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Chapter 13

Summary and discussion

The world cannot be understood without numbers. 
But the world cannot be understood with numbers alone. 

Hans Rosling 
 

This thesis aimed at exploring the use of data science to optimise infection man-
agement and antimicrobial stewardship. Different areas within data science and 
their potential to benefit infection management and antimicrobial stewardship 
were studied and evaluated based upon the individual components of data sci-
ence. Each of the resulting four parts of this thesis led to area-specific insights 
and implications. The following sections start by describing the main findings 
of the individual parts. To achieve this thesis’ aim and answer the question how 
data science can optimise infection management and antimicrobial stewardship 
and improve quality of care and patient outcome, the different aspects need to be 
combined in a comprehensive approach to data science. 

Main findings

Part I: Antimicrobial Resistance and Stewardship
The first part of this thesis provided an overview of the field of antimicrobial resis-
tance (AMR) and its heterogeneous nature that has undergone substantial changes 
and seen different trends over the twenty years that led up to this thesis (Chapter 
2). In an unprecedented approach, the entire field was described using data-driven 
machine learning tools that identified distinct topics within AMR over time and 
space. The analysis revealed 88 research topics that form the field and span from 
basic research (e.g., Gene expression) to multidisciplinary, strategic approaches 
(e.g., Stewardship). The topics form a tightly knit network. Within this network 
important topic trends were observed. Most notably, Stewardship (Chapter 2 
used this shortened term for stewardship in a broader sense) was identified as a 
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distinct topic within AMR that substantially gained in importance and was found 
to be the third most researched topic in 2018 in the entire field of AMR. Moreover, 
Stewardship was observed to form links, among others, with the topics Infection 
control, and Resistance patterns on hospital levels. The multidimensionality of 
Stewardship was further explored in Chapter 3 with a special focus on the role 
of diagnostics within Stewardship. The limitations of traditional approaches to 
(antimicrobial) stewardship that solely focus on antimicrobial prescriptions were 
contrasted with integral approaches that also incorporate diagnostic and infec-
tion prevention stewardship, with positive implications for both the individual 
patient as well as healthcare institutions. Chapter 3 thereby put the entanglement 
of perspectives and disciplines within antimicrobial stewardship – that Chapter 
2 identified in scientific literature – in a clinical context. This integrated concept 
of antimicrobial stewardship and its multi-/inter-/transdisciplinary nature built the 
conceptual ground and the clinical domain for the following parts. 

Part II: Working with data in infection management and antimicrobial stew-
ardship
Based on the first cornerstone of data science, working with data and data cleaning 
(i.e. data wrangling), the second part of this thesis focused on the development and 
use of new tools to improve the work with AMR data in infection management 
and antimicrobial stewardship. Chapter 4 described the development of a set of 
software tools for working with AMR data and AMR data analyses that follow 
and incorporate international guidelines and scientific reference data. These tools 
aimed at building the basis for standardised and reproducible approaches to AMR 
data analyses since reliable and reproducible data analyses are essential for evi-
dence-based decision-making processes. As previously no other data science tools 
existed for working with AMR data while also providing access to international 
guidelines, this development filled an important gap. In addition, the tools were 
developed in an open-source programming language that enables unrestricted use 
and application across settings independent from available resources. In Chapter 5  
the use of the developed tools was demonstrated through an extensive analysis 
of the occurrence and phenotypic resistance of coagulase negative staphylococci 
(CoNS) found in positive blood cultures in a regional approach over seven years. 
The tools were used for the complete analysis workflow from raw data of more 
than 70,000 blood culture test results to highly detailed results of identified CoNS 
species stratified by patient demographics and AMR levels. The analysis merged 
several different data sources to allow for a comprehensive, unprecedented re-
gional approach. CoNS in blood cultures were a highly heterogenous group with 
distinctive AMR patterns in different parts of the population. The results and the 
underlying approach could be used to evaluate treatment guidelines and help to 
understand the importance of this group of pathogens. This reflects the importance 
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of AMR data analysis for infection management and antimicrobial stewardship. 
Chapter 6 highlighted the potential of the developed tools to work towards more 
standardised data analyses in the field and summarised additional use cases and 
applications of the tools. The tools could cover a large range of tasks in working 
with AMR data that span far beyond clinical use or pure antimicrobial stewardship 
purposes. This positive outcome demonstrated that the tools fulfil the needs in 
comprehensive approaches to AMR data analyses.

