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“A good decision is based on knowledge.” – Plato

Socrates: What, Lysimachus, are you going to accept the opinion of the majority?

Lysimachus: Why, yes, Socrates; what else am I to do?

Socrates: And would you do so too, Melesias? If you were deliberating about the gymnastic
training of your son, would you follow the advice of the majority of us, or the opinion of the one
who had been trained and exercised under a skilful master?

Melesias: The latter, Socrates; as would surely be reasonable.

Socrates: His one vote would be worth more than the vote of all us four?

Melesias: Certainly.

Socrates: And for this reason, as I imagine, –because a good decision is based on knowledge and
not on numbers?

Melesias: To be sure.

Socrates: Must we not then first of all ask, whether there is any one of us who has knowledge of
that about which we are deliberating? If there is, let us take his advice, though he be one only, and
not mind the rest; if there is not, let us seek further counsel.
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ABSTRACT

Infectious diseases are caused by the invasion of pathogenic microorganisms such as
bacteria, viruses or fungi and are one of the leading causes of mortality worldwide. In
the last years, there has been a significant increase in the ability of these microorganisms
to resist antimicrobials which were previously effective. This phenomenon, denoted as
antimicrobial resistance (AMR), has become a noticeable obstacle to treat infections in
health care with misuse and overuse of antimicrobials as one of the leading drivers.

This thesis presents a novel clinical decision support system for infection manage-
ment to provide personalized, accurate and effective diagnostics at point of care. The
proposed system, which has been denoted as EPiC IMPOC, incorporates two main de-
cision support engines: case-based reasoning to facilitate vital sign collection, patient
monitoring and further inspection of past similar cases and probabilistic inference to
provide stepwise guidance within the infection management pathway followed by clin-
icians. In addition, a number of local AMR statistics are automatically computed from
susceptibility test data to promote education and awareness among clinicians. This deci-
sion support systemhas been implemented as aweb-based platform that can be accessed
at the point of care from computers or hand-held devices.

The design and implementation of the system has been performed incrementally. As
such, the server has been divided into discrete and reusable modules. Firstly, the AMR
statistics have been computed and compared with the existing literature to better de-
scribe the scope of the problem. After this, the case-based reasoning methodology was
included to inform physicians of previous past cases to assist in antimicrobial therapy
selection. In order to evaluate the validity and usability of the system, a pilot study was
conducted in the ICU. The system advocated the same results as those suggested by in-
fection specialists in 84% of the cases. Furthermore, participants highlighted the utility
of the case-based reasoning engine to promote knowledge transfer among health care
professionals and the benefits of having access to real-time patient data at the point of
care. The system usability score was 68.5 which is above average. On the other hand,
participants suggested that the provision of more specific support would be beneficial.
For this reason, the probabilistic inference module was included into the system to pro-
vide the likelihood of positive culture (AUCROC over 0.90) and the most plausible sites
of infection (AUCROC within the range 0.82–0.96). The translational utility of the gen-
erated predictive models was assessed retrospectively considering also scenarios with
missing data and imbalanced classes.

All these elements combined result in a state-of-the-art clinical decision support sys-
temwhich assists physicians onmultiple areas within infectionmanagement to facilitate
the provision of evidence-based and personalized medicine.
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1
INTRODUCTION

1.1 Motivation

Infectious diseases are caused by the invasion of disease causing pathogens such as bac-
teria, viruses, parasite or fungi and are one of the leading causes of mortality world-
wide [1]. Infections are frequently treated with antimicrobials which are drugs that kill
or stop the growth of microbes. Since the creation of first antimicrobials, researchers
and other specialists were concerned about their misuse and possible complications that
could arise. Despite all their efforts to disseminate awareness, there has been a signif-
icant increase in the ability of microbes to resist antimicrobials which were previously
effective [2, 3]. In the last years, antimicrobial resistance (AMR) has become a notice-
able obstacle to treat infections in health care with estimates that it will be responsible
for more than ten million deaths by 2050 [4]. A large body of research has identified
the misuse and overuse of antimicrobials as one of the leading drivers of AMR [5] yet
antimicrobials are among the most commonly prescribed drugs in human medicine [6].
One of the reasons prescribers use antimicrobials inappropriately is lack of diagnostic
certainty [7].

The introduction of electronic medical records in health care has accelerated the im-
plementation of decision support systems to improve patient outcomes by promoting
the provision of evidence-based [8] and personalized [9] medicine. These systems in-
tegrate medical knowledge and patient data to support and assist physicians and have
demonstrated to increase quality of care in medicine [10]. However, innovation adop-
tion within infection management is still low [11]. In the last years, machine learning
techniques have influenced an enormous number of research areas such as health care
in order to automatically extract patterns from data [12]. For instance, a plethora of re-
search has emerged to exploit electronic medical records in order to measure antimicro-
bial resistance rates [13–18], analyse resistance trends [19] or provide decision support
for infection diagnosis [20, 21], therapy selection [22–25] or antimicrobial dosing [26].
However, little efforts have been made to integrate all this research into a comprehen-
sive decision support system to enhance infection management.

Therefore, there is an opportunity to develop a data-driven decision support system
that exploits such large amount of health data through the use machine learning tech-
niques to provide personalized, accurate and effective support for infectionmanagement
at the point of care.
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CHAPTER 1. INTRODUCTION

1.2 Research objectives

The research hypothesis of this PhD thesis is that an appropriately designed clinical
decision support system for infection management could greatly benefit clinicians in
many different aspects. Firstly, it would improve reliability and consistency of collecting
vital signs; their visualization, interpretation and analysis at point of care. Secondly,
it would promote continuity, interpersonal communication, education and knowledge
transfer. Finally, providing advice through the infection management pathway followed
by clinicians would promote the practice of evidence-based and personalized medicine.
Therefore, the general question addressed by this research is:

Can an Intelligent Decision Support System be developed and exploited in clinical workplace
to improve patient outcomes while promoting appropriate antibiotic prescription practices?

Subsequently, this thesis has been structured to provide some insight into the ques-
tions presented in Table 1.1 for each individual chapter.

Table 1.1: Research questions targeted within this thesis by chapter.

Chapter 2 Background

What are the main drivers of AMR?

Which of these drivers could be tar-
geted through the implementation of
a CDSS in health care settings? How?

What are the goals of existing CDSS
andwhich limitations are obstructing
implementation and adoption?

What are the essential properties of
a CDSS to overcome such limitations
and enhance infection management?

Chapter 3 System design

Are accessibility at point of care and
integration into electronic health re-
cords essential in a CDSS?

What modules for decision support
should be implemented within the
CDSS to provide advice across infec-
tion management?

How to design the user interface to
provide decision support while allow-
ing data collection and patient moni-
toring?

Chapter 4 AMR surveillance

What hospital-specific AMR statis-
tics should be accessible to promote
education and increase awareness
among health care workers?

How to use microbiology data to mea-
sure and therefore effectively commu-
nicate:
- antimicrobial resistance rates?
- antimicrobial resistance trends?
- antimicrobial spectrum of activity?

Chapter 5 Case-based reasoning

What methodology could be em-
ployed to retrieve previous similar
cases to provide decision support?

What vital signs, symptoms or labo-
ratory tests are relevant for clinicians
and therefore should be included in
the clinical record of a patient?

What similarity measure should be
defined to rank and retrieve previous
patient cases?

Chapter 6 Probabilistic inference

What is the decision pathway followed
by clinicians during infection manage-
ment in secondary care?

By using a reduced set of biochemical
markers, is it feasible to provide stepwise
decision support to...
- determine the risk of infection?
- assess the site(s) of infection?
- discern Gram+/Gram- bacteria?
- identify the infectious organism?

To summarise, the aim of this research is to understand the needs of health carework-
ers such as nurses, physicians and infection specialists to develop a fully functional point
of care clinical decision support system to improve the management of infectious dis-
eases in hospitals.
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1.3 Thesis organisation

The presented thesis has been organised in six chapters. For the sake of clarity, a brief
overview of the chapters is presented below.

1.3.1 Chapter 2: Background

This chapter provides a general overview on infectious diseases (section 2.1) and dis-
cusses the main drivers, challenges and consequences of antimicrobial resistance (sec-
tion 2.2). Clinical decision support systems (CDSSs) are considered an effective approach
to tacklemost contributing drivers by improving prescription practices. For such reason,
the chapter presents popular decision support engines (subsection 2.3.1), reviews the
current state of CDSSs in infection management (subsection 2.3.2) and explores research
trends for infectious disease diagnosis from patient data (subsection 2.3.3). To conclude,
the chapter discusses the shortcomings of current CDSSs and how the research proposed
in this thesis aims to overcome such limitations.

1.3.2 Chapter 3: CDSS design and implementation

This chapter provides an overview of the clinical decision support system imple-
mented in this PhD. Firstly, it presents the overall system architecture (section 3.1) pay-
ing particular attention to the integration with patient health records, the accessibility at
point of care and the modularity in design. To continue, the chapter describes the mod-
ules providing decision support (section 3.2), the design strategies (subsection 3.3.1) and
the iterative process used to evaluate the usability of the system (subsection 3.3.2). After
this, an illustration of the graphical user interface for each of the modules is presented
(section 3.3). To conclude, the chapter discusses the main areas in which the CDSS con-
tributes to provide effective care.

1.3.3 Chapter 4: Antimicrobial resistance surveillance

This chapter describes research towards the implementation of a decision support
module to facilitate antimicrobial resistance (AMR) surveillance from susceptibility test
data. Firstly, the chapter describes the most widespread methods used to measure AMR
(section 4.1). Later, it presents a number of strategies to enhance AMR surveillance such
as quantification of antimicrobial spectrum of activity (section 4.5), generation of granu-
lar and accurate resistance time series (subsection 4.2.2) or estimation of resistance trends
through regression analysis (section 4.6). To conclude, the chapter validates the out-
comes obtained using the data provided by the Imperial College Healthcare National
Health Service Trust in London with those reported by renown health care organiza-
tions and independent research articles within the literature.

1.3.4 Chapter 5: Case-based reasoning

This chapter describes research towards the implementation of a decision support
module to assist physicians in antimicrobial therapy selection. For such purpose, the
chapter describes the case-based reasoning (CBR) methodology (section 5.1). After this,
the methodology used to generate the CBR models is explained; from the definition of
distance (subsection 5.2.1) and similarity metrics (subsection 5.2.3) to the evaluation of

3



CHAPTER 1. INTRODUCTION

the performance of the models in the context of information retrieval (subsection 5.2.5)
and classification (subsection 5.2.6) problems. In particular, three experiments have been
undertaken: an exceedingly simple scenario using the iris flower dataset (section 5.3), an
imbalance scenario using the Escherichia coli protein location dataset (section 5.4) and an
antimicrobial therapy selection trial within to intensive care unit the evaluate the system
(section 5.5). To conclude, the findings (section 5.6) and limitations (section 5.6.4) are
discussed and the main conclusions summarised (section 5.7).

1.3.5 Chapter 6: Probabilistic inference

This chapter describes research towards the implementation of a decision support
module to provide stepwise guidance in infection management. Firstly, the chapter pro-
vides a brief introduction to supervisedmachine learningmethods for classification (sec-
tion 6.1). After this, the implementedmethodology to obtain the predictivemodels is ex-
plained; from data assembling (subsection 6.2.2) to model evaluation (subsection 6.2.3).
In particular, thismethodology has been used to undertake four experiments: prediction
of a culture-positive outcome (section 6.4), prediction of the most plausible sites of in-
fection (section 6.5), prediction of culture-positive outcome combining the independent
predictions of the most plausible sites (section 6.6) and prediction of the Gram status of
bacteria (section 6.7). To conclude, the chapter discusses the findings (section 6.9) and
the current limitations (section 6.10).

1.3.6 Chapter 7: Conclusions

This final chapter discusses the benefits of introducing an intelligent CDSS in health
care: the convenience of combining various sources of information at the point of care
(subsections 7.1.1 and 7.1.2), the importance of providing local AMR surveillance (sub-
section 7.1.3) and the need to adapt CDSSs to the pathway followed by clinicians in in-
fection management (subsection 7.1.4). To conclude, the chapter summaries the con-
tribution of each decision support module to provide enhanced care (section 7.2) and
suggests potential research directions (section 7.3).
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2
BACKGROUND

This chapter confers a general overview on infectious diseases focusing primarily on the
current threat of antimicrobial resistance (AMR). In the first instance, a general intro-
duction to infectious diseases is presented (section 2.1). Afterwards, the leading divers
of AMR (subsection 2.2.1), its consequences (subsection 2.2.2) and the potential lines of
action (subsection 2.2.3) are explained. Clinical decision support systems (CDSSs) are
widely used in health care to support decision-making. Furthermore, they have shown
potential to reduce antimicrobial exposure within infection management. For such rea-
son, common underlying infrastructures providing decision support (subsection 2.3.1)
and the current state of CDSSs in infectionmanagement (subsection 2.3.2) are described.
To conclude, the proposed CDSS implemented within this PhD and the individual orig-
inal contributions included are summarised (subsection 2.4.3).

2.1 Infectious diseases

The human body is colonized by a vast number of microbes collectively referred as the
human microbiota. These microbes perform essential functions that contribute to the
physiology of the host and are rendered harmless by the human immune system. How-
ever, under certain conditions, pathogenic microbes may multiply and invade the host
body tissues causing an infection. The illness produced by an infection is called infec-
tious disease and if left untreated (or incorrectly treated) might lead to death. In 2013,
more than 9.2 million deaths (about 17% of all deaths) were attributed to infectious dis-
eases [1]. Antimicrobials are used to kill or inhibit the growth of pathogenic microbes
and therefore treat infectious diseases. In the last years, the consumption of antimi-
crobials has increased considerably. Nowadays, with more than 34.8 billion defined
daily doses, antimicrobials are among the most commonly prescribed drugs in human
medicine [2].

2.1.1 Infectious microorganisms

Infectious diseases are commonly classified based on the type of pathogen causing
the infection. The most frequent pathogens are viruses, bacteria and fungi which are
treated with antivirals, antibacterials (or antibiotics) and antifungals. To begin with,
viruses are infectious agents that replicate only within the living cells of other hosts by
releasing their genetic material. They typically consist of a nucleic acid molecule and a
protein coat. Examples of viral infections are the common cold which affects the upper
respiratory tract, viral meningitis which causes an inflammation of the meninges or the
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human immunodeficiency virus (HIV)which progressively diminishes the immune sys-
tem. In contrast, bacteria are unicellular living organisms with complete genetic codes
that can replicate with or without a host. Bacteria come in three basic shapes: rod-
shaped (bacilli), spherical (cocci) or helical (spirilla). According to the structural differ-
ences in their cell walls bacteria might be classified as Gram-positive or Gram-negative.
Examples of pathogenic bacteria are Escherichia coli and Staphylococcus aureus. Some
species present highmorbidity andmortality with tuberculosis alone causingmore than
2 million deaths per year [3]. Last, fungi are multicellular microorganisms that decom-
pose and absorb organic matter causing infections such as the athlete’s foot.

