamental in the 
decision-making process in infection management.

Data reliability
Given data is available, ensuring its quality is crucial. For many data types interna-
tional guidelines exist that aim at standardising data across settings: antimicrobial 
agents are classified in the anatomical therapeutic chemical (ATC) classification 
system controlled by World Health Organization (WHO) Collaborating Centre 
for Drug Statistics Methodology [37]; taxonomic reference data for microorgan-
isms is registered in the Catalogue of Life [38]; reference data and cut-off values 
(breakpoints) for the definition of AMR is issued by international committees such 
as the European Committee on Antimicrobial Susceptibility Testing (EUCAST) 
[37–40]. Unfortunately, working with these guidelines can be challenging as they 
are usually not directly implemented in the respective data sources (e.g., using 
the local name of an antimicrobial agents instead of its uniform ATC code). Most 
EHR and LIS system manufacturers use system specific data codes that hinder 
easy data aggregation across systems and settings. In addition, as guidelines are 
regularly updated, data storage systems need to be well maintained to incorporate 
these changes to ensure reliability across time and space. 

Data presentation and visualization
Presenting and visualising data in a reliable and interpretable way is a challenge 
that is subject to extensive research both in general and for clinical purposes in 
particular [39–42]. Data visualization, defined as the graphical representation of 
quantitative information, can support better and faster insights into the data and 
patterns within the data. In addition, data visualization can support the communi-
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cation of these insights. Data insights can also be supported by applications that 
allow users to interact with the data. However, most EHR systems are ill-equipped 
for the purposes of making large amounts of (aggregated) data accessible and in-
terpretable. Furthermore, evidence for the optimal visualization and presentation 
of AMR-related data is lacking. 

Data analysis transparency and reproducibility
Transparency into the evidence generating process from raw data to finished re-
sults that enables reproducible results is essential to establish trust in the results 
and the applied methodologies. The reproducibility of results is a challenge in sci-
ence in general [43]. Reproducibility can be hindered by an incomplete descrip-
tion of how data was processed before the analysis (e.g., cleaning data, dealing 
with missing data), how data was aggregated, and how the analysis was performed 
(e.g., parameter tuning in data modelling). Addressing these issues and ensuring 
reproducibility also enables testing and validating approaches in different settings. 
This will increase the generalisability of the results and strengthen the evidence 
resulting from the analysis. In the medical context, transparency and reproducibil-
ity are of utmost importance given the potentially substantial implications of the 
results for the patient (or patient groups).

Data science

Working with different data sources and data types and deriving meaning and 
insights from them, while ensuring that the potential barriers are carefully taken 
into account, requires special skills, methodologies, and tools. “Data science” has 
emerged as a term to describe this comprehensive approach. Yet, data science is 
not clearly defined. It incorporates traditional aspects of the work with data (e.g., 
statistics, mathematics) together with design aspects (e.g., in data visualization) 
and more recently emerging concepts such as artificial intelligence (AI) and ma-
chine learning (i.e., the tools and methods for identifying patterns in data that 
power AI [44]). 

In addition, data science includes a strong focus on working with raw data, data 
cleaning, and reproducible workflows in open-source programming languages. 
As raw data sources have become increasingly available (e.g., EHR), the ground 
work, i.e. data cleaning and data pre-processing (also called ‘data wrangling’), 
with these heterogenous sources is the basis for any further analysis to build upon. 
These steps often requires substantial amounts of time before the processed data 
can be leverage for further analysis. 
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In this thesis, data science is defined as “the process by which data becomes un-
derstanding, knowledge, and insight” [45]. Data science can be further stratified 
by its core components and related disciplines:

 •  Data wrangling / working with data (programming, engineering)
 •  Data visualization (statistics, design, art)
 •  Data modelling and prediction (statistics, machine learning)

This stratification exemplifies the entanglement of different disciplines within 
data science and its inherent multidisciplinary nature. 

The entanglement of disciplines (in this thesis) – 
The basis for innovative solution

The entanglement of disciplines, as seen in data science, also characterises the 
challenge of the use of antimicrobials, diagnostics, AMR, and infection manage-
ment. When we try to understand the use of antimicrobials, we study prescrip-
tions. But we cannot change prescription behaviour without information on the 
underlying microbial epidemiology and AMR levels. Treatment decisions based 
on prescription and epidemiology alone are incomplete if patient conditions and 
outcome are not taken into account and are not being anticipated. Reacting to 
changing AMR levels, prescription rates, and patient outcome is not enough if 
proactive infection prevention is not properly in place. Any of these examples 
can also be reversed in order or placed in different combinations. Only a compre-
hensive approach can ultimately lead to sustainable quality of care and preserved 
antimicrobial effectiveness. All these aspects form the elements for successful 
infection management. This cycle of infection management is illustrated in a sim-
plified form in Figure 1.1. In this sense, stewardship should ensure that this cycle 
is moving and well-functioning.