Part III: Data visualization to improve infection management and antimicro-
bial stewardship
Part III addressed the second cornerstone of data science (i.e. data visualization) 
as a data-driven way to improve infection management and antimicrobial ste-
wardship. As a basis, Chapter 7 explored and studied the use of data visualization 
in antimicrobial stewardship. It successfully characterised the visual domain con-
text of the field which is defined by the visual expectations and customs of the 
domain’s audience through the use and exposure to data visualizations. This all-
owed to create a visual dictionary for antimicrobial stewardship that can guide and 
optimise the use of data visualization for AMR and other stewardship-related data. 
Chapter 8 described the use of interactive data visualizations to build an interface 
for fast access and interpretation of stewardship-related data. This chapter is tight-
ly linked to the tools developed in Chapter 4 and extended them to wider clinical 
audiences using a browser-based dashboard. In practice, this dashboard can be 
used for rapid data insights and direct integration of data in clinical decision-ma-
king process. Chapter 9 combined the developments of Chapter 4 and 8 and tested 
their impact on AMR data analysis and reporting workflows in a clinical setting. 
It was demonstrated that the new approach to AMR data analyses, as developed 
in this thesis, led to a significant improvement in analysis and reporting accuracy 
and efficiency compared to traditional analysis approaches. This can substantially 
support and facilitate antimicrobial stewardship activities such as the creation of 
standardised AMR data reports and demonstrated the usefulness of the develop-
ments for clinical settings.

Part IV: Data modelling and prediction to improve infection management 
and antimicrobial stewardship
The last part of this thesis focused on the use of data modelling and prediction 
(i.e. the third cornerstone of data science) to improve infection management and 
antimicrobial stewardship. Chapter 10 reviewed the use of machine learning, 
i.e. the tools for data modelling and prediction, with routine electronic health re-
cord (EHR) data for infection management. Several promising approaches were 
identified but many areas for improvement remained in this relatively young but 
growing field. The use of long short-term memory networks (LSTM), a specific 
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machine learning technique that follows a logic similar to clinical decision-mak-
ing processes, was identified to provide most accurate results in predicting patient 
outcomes with routine EHR data (e.g., the prediction of positive blood culture 
test results). The underlying data sources as well as the applied machine learn-
ing techniques were found to be very heterogenous and comparison was further 
complicated by widely lacking adherence to reporting standards. Similarly, and in 
line with identified concepts in Chapter 10, machine learning and routine EHR 
data from intensive care units (ICU) were used in Chapter 11 to predict the on-
set of sepsis in a large patient cohort. A particular focus was the identification of 
clinical parameters and clinical scores that drive the prediction of sepsis on ICUs. 
Traditional scores lost their ability for sepsis screening with increasing patients’ 
length of stay. This pointed towards a gap for the early identification of high-risk 
patient that can be filled with data-driven approaches that make use of machine 
learning concepts. Finishing the last part of this thesis, Chapter 12 applied the 
insights gained from the previous chapters to develop a machine learning mod-
el that predicts infection-related consultations on ICUs. Taking infection-related 
consultations, that also involve stewardship activities, as a clinical key event on 
ICUs and predicting their occurrence using routine EHR was a novel approach. 
It was possible to predict this event with high accuracy up to eight hours in  
advance using a LSTM model. Of note, the prediction model did not yet include any  
microbiological results, be it partial or definite. This approach has the potential 
to support the early identification of patients that require a multidisciplinary team 
and, in practice, it can benefit both ICU and consultation workflows. 