2.1.2 Site of infection

Infectious diseases can be also classified according to the organ systemaffected. These
include among other locations the respiratory tract, the urinary tract, the bloodstream,
the central nervous system or the skin and soft tissues.

Infection in the urinary system
Urinary tract infections (UTIs) are common infections that occur when pathogenic bac-
teria enter and multiply in the urinary system. These infections develop more often in
women than men and are often classified in lower urinary tract infection which affects
the urethra and bladder (cystitis) and upper urinary tract infection which affects ureters
and kidneys (pyelonephritis). The latter are less frequent but more severe than the for-
mer [4]. Urinary tract infections are common health-care associated infections [5] and
therefore a leading cause of health care expenditures. In the USA, approximately 8-10
million people develop a urinary tract infection each year [6].

Infection in the respiratory system
Respiratory tract infections (RTIs) occur when pathogenic bacteria enter and multiply
in the lower or upper respiratory tracts. The upper respiratory tract infection affects
the ears, nose, sinuses and larynx while the lower respiratory tract infection affects the
trachea, bronchial tubes and lungs. The contagiousness of lower respiratory tract infec-
tions, which affect especially children and elderly people, are a substantial public health
problem with more than 2.74 million deaths attributed worldwide in 2015 [7].

Infection in the bloodstream
The presence of bacteria in the blood, which is normally a sterile environment, is called
bacteremia. Bacteria can directly enter the bloodstream through a wound or cut. How-
ever, it commonly occurs when underlying infections elsewhere in the body enter the
bloodstream. It quickly becomes life-threatening as bacteria, carried through the blood-
stream, contaminate other organs away from the original site of infection. The immune
system response to bacteremia can cause inflammation throughout the body, originating
blood clots that obstruct oxygen delivery to vital organs. The dysregulated host response
to an infection might lead to life-threatening organ dysfunction, denoted as sepsis [8].
The epidemiological burden of sepsis is difficult to ascertain, however it is estimated to
affect more than 30 million people worldwide each year [9]. The most common under-
lying conditions causing sepsis are respiratory and urinary infections. If left untreated,
it can cause severe sepsis or septic shock. The mortality rates depend on the setting and
severity of the disease and though uncertainty still exists, they have been reported to
reach up to 30% for sepsis, 50% for severe sepsis and 80% for septic shock [8, 10–12].
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2.1.3 Modes of transmission of infectious diseases

The most important routes by which pathogens may spread are: contact, vehicle-
borne, air-borne and vector-borne. In healthcare facilities, contact transmission is the
most common route [13]. It can occur through direct physical contact, such as during
clinical examination of the patient, through indirect contact, such as contaminatedmed-
ical devices, or by droplet transmission, such as respiratory droplets expelled when a
patient coughs or sneezes (e.g. tuberculosis). Furthermore, small droplets and other
infectious particles may be carried by dust suspended in the air. This route, called air-
borne transmission, can spread infectious diseases over considerable distances without
the need of contact. Similarly, vehicle-borne transmission through contaminated objects
and substances such as food (e.g. salmonellosis), water (e.g. legionellosis) or blood (e.g.
hepatitis) may spread infectious agents. Finally, vector-borne transmission occurs when
the insect or animal spreads the infectious agent. While low- and middle-income coun-
tries are largely affected by vehicle-borne and vector-borne transmissions, the latter has
no significant relevance in health care facilities.

Medical advances have brought lifesaving care to patients in need, yet many of these
advances also increase the risk of infection. Despite the development of guidelines for
infection control and prevention, the transmission of infectious diseases in healthcare
facilities is still a major safety concern [14]. This transmission is often caused by the
use of invasive devices such as central lines, urinary catheters or ventilators. The impact
of healthcare associated infections results in prolonged hospital stay, additional costs for
health care systems and ultimately more deaths which are largely affected by the emerg-
ing rates of microbes resistant to previously effective antimicrobials. In Europe, more
than 2.6 million cases of healthcare associated infections occur every year [15] which
are estimated to cause more than 16 millions extra-days in hospital stay and over 37,000
deaths [16].

2.2 The burden of antimicrobial resistance

Antimicrobial resistance (AMR) constitutes the ability of microbes to resist antimicro-
bials which were previously effective. The proportion of resistant microbes has signifi-
cantly increased in the last years and has become a leading patient health and safety is-
sue, with estimates that itwill be responsible formore than 10milliondeaths by 2050 [17].
The burden of AMR has received significant attention from high-income countries yet
the vast majority of deaths are projected to occur in low- and middle-income countries
which generally have to face the lack of financial, material and human resources within
their health care systems [17, 18].

2.2.1 What are the main drivers of AMR?

The development of AMR is another manifestation of the Darwinian theory of bio-
logical evolution [19]. This theory explains how certain living organismswith variations
that increase their ability to compete arise and develop through natural selection. This
phenomenon is accelerated by circumstances where selective pressure is exerted. As a
result, over the last years, conducted research has focused on identifying the factors con-
tributing to AMR [20–23] and monitoring the disparate levels of resistance around the
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world [17]. The alarming outcomes have motivated the emergence of different strategies
and guidelines to analyse, present and ultimately combat antimicrobial resistance [24].
A summary of the leading drivers of AMR and their contributions is shown in Table 2.1.

Table 2.1: Leading drivers of antimicrobial resistance.
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Animal misuse or overuse

For the purpose of husbandry of live-
stock including treatment and prevention
of diseases (e.g. farming).

Suboptimal dosing

Inappropriate antimicrobial dosing in hu-
mans (e.g. not adjusting dosage to patient
or delayed time of administration).

Healthcare transmission

Transmission of infectious agents among
people within healthcare facilities (e.g.
direct physical contact or contaminated
medical devices).

Suboptimal rapid diagnosis

A lack of quick, accurate tests to diagnose
infections (e.g. empirical therapies often
prescribing broad spectrum antibiotics).

Suboptimal vaccination

Inappropriate immunization practices
(e.g. delayed vaccination).

Human travel

Transmission of infectious agents from
one part of the globe to another (e.g.
spread of zika or malaria).

Human misuse or overuse

Inappropriate antimicrobial prescriptions in hu-
mans (e.g. erroneous prescriptions such as tak-
ing antibiotics for viral infections, unnecessary pre-
scriptions or inappropriate dosing)

Mass administration

Systematic distribution of antimicrobials
to a large group (e.g. community or coun-
try) to treat an infection (e.g. antimalarial
drugs).

Environmental contamination

Introduction of waste products from an-
timicrobials into the environment (e.g.
water) through manufacture or disposal.

An info-graphic to show the considered potential contribution of each factor as a driver for antimicrobial resistance including further explana-
tion and examples. The diameter of bubble represents the potential population affected [23, 25]. Irregular circles represent drivers that could
be addressed through the implementation of decision support systems in healthcare settings.

Amajor driver of AMR has been the misuse of antimicrobials in humans [23, 26, 27].
Antimicrobials are among the most commonly prescribed drugs in human medicine,
yet up to 50% of all antimicrobials prescribed to people are considered unnecessary [28].
Reasons for the misuse of antimicrobials in humans are complex, yet a number of factors
have been described and investigated. At the prescriber level, the majority of antimicro-
bials are prescribed by individuals who are not experts in infection management and
may have limited understanding of antimicrobials and the potential consequences of
AMR [23, 29–31]. Furthermore, physicians often prioritise the management of the pa-
tient in front of them, paying little regard to the long-term consequences of misusing
or overusing antimicrobials [32]. For instance, prescriptions based on clinical educated
guess in the absence of complete information are frequent at early stages due to practical
shortcomings in rapidly diagnosing infections [33]. These empirical therapies typically
rely on the use of broad-spectrum antimicrobials and contribute to the increasing preva-
lence of multi-resistant microbes [34]. On the other hand, much more widespread is the
general over prescribing of antimicrobials by general practitioners. The practice of not
completing prescribed courses of antimicrobial treatment, or completing an unnecessary
antimicrobial course, may not materially affect the immediate clinical outcome of the
patient but can potentially contribute to AMR [23, 25]. To conclude, the non-controlled
access to falsified and sub-standard antimicrobials might not only cause harm to pa-
tients and fail to treat the diseases for which they are intended but also contribute to the
development of AMR [35, 36].
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2.2.2 What are the consequences of AMR?

The inability to treat common infectious diseases is an immediate consequence of
AMR which leads to various complications and longer hospital stays. The extended
hospital stays due to resistant pathogens, the fragile state of the patients and the use
of invasive medical devices altogether promote the transmission of infections in health-
care settings. At the patient level, this is translated into an increase in morbidity and
mortality. At the health care level, it results in an increase of resource utilization and
therefore higher costs.

2.2.3 How can we mitigate AMR?

Published work on antimicrobial resistance across many different diseases and dis-
ciplines converges on a remarkably consistent set of recommendations for prevention
and containment [26, 37] but their implementation has been slow [38]. These recom-
mendations, which are briefly explained below, focus on improvement of diagnosis and
prescription practices, reduction of antimicrobial exposure, development of novel an-
timicrobials, improvement of surveillance and promotion of awareness and education.

Early infection diagnosis at point of care
The development and implementation of rapid and accurate diagnostic tools would al-
leviate empirical and simultaneous prescriptions [39]. Although this method has been
widely advocated [24, 37], its implementation progresses slowly, due partly to technical
and financial barriers but also to issues around innovation adoption [40].

Improvement of antimicrobial prescription practices
Although guidelines recommend prudent use, needless prescriptions are seen even in
countries with low rates of prescription [41]. However an overall reduction in prescrip-
tions for antimicrobials has been reported in some settings over the past decade with a
modest reduction in antimicrobial resistance recorded [39]. The role of educating physi-
cians is crucial in overcoming antimicrobial misuse or overuse and is seen to be effective
in primary care [42] and secondary care [43]. Additionally, raising awareness of the fun-
damentals of antimicrobial use in the general public is equally essential [25].

Sustain useful therapeutic life of antimicrobials
The development of new antimicrobials is substantially difficult and requires large in-
vestment to succeed as reflected by the low rate of new antimicrobials released in the
last years [44]. Resistance to novel antimicrobials will eventually develop led by natu-
ral selection and therefore it is crucial to prolong their useful therapeutic life. Potential
approaches to extend the therapeutic life of antimicrobials rely on (i) heterogeneity of
antimicrobial agents (ii) combination therapies (iii) use of narrow spectrum antibiotics
and (iv) assure adequate drug concentrations [45].

Enhanced mechanisms for surveillance
Surveillance is the cornerstone for assessing the burden of antimicrobial resistance and
benefits health care organizations in many different ways: (i) contributes to the evidence
base used for formulation of treatment guidelines (ii) can be used to assess the effective-
ness and impact of interventions and (iii) has a key role in detecting the emergence and
spread of previously uncommon or completely novel types of resistance.
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In conclusion, the emergence of antimicrobial resistance is a natural phenomenon,
yet it has been accelerated by antimicrobial exposure. To reduce such exposure in health
care settings, electronic clinical decision support systems (CDSS) have been devisedwith
the aim of providing physicians with easy and rapid access to information, which is
required to make evidence-based therapeutic decisions at the point of care.

2.3 Clinical decision support systems

A clinical decision support system (CDSS) is a piece of software designed to help health
care professionals make clinical decisions. These systems integrate medical knowledge,
patient data and an inference engine to provide case specific advice. In medicine, CDSSs
have demonstrated to increase quality of care, enhance health outcomes and reduce hu-
man errors by promoting the practice of evidence-based medicine [46].

2.3.1 Overview of decision support engines

The majority of CDSSs are basic systems which provide computerized alerts [47], re-
minders [48] and electronic clinical guidelines [49]. More elaborated CDSSsmay include
vital-sign monitoring [50] or hospital-specific statistics [51] through visualization tools.
In the last years, machine learning has enabled the creation of decision support systems
that learn from past experiences or patterns within the clinical data and are able to strat-
ify patients based on risk [52], support diagnosis [53] or provide therapy advice [54].
This section provides an overview of methodologies for the construction of inferential
and predictive CDSSs which have been used in health care settings.

Rule-based systems
In rule-based systems, the expert knowledge is represented in the formof human-crafted
rule sets (e.g. IF-THEN rules) that align with the cognitive process followed by humans.
These systems require thorough knowledge of the problem being addressed in order
to define a comprehensive set of rules. Thus, their coverage is generally low focusing
on specific domains. The process of rule generation in complex systems might become
challenging and time consuming with large amount of manual effort. Moreover, main-
tenance tends to be cumbersome, obstructing the inclusion of new developments and
emerging initiatives. Rule-based systems have been applied in domains such as antimi-
crobial therapy selection [54] or diagnosis [55, 56].

Tree-based systems
Decision trees automatically extract rules from data and are popular in clinical domains
for their simplicity to understand. The amount of computing time required for large
datasets is still reasonable. However, theydonot tend toworkwell if decision boundaries
are smooth and are not optimal for uncorrelated variables [57]. As a result of the greedy
strategy applied, they also tend to present high variance and are often unstable, tending
to over-fit [58]. Tree-based systems have been applied in domains such as dengue fever
diagnosis [59] or antimicrobial therapy selection [60].
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Case-based reasoning
The case-based reasoning methodology uses previous experience in form of cases to
understand and solve new problems [61]. As such, this methodology often requires
human interaction to revise those cases which are included into the case base [62]. These
systems rely on the definition of a suitable similarity measure to compare cases [63]
and the mechanism selected to combine the solutions of the retrieved cases [61]. This
approach closely replicates the strategy followed by health care workers during clinical
practice. Thus, it has been used to tackle problems on awide variety of medical domains
such as dose planning for cancer radiotherapy [64] or antibiotic therapy selection [65, 66].

Probability-based approaches
Probabilistic methods have emerged due to its capacity to represent and handle uncer-
tainties [67]. Themost basic group of probabilistic methods draw conclusions from sam-
ple data by emphasizing the frequency or proportion of the data. Bayesian methods are
more sophisticated and combine data-driven likelihoods with priors extracted from first
principles or intuitions to update the probabilities as more evidence becomes available.
One step further, probabilistic graphical models (e.g Bayesian networks) are probabilis-
tic models for which a graph represents the variables (nodes) and their dependencies
(arcs). They offer a natural way of representing uncertainties and can learn the relation-
ship between variables. However, an insufficient understanding of their formalmeaning
may give rise to modelling flaws. Probabilistic graphical models have been widely ex-
ploited in health-care [68, 69] such as diagnosis of ventilator-associated pneumonia [70]
or bloodstream infections [53, 71].