Previous work described these interconnected, integrated aspects of multidisci-
plinary stewardship concepts that incorporate antimicrobial, diagnostic, and in-
fection prevention stewardship [47,48]. This thesis builds upon these concepts by 
researching data science approaches to stewardship and infection management 
that comprise the important multidisciplinary aspects and further connects them 
through data-driven solutions. Data science, as defined above, is not bound to 
single disciplines. It allows to truly think beyond borders and disciplines. Data 
science concepts (e.g., data visualization or machine learning) that were devel-
oped in one field can often be applied in or adapted to another. Working with 
open-source and open science principles allows to adapt and extend existing solu-
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tions to new problems. Even borders between larger domains such as science, 
engineering, design, and art can be crossed to the point where borders vanish and 
innovation unfolds (Figure 1.2) [46]. 

Pathogens

Infectio
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l
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Resistance

Therapy
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Figure 1.1. The cycle of infection management powered by antimicrobial stewardship.  
Figure inspired by [46].

In this sense, the data science approach as researched in this thesis can even be de-
scribed as transdisciplinary. Transdisciplinary is not in contrast to disciplines but 
complimentary to disciplines: “Transdisciplinary concerns that which is at once 
between the disciplines, across the different disciplines, and beyond all discipline” 
[49]. This thesis follows this concept and thereby connects different medical per-
spectives with a data science approach stratified by data wrangling, data visual-
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ization, and data modelling and prediction to explore new innovative solutions to 
known problems. The space between domains (e.g., science and engineering) and 
disciplines (e.g., clinical microbiology and statistics) can harbour new insights 
and innovative solutions to complex challenges. This thesis applies this rationale 
to the field of infection management and antimicrobial stewardship and uses data 
science to explore and leverage this space. In particular, AMR, antimicrobials, and 
diagnostics are in focus as toeholds and starting points for data science in infec-
tion management but the underlying concepts of this thesis can also be transferred 
to other aspect in the care for patients with infection. Data science can connect the 
different domains and disciplines and support the comprehensive decision-mak-
ing process that is entangled in the cycle of infection management (Figure 1.1).
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Figure 1.2. The cycle of creativity adapted from [46] representing resources for the scientific 
approach of this thesis.
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Outline of this Thesis

This thesis aims to study and describe the use data science to optimise infection 
management and antimicrobial stewardship. Guided by the individual compo-
nents of data science, as defined above, it is divided into four parts. This intro-
duction, Chapter 1, provides a brief historic overview of the emergence of AMR 
and its current situation and outlines the important underlying concepts of this 
thesis: decision-making in infection management and antimicrobial stewardship, 
data supporting for the decision-making process, and data science. 

Part I Antimicrobial Resistance and Stewardship
After the introduction of this thesis’ research field in the first chapter, part I sys-
tematically explores this field in more detail. It comprises two chapters that de-
scribe the research space of AMR and position stewardship concepts within this 
field. Chapter 2 attempts to provide a comprehensive overview map of the field 
of AMR based on its associated published literature and identifies distinct re-
search topics in AMR. It demonstrates how the field and its topics evolved and 
changed over two decades. Stewardship was identified as an emerging topic with 
increasing importance in the last years. The concept of stewardship is further ex-
plored in Chapter 3 with a special focus on diagnostic aspects for stewardship 
and infection management. 

Part II Working with data in infection management and  
antimicrobial stewardship
Part II studies the use of the first cornerstone of data science (data wrangling) in 
infection management and antimicrobial stewardship. Laying the ground to gain 
insights from data through making data available and data analyses reliable and 
reproducible is at the centre of this part. The incorporation of antimicrobial stew-
ardship and AMR specific requirements for working with data and transforming 
them into actionable knowledge is under special focus in this part which comprises 
three chapters. Chapter 4 describes the development of software tools for work-
ing with AMR data. These tools were developed using open-source principles and 
with the aim to make AMR data cleaning and analysis fast, reliable, and reproduc-
ible. Chapter 5 demonstrates the use of the developed software tools. In an ex-
tensive regional approach, epidemiological trends and AMR levels are described 
for coagulase-negative staphylococci. This group of commonly found bacteria in 
patients’ samples is still only seldomly identified as the causative pathogen but of 
increasing importance due their associated burden from nosocomial infections. 
Chapter 6 extends the technical description of the developed tools by pointing to 
existing methodological gaps that can be filled by the developed tools and high-
lights their potential for standardised AMR data analyses. 