Implications for infection management and 
antimicrobial stewardship

The beauty and the beast in infection management and antimicrobial steward-
ship is the fact that not one solution alone will solve the challenge of AMR and 
the responsible use of antimicrobials and diagnostics in order to provide optimal 
clinical care, now and in the future. This is reflected in the integrated approach 
to antimicrobial stewardship and the entanglement of different disciplines (e.g., 
clinical microbiology/infectious diseases, pharmacy, and infection control) as de-
scribed in Chapter 1 and 3 and by Dik et al. [1]. This thesis aimed at using this 
entanglement to the advantage by applying a data science perspective to finding 
and developing solutions that span across disciplines and domains. This section 
describes the implications of this thesis’ research for healthcare professionals in-
volved in infection management and antimicrobial stewardship, irrespective of 
their background disciplines. 
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Data flow
Obviously, healthcare professionals are a key part in the flow of data and informa-
tion in patient care. Healthcare professionals are not only among the final recip-
ients of data and information, and act upon provided insights, but close the loop 
by generating data that is again fed into the flow of information (illustrated in a 
simplified form in Figure 13.1). This process and the data are generally captured 
and stored in the EHR. The amount of time healthcare professionals spend inter-
acting with EHR systems can be up to 50% of their work [2–5]. At the same time, 
EHR systems are rated as poorly usable by physicians and are significantly asso-
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Figure 13.1. Flow of data and information in the clinical decision-making process. Data entry 
by the clinician is shown in the light arrow spanning from clinician to data. Numbers represent 
the chapters in this thesis that describe new developments for the respective actions in this cycle. 
Chapter 12 targeted at predicting a decision (dashed circle) which in practice would be use to 
inform the clinician (solid circle).
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ciated with the odds of burnout among physicians [6,7]. As the interaction with 
the EHR and the data entry/generating process are essential in the flow of infor-
mation, the workload together with the poor usability could negatively impact the 
resulting data quality that is fed back into the loop [8]. Any efforts that focus on 
the usability and design of EHR systems is thus not only beneficial for better EHR 
data analyses but also improve the quality of the data that guide decision-making 
processes. 

Chapter 12 is an example of the described interaction of physicians with the EHR 
as the target outcome in this study, the occurrence of an infection-related consul-
tation, is a clinical key event which is captured in the EHR. The accurate repre-
sentation of this event in the data depends upon the physician entering the event 
in the EHR. Chapter 12 demonstrated that this data is highly valuable beyond the 
primary objective of documenting consultations. It can be used to develop predic-
tive tools that have the potential to benefit clinical workflows and patient care by 
supporting the early identification of patients in need of a consultation and care by 
a multidisciplinary team. 

Besides acknowledging the treasure of data from EHRs, it is essential to highlight 
barriers and limitations in the use of this data. Most importantly, the flow of data 
shows that the output quality is directly linked to the input quality of the data. 
Even supposedly simple aspects as keeping reference data in the analysis process 
up to date can have substantial effects on the insights gained – or lost (Chapter 6). 
Moreover, the data can be subject to several biases that need to be carefully taken 
into account. One important aspect is selection bias. In EHR-based data analyses 
the selection of patients or patient parameters often involves missing data. For 
example, a clinical test result might be missing because the test was never per-
formed, the test was faulty, the values were out of range, or an error occurred in 
the documentation process. It is thus essential to evaluate if the missingness might 
be informative missingness and not at random [9]. 