2.3.2 CDSSs for infection management

Clinical decision support systems (CDSSs) were first developed to support antimi-
crobial management in the 1980s. Nowadays, CDSSs assist in areas such as infection
disease diagnosis [72] or therapy selection [73]. However, its adoption in infection man-
agement is still low [74]. Numerous studies have assessed the effectiveness of CDSSs in
antimicrobial management [75, 76] and the appropriateness of such interventions [74].
However, to the best of the author’s knowledge, none has reviewed the CDSSs infras-
tructure (e.g. algorithm or selected attributes) yielding decision support. Towards this
objective, an exhaustive literature review to identify the existing approaches to produce
curated decision-support was conducted. A total of 68 studies with 53 different CDSSs
were considered. Exclusively CDSSs implemented in health-care settings which pro-
vided decision support during the patient evaluation process were included. For the
sake of clarity, the main properties of the CDSSs are summarised in Table 2.2. The full
evaluation is provided as supplementary material (see Appendix B.1).

The majority of CDSS in the literature are rule-based systems (44/68; 64%). These
are largely focused on replicating paper-based guidelines in electronic format to ensure
adherence (24/44; 57%). Rule-based systems outnumbered those incorporating more
advanced machine learning methods such as tree-based (12/68; 18%), case-based rea-
soning (7/68; 10%) or Bayesian networks (1/68; 1%). The main driver was clinical con-
fidence in the system to increase CDSS adoption [77]. Antimicrobial therapy selection
was the primary outcome (47/68; 69%) with few addressing surveillance (7/68; 10%),
infection diagnosis (5/68; 7%) or antimicrobial dosing (2/68; 3%). Furthermore, studies
providing more than one type of decision support were low (2/68; 3%). The conditions
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targeted were respiratory tract infections (14/68; 21%), bloodstream infections (7/68; 10
%) and urinary tract infections (3/68; 4%). A small number of studies (6/68; 9%) tackled
more than one domain [72, 73]. Several platforms for delivering decision support were
reported, including EHR add-on modules (31/68; 12%), standalone software (11/68; 16
%), web-based (8/68; 12%) or personal digital assistants (3/68; 4%).

The majority of CDSSs implemented in health care settings are at secondary care
(53/68; 78%). In general, the selected targets are the intensive care unit and the emer-
gency department with most systems relying on either human-crafted rules or tree-
based methods. The use of more advanced machine learning methods to provide de-
cision support is significant in research (see appendices B.1 and B.2). However, these
are rarely translated into practical applications (12/68; 18%). Note that these research
studies generally assume no data constraints during the design and development of the
models and therefore use a large number of variables (often more than 50) which are
extremely difficult to collect in clinical practice. In addition, the data used for validation
is often scant (from 100 to 500 cases with few exceptions [72]). As a generic rule, the
amount of data required to obtain reliable results grows exponentially with the dimen-
sionality.

Despite the benefits that CDSSs may bring to clinical practice their adoption remains
low [40]. Among the technical factors limitingCDSS adoption are accessibility at point of
care, ongoing technical problems or the lack of integration within existing systems [78].
Moreover, integration within clinical workflow, ease of use and quality of the informa-
tion have been reported to impact CDSS uptakes [77, 78]. For instance, generic CDSSs
that did not account for local constraints were often rejected [78]. On the other hand, a
number of personal and social factors have been identified as barriers to adoption. These
factors include concerns about liability and privacy, feelings that systems do not respect
the autonomy of the physician or the possible effects that these systems might have on
patient-doctor interactions [79]. A clear facilitator was the inclusion of end users into
the development process and the support of senior doctors to encourage use and pro-
vide users training for the system [78]. To conclude, user expectations need to be taken
into consideration and should be evaluated in the early phases and throughout the de-
velopment of these systems to increase adoption [80, 81]. For instance, moving away
from a black-box process to a more transparent method that describes the physicians
how the system is making the decision has been suggested as a potential facilitator [82].

To summarise, the most unexpected outcomes and limitations identified from the
previous literature review are: (i) the majority of CDSSs employ human-crafted rules
and only a few implement more advanced machine learning techniques to extract pat-
terns from data (ii) a small number of CDSSs tackle infection diagnosis (iii) a small num-
ber of CDSSs address patient involvement and education (iv) the retrospective and/or
prospective validation is often insufficient and (v) the solutions are utterly complex with
high loads of input data required.
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2.3.3 Methods for infectious disease diagnosis

Based upon the previously identified weaknesses, a review of the literature to evalu-
ate existingmethods to diagnose infectious diseases usingmachine learningwas carried
out. A total of 42 studies were considered. These studies stand as research articles with-
out existing implementation in health care settings. The properties of these studies are
summarised in Table 2.3. The full evaluation is provided as supplementarymaterial (see
Appendix B.2).

The majority of conducted research in infectious disease diagnosis focuses on blood-
stream infection (20/42; 49%), followed by surgical site infection (8/42; 19%), urinary
tract infection (6/42; 14%) and respiratory tract infection (6/42; 14%). The most common
approach to diagnose bacteremia relies on regression analysis combinedwith rule-based
methods. These studies consider a reduced set of clinical variables (less than 10) which
are predominantly bio-chemical markers such as c-reactive protein or procalcitonin. A
mean area under the ROC of 0.75 was reported with several studies failing to describe
sensitivity and specificity [53, 56, 83]. When described, these were disparate with a ge-
ometric mean of 0.68. Another popular approach relies on tree-based methods with a
mean area under the ROC of 0.88 0.75 with a geometric mean of 0.71. Since 2015, the
contribution of machine learning has emerged with support vector machines among the
most popular methods. These achieved a mean area under the ROC of 0.81 and a geo-
metric mean of 0.72.

In general, the best results for infection diagnosis were obtained when time series
data was available (5/8; 63%). Note that the inclusion basis within data collection was
always very restrictive. For instance, most patient had to fulfil conditions such as no
antimicrobial therapy dispensed, suspicion of infection or other conditions such as the
systemic inflammatory response syndrome (SIRS) or sequential organ failure assessment
(SOFA). A large number of clinical variables was often required (from 30 to 200) includ-
ing symptoms, vital signs, biochemical markers, microbiology outcome or doctors notes.
The algorithm validation was performed in most cases retrospectively and the issue of
class imbalance within the data, recurrent in these type of studies, was never addressed.
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Table 2.2: Literature review summary: comparison of clinical decision support systems for infection management.
System setting System domain Type of decision support Platform System infrastructure

place or location inwhich the system
was trialled

syndrome, condition or infectious dis-
ease targeted by the system

duty or task for which the system pro-
vides assistance to clinicians

application or frame in which
suggestions are displayed

underlying technique analysing the
data to generate suggestions

Primary care 15 (22%)
Secondary care 53 (78%)

Bloodstream infection 7 (10%)
Respiratory tract infection 14 (21%)
Urinary tract infection 3 (4%)
Surgical site infection 2 (3%)
Other 9 (13%)
Multiple 6 (9%)
N/A 27 (40%)

Antimicrobial selection 47 (69%)
Infection diagnosis 5 (5%)
Knowledge sharing 1 (2%)
Antimicrobial dosing 2 (3%)
Surveillance 7 (10%)
Multiple 2 (3%)
Other 4 (6%)

EHR add-on 21 (31%)
On PDA device 3 (4%)
Web-based application 8 (12%)
Standalone software 11 (16%)
N/A 25 (25%)

Rule-based 44 (64%)
Tree-based 12 (18%)
Case-based reasoning 7 (10%)
Bayesian networks 1 (1%)
PKPD modelling 1 (1%)
Other 2 (3%)
N/A 1 (1%)

Keys: EHR=electronic health records; PDA=Personal digital assistant; PKPD=Pharmacokinetics/Pharmacodynamics; n/a=not applicable.

Table 2.3: Literature review summary: comparison of methodologies for infectious disease diagnosis.
Methodology Bloodstream Respiratory tract Urinary tract Surgical site Comments I Comments II

the underlying technique
analysing the data to pro-
vide the diagnosis outcome

domains such as
sepsis and septic
shock

domains such as
infection by pneu-
monia

domains such as
UTI infection

domains such as
post-operative in-
fections

this section describes the type of diag-
nosis and the methodology used

this section describes the data, the type
of variables and the number of variables
within the studies

Regression analysis

AUCROC
SENS
SPEC

GMEAN

Tree-based methods

AUCROC
SENS
SPEC

GMEAN

Support Vector Machines

AUCROC
SENS
SPEC

GMEAN

Artificial Neural Networks
AUCROC

SENS
SPEC

GMEAN

0.75 (±0.08)
0.68 (±0.17)
0.72 (±0.20)
0.68 (±0.07)

0.88 (±0.08)
0.66 (±0.25)
0.81 (±0.19)
0.71 (±0.07)

0.81 (±0.09)
0.60 (±0.03)
0.87 (±0.13)
0.72 (±0.07)

n/a
n/a
n/a
n/a

0.90 (±0.01) ‡
0.60 (±0.25)
0.75 (±0.14)
0.67 (±0.19)

n/a
n/a
n/a
n/a

n/a
n/a
n/a
n/a

n/a
n/a
n/a
n/a

0.83 (±0.12)
0.65 (±0.15)
0.78 (±0.22)
0.70 (±0.11)

0.89 (±0.02)
0.57 (±0.03)
0.95 (±0.01)
0.74 (±0.02)

0.85 (±0.04)
0.50 (±0.00)
0.97 (±0.01)
0.69 (±0.00)

0.88 (±0.01) ‡
0.54 (±0.01) ‡
0.95 (±0.00) ‡
0.72 (±0.01) ‡

0.81 (±0.09)
0.38 (±0.23)
0.94 (±0.05)
0.60 (±0.27)

n/a
n/a
n/a
n/a

n/a
n/a
n/a
n/a

0.85 (±0.06) ‡
0.64 (±0.04) ‡
0.92 (±0.04) ‡
0.77 (±0.04) ‡

Type of diagnosis
Bacteremia 20 (49%)
Urinary tract infection 6 (14%)
Respiratory tract infection 6 (14%)
Surgical site infection 8 (19%)
Culture positivity 1 (2%)
Gram status 1 (2%)

Methodology
Score 3 (7%)
Regression analysis 18 (41%)
Gaussian approach 1 (2%)
Tree-based methods 8 (20%)
Support vector machine 4 (10%)
Artificial neural network 4 (10%)
Other 4 (10%)

Type of variables†
Symptoms 7 (10%)
Vital signs 11 (16%)
Demographics 14 (20%)
Biochemical markers 20 (29%)
Microbiology 6 (9%)
Others 12 (17%)

Number of variables
Score 11–17 (M)
Regression analysis 1–11 (L)
Gaussian approach 10–12 (M)
Tree-based methods 10–52 (H)
Support vector machine 10-52 (M)
ANN 30–50 (H)

Data
Imbalanced 41 (100%)
Number of cases*
<100 1 (2%)
<1000 15 (20%)
<10000 17 (10%)
<50000 7 (10%)
>50000 2 (10%)

Notation: mean score (±std); *= classes above are excluded; †=several type of variables per study; ‡=low number of studies to compute the values.
Keys:: AUCROC=area under the receiver operating characteristic curve; SENS=sensitivity; SPEC=specificity; GMEAN=geometric mean; ANN=artificial neural network; L=low;M=medium; H=high;
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2.4 Towards comprehensive decision support

A wide variety of clinical domains benefit from data-driven decision support systems,
yet their introduction within infection management has been much slower [74]. After
reviewing the use of CDSSs in infectionmanagement (see Appendix B.1), numerous fac-
tors limiting their adoption were identified. Among these factors, the lack of integration
with electronic health records [84], the need of accessibility at point of care [85] and the
complexity of the underlying systems [86, 87] deserve special attention. In addition, the
review conducted on infectious diseases diagnosis (see Appendix B.2) revealed the enor-
mous potential of using machine learning to extract patterns from clinical data. Further-
more, thesemethods could escalate the level of assistance provided to clinicians through
the different steps of the infection management pathway (e.g. diagnosis, therapy selec-
tion or dosing) [88]. These findings havemotivated the development of a comprehensive
and methodical CDSS to facilitate and improve infection management at point of care.

2.4.1 The five ‘rights’ of a CDSS

The concept of CDSS has been important in health care for many years. Traditionally,
CDSSs had a content-centric role and has expanded to include a variety of sources and
services. While the ubiquity of information technology in health care has promoted
the development of advanced CDSSs, the following ‘rights’ (see Table 2.4) continue to
apply to provide effective decision support [89]. These five rights should be used as a
framework when implementing a CDSS.

Table 2.4: The five rights of a CDSS: brief description and examples.
The right information

Evidence-based information suit-
able to guide action according to the
circumstance (e.g. use symptoms,
laboratory tests and previous expe-
rience to determine further testing,
diagnose the infectious disease or
guide antimicrobial selection).

To the right person

Consider members of the care team,
including clinicians, patients and
their caretakers to present data ac-
cordingly (e.g. facilitate or enhance
patient monitoring to nurses or pro-
vide local resistance patterns to in-
fection specialists).

In the right format

Understand how the data should be
presented (e.g. a concise infection
risk score or probability, a compre-
hensive summary of the symptoms,
a detailed temporal evolution of the
biochemical markers or links to ex-
ternal information).

Through the right channel

Related to the system used to pro-
vide the support (e.g. a clinical in-
formation system on a computer or
a mobile device, a pop up alert or a
simple document that can be printed
or attached in an email).

At the right time

Align with the infection manage-
ment workflow to provide support
at time of decision (e.g. speci-
men collection, diagnosis or antimi-
crobial selection at point of care
or notification for de-escalation of
therapy).