Introduction Chapter 1



22

Part III Data visualization to improve infection management and  
antimicrobial stewardship
Bridging data analyses and insights to clinical use and utility in infection manage-
ment and antimicrobial stewardship is studied in the third part of this thesis. The 
second cornerstone of data science (data visualization), its use in antimicrobial 
stewardship, and its impact on clinical workflows is systematically investigated. 
This part includes three chapters. Chapter 7 describes the use of data visualiza-
tion in antimicrobial stewardship. A visual dictionary of this field was identified 
which can guide evidence-based design choices for content-specific data visual-
izations (e.g., AMR levels over time) and lead to a more standardised use of data 
visualizations in AMR and antimicrobial stewardship. Chapter 8 demonstrates 
the use of data visualizations integrated in an interactive software application to 
improve AMR data accessibility and interpretability for clinical decision-making 
processes in healthcare institutions. Chapter 9 shows the impact of the developed 
approaches presented in Chapter 4 and 7 on AMR data reporting workflows in a 
clinical setting and demonstrates how using the developed tools can lead to sig-
nificantly improved AMR data reporting in less time.

Part IV Data modelling and prediction to improve infection management  
and antimicrobial stewardship
The last part of this thesis explores the use of data modelling and prediction in 
antimicrobial stewardship and infection management and its potential to improve 
their actions. Guided by the last cornerstone of data science this part aims at study-
ing and demonstrating the full potential of multidisciplinary/transdisciplinary ap-
proaches, including different disciplines and data sources. Chapter 10 introduces 
the concepts of machine learning and studies its use for infection management 
with routine EHR. Important methodological approaches and best practices are 
highlighted to guide future research in this trending area. Chapter 11 describes 
how machine learning approaches can be used for the early identification of pa-
tients with sepsis. Chapter 12 builds on the insights from Chapter 10 and 11 and 
applies machine learning to predict infection-related consultations for critically ill 
patients using routine EHR. It demonstrates the feasibility of moving from reactive 
(event-triggered interventions) to proactive approaches (prediction-based inter-
ventions). Both chapters, 11 and 12, show the potential of proactive approaches to 
streamline clinical workflows and improve patient care and outcome. Chapter 13  
summarises this thesis and discusses its research findings and implications in the 
broader context of latest research on data science, AMR, infection management, 
and antimicrobial stewardship.
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AI Artificial intelligence
AMR Antimicrobial resistance
AMS Antimicrobial stewardship
ANN Artificial neural network
ASP Antimicrobial stewardship programme
AST Antimicrobial susceptibility testing
ATC Anatomical therapeutic chemical classification system
AUPRC Area under the precision recall curve
AUROC Area under the receiving operator curve
CFU Colony forming unit
CLSI Clinical and Laboratory Standards Institute
CoNS Coagulase-negative staphylococci
CRE/CPE Carbapenem-resistant Enterobacterales/carbapenemase-producing Enterobacterales
CRP C-reactive protein
DDD Defined daily doses
DOT Days of  therapy
DSP Diagnostic stewardship programme
ED Emergency department
EHR Electronic health records
ESBL Extended-spectrum beta-lactamase
EUCAST The European Committee on Antimicrobial Susceptibility Testing
GBM Gradient boosting machine
HAI Hospital-acquired infection
ICD International classification of  diseases
ICU Intensive care unit
ID Infectious diseases
IQR Interquartile range
LIS Laboratory information system
LOS Length of  stay
LR Logistic regression
LSTM Long short-term memory neural network
MALDI-TOF Matrix assisted laser desorption ionization - time of  flight mass spectrometry
MDR Multi-drug resistance
MDRO Multi-drug resistant organism
MIC Minimum inhibitory concentration
ML Machine learning
MRSA Methicillin resistant Staphylococcus aureus 
NEWS National early warning score 
OR Odds ratio
PKPD Pharmacodynamic/pharmacokinetic
RF Random forest
SD Standard deviation
SDD Selective digestive decontamination
SIRS Systemic inflammatory response syndrome
SOFA Sequential organ failure assessment score
SSI Surgical site infection
STM Structural topic modelling
SUS System usability scale
SVM Support vector machine
TAT Turnaround time
TB Tuberculosis
TDM Therapeutic drug monitoring
WHO World Health Organization
XGB Extreme gradient boosting

List of Relevant Abbreviation
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