This effect of EHR data availability and associated selection biases was demon-
strated in a study that investigated the relative predictive accuracy of laboratory 
test results for three year patient survival [10]. The presence of a test alone had 
a significant association with survival and the timing of test order was more ac-
curate in predicting that the test result itself. Such ‘metadata’ in EHR data can 
confound EHR data analyses. But when taken carefully into account, this infor-
mation can also be leveraged for new insights into patients’ health (as shown in 
[10]). Overall, raising awareness for the integral part of clinicians in the flow of 
data and information is an important part in establishing data science in infection 
management and antimicrobial stewardship.
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Understanding and trust
Understanding and trust in the data sources and in the data transformation process 
decide if the insights from data analyses will find their way into action. Just as di-
agnostic tests in laboratories have to undergo vigorous validation processes, data 
transformation and analysis processes have to be validated to ensure the reliability 
and accuracy of the results. The reliability of data analyses starts with using the 
right tools. Chapter 9 showed that in the case of analysing AMR data with tra-
ditional software tools, results can lack the required quality. In addition, reliable 
reference data to interpret and further transform results are needed but often not 
available or outdated as described in Chapter 6. These shortcomings can nega-
tively influence trust in data and data analyses. The newly developed tools for the 
analysis of AMR and antimicrobial data described in Chapter 4 aimed at solving 
these problems and making the data analysis process open and transparent. This 
was enabled by the use of open-source software. Healthcare professionals are typ-
ically used to work with traditional commercial software (Chapter 9). Therefore, 
a closer look at the advantages of an open-source approach can help to clarify its 
underlying concepts. 

Open-source refers to the concept to make software code publicly available [11]. 
This usually means that the source code can also be shared, reused, altered, and 
adapted. Platforms such as GitHub (www.github.com) are used to host this code. 
But, most importantly, beyond the advantage of making software a public good 
(and free to use), the source code can be read, checked, corrected, and validated. 
Within research and data science, the open-source programming languages R and 
Python are among the most frequently used languages [12,13]. This thesis used 
R in all chapters. In particular, the newly developed tools described in Chapter 
4 and 8 demonstrated the open-source approach. Chapter 6 discussed several 
benefits of the open-source development of the AMR package for R (Chapter 
4), for example, the incorporation of guidelines for the definition of (multi-)drug 
resistance in the AMR package. Not only does the package thereby provide an 
interface to the guidelines, which were previously only available in static files, 
but the open-source nature of the package allows users to validate the developed 
functionalities and collaboratively work towards adapting it to the need of the user 
group. These processes are especially important when raw data is transformed or 
changed as in the case of recoding values to reflect intrinsic resistance or areas of 
technical uncertainty in antimicrobial susceptibility test results (EUCAST rules in 
Chapter 4). 

Performing data analyses in open-source programming languages allows the en-
tire analysis workflow to be made open, transparent, and reproducible. This fos-
ters the movement of open science [14,15]. These principles guided this thesis 
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overall and the Chapters 4, 8, and 9 in particular. Making the ‘transform’ part 
in Figure 13.1 transparent and reproducible can support the understanding of the 
data processing and build trust in data and the resulting insights. 

Capacity building
Staffing of antimicrobial stewardship teams depends on available resources and 
varies across countries [16]. Typically, they comprise several clinicians forming a 
multidisciplinary team (e.g., clinical microbiologists, pharmacists, infectious dis-
ease specialists). But, while they face a whole range of responsibilities including 
data analysis tasks [17], they are often understaffed with limited data analysis sup-
port [16,18]. Typical data analysis tasks of antimicrobial stewardship teams built 
the basis for Chapter 9 of this thesis. The developed tools described in Chapter 
4 and 8 led to significantly improved accuracy and efficiency in these tasks in a 
clinical setting. However, the implementation of new data science approaches or 
new software requires personnel with data science skills. 