2.4.2 The desired characteristics of a CDSS

CDSSs represent a vital component of the healthcare enterprise and have evolved
from paper-based and content-driven to digital systems that offer all medical stakehold-
ers access to analytic tools for critical decision making. These can be classified according
to their topic in clinical guidelines, evidence-based medicine, analytic tools or point of
care solutions. To increase the potential of CDSS in infection management a number of
desired attributes (see Table 2.5) and functionality (see Table 2.6) have been identified.
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Table 2.5: Desired attributes of a CDSS for infection management.
Accessibility at point of care

to provide decision support timely
and facilitate interpersonal commu-
nication (e.g. during patient exami-
nation)

Integration with EHR

to facilitate automated collection of
patient related data (e.g. pathol-
ogy laboratory tests or microbiology
data)

Modularity in design

to reduce complexity and facilitate
maintenance (e.g. incorporate up-
dated guidelines, integrate novel
diagnostic tests or upgrade algo-
rithms)

Availability of data

to facilitate the implementation in
health care systems, a reduced num-
ber of parameters which are already
available or easy to collect must be
selected

Align with decision pathway

to provide decision support through
the infection management pathway
(e.g. request specimen collection,
confirm diagnosis, select antimicro-
bial therapy and dosing or assess the
likelihood of success)

Comprehensibility

to facilitate innovation adoption the
system needs to be easy to under-
stand and the interface readable and
clear

Table 2.6: Desired functionality of a CDSS for infection management.
Facilitate vital sign collection

to provide a homogeneous set of vi-
tal signs for comparison that can be
further exploited through machine
learning algorithms to enhance de-
cision support

Patient monitoring

to observe the disease, medical con-
dition and other vital parameters
over time to prevent or early detect
adverse events

Patient engagement

to improve their understanding of
antimicrobial use and shape future
patient behaviour

Review of past similar cases

to provide the necessary informa-
tion to improve antimicrobial ther-
apy selection matching the natural
reasoning and cognitive process fol-
lowed by clinicians

Therapeutic drug monitoring

to improve patient care by adjusting
the antimicrobial dose to increase ef-
fectiveness while reducing the sec-
ondary toxic effects

Local AMR surveillance

to strengthen knowledge for action
in support of strategies to improve
existing guidelines (e.g. antimicro-
bial spectrum of activity or resis-
tance rates and trends)

For health care providers, electronic health records (EHR) systems are the preferred
method of data implementation and has quickly become the backbone of healthcare or-
ganizations [84, 90, 91]. As such, CDSSs integration into EHR is no longer a luxury
and has become a highly desired feature. In addition, the adoption of EHR promotes
the development of technologies that are accessible at the point of care to minimize the
time spent on documentation, facilitate communication between health care workers
and provide decision support that fits in the workflow. In general, CDSSs in infection
management focus predominantly on antimicrobial therapy selection. However, deci-
sion support is much needed on other areas of the infection management pathway. At
patient admission, it is crucial to smooth vital sign recording, guide further specimen
collection and diagnose the infectious disease. Furthermore, the medical history of the
patient and previous similar cases can provide clinicians with the evidence needed for
appropriate empirical antimicrobial therapy selection. Once the treatment is applied,
patient monitoring is essential to evaluate the response of the disease and to identify
adverse drug reactions. Integrating all the previously mentioned functionality into a
single CDSS could lead to an increase in the perceived complexity of the system which
might obstruct clinical acceptance. Thus, to provide flexibility in design and reduce the
perceived complexity of the system, a partition of the CDSS into scalable and reusable
modules with a well defined function should be considered. Modularity in design also
facilitatesmaintenance and further integration of novel algorithms or diagnostic devices.
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2.4. TOWARDS COMPREHENSIVE DECISION SUPPORT

2.4.3 The proposed solution

The aim of this investigation is to understand the needs within infection manage-
ment and use such knowledge to develop a comprehensive decision support system.
As a result, this research has produced Enhanced, Personalized and Integrated Care for
Infection Management at Point of Care (EPiC IMPOC) which is a data-driven clinical
decision support system that aims to overcome many of the challenges within infec-
tion management. As such, EPiC IMPOC has been designed to include the identified
desired attributes (see Table 2.5) and functionality (see Table 2.6). In addition, it is in
compliance with the five rights. The system incorporates two decision support engines:
case-based reasoning and probabilistic inference. The former facilitates data collection,
patient monitoring and inspection of previous similar cases to assist in antimicrobial
therapy selection. The latter produces stepwise guidance to customizemedical decisions
to the individual patient to assist with infection diagnosis. Moreover, hospital-specific
antimicrobial resistance data is provided to enhance awareness and education among
healthcare workers. To conclude, EPiC IMPOC has been integrated with the electronic
health records (EHR) and it is accessible at the point of care to improve consistency of
collecting vital signs, support interpersonal communication and facilitate interactions
between clinicians, infection specialists and patients.

The process followed to design and implement the system and themodules included
within EPiC IMPOC are thoroughly explained in subsequent chapters. For the sake of
clarity, a brief description of the main challenges addressed and the proposed imple-
mentation are briefly described below.

� Provision of decision support at the point of care (POC): a web-based client application
has been developed to facilitate access to EPiC IMPOC from any device at POC. The
web-based application renders a consistent interface across different screen sizes and
can be used in desktop computers or hand-held devices.

� Integration with electronic health care records (EHR): the system has been integrated
with the electronic health records to automatically create profiles for the admitted
patients. In addition, it has been interfaced with several National Health Services
(NHS) databases to display laboratory results at point of care.

� Antimicrobial resistance (AMR) surveillance: to promote awareness and understanding
of resistance patterns, hospital-specific AMR statistics such as resistance rates, resis-
tance trends or antimicrobial spectrum of activity are computed automatically from
susceptibility test data. Note that these patterns might vary geographically.

� Evaluation of previous similar cases for therapeutic advice: case-based reasoning (CBR)
has been selected to facilitate homogeneous collection of vital signs, patient moni-
toring and knowledge transfer among healthcare workers. More importantly, it pro-
vides therapeutic advice for antimicrobial selection based on previous experiences.

� Assessing the likelihood of infection: a number of supervisedmachine learningmethods
have been evaluated to provide for a given patient the likelihood of having an infec-
tion. This information is extracted from a set of commonly requested biochemical
markers and therefore is presented before the initiation of the antimicrobial therapy.
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� Assessing the site of infection: a number of supervised machine learning methods have
been evaluated to provide for a given patient the most plausible sites of infection.
This information guides health care workers planning further investigations such as
which microbiology cultures should be requested (e.g blood, sputum or urine).

� The principle of modularity in design: to facilitate adoption andmaintenance, each of the
tasks for which assistance is provided has an independent inference engine. There-
fore, the algorithm and explanatory variables can be easily modified to improve per-
formance or just adapt models to use those attributes (e.g. vital signs or biochemical
markers) provided within an specific healthcare centre.

As discussed in the literature review, the majority of CDSS for infectionmanagement
focus on antimicrobial therapy selection. While this is an important decision to be made
by physicians, other fundamental questions need to be addressed before antimicrobials
are prescribed. As such, a comprehensive CDSS for infectionmanagement needs to align
with the process followed by clinicians, facilitate communication between health care
workers from nurses to infectious specialists and integrate support for the various types
of infection to improve the provision of efficient care.
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3
CDSS DESIGN AND IMPLEMENTATION

This chapter describes the clinical decision support system (CDSS) implemented during
the conducted research. In the first place, the overall system architecture is explained
(section 3.1), paying particular attention to the integration with various electronic health
databases, the accessibility at point of care and the modular design methodology. To
continue, the chapter explains the modules providing decision support (section 3.2), the
design strategies (subsection 3.3.1) and the iterative process used to evaluate the usability
of the system (subsection 3.3.2). After this, an illustration of the graphical user interface
for each of the modules is presented (section 3.3). To conclude, the chapter discusses the
main areas in which the CDSS contributes to provide effective care.

3.1 Decision support system overview

Enhanced, Personalized and Integrated Care for Infection Management at Point of Care
(EPiC IMPOC) is a decision support system designed to record a complete set of vital
signs at the patient’s bedside on hand-held computing devices while providing instant
decision-making assistance to health care workers at the point of care. It is integrated
within the electronic health records and therefore has access to the hospital patient ad-
ministration system and laboratory data. It is accessible anywhere in the hospital by
members with appropriate access rights through mobile devices or desktop computers
connected to the hospital intra-net. TheCDSS architecture (see Figure 3.1) can be divided
into three main components: the external sources of patient data, the server application
with the decision support modules (see section 3.2) and the client application with the
graphical user interface (see section 3.3).

� Integration with electronic health records
The integration of any CDSSs into health care information technology systems facil-
itates the collection of data to provide effective and efficient health care. As such,
EPiC IMPOC feeds from three databases within the National Health Services (NHS).
Firstly, the patient administration system provides demographic data such as age or
gender and hospital management information such as insurance number, date of ad-
mission or admitted ward. The pathology system contains biochemical laboratory
results such as bilirubin, c-reactive protein and white cell counts. Lastly, the micro-
biology system provides susceptibility test outcomes to identify the presence of pa-
thogens and determine which antimicrobials are effective. These include specimen
collection source, infectious pathogen, antimicrobial and sensitivity outcome. These
databases will be thoroughly explained in following chapters.

31



CHAPTER 3. CDSS DESIGN AND IMPLEMENTATION
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Figure 3.1: EPiC IMPOC: high-level system architecture diagram. It describes the
main components of the CDSS. The external databases are the patient administra-
tion system (ADMIN), pathology laboratory tests (PATH) and microbiology results
(MICRO). The server application has the following modules: case-based reasoning
(CBR), probabilistic inference (PI), patient engagement module, therapeutic drug
monitoring and AMR surveillance. The information is accessed through an API
and it is presented on hand-held computer devices or desktop computers to clini-
cians.

� Accessibility at point of care
Access to point-of-care (POC) tools has the potential to enhance rapid disease diag-
nosis, management, control and surveillance [1]. Furthermore, providing decision
support information at POC facilitates communication among health care workers
(e.g. nurses, clinicians and infection specialists) and shortens the time for clinical de-
cision making to either plan further investigations (e.g. laboratory or susceptibility
testing) or select the antimicrobial therapy. These POC services are especially useful
in settings where access to quality and timely medical care is a challenge.

� Modularity in design
Amodular system can be characterized by functional partitioning into discrete scal-
able and reusable modules. This design approach is used primarily to reduce com-
plexity by breaking a system to encapsulate the desired functionality of each compo-
nent behind a module and its interface [2]. As shown in Figure 3.1, EPiC IMPOC has
the following decision support modules: patient engagement, antimicrobial dosing,
antimicrobial surveillance (AMR trends and antibiogram), case-based reasoning and
probabilistic inference.

� Software tools
The decision support system was implemented using Java in the server side and
HTML, CSS and Javascript for the user interface. The jColibri library [3] was used
to implement case-based reasoning within the server. The Python programming
language has been use for machine learning prototyping. In particular, supervised
learning models and performance metrics from Scikit-learn [4] and sampling tech-
niques from Imbalanced-learn [5] were employed. Data handling was done with
Pandas [6, 7] and data visualization using Matplotlib [8] and Seaborn [9].
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3.2 Part I: Outline of decision support modules

The server application processes queries, interacts with the permanent storage and pro-
vides decision support. It has been implemented in Java and uses an object relational
mapping java library (Hibernate ORM) tomap an object-oriented domainmodel to a tra-
ditional relational database (SQL). The Lightweight Directory Access Protocol (LDAP)
accomplishes the authorization and authentication of users and it is provided in all hos-
pitals at Imperial College Healthcare National Health Service Trust. The server imple-
mentation follows the Representational State Transfer (REST) architectural design [10],
which suggests a group of guidelines to create scalable, more performing and main-
tainable web services. A complete description of the application programming interface
(API) including subroutine definitions and communication protocols is provided as sup-
plementarymaterial (seeAppendixC). Themodules composing EPiC IMPOCare briefly
explained below.

� Promoting patient engagement with antimicrobial decision making
This module generates a single document summarising the key aspects of the infec-
tion (name, site and brief description) and the selected antimicrobial therapy (an-
timicrobials, dosage and course of treatment). In addition, it provides official sites
to access further related information. The aim of the module is to promote patient
engagement with decision-making to improve their understanding of antimicrobial
use and shape future patient behaviour [11, 12].

� Antimicrobial dosing and therapeutic drug monitoring
This module implements therapeutic drug monitoring guidelines to enhance drug
efficacy while reducing toxicity on the patient. As such, periodic measurements of
drug concentrations need to be taken to individualise dosage to maintain concentra-
tions within a target range or reach a particular peak [13]. Drug concentration at the
site of infection cannot be routinely measured, but the desired or adverse effects may
correlate better with plasma or blood concentration than they do with dose.

� Antimicrobial surveillance to identify local resistance patterns
In the last years, a variety of initiatives have arisen to promote prudent use of antimi-
crobials and enhance global AMR surveillance [14, 15]. Despite of these initiatives,
homogeneity of antimicrobial policies still produces different AMR outcomes [16].
For example, resistance rates are higher in London than in the rest of UK due to
complex reasons [17–20]. This module computes hospital-specific AMR surveillance
to promote education and awareness of local resistance patterns (see Chapter 4). Fur-
thermore, this information is also valuable to support antimicrobial therapy selection.

� Case-based reasoning for inspection of previous similar cases
This module facilitates inspection of past similar cases to promote evidence-based
medicine, support antimicrobial therapy selection and enhance interpersonal com-
munication (see Chapter 5). For such purpose, the case-based reasoning method-
ology has been implemented to retrieve from the database previous cases describ-
ing patients with similar symptoms, the antimicrobial therapy applied and the cor-
responding outcome. It is worth noting that this knowledge-based methodology,
which closely replicates the cognitive process followed by health care workers, has
strongly influenced the design of the user interface.
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� Probabilistic Inference to provide stepwise decision support
The acute infection management pathway followed by clinicians has been defined
as a stepwise Bayesian model in which each step adds systematically information to
optimise diagnosis and management of infection [21]. This module focuses on two
steps: (i) estimate the likelihood of infection using culture positivity as proxy and
(ii) anticipate the most plausible sites of infection. This module aims at reducing un-
necessary antimicrobial prescriptions, refine empirical therapies and guide suitable
specimen collection for further susceptibility testing (see Chapter 6).

3.3 Part II: The graphical user interface

Medical knowledge is voluminous and changes rapidly. For instance, vital signs of a
patient might change unexpectedly and physicians need to be aware of these variations
to make correct medical decisions. CDSSs are often devised as a potential solution to
aid clinicians through the organization and analysis of such voluminous information.
However, CDSS adoption remains low [22]. To promote the use of CDSSs by physicians,
it is fundamental to determine the best way to present the information via interfaces
[23]. User interfaces can be designed in several ways [24]. In one strategy, designers try
to match the design of the interface with the decision process so as to facilitate physician
navigation [25]. Alternatively, designers may focus on usability principles [26, 27]. In
this research, both strategies have been combined to design EPiC IMPOC.

3.3.1 User interface design strategies

The design of user interfaces according to the decision process is generally read from
top to bottom. In the first section, these interfaces include data entries and check boxes
for physicians to collect the necessary data [28, 29]. Note that data collection might take
time [30]. After this, physicians press buttons to go through the decision process. To
navigate through the different sections, the use of expand/contract interfaces is also
common [31, 32]. Many of these expand/contract systems depend on the length of the
hierarchy, with no complete view of the overall arborescence. In EPiC IMPOC, the ex-
pand/contract sections have been fixed so as the number of clicks is always the same
and clinicians have a priori knowledge on the navigation system. To conclude, highlight
the importance of minimizing the number of screens to improve navigation [33–35].