As data scientists are among the most wanted employees in the private sector [19] 
it is difficult to attract these specialists to the (public) healthcare sector, especially 
in resource-poor settings [20]. If possible, including data scientists (comprising 
biostatisticians, bioinformaticians, medical informaticians etc.) in the planning 
of antimicrobial stewardship staffing is desirable. Simultaneously, antimicrobial 
stewardship teams should be encouraged to work towards building data science 
capacities within their teams and institutions. Institutions can support the educa-
tion of ‘clinician-programmers’ who apply their creativity to improve patient care 
[21]. This thesis’ research could help to remove the daunting image of coding (us-
ing programming languages) as it provides a detailed introduction and instruction 
of dedicated data science tools for infection management and antimicrobial stew-
ardship (Chapter 4, which can also be read as a manual for these tools) linked 
with a demonstration of their potential benefits.

Reporting, presenting, and communication data
Communication is one of the central elements of antimicrobial stewardship. It is 
fundamental to encourage, facilitate, and translate the communication between 
different disciplines and stakeholders to enable multidisciplinary decision-mak-
ing processes. Integrating different views and data sources and communicating 
these effectively is a challenging task [22]. Visualising data can aid in this task. 
However, research on data visualization in antimicrobial stewardship is limited 
[23]. Chapter 7 provided a first systematic study on the use of data visualiza-
tion in antimicrobial stewardship. Visual design elements that are being used to 
visualise AMR and stewardship-related data were empirically identified. The use 
of interactive data visualizations in Chapter 8 and their impact on clinical work-
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flows presented in Chapter 9 underscore the utility of data visualizations as part 
of routine data reporting activities. Others have shown that the integration of data 
visualization in antimicrobial stewardship can even lead to decreasing antimicrobial 
consumption [24]. Additional clinical effects have yet to be tested but the vibrancy 
of the general field of data visualization offers the potential to bridge data visualiza-
tion tools to additional antimicrobial stewardship purposes. Resources for guidance 
in the data visualization process are available in abundance [25–28]. The work pre-
sented in this thesis could help to raise awareness for improving and expanding the 
use of data visualization for infection management and antimicrobial stewardship.

From reactive to proactive approaches
Classical infection management and antimicrobial stewardship activities react to 
clinical events and diagnostic reports (e.g., from clinical microbiology) or are 
based on retrospective data analyses. Examples are monitoring antimicrobial use, 
tracking pathogen epidemiology and AMR patterns, audit and feedback interven-
tions, selective antimicrobial susceptibility test reporting, or restricting the use of 
selected antimicrobials [17,29,30]. Several chapters in the first three parts in this 
thesis aimed at supporting and improving these actions such as analysing AMR 
and antimicrobial use data (Chapter 4) or developing and testing tools that can be 
used in audit and feedback interventions (Chapter 8 and 9). 

Part IV of this thesis moved beyond these reactive approaches and entered a field 
that is still new to antimicrobial stewardship and infection management: artifi-
cial intelligence (AI) [31]. The current use of AI (powered by machine learn-
ing) was described in Chapter 10. AI in infection management and antimicrobial 
stewardship is still in its infancy and the landscape of the described approaches 
in the literature is highly heterogenous. Yet, all approaches share the underlying 
concept that AI enables (and is being used) to anticipate future clinical events 
based on currently available data. This process is congruent with standard clinical 
decision-making in choosing the optimal empiric antimicrobial therapy where a 
plethora of information available to clinicians is used to anticipate the potential 
underlying pathogen and its resistance level (as described in Chapter 1). Based 
on this similarity, it is not far-fetched to study the use of AI to support this pro-
cess. Potential clinical gains could be (among others): improved quality of care 
by efficiently selecting the right antimicrobial/diagnostic test for the right patient 
at the right time, improved timeliness of the start/stop of antimicrobial therapy, 
early identification of patients in need of antimicrobial therapy/diagnostic testing, 
or early identification of a deteriorating patient’s health status. 

Several first studies have already explored the use of AI for antimicrobial stew-
ardship purposes. For example, AI was used to detect inappropriate antimicrobial 
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prescriptions [32], to predict patients being colonised with carbapenem-resistant 
Enterobacterales (traditionally Enterobacteriaceae) [33], to predict infections with 
methicillin-resistant Staphylococcus aureus [34], to predict patients needing pre-
scription reviews [35], or to predict AMR in urinary tract infections based on 
personal clinical history [36]. If applied in clinical practice, all approaches share 
one distinct feature – the paradigm change of moving from reactive to proactive 
interventions that aim to anticipate the clinical course of a patient and to improve 
the decision-making process at an early stage. 

This rationale was applied in Chapter 12 to successfully predict the occurrence 
of infection-related consultations on ICUs using AI. In the study setting, the con-
sultations were performed by clinical microbiologists and covered antimicrobial 
stewardship activities. The AI approach also incorporated an important aspect of 
antimicrobial stewardship and infection management: multidisciplinarity. Routine 
data from the ICU EHR system was used to predict a clinical event that involved 
a specialist from outside the ICU. The event was inherently multidisciplinary 
bringing together intensivists and clinical microbiologists, often together with 
other consulting specialists. In practice, such an AI-supported approach could be 
used to inform several specialties. It could be applied as an early warning tool to 
flag patients in need of a consultation for intensivists to trigger the initiation and 
preparation of a consultation at the ICU. The prediction could also be used to in-
form the clinical microbiologists about the flagged patients. This could streamline 
the consultation workflow and even lead to earlier self-initiated consultations by 
clinical microbiologists.

Despite first reported successes in the application of AI for antimicrobial stew-
ardship as described above, the paradigm change towards proactive approaches 
is challenging and requires a thorough understanding of the underlying meth-
odologies and trust in the technology. Several methodological aspects were al-
ready described in detail in Chapter 10 (e.g., Chapter 10 Figure 13.1). Yet, new 
complex technologies can be met with scepticism by clinicians. In particular, 
when these technologies mimic clinical reasoning but are not fully understood 
and come with the aura of ‘black boxes’. This notion is understandable as fast 
evolving data science approaches that are new to most professionals in the field 
can clash with yearlong clinical expertise and training. It is thus essential to 
make AI applications in medicine transparent and explainable. Although the 
explainability and interpretability of AI for clinical use is being increasingly 
a focus of research [37–40], many barriers to full explainability exist. Some 
obstacles might also not be entirely solvable due to the complexity of the un-
derlying machine learning models (mainly non-linear data transformation in the 
machine learning model). For example, a straightforward explanation approach 
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for the results of machine learning models as applied in Chapter 12 (LSTIM) 
is still lacking and limits the explainability of how the final model generated the 
results. In these instances more research into trust and acceptance of not fully 
explainable but accurate AI approaches by clinicians is needed. In addition, the 
establishment of guidelines for the development and application of AI in clinical 
medicine needs to be further expanded. The quality of many clinical AI studies 
still varies. A recent systematic review assessed 62 studies that described machine 
learning models for the diagnosis of COVID-19 from chest x-ray or computer 
tomography images [41]. The authors stated that none of the models were of po-
tential clinical use and identified methodological issues and underlying biases as 
the main reasons for this negative finding. They point out that the reporting of the 
studies often lacked guideline adherence (a problem also identified and described 
in Chapter 10). This important review can support raising awareness for more 
robust AI studies in the future. On the clinical end of these developments, a pro-
cess to define new guidelines to bridge the development-to-implementation gap 
in clinical AI is currently underway which can further improve the use of AI to 
support better patient outcome [42]. All of these efforts are crucial to foster trust 
in proactive, AI-driven approaches in clinical medicine in general that will also 
expand to infection management and antimicrobial stewardship alike.

Transfer of knowledge
AMR is a global health challenge. However, the burden of AMR is not equally 
distributed and neither are the financial resources to tackle this burden [43,44]. 
The need for international collaboration in the fight against infections is particu-
larly highlighted by the events of the SARS-CoV-2 pandemic. Scientific develop-
ments in high income countries need to be transferable to resource-limited settings 
to unfold their full potential and eventually contribute to the successful resolution 
of this global health crisis [45]. 