The design of user interfaces according to usability principles relies on a set of well
defined techniques. First, it is imperative to use concise, consistent and unambiguous
language to promote simple and efficient interactions [33, 34]. Also, explanations and
justifications might be presented to increase physician confidence [33]. These interfaces
should provide advice and suggestions but also alternatives to increase compliance and
respect the autonomy of the physician [33]. The number of clinical parameters used
by physicians is large and diverse. Hence, the most relevant information needs to be
placed in more prominent positions to ensure that it is seen [33, 34]. It is also a good
practice to group similar pieces of information together to facilitate on-screen searches
[24]. Elements such as tables, graphs, buttons, scroll bars or iconic language might help
reducing the perceived density of the interface [33, 35].
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To conclude, highlight basic display aspectswithin interface design such as appropri-
ate font sizes, adequate contrast between text and background and meaningful colours
to enhance readability [34, 35].

3.3.2 Overview of the design process

In this research, the design of EPiC IMPOC has considered the previously described
interfaces which are based on both usability principles and the physician decision pro-
cess. A summary of the iterativemethodology used to develop and evaluate the interface
is presented in Table 3.1. In the first iteration, the interfacewas designed to alignwith the
case-based reasoning methodology (see Chapter 5). As such, the main focus was to fa-
cilitate homogeneous collection of vital signs, enhance the review andmonitoring of the
current patient and augment further investigation of past similar cases. A paper-based
prototype was presented to two infection specialists (see LM and TR in Table 3.1) who
were collaborating in this research. The feedback was positive and the first web-based
prototype was implemented using HTML, CSS and Javascript. As such, it was accessible
through any device using a web browser. The implementation followed a responsive de-
sign approach to render a consistent interface across different devices and screen sizes
from desktop computers to hand-held devices.

Table 3.1: EPiC IMPOC summary of the design process.

Description Feedback Outcome

Iteration 1 The paper-based prototype was described to
LM and TR (infection specialists). - Overall positive feedback

Iteration 2
The web-based prototype was trialled in the
ICU for a month led by LM and TR to evalu-
ate the CBR module (see subsection 5.5.1).

- Improve terminology and consistency
- Inclusion of new relevant vital signs
- Organization of vital signs within the form
- Identification of decision process (5 steps)
- 100% data retrieval fidelity

[36]

Iteration 3
A survey to evaluate the usability of theweb-
basedprototype using the SUS formwas con-
ducted (see subsection 5.5.2). The evaluation
considered exclusively the CBR module.

- Reduce the amount of information
- Provide specific decision support
- Fit within the infection management pathway

[21, 37]

Keys: CBR=case-based reasoning; ICU=intensive care unit; PI=probabilistic inference; SUS=system usability scale; LM=Luke
Stephen Prockter Moore, TR=Timothy Miles Rawson;
Note: LM and TR are infection specialists who collaborated in this research.

The web-based prototype was trialled in the ICU for a month (see subsection 5.5.1).
Feedback was provided as to the terminology that should be used, the organization of
the vital signs within the data collection form and the overall decision process. As a
result, the decision process was divided into five steps: data collection, pathology re-
view, microbiology investigations, inspection of previous similar cases and antimicro-
bial therapy selection. Moreover, during this period the fidelity of the data collected by
the systemwas 100%. The feedback providedwas included into the prototype and a sur-
vey to evaluate the usability of the CDSS interface was conducted (see subsection 5.5.2).
The survey was completed by 10 health care workers including nurses, physicians and
infection specialists and the overall feedback was positive [37]. They highlighted three
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main areas for improvement: (i) the vast amount of data presented is useful for experts
but might lead to confusion if used by inexperienced physicians (ii) the need of more
specific decision support to better guide inexperienced physicians and promote its use
under time constraints and (iii) the need to fit within the infectionmanagement pathway
followed by nurses and physicians to prescribe antimicrobials.

Further research focused on understanding the infection management pathway fol-
lowed by clinicians [21]. The reported pathway was defined as a stepwise Bayesian like
approach in which each step adds systematically information to optimise diagnosis and
management of infection. Thus, the probabilistic inference module (see Chapter 6) was
included in EPiC IMPOC to provide support on each of the previously identified steps.
The overall feedback was very positive with all participants considering that the imple-
mentation and use of the system in clinical practice is a good idea.
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3.3.3 Illustrating the medical record of a patient

The main unit of information in the system is the medical record of a patient (see
CBR case in Table 3.2). In the first instance, a case only shows a brief synopsis of the pa-
tient condition and the antimicrobial therapy prescribed (C1). Once a case is selected, the
complete medical record is shown in five different tabs: resume, description, pathology,
sensitivity and solution. The resume section (C2) displays the symptoms and the descrip-
tion section (C3) enables further modification and completion of parameters within the
patient case. To evaluate the progression of the patient, the temporal evolution of some
biochemicalmarkers such as bilirubin orwhite blood cell counts are shown in the pathol-
ogy section (C4). They are represented as graphical time series where coloured back-
ground indicates the normal reference range. Additionally, it is possible to hide/show
time series to improve visualization. The microbiology section (C5) contains the suscep-
tibility tests outcomes available for specific pathogen-antibiotic combinations grouped
in three categories: resistant, intermediate and sensitive. These outcomes are also pre-
sented during therapy selection for further guidance. Finally, the solution section (C6)
contains the antimicrobial therapy prescribed (drug, dose and route of administration)
and further feedback from clinicians.

Table 3.2: EPiC IMPOC: the medical record of a patient representing a CBR case.

Today

Pathology

Outcome

Microbiology

Status

Save

2MAY15

2690

Vancomycin

Status Today Pathology Microbiology Outcome

2MAY152690

Ionotropes                                  null
Body Temp.                             37.5
CL. Changed                           false       

Organs Inf.                               Urine
Bugs                                             ECOL       

Abdominal Exam.                Tender
Renal Supp.                             HDX   
Urinary Cath.                              true  

Resp. Rate                                    17
Oxygen Req                                  21
Ventilation Supp.                         Own
Chest Rad.                                    Clear
 

Chest Exam.                           Clear     

HR                                                65
Blood Pre.                                 102
Height                                        155
Age                                              22
Weight                                          55
Allergies       

Vancomycin

INFECTION-INFORMATION

INFECTION-INFORMATION

INFECTION-MARKERS

ABDOMINAL

RESPIRATORY-SYSTEM

DEMOGRAPHICS

C1

C2

Today

Pathology

Outcome

Microbiology

Status

Save

2MAY15

2690

Vancomycin

Vancomycin2690 2MAY15

Status Today Pathology Microbiology Outcome

Abdomen                  
CNS
Chest
Line
None                                           

Achromobacter Sp.                
Achromobacter Xylosoxidans
Acinetobacter Baumannii
Acinetobacter Radioresistens
Acinetobacter Sp
 

Achromobacter Sp.                
Achromobacter Xylosoxidans
Acinetobacter Baumannii
Acinetobacter Radioresistens
Acinetobacter Sp
 

Aminoglycosides
Antifungals
Echinocandins
Glycopeptides
Macrolides

INFECTION-INFORMATION

INFECTION-INFORMATION

INFECTION-MARKERS

ABDOMINAL

RESPIRATORY-SYSTEM

DEMOGRAPHICS
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Abdominal Exam.

Renal Supp
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HR
Blood Pre.
Height
Weight
Pregnant
Diabetes
HIV
Allergies
 

 

Resp. Rate

Oxygen Req.

Ventilation Supp.

Chest Rad.

Chest Exam.

 

 

37.5

37.5

Organs Inf.                                                           Urine
 

Bugs                                      Escherichia Coli (ECOL)
 

17

21

37.5

65
102
155

55

Tender

HDX

Own

Clear

Clear

C3

C4

Synopsis of patient condition [C1]

The synopsis tab of the patient case shows
from left to right the case identifier, the episode
date, a summary of the patient condition
through a set of icons, the antimicrobial ther-
apy and the outcome when available.

The set of icons (see below) indicate case
locked and therefore unmodifiable, gender
(male/female), pregnancy, diabetes, human
immunodeficiency virus (HIV), allergies,
steroids and outcome (success or failure).

Resume [C2]

The resume tab displays a summary of the pa-
tient case. The content is configurable and can
show vital signs collected, biochemical mark-
ers results and/or sensitivity outcomes.

Description [C3]

The description tab facilitates input and up-
date of vital signs. Note that the form enables
tomanually input the infectious pathogen use-
ful when microbiology outcomes are available
but have not yet been recorded in the EHR.

Pathology [C4]

The pathology tab shows the temporal evolu-
tion of six selected biochemical markers: alka-
line phosphatase (ALP), alanine aminotrans-
ferase (ALT), bilirubin (BIL), creatine (CRE),
c-reactive protein (CRP) and white blood cell
counts (WBC)

Microbiology [C5]

The microbiology tab displays the laboratory
date, sample source, pathogen identified, an-
timicrobial and the susceptibility test outcome.
The possible sensitivity outcomes are resistant,
intermediate or sensitive.

Solution [C6]

The solution tab enables antimicrobial therapy
selection, therapeutic drug monitoring and
further feedback collection provided by the
clinicians. In addition, by clicking on a button
it generates the corresponding patient engage-
ment report.

Today

Pathology

Outcome

Microbiology

Status

Save

Status Today Pathology Microbiology Outcome

2MAY15

2MAY152690

2690

          Date                        Order Name         Order Type              Organism                      Antibiotic            Sensitivity
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Amoxycillin            Resistant
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Augmentin             Resistant
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Trimethoprim         Resistant
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Meropenem             Sensitive
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Cefoxitin                 Sensitive
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Gentamicin              Sensitive
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Tigecycline             Sensitive
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Amikacin                 Sensitive
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Vancomycin            Sensitive
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Ciprofloxacin          Sensitive
2015-04-03 12:00             Urine culture             URINE               Escherichia Coli                Cefuroxime            Intermediate

Vancomycin

Vancomycin

C5

An example showing the graphical representation of a patient case within the GUI. The patient case is divided in six sections: synopsis, resume, description,
pathology, microbiology and solution. On the first instance, exclusively the synopsis is visible. By clicking on the synopsis the patient clinical record with five tabs
is displayed. These tabs are browsed by either clicking the tab name or swiping (left/right).
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3.3.4 Understanding the main control panel

The main control panel of the graphical user interface (GUI) has four areas clearly
differentiated (see Table 3.3): the navigation menu, patient selection, main dashboard
and sidebar. Firstly, a patient can be selected (D1) by introducing either NHS or hospital
number in the search box or by choosing a patient from the drop down list. Once the
patient is selected, the most recent case (D2) and previous medical records (D3) are au-
tomatically retrieved. In addition, the sidebar which contains three tabs (inference, cases
and groups) is automatically populated. The aim is to reduce the number of interactions
between the clinician, the interface and the server (see basic interaction diagram in Fig-
ure 3.2).

User Interface Server

i1

i2

i3

Select patient

GET patient [current case]

GET patient [previous cases]

GET patient [risk of infection]

GET patient [plausible sites]

GET previous similar cases

Expand a case

GET pathology [time-series]

GET microbiology

Save patient symptoms

PUSH patient data

Asynchronous responses

Asynchronous responses

Return confirmation

Figure 3.2: EPiC IMPOCmain panel: basic interaction
diagram. Three basic interactions are demonstrated in
the diagram: (i) the selection of a patientwhich retrieves
automatically the current case, the previous cases, past
similar cases, the probability of infection and the most
plausible sites (ii) the expansion of a case which auto-
matically pulls the pathology (time series) and micro-
biology data and (iii) the collection of symptoms which
are stored in the database. Orange circles indicate read
access to the database. Yellow circles indicate writing
access to the database.

The side bar is composed of
three tabs: inference, cases and
groups. By default, the inference
tab which provides stepwise deci-
sion support (D6) is displayed. The
aim of this tab is to provide sys-
tematic information of the infection
status of the patient under inves-
tigation. On the top, it presents
the most recent laboratory test re-
sults available for the selected bio-
chemical markers. Below, the risk
of infection and the most plausi-
ble sites are presented. The other
two tabs (cases and groups) dis-
play previews of past similar cases
which have been retrieved from the
database. The cases tab (D5) con-
tains a list of case previews which
can be sorted/grouped by any of
the parameters composing the clin-
ical record of a patient. The groups
tab classifies such case previews by
outcome (success/failure) and pre-
scribed antimicrobial therapy. In
addition, it displays the number of
case previews in which the therapy
was applied and the average similarity score. By clicking on these previews, the cor-
responding cases are added to the main dashboard for further investigation (D4). The
vertical bar on the left hand side of the case preview indicates that the clinical record
associated is currently being displayed in D4. The side bar can be hidden to facilitate
inspection of clinical cases by clicking on the icon on the top right corner. To conclude,
all the cases displayed within D2, D3 and D4 include all the information (resume, pathol-
ogy time series, microbiology results, antimicrobial therapy prescribed and outcome) of
a patient clinical record as explained previously in section 3.3.3. Note that those cases
with the lock symbol in the synopsis cannot be modified.
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Table 3.3: EPiC IMPOC: the main control panel providing decision support.
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Nitrofurantoin

Augmentin

Ciprofloxacin
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HR
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55

Own
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Status OutcomeMicrobiologyPathologyToday

SELECTED PATIENT CASES

               Similarity: 0.713
id:2017      Successful: 0.234
               Treatment: Augmentin

               Similarity: 0.704
id:2043      Successful: 0.353
               Treatment: Ciprofloxacin

               Similarity: 0.688
id:1989      Successful: 0.898
               Treatment: Nitrofurantoin

               Similarity: 0.683
id:2011      Successful: 0.753
               Treatment: Nitrofurantoin

               Similarity: 0.665
id:1996      Successful: 0.452
               Treatment: Ciprofloxacin

               Similarity: 0.664
id:1571      Successful: 0.135
               Treatment: Nitrofurantoin

               Similarity: 0.644
id:1342      Successful: 0.637
               Treatment: Augmentin

D1

D2

D3

D4

D6

D5

Selecting a patient [D1]

The clinical record of an inpa-
tient can be selected by intro-
ducing NHS or hospital number
in the search box or choosing a
patient from the drop down list
which can be previously filtered
by ward.

Reviewing patient case [D2]

This section shows themost recent
clinical record for the selected pa-
tient so vital signs can be reviewed
and/or updated appropriately.