Data science approaches that follow the above-described principles of open source 
and open science have the benefit of facing less barriers in sharing and transferring 
knowledge between settings. The need for more digital health solutions, of which 
data science is an integral part, has been officially acknowledged by the World 
Health Assembly of the World Health Organization [46]. The development of the 
AMR package as shown in Chapter 4 and the international use and experiences 
with the package described in Chapter 6 enable and demonstrate the transferability 
of this thesis’ research to other settings. Several functionalities of the AMR pack-
age have been a direct result of the exchange with package users in low-resource 
settings (e.g., the inclusion of WHONET data file standards [47]). This transfer of 
knowledge between disciplines and settings is a great example how open-source 
data science approaches can democratise the access to analysis tools and insights.
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Future perspectives

“After hearing for several decades that computers will soon be able 
to assist with difficult diagnoses, the practicing physician may well 
wonder why the revolution has not occurred. Skepticism at this point 
is understandable. Few, if any, programs currently have active roles 
as consultants to physicians. The story behind these unfulfilled expec-
tations is instructive and, we believe, offers hope for the future.” [48]

These words start the introduction of an article published in the New England 
Journal of Medicine titled Artificial Intelligence in Medicine – written in 1987. 
What makes us believe that now, more than 30 years later, technology is finally 
supporting clinical decision-making? 

The mathematical concepts for artificial intelligence (AI) can be traced back to 
Alan Turing [49]. Many of the concepts in AI and machine learning used today are 
not new. The origins of deep learning, a special set of machine learning tools, date 
back to 1943 [50] and the method used in Chapter 12 (LSTM) was developed in 
1997 [51]. However, the last 30 years saw immense advances in technology that 
were required before these ‘old’ concepts could unfold their true potential and 
move from mathematical challenges to actual (clinical) applications. 

The increase in computing resources has undergone an unbroken exponential 
growth which is one of the main drivers for the technological advancements and 
the digital revolution over the past 30 years. Computing power has doubled ap-
proximately every two years (see Moore’s law [52]). Likewise, data storage, costs, 
and computational efficiency have seen great changes that together allowed the 
concepts of AI and machine learning to flourish. Although much more so in the 
sometimes questionably useful functionalities in our smartphone than in medicine. 

Medicine is undoubtably more complex than the prediction of a matching next 
movie to watch on our favourite streaming platform. However, as described above 
and in Chapter 10, the field of infection management and antimicrobial steward-
ship has already seen many promising developments and this thesis could add a 
small piece to this trend (Chapter 11 and 12). But it has also become evident that 
only a comprehensive approach that takes into account the full cycle of data/in-
formation flow (Figure 13.1) will eventually lead to meaningful, reliable insights 
and clinical impact. Moreover, ensuring an optimal human-computer interaction 
that is steered by the clinical expert is essential. Only a thorough data science ap-
proach that is integrated in the clinical decision-making process can support this 
very process in a collaborative and fruitful way. This thesis studied several aspects 
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of this integrated approach and resulted in new perspectives that are worthwhile 
to explore in the future. 

Part I of this thesis identified stewardship as a distinct, growing topic in the wide 
field of AMR. In the future, it will be interesting to see if data science aspects will 
also be identified as distinctive topics in the large field of AMR and stewardship 
in particular. Data-driven approaches such as applied in Chapter 2 can help to 
monitor these trends and could be also be used to detect research gaps between 
topics that are yet unstudied. 