Reviewing patient history [D3]

This section shows previous clin-
ical records for the selected pa-
tient which can be the current or
previous admissions within the
hospital.

Reviewing past similar cases [D4]

This section contains the clinical records
of previously admitted patients with
similar symptoms for further clinical in-
spection. The cases displayed in this
section are added/removed by clicking
on the case preview within the side bar
(D5). Each of the cases presented in this
section has all the information of a pa-
tient clinical record as explained in sec-
tion 3.3.3.

Preview of retrieved cases [D5]

This section shows a preview of the re-
trieved clinical records with the similar-
ity score, the successful score, the ap-
plied antimicrobial therapy and the out-
come (background colour). By default, the
case previews are ordered by similarity in
descending order. However, they can be
sorted/grouped by any of the attributes.
The vertical bar indicates that the clinical
record is being displayed in D4 and can
be added/removed by clicking on the case
previews within the side bar (D5).

Stepwise decision support [D6]

Firstly, this section presents the most recent laboratory
test results available for the selected biochemical mark-
ers. These markers are also used to estimate the risk of
infection and the most plausible sites
In future work, this tab would also provide a summary
of scores/probabilities describing relevant patient con-
ditions such as systemic inflammatory response syn-
drome (SIRS) or chronic obstructive pulmonary disease
(COPD). Following the step wise decision support, it
will include most likely pathogens (species and/or gen-
era) causing the infection and antimicrobial sensitivity
maps for such pathogens (see Chapter 4).

An example showing the main control panel of the GUI. The sidebar contains three tabs: inference, cases and groups which are browsed by clicking on the corresponding tab name. The top left icon allows to select other
views such as a tutorial or the AMR surveillance.
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3.3.5 Design techniques and usability principles within EPiC IMPOC

The link between the design techniques [33, 35] included in EPiC IMPOC and the
usability principles [26, 35] are summarised in Table 3.4. Firstly, the main control panel
has been organised into fixed areas (see Table 3.3) to facilitate on-screen searches. These
areas are patient selection (D1), patient clinical record (D2 and D3), past similar cases
(D4) and the side bar (D5). In addition, the most important information such as the pa-
tient clinical record (D2) or the stepwise decision support (D5) is prominent to ensure
that it is seen. For instance, the patient clinical record is on the top left and the stepwise
decision support section is displayed by default. In order to align with the usability
principles, similar pieces of information are grouped together. Thus, the information is
organised in patient cases (see Table 3.2) whose structure is consistent to improve read-
ability. Moreover, each case is in sections so as to display parameters extracted from the
same source together. These sections are the synopsis of the patient case (C1), resume
(C2), description (C3), pathology (C4), microbiology (C5) and solution (C6). The synopsis
of the patient case (C1) uses iconic language to display relevant information succinctly.
In the description section, data entries and check boxes for physicians to collect the vital
signs have been included. This is common in interfaces designed according to the deci-
sion process. Note that data collection might take time [30] and was a common concern
among the participants. The aim of EPiC IMPOC is to collect all the vital signs auto-
matically from the NHS servers, yet access was not provided during this research. In
addition, the pathology data (C4) and microbiology data (C5) are presented in a graph
and a table respectively to facilitate visualization.

The side bar (D5) contains three sections: one with the step wise decision support
(which is shown by default) and twowith different previews of the CBR cases. These sec-
tions are read from top to bottom to minimize cognitive load and promote naturalness.
For instance, the CBR cases retrieved from the database are sorted by similarity. More-
over, meaningful colours have been used consistently. In the step wise decision support
section, a range of colours from yellow to red are used to represent the severity of the
infection. In the CBR case preview section, the therapy outcomes are presented in green
when they were a success or red when they were not effective. The use of meaningful
colours promotes effective information presentation and improves readability. More-
over, EPiC IMPOC provides advice and suggestions, but also displays the alternatives
to increase compliance and respect the autonomy of the physician [33].

Note that the use of expand/contract interfaces maximizes the amount of informa-
tion presented. Many of these expand/contract systems depend on the length of the
hierarchy, with no complete view of the overall arborescence. In EPiC IMPOC, the ex-
pand/contract sections have been fixed so as the number of clicks is always the same
and clinicians have a priori knowledge on the navigation system. For instance, all cases
can be either expanded/contracted and the information within the case is consistent.
To conclude, the visualization is presented on a single screen so as to preserve the con-
text. This space-filling approach leads to an increase in the amount of information pre-
sented in the available space. While participants reported that the interface is a bit busy,
experienced infection specialists who were familiar with the interface highlighted the
advantage of having all the information available during antimicrobial therapy selec-
tion. Hence, providing a training session to future users would potentially reduce the
perceived complexity of the system while ensuring an appropriate use.
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Table 3.4: Link between the design techniques [33, 35] and usability principles [26, 35] used to build the EPiC IMPOC interface.

Design technique Effect on visualization Simplicity Naturalness Consistency
Minimize

cognitive load
Efficient

interactions
Forgiveness
and feedback

Effective use
of language

Effective
information
presentation

Preservation
of context

Space-filling approach.
The amount of information
displayed in the available
space is maximized.

X X

In addition to suggestions, alter-
natives are presented during the
decision process.

Provides an overview of
the decision process and
preserves the autonomy of
the physicians.

X X

Organization into fixed areas.
Each area contains always the
same kind of information.

On-screen searches are
facilitated because physi-
cians know where to find
the information they need.

X X X X X X

Localization of information. The
most relevant data is prominent
and visible.

The most important infor-
mation is sure to be read by
phsicians.

X X X

Group similar pieces of informa-
tion together.

On-screen searches are fa-
cilitated and cognitive load
reduced.

X X X X X

Decision process read from top
to bottom. Readability is improved. X X X X

Use of a consistent represenation
of a case. Readability is improved. X X X

Use of iconic language. Readability is improved. X X X

Use of graphs and tables. Readability is improved. X X X

Use of meaningful colours. Readability is improved. X X X X X

Use of concise language to de-
scribe decision and action vari-
ables.

Readability is improved. X X

Use of acceptable contrast be-
tween text and background. Readability is improved. X

Visualization in a single screen Readability is improved X

Expand/contract interfaces. Readability is improved X X X
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3.3.6 The patient engagement module

In order to understand patient engagement with decision making in infection man-
agement a qualitative investigation of current experiences was undertaken [11]. The
investigation was led by Timothy Rawson. A total of 10 members of the public who
had received antimicrobials from secondary care in the preceding 12 months in the UK
participated in the study. The group was divided into two equal groups based on age
categories and gender. The median age of participants was 53 (21-69) with equal gender
proportions. Focus groups were audio recorded and three main themes were identified:
communication, information provision and media. The participants reported a lack of
communication and information provision from clinicians which materialised in feel-
ings of dis-empowerment among participants and led to loss of ownership, frustration
and in some cases anxiety. This potentially alters the future actions of patients towards
infections and antimicrobials. Moreover, it can drive non-adherence to prescribed an-
timicrobial regimes and loss to follow-up after discharge from secondary care.

In response, a personalised antimicrobial information module co-designed with pa-
tientswas developed [12]. The study evaluated the potential impact on short-termknow-
ledge and understanding of antimicrobial therapy in secondary care. A total of 30 pre-
vious patients who had received antibiotics in secondary care during the preceding 12
months participated in two separate one hour workshops. The first workshop was held
in September 2015 and the second inMay 2016. There was consistency in the themes the
emerged in both workshops. First, the platform needed to be flexible and personalised.
Participants agreed upon the development of a personalised PDF document containing
data specific to the individual. Moreover, they reported that the PDF was the optimal
approach as it allowed the maximum flexibility to either be printed and given to a pa-
tient at the bedside or transferred electronically. Other approaches considered included
the development of a mobile application, text message services and written summaries.
Second, the intervention should provide information about the individual’s condition
and treatment where the information must be provided in language that the majority of
the citizens can understand. They reported that detailed descriptions should not be in-
cluded, but references for reputable sources of information should be provided. Finally,
the intervention should provide practical advice on the side effects and serve as tool to
enhance communication and support follow up.

As a result, a patient engagement module that provides personalised antimicrobial
information in the form of a leaflet was implemented in EPiC IMPOC. The final template
that was agreed upon and co-design by participants in the workshops (see sections A1-
A6 in Table 3.5) is automatically populated and presented in a PDF document which can
be either printed ormailed. A number of translations occur during the leaflet generation.
For instance, if the technical term pneumonia is recorded by the physician, the term is
coded as chest infection. Moreover, this translation also triggers the inclusion of a web
address with further open access information on pneumonia. Therefore, on generating
the information leaflet through the clinical decision support tool, the clinician is able
to provide a personalised information leaflet to the patient, which contains details of
their own infection and treatment. Although embedded in an electronic clinical decision
support system that contains several different modules, the intervention currently sits
independently of these.
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Table 3.5: EPiC IMPOC: the patient engagement report.

Doctor:
Beep:

Unknown Unknown (2)
Not available

Hospital Number:
Name:
Date of Birth:

14 February 2017

30256719
Padme Amidala
1948-07-01

Your doctor thinks that you have the following infections:

This can also be called: 
Abdomen

Abdomen - http://patient.info/doctor/intra-abdominal-sepsis-and-abscesses 

Your doctor thinks that a bacteria may be causing your infection.

 - Bacteria found in your laboratory tests:

 - Treatment received previously (starting on None):

 - They have now prescribed you the following antibiotic treatment (on 02 May 2015):

 - Commonly reported side effects

 - You CAN'T drink alchohol or drive whilst taking these antibiotics
Always read the information leaflet before taking any antibiotics.

Acinetobacter Baumannii

Ciprofloxacin ... by mouth (orally) every 12 hours ... for 5 days.
Metronidazole ... by mouth (orally) every 8 hours ... for 5 days.
Sulbactam ... through the vein (intravenously) every 24 hours ... for 3 days.

Allergy | Nausea | Disconfort

Access my results: You can sign up to view your own medical information and access your test results
through the following free website, called "Patient Knows Best".

http://www.patientsknowbest.com

Drug resistant bacteria can grow if you do not take antibiotics as they are prescribed. This may mean that you
do  not  get better  from your  infection and  can make  future  infectons more  difficult to  treat. To prevent the
development of  drug resistant bacteria always take your course of antibiotics as prescribed by your doctor. If
you have concerns or are unable to complet the course you should discuss this with a healthcare professional.

Further infromation on drug resistant infections and support with taking antibotics can be found at:
https://www1.imperial.ac.uk/hpruantimicrobialresistance/patient_and_public/

A1

A2

A3

A4

A5

A6

Doctor information [A1]

This section presents the name of the
doctor, a contact number and the date
in which the patient engagement re-
port has been produced.

Patient information [A2]

This section presents the the fol-
lowing patient information: hospital
number, full name and date of birth.

Clinical suspicion [A3]

This section presents the suspicion of
infection provided by the physician
and external links for further infor-
mation.

Infectious pathogen [A4]

This section displays the infectious
pathogen. This section it is filled in
those scenarios in which the microbi-
ology requested were positive.

Antimicrobial therapy [A5]

This section presents the past and
current antimicrobial therapies in-
cluding the prescribed antimicro-
bials, the route of administration, the
frequency and the course of treat-
ment. In addition, the leaflet presents
a series of commonly reported side
effects.

Further links [A6]

This section presents a variety of
links to access information such as
their pathology laboratory tests re-
sults. Moreover, it provides web
addresses that directly link to open
access information related with in-
fectious diseases, antimicrobial re-
sistance and support with taking
antibiotics.

An example showing the patient engagement report generated where data is automatically retrieved from the database. An in-
vestigation of current patient engagement in secondary care and a further intervention were conducted to identify the relevant
parameters/format and evaluate the effects respectively [11, 12].

A posterior intervention with pre- and post-intervention questionnaires was piloted
over amonth on 30 patients in which fifteen out of thirty (50%) completed the study [12].
Pre-intervention, participants reported the need of more information about their infec-
tions and the antibiotic therapy than they had been given. Post-intervention, partici-
pants reported that the information provided was useful and had not yet been given to
them by their doctor (e.g. information about their infection, the antimicrobial therapy or
general side effects). Feedback provided by patients highlighted that this intervention
prompted more detailed discussions with the doctor. Overall, the study highlighted
the poor baseline knowledge of antibiotic therapy and infection management amongst
hospitalised patients being treated for infections and how the provision to patients of
a simple personalised leaflet supports and improves short term knowledge and under-
standing in secondary care.

43



CHAPTER 3. CDSS DESIGN AND IMPLEMENTATION

3.3.7 The AMR surveillance module

The graphical user interface developed for this module (see Table 3.6) was created
with the sole purpose of visualizing and evaluating the strategies presented to enhance
AMR surveillance (see Chapter 4). These strategies compute AMR-related statistics such
as antimicrobial resistance rates (see section 4.1), antimicrobial spectrum of activity (see
section 4.5) or antimicrobial resistance trends (see section 4.6). For further integration of
these results into EPiC IMPOC, a qualitative investigation to select themain components,
the preferred visualization methods and the appropriate strategy to integrate such in-
formation into the CDSS so as to be presented according to the infection management
pathway needs to be conducted.

To begin with, a tree map with pathogen-antimicrobial pairs is presented (B1). Pa-
thogens are represented by colours and antimicrobials by their acronyms. Thus, each
rectangle corresponds to an specific pathogen-antimicrobial pair. The size of the rectan-
gle represents the proportion of susceptibility tests for a specific pair. For instance the
combination Escherichia coli (colour blue) and eryhtromycin (ERY) is the most tested. By
hovering on the rectangle the total number of susceptibility tests available is displayed.
The susceptibility tests have been grouped by culture site and the three most common
(blood, urine andwound) have been presented. A number of radio buttons are provided
below to visualize the tree map for a particular site. Once a rectangle is clicked, the
corresponding image is displayed on the right with information related to the selected
pathogen-antimicrobial pair. First, on the top left (B3) the resistance time series and the
number of susceptibility tests available are displayed. Below, various statistical tests (B2)
to describe the time series are presented. These tests determine the approximated trend
(theilsens slope), the monotony of the time series (kendall test) and the stationariness of
the time series (adfuller test). This information is useful to discern which methods for
time series analysis can be applied (see Chapter 4). In addition, this area (B2 top) shows
the correlation between the number of susceptibility tests available and the computed
resistance index. Note that the resistance index should not be correlated with the num-
ber of susceptibility tests. Correlation between the two might indicate that the number
of susceptibility tests available is insufficient.

In order to estimate the antimicrobial resistance trend a number of regression mod-
els have been considered (see section 4.6). A summary of the results for ordinary least
squares (B4 bottom), weighted least squares (B4 top) and some autoregressive integrated
moving average models (B6) are also presented. These summaries include the name of
the method, the coefficients of the model and a number of metrics to evaluate the per-
formance (Durbin-Watson or Jarque-Bera). The graphical representation of thesemodels
is provided in B5. Further information such as temporal autocorrelation or time series
decomposition into trend, seasonal component and noise are also displayed B7.

All the information have been saved in a csv file and it is being displayed as a sin-
gle pdf figure at the moment. Firstly, a qualitative investigation should be conducted
to identify the AMR statistics that are relevant for physicians and therefore need to be
included into EPiC IMPOC. Moreover, since EPiC IMPOC is a web-based application,
further integration using a dynamic, interactive and data-driven visualization tool is
recommended1.

1https://d3js.org
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Table 3.6: EPiC IMPOC: the AMR surveillance module.

B1 B2 B3 B4 B5 B6 B7

Tree-map [B1]

The area of each box represents the proportion
of susceptibility tests for a particular pathogen-
antibiotic pair. There are individual tree maps for
each culture type: blood, urine and wound. Once a
box is clicked, the information for the selected pair
is displayed on the right.

Statistical tests [B2]

This section presents statistical tests computed on the time
series to broadly estimate the trend (theilsens slope), assess
whether or not the time series is monotonic (kendall test),
determine the stationariness of the time series (adfuller test)
and see the correlation between number of susceptibility
tests available and the computed resistance index (correla-
tion).

Resistance time series [B3]

This section displays the resistance time
series (top), the number of susceptibil-
ity tests used to compute the resistance
rate at each time (middle) and the cor-
responding weights for weighted least-
squares regression (bottom).

Trend estimation [B4-B7]

This section presents the regression results using ordinary least-
squares (B4 bottom), weighted least-squares (B4 top) andARIMA (B6).
In addition, these regression results have been represented graphi-
cally (B5 top) including the distribution of residuals (B5 bottom). Fur-
ther information has been presented in B7 from top to bottom: auto-
correlation, partial autocorrelation and seasonal decomposition.

An example showing the partially interactive antimicrobial resistance module. The presented interface was used to research trend estimation and forecasting. Therefore, further work should focus on identifying the relevant parame-
ters for doctors to display them through a data-driven interactive visualization tool.
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3.4 Discussion

An appropriately designed clinical information technology system has the potential to
assist clinicians in many different aspects such as antimicrobial therapy selection [38–40]
or patientmonitoring [41]. Themajority of CDSSs focus on a single aspect of the infection
management pathwayhence limiting their adoption in clinical practice. In contrast, EPiC
IMPOC assists in various aspects of the infectionmanagement pathway to maximize the
system utility.

Improvement of consistency in vital sign data collection
The efficiency of any CDSSs depends on the quality of the underlying data. Existing
strategies for vital sign data collection rely on paper-based forms resulting in low cur-
rency, completeness and interoperability [42]. Furthermore, such forms are often man-
ually transcribed into electronic records. To simplify the data collection process and
improve homogeneous collection of vital signs, a standardised digital documentation
form (see C3 in Table 3.2) is provided at the point of care.

Facilitate patient history review and monitoring
Health care workers have to integrate several physiologic parameters to evaluate the
state and detect changes in patients. The high cognitive demand for data integration
reduces the available resources for communication, documentation or decision making
to take corrective actions which can lead to a cascade of errors. Therefore, providing
information about the status of the patient in a manner that is easy and fast to interpret
reduces the time needed to observe changes and therefore promotes early detection of
adverse events.

Facilitate review of previous similar cases
The cognitive process followed by clinicians to prescribe antimicrobials has three main
components: evaluate the symptoms of the patient in front of them, identify similar
situations based on their own clinical experience and use that information to select the
appropriate antimicrobial therapy [21, 43]. Inmany cases, such as junior doctors, this ex-
perience is somehow limited [37]. Therefore, the integration of case-based reasoning to
retrieve previous similar cases (see D4 and D5 in Table 3.3) empowers clinicians through
the creation of a shared knowledge base from which cases are retrieved in a coherent
fashion and presented seamlessly at point of care to augment clinical examination.

Delivering stepwise decision making support
The adoption of any CDSSs for infection management highly depends on how well it
supports and integrates within the corresponding workflow followed by clinicians to
treat infections. The reported infectionmanagement pathway follows a stepwise Bayesian
like approach [21]. As such, providing comprehensive and specific decision support at
each stage of the process will not only facilitate innovation adoption but also influence
behaviour change to a greater extent.

Unveiling local AMR patterns to revamp education and awareness
Despite the use of national guidelines to promote prudent use of antimicrobials [14, 15],
the disparity in antimicrobial resistance rates between London and the rest of UK is still
considerable [17–20]. This disparity also occurs around the world [44]. Therefore, there
is a need to analyse hospital-specificmicrobiology data to assess the actual antimicrobial
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resistance patterns (see Table 3.6) and promote rational use of antimicrobials. Further-
more, this information could be used as supporting evidence to refine and tailor the use
of national guidelines accordingly.

Promote continuity and education through point-of-care
A wealth of research has demonstrated the importance of effective communication to
promote continuity and consistency of care in health centres [45] and it is extremely im-
portant in organizations where a wide variety of multidisciplinary health professionals
(e.g. nurses, clinicians and infection specialists) are involved in patient care and decision
making. As such, the implemented system facilitates access to the complete medical
record of the patient at the point of care (see Table 3.3) to promote knowledge shar-
ing, stimulate discussion and assist in shared decision making. In addition, conducted
studies have shown that the quality of the health care perceived by patients is highly de-
pendent on establishing trusting, empathetic and reliably relationships [46]. Therefore,
the accessibility at point of care also encourages patient participation in decision mak-
ing (see Table 3.5) and improves their understanding of antimicrobial use, adherence to
treatment and self-management.

3.4.1 Providing clinical training to facilitate adoption

The implementation and integration of new technology such as CDSSs is not a one-
off event. In fact, it is an ongoing process, which requires support at the organisational
level to be effective [47]. As such, EPiC IMPOChas evolved consistently by incorporating
new components to tackle the identified weaknesses. Barriers for CDSS uptake are di-
verse [48]. Most severe barriers include clinicians’ perception that the CDSS may reduce
their professional autonomy or may be used against them in the event of medical-legal
controversies. Less severe are those barrier related with usability problems of the tech-
nology interface. With respect to the systemusability, EPiC IMPOCmight seem complex
or confusing on a first sight. In general, this perception is caused by the large amount of
clinical evidence and monitoring data presented to clinicians. However, this perceived
complexity becomes an advantage once the clinician is familiar with the functionality
and meaning of each of the elements within EPiC IMPOC. As such, providing a previ-
ous training session to clinicians would greatly benefit innovation adoption and further
use of the system in clinical practice.

3.4.2 Limitations

The integration of the systemwith EHRwas tedious. While a large amount of data is
being saved in the NHS servers, the access to this information was sill very limited. For
instance, access to basic vital signs data such as body temperature, respiratory rate or
heart rate was not provided forcing clinician to input this information manually leading
to an increase in usability time. This led to unpleasant interactions since participants
had a limited time on the wards and such information had been previously collected by
nurses and other health care workers into the NHS servers. The view of the author is
that all the vital signs should be automatically collected and stored in theNHSdatabases.
Moreover, access to that information should be facilitated to clinicians and researchers.
In the last year, the NHS commenced the creation of a global API to facilitate record-
ing and access to patient data. Undoubtedly, this API will facilitate the development,
implementation and adoption of decision support systems within the NHS. While this
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limitation was a constant during the development of the system, specific limitations for
each of the modules described previously have been discussed in subsequent chapters.

3.5 Conclusion

In summary, EPiC IMPOC has the potential to assist health care providers to practise
evidence-based andpersonalizedmedicine byproviding timely decision support at point
of care on a plethora of aspects within the infection management pathway. The process
followed to design EPiC IMPOC had several iterations and included a wide range of
health care workers; from nurses to infection specialists. The overall feedback provided
was good yet some limitations were identified. In particular, participants highlighted
the need to reduce the manual collection of data by retrieving such variables automati-
cally from theNHS databases and the need to provide specific support. The provision of
training to clinicians is essential to reduce the perceived complexity, encourage appro-
priate use of the system and therefore promote its adoption. Finally, the modularity of
EPiC IMPOC endows the systemwith high scalability; that is, inclusion of novel decision
support modules or further development of the user interface.
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4
ANTIMICROBIAL RESISTANCE SURVEILLANCE

This chapter describes the research towards the implementation of a decision support
module that performs antimicrobial resistance (AMR) surveillance from susceptibility
test data. Firstly, the chapter describes the most widespread methods used to measure
AMR (section 4.1). Then, it presents a number of strategies to enhance AMR surveil-
lance such as quantification of antimicrobial spectrum of activity (section 4.5) or esti-
mation of resistance trends through regression analysis (section 4.6). To conclude, the
chapter validates the outcomes obtained using the susceptibility test data provided by
the Imperial College Healthcare National Health Service Trust in London with those re-
ported by renown health care organizations and independent research articles within
the literature.

4.1 How to measure AMR?

The growing threat of antimicrobial resistance (AMR) is a leading patient health and
safety issue, with estimates that AMRwill be responsible formore than 10million deaths
by 2050 [1]. Amajor driver of AMR has been the misuse of antimicrobials in humans [2].
Whilst reasons for the misuse of antimicrobials are complex and multifaceted, a num-
ber of factors have been described and investigated. At the individual level, physicians
often prioritise the management of the patient being treated, paying little regard to the
long-term consequences of overusing antimicrobials [3]. Moreover, the majority of an-
timicrobials are prescribed by individuals who are not experts in infection management
andmayhave limited understanding of antimicrobials and the potential consequences of
AMR [2, 4–6]. At the hospital level, a number of barriers to the effective use of antimicro-
bials have been described, including the role of team hierarchies, functional communi-
cation and prescribing etiquette [7–9]. To address the challenges posed by AMR, the im-
portance of behaviour change interventions to improve the long-term use of antimicro-
bials in infection management has been recognised [8–10]. For such reason, numerous
health organizations have promoted antimicrobial surveillance to regulate prescriptions
within clinical practice. At national level, Public Health England implemented the En-
glish surveillance program for antimicrobial utilisation and resistance (ESPAUR) which
provides annual reports as a benchmark to determine appropriate local action [11–14].
At international level, the European Centre for Disease Prevention and Control through
the European antimicrobial resistance surveillance network (EARS-Net) has created the
largest publicly funded system for antimicrobial surveillance in Europe [15–18]. Fur-
thermore, the World Health Organization has recently implemented the global antimi-

53
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crobial resistance surveillance system (GLASS) [19] to strengthen the evidence base on
AMR and inform decision-making.

With increasing electronic recording of data, there is a growing interest in the po-
tential secondary use of microbiology records to provide the necessary information to
support antimicrobial stewardship programs [20]. These programs are crucial to guide
health care organizations designing evidence-based policies to combat AMR [21, 22]. In
particular, susceptibility reporting has shown to be a determinant data source to inform
empiric antimicrobial therapy selection [23]. The most widespread resistance measure-
ment is denoted as single antimicrobial resistance index (SARI) and evaluates the pro-
portion (or percentage) of hosts harbouring resistant pathogens within a certain popu-
lation (see left column in Table 4.1). In scenarios where a pathogen exhibits resistance
to numerous antimicrobials, the multiple antimicrobial resistance index is used to eval-
uate the ratio of antimicrobials to which a pathogen is resistant [24] (see middle col-
umn in Table 4.1). Moreover, the drug resistance index (DRI) aims to measure the pro-
portion of resistant pathogens by incorporating antimicrobial use information into the
equation [25] (see right column in Table 4.1). These metrics inform clinicians on overall
antimicrobial resistance levels; however, they overlook information such as resistance
tendency or seasonality. For such purpose, the previously explained indexes are com-
puted on consecutive and independent time intervals to produce resistance time series
signals. Unfortunately, these are predominantly analysed by means of visual graphs
with limited exploitation of computational algorithms to automate handling of large
datasets [1, 26, 27].

Table 4.1: Description of indexes to measure AMR.
Single Antibiotic Resistance

This index describes the proportion
of resistant isolates for a given set
of susceptibility tests. It provides a
value within the range [0,1] where
values close to one indicate high re-
sistance. It is agnostic to pathogen,
antibiotic and time. The variables R,
I and S represent the number of sus-
ceptibility tests with Resistant, Inter-
mediate and Susceptible outcomes
respectively. The definition might
vary slightly since the intermediate
category is not always considered.

SARI =
R + I

R + I + S

Multiple Antibiotic Resistance

This index describes the ratio of
antimicrobials tested (T) to which
a pathogen is resistant (R). It pro-
vides a value within the range [0,1]
where values close to one indicate
highmulti-drug resistance. It highly
depends on the antimicrobials to
which the pathogen is tested. Since
tested antimicrobials vary among
health care centres and time, com-
parison and analysis of its evolution
in time is not straight forward. In
addition, antibiotics which are in-
trinsically resistant should not be
considered.

MARI

∣∣∣∣
ISO

=
R

T

Drug Resistance

This index measures the proportion
of pathogens that are resistant to the
antimicrobials used to treat them. It
provides a value within the range
[0,1] where values close to one indi-
cate high resistant for frequent an-
timicrobials. The variable ρik is the
proportion of resistance among or-
ganism i to antimicrobial k and qik
is the frequency of drug k used to
treat organism i.

DRI

∣∣∣∣
PAT

=
∑
k

ρikqik

Keys: I=intermediate; R=resistant; S=sensitive; ISO=isolate; T=total; PAT=pathogen;
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4.2 Materials and methods

4.2.1 Susceptibility test data

Susceptibility test records (see Figure 4.1) are composed by laboratory identification
number (LID), patient identification number (PID), date, sample type or culture (e.g.
blood or urine), pathogen, antimicrobial, reported status and outcome (resistant, sensi-
tive or intermediate). In this research, the susceptibility test data were grouped firstly by
sample type. Moreover, for each sample type, the datawere grouped by pairs (pathogen-
antimicrobial) since it is widely accepted by clinicians as detailed in the UK five year
strategy in AMR [21].
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Figure 4.1: Susceptibility test record. It
is composed by metadata, sample type,
pathogen, antimicrobial and sensitivity
outcome (resistant, intermediate or sensi-
tive). LID=laboratory identification num-
ber; PID=patient identification number.