Part II of this thesis laid the ground for the ‘dirty’ work, i.e. cleaning messy AMR 
data and preparing it for (and enabling) AMR data analyses. In the future, it will 
not only be important to maintain the developed tools that are increasingly being 
used in the field but also to develop them further. This means, for example, to 
incorporate additional (inter-)national AMR guidelines and to embed new anal-
ysis functionalities but also to study the use of the tools in different settings. The 
applied open-source approach could pave the way for the development of a stan-
dardised approach to AMR data analysis that is developed collaboratively between 
(inter-)national organisations similar to clinical guidelines where such processes 
are already common practice since decades. This thesis’ work can hopefully con-
tribute to similar efforts for more standardised AMR data analysis. 

Part III of this thesis explored the previously uncharted territories of data visual-
ization in infection management and antimicrobial stewardship. It provided first 
routes through these territories and demonstrated the use and usefulness of data 
visualization in the field. However, essential next steps are needed with a focus 
on two different aspects of data visualizations. On the one hand, more in-depth 
studies on the effect of different data visualization approaches on clinical deci-
sion-making in infection management and antimicrobial stewardship are needed. 
Chapter 7 empirically studied the use of data visualization and identified the 
‘visual language’ of the field. But it was outside the scope of this approach to 
explore if this visual language is really the best language to communicate stew-
ardship-related data. On the other hand, the results of Chapter 7 give reason to 
explore improvements and new approaches to stewardship-specific data visual-
ization. In addition, it is crucial to study the visual preferences of professionals in 
infection management and antimicrobial stewardship. Together and if approached 
systematically, this could lead to a more standardised, high-quality use of data 
visualization in the field that still embraces creativity. 

Part IV of this thesis described moving from reactive to proactive infection man-
agement and antimicrobial stewardship actions. Many of the general implications 
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for the field were already described above, such as studying and establishing 
trust in new technologies, focusing on explainability and interpretability of AI 
and machine learning models, and working towards standardised guidelines (and 
their adherence) for the development and implementation of AI approaches. More 
practical perspectives result from Chapter 12 which described an unprecedented 
approach of modelling a multidisciplinary clinical event in infection management. 
In next steps, it will be of great interest to see the added value of incorporating 
microbiological data into the model. Moreover, it will be vital to explore how 
the prediction model performs in clinical practice. It is unknown how clinicians 
would interact with the model, if the model’s results are accepted by clinicians and 
acted upon, and how this would influence the model’s predictive performance. As 
the explainability of the underlying model is limited by the nature of the chosen 
model, it is difficult to provide detail information to the clinician what factors 
influence the prediction. The effect of the issue of limited explainability on the 
model’s clinical usefulness remains unknown and needs to be further studied. In 
addition, the generalisability of the approach could not be answered in this the-
sis. In the future, validation in different settings is required. Overall, the optimal 
integration of AI-driven clinical decision support that adds insights rather than 
replacing human judgement remains to be explored. 

To conclude, the use of data science for infection management and antimicrobial 
stewardship offers optimism that the rich source of available data can be leveraged 
to improve the quality of patient care, patient outcome, and the rational use of an-
timicrobials and diagnostics. The past decades have not only seen fundamental ad-
vancements in technology but also emerging concepts such as open source and open 
science that made these technologies available across different domains and disci-
plines. The work in this thesis has been built upon ground-breaking data science ap-
proaches that have been previously developed in entirely different areas. Yet, it was 
possible to apply and start unfolding their potential for infection management and 
antimicrobial stewardship. The beautiful possibility of transferring knowledge and 
skills between different domains and disciplines provides the space to develop nov-
el solutions and to overcome barriers with creativity. This thesis demonstrated the 
use of data science for several aspects of infection management and antimicrobial 
stewardship. The complexity of the care for patients with infections provides many 
more toeholds for data science approaches. The concepts of multi-/transdisciplinari-
ty, open source, and open science that guided this thesis enable the developments in 
this thesis to be extended to or integrate additional purposes. Hopefully, this work 
inspires and encourages to further explore data science for infection management 
and antimicrobial stewardship and convinces others that crossing borders of dis-
ciplines will lead to novel solutions for the challenge of optimising patient care 
while reducing the global burden of AMR.
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