The data was provided by the Imperial Col-
lege Healthcare NHS Trust, which comprises
three separate hospitals, totalling 1500 beds and
serving a population of 2.5 million citizens.
Laboratory operating procedures followed na-
tional standards for microbiological investiga-
tion [28]; isolates were identified using API R©

(bioMèrieux) from 2009 to 2011 and byMALDI-
TOF spectroscopy (Biotyper R©, Brunker) from
2011 to 2015. The susceptibilities were deter-
mined by disc diffusion using BSAC criteria [29].
Results were de-duplicated for organisms re-
peatedly isolated from the same patient. The automated analysis presented in further
sections was performed on more than 3.5 million susceptibility tests for over 300,000
isolates corresponding to approximately 200,000 individuals.

4.2.2 Generation of resistance time series signals

In order to study the temporal evolution of AMR, it is necessary to generate a resis-
tance time series from the susceptibility test data. This is often achieved by computing
the resistance index on consecutive partitions of the data. Note that each partition con-
tains the susceptibility tests required to compute a resistance index. The traditional strat-
egy of dealing with partitions considers independent time intervals (see yearly, monthly
or weekly time series in Table 4.2). Unfortunately, this strategy forces to trade-off be-
tween granularity (level of detail) and accuracy. On one side, weekly time series are
highly granular but inaccurate. On the other hand, yearly time series are accurate but
rough. Note that the granularity is represented by the number of observations in a time
series while the accuracy is closely relatedwith the number of susceptibility tests used to
compute the resistance index. Conversely, the overlapping time intervals strategy drops
such dependence by defining a window of fixed size which is moved across time. The
length of the window is denoted as period and the time step as shift. For instance, three
time series obtained using the overlapping time intervals strategy with a monthly shift
(1M) and window lengths of 12, 6 and 3 have been presented for the sake of clarity (see
1M12, 1M6 and 1M3 in Table 4.2).
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Table 4.2: Description of strategies to generate resistance time series.

Independent time intervals

This is the traditional method used in antimi-
crobial surveillance systems where the time
spans considered are independent; that is, they
do not overlap (e.g. month or year).

Overlapping time intervals

This method is defined as a fixed region which
is moved across time to compute consecutive
resistance indexes. It is described by two pa-
rameters; the length of the region (period)
and the distance between consecutive win-
dows (shift).

Notation

The notation to define the time series genera-
tion methodology use is shiftperiod. Some ex-
amples are presented below.

shiftperiod Shift Period Type
1D1 Daily previous day I
7D1 Weekly previous week I
1M1 Monthly previous month I
12M1 Yearly previous year I
1M12 Monthly previous year O
1M6 Monthly previous 6 months O
1M3 Monthly previous 3 months O t (month)

t (year)

0 6 12 18 24 30 36

0 1 2 3

weekly (7D1)

monthly (1M1)

trimonthly (3M1)

yearly (12M1)

overlapping (1M12)... ...

overlapping (1M6)... ... ...

overlapping (1M3)... ... ... ...

Keys: D=day; M=month; I=independent time intervals; O=overlapping time intervals;

Thenotation to define the time series generationmethodology (shiftperiod) is described
with various examples in Table 4.2. For instance, 7D4 defines a time series with weekly
resistance indexes (7D) calculated using the microbiology records available for the pre-
vious four weeks (4x7D). It is important to note that some notations are equivalent rep-
resentations of the same susceptibility data at different granularities, hence their trends
are comparable. As an example, the trend estimated for 1M1 should be approximately
thirty times the trend estimated for 1D30.

4.2.3 Trend and stationarity in time series

An analysis of stationarity around a trend was carried out to identify time series sat-
isfying the assumptions posed byARIMA. The augmentedDickey–Fuller test (ADF)was
used to determine the presence of a unit root. When the other roots of the characteris-
tic function lie inside the unit circle the first difference of the process is stationary. Due
to this property, these are also called difference-stationary processes. Since the absence
of unit root is not a proof of non-stationarity, the Kwiatkowski–Phillips–Schmidt–Shin
(KPSS) test was used to identify the existence of an underlying trend which can also be
removed to obtain a stationary process. These are called trend-stationary processes. In
both, unit-root and trend-stationary processes, themean can be increasing or decreasing
over time; however, in the presence of a shock, trend-stationary processes revert to this
mean tendency in the long run (deterministic trend) while unit-root processes have a
permanent impact (stochastic trend). The significance level of the tests was set to 0.05.
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4.2.4 Pearson correlation coefficient

Itmeasures the linear correlation between twovariableswith a valuewithin the range
[-1,1]. Coefficient values of -1, 0 and 1 indicate total negative linear correlation, no linear
correlation and total positive correlation respectively. In this study, the coefficient is used
to assess whether or not there is a linear correlation between the number of observations
(susceptibility test records) and the computed resistance index.

4.2.5 Sigmoid function

The sigmoid function defines those mathematical functions with a characteristic ’S’-
shaped curve (see Figure 4.2). However, the term sigmoid function often refers to the
special case of the logistic function as stated in Equation 4.1 where α represents max-
imum value, β determines the steepness and γ the value in the x-axis of the sigmoid
midpoint. Although the domain of the sigmoid function contains all real numbers, most
often the return value is monotonically increasing in [0, 1] (or alternatively [-1, 1]).
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Figure 4.2: Sigmoid function. The sigmoid ex-
amples are from top to bottom: (i) percentiles
[0,100] (ii) percentiles [40,60] and (iii) per-
centiles [25,75] with thresholds [20,80]. The
scale (α=1) and shift (γ=0.5) remained constant.

f(x) =
α

1 + e−β(x−γ)
(4.1)

The confidence of a resistance index re-
lies on the number of susceptibility test re-
cords available. For such reason, the sig-
moid function has been used to define the
contribution of resistance indexes propor-
tionally to their population size. Lets con-
sider two vectors; one with the resistance
indexes (~r) and the other with the corre-
sponding number of susceptibility tests (~f ).
The implementation of the sigmoid func-
tion defines the steepness based on the per-
centiles of ~f (see Figure 4.2). The values
of the lower and upper percentile indicate
where the curve should begin to flatten.
Similarly, a threshold parameter based on
percentiles has been implemented. In this
case, the values of the lower and upper percentile define the region inwhich the sigmoid
function is computed. Outside this region either theminimum ormaximumweights are
returned. This function is used to define the weights in the weight least-squares regres-
sion further described in this chapter. In this way, the resistance indexes with extremely
low number of observations are discarded. On the contrary, reliable resistance indexes
are assigned the maximum weight regardless of the number of observations.

4.2.6 Statistical significance among regression methods

The statistical significance between the different scenarios was determined using the
non parametric test Wilcoxon-Mann-Whitney (also denoted Mann-Whitney U) were the
significance level was set to 0.05 to assess the robustness of the evaluated regression
analysis methods.
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4.2.7 Outline of the experiments conducted

This section briefly outlines the experiments further described in this chapter. For
such purpose, the experiments have been depicted graphically in Figure 4.3. The first
experiment provides an insight into the susceptibility test data provided by the Impe-
rial College NHS Trust. After this, the second experiment (Experiment II in figure 4.3)
computes and display the antimicrobial resistance rates. As such, the susceptibility test
data has been grouped in pairs pathogen-antimicrobial and the proportion of resistant
isolates have been computed. For the sake of clarity, an example describing the an-
timicrobial resistance rates for those pairs tested in urine cultures has been presented
(see the clustered heatmap in Figure 4.5). The third experiment (Experiment III in Fig-
ure 4.3) uses those previously computed resistance rates to measure the antimicrobial
spectrum of activity which refers to the range of microbe species that are susceptible
to these agents. As an example, the spectrum of activity for those antimicrobials tested
within urine cultures are presented (see Table 4.7). Note that the existing spectrum of
activity uses the ambiguous narrow-broad categorisation.

Susceptibility data Susceptibility data

Single
antimicrobial
resistance rate

(SARI)

Antimicrobial
spectrum of
activity

(ASAI)

Generation
of resistance
time series

(OTI)

Single
antimicrobial

resistance trend

(SART)

Urine cultures Urine cultures
Escherichia coli

(urine)
Escherichia coli

(blood)

Staphylococcus
aureus
(wound)

Experiment II Experiment III Experiment IV

Figure 4.3: Graphical description of the experiments. The experiments described
in this diagram are: (i) computation of antimicrobial resistance rates (ii) com-
putation of antimicrobial spectrum of activity and (iii) estimation of antimicro-
bial resistance trends. The experiments use susceptibility test data. SARI=single
antimicrobial resistance index; ASAI=antimicrobial spectrum of activity index;
OTI=overlapping time intervals; SART=single antimicrobial resistance trend;

To conclude, the last experiment (Experiment IV in Figure 4.3) aims to estimate the
antimicrobial resistance trend for individual pairs. As such, the susceptibility test data
is grouped into time intervals to generate a resistance time series. Then, the robustness
of various regression analysis techniques to estimate the antimicrobial resistance trend
is compared. To demonstrate the validity of the results three different scenarios have
been considered: Escherichia coli in urine cultures, Escherichia coli in blood cultures and
Staphylococcus aureus in wound cultures. The results obtained for these scenarios are
described and compared with those reported by national and international health care
organizations.
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4.3 Experiment I: Overview of susceptibility test data

This section provides an insight into the susceptibility test data provided by the Imperial
College London NHS Trust. The main variables within a susceptibility test record are
sample type, pathogen, antimicrobial and sensitivity outcome (see Figure 4.1). The anal-
ysis was performed onmore than 3.5 million susceptibility tests for over 300,000 isolates
corresponding to approximately 200,000 individuals.

Figure 4.4: Proportion of
sample types (cultures). The
proportion of cultures within
the susceptibility test data.
BLD=blood; SPT=sputum;
WOU=wound; URI=urine;
OTH=other.

A total of 3,510,472 susceptibility test records were
included in the dataset. From these records, the most
commonly requested sample types were urine (1,051,550;
30%), wound (911,297; 26%), sputum (244,348; 7%) and
blood (220,470; 6%). The remaining susceptibility test re-
cords (1,082,807; 31%) correspond to 114 different sample
types. Note that specimen collection is conducted on a
wide variety of sites which are closely related with the
source of the infection.

Themajority of susceptibility tests belong to a reduced
set of pathogens which are a common cause of infection
in the hospital. For the sake of clarity, the proportion of
records for the 10most commonpathogens have been pre-
sented in Tables 4.3 (urine), 4.4 (wound), 4.5 (sputum) and
4.6 (blood). For instance, in urine cultures Escherichia coli
(56%) is the most representative pathogen with more than
half of records. A similar result is depicted in wound cultures with Staphylococcus aureus
(51%). On the other hand, the proportions in both sputum and blood cultures are rela-
tively balanced with Pseudomonas aeruginosa (17%) and coagulase negative staphylococ-
cus (28%) as top pathogens respectively. It is surprising how the top 10 more commonly
tested pathogens hold the 90%, 81%, 75% and 79% of susceptibility test records in urine,
wound, sputum and blood respectively. Note that some of the codes presented in the
tables below correspond to the genus (KLEBS=Klebsiella) though the majority also spec-
ify the species (KPNE=Klebsiella pneumoniae). The codes used to represented organisms
and antimicrobials are described in Appendix D.

Table 4.3: Urine cultures

Organism Records

ECOL 586280 (56%)
ENTC 115926 (11%)
COLIF 105706 (10%)
PAER 26044 (2%)
BHSB 24572 (2%)
KPNE 20620 (2%)
PROTE 18544 (2%)
PMIR 18405 (2%)
CNS 18194 (2%)
SAUR 15216 (1%)

Description: The number of
records (percentage) for top
10 pathogens in urine.

Table 4.4: Wound

Organism Records

SAUR 464492 (51%)
PAER 77241 (8%)
COLIF 41700 (5%)
ECOL 38082 (4%)
NGON 25983 (3%)
LFC 19600 (2%)
BHSB 18761 (2%)
PSEUD 16501 (2%)
ENTC 16477 (2%)
ENTB 16476 (2%)

Description: The number of
records (percentage) for top
10 pathogens in wound.

Table 4.5: Sputum

Organism Records

PAER 42362 (17%)
SAUR 38928 (16%)
ECOL 24059 (10%)
HINF 17863 (7%)
KPNE 17723 (7%)
COLIF 12924 (5%)
KLEBS 8767 (4%)
SMAR 7895 (3%)
SPNE 7444 (3%)
ENTB 7286 (3%)

Description: The number
of records (percentage) for
top 10 pathogens in sputum.

Table 4.6: Blood cultures

Organism Records

CNS 60814 (28%)
ECOL 59315 (27%)
SAUR 20383 (9%)
KPNE 10298 (5%)
KLEBS 6697 (3%)
PAER 5186 (2%)
ENTC 3355 (2%)
MICROC 2998 (1%)
ENTB 2892 (1%)
AHS 2697 (1%)

Description: The number
of records (percentage) for
top 10 pathogens in blood.
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4.4 Experiment II: Antimicrobial resistance rates

This experiment computes the antimicrobial resistance rates (proportion of resistance
isolates as defined by SARI in Table 4.1) for specific pathogen-antimicrobial pairs. Note
that the resistance rates were computed independently for each sample type (e.g. urine
or blood). A graphical representation of the resistance rates for pairs tested in urine
samples is shown in Figure 4.5. The x-axis represents antibiotics (e.g. imipenem) and
the corresponding category (e.g. carbapenems). The y-axis represents the genus of the
pathogen (e.g pseudomonas) and the species (e.g. aeruginosa). The magnitude of the
resistance is described with different shades of red; the darker the shade the higher
the resistance. Each row describes the resistance of the pathogen to various antibiotics
(pathogen resistance profile). Similarly, each column describes the effectiveness of the
antibiotic against various pathogens (antibiotic effectiveness profile).

The pathogens (y-axis) and antibiotics (x-axis) presented in Figure 4.5 have been clus-
tered based on the similarity of the profiles. First, the similarity between either pathogen
resistance profiles (rows) or antimicrobial effectiveness profiles (columns)was computed
using the braycurtis distance. Then, the Weighted Pair Group Method with Arithmetic
Mean (WPGMA) agglomerative hierarchical clustering was applied. The arrangement
of the clusters produced is represented using dendograms (tree diagrams). In addition,
colour labels have been included to represent the clusters. For pathogens, the clusters
are the genera (e.g. klebsiella, pseudomonas or enterococcus). For the antibiotics, the
clusters are the categories (e.g. penicillins, carbapenems or cephalosporins).

A number of patterns within susceptibility testing arise from the results presented
in Figure 4.5. Firstly, two main areas are visible within the antimicrobial resistance heat
map (red shades). The main area (largest square) is formed from a wide variety of
pathogens (around 18 pathogens belonging to 10 different species) which are consis-
tently tested against the same group of antimicrobials. From these pathogens, approxi-
mately half (two citrobacters, three enterobacters, two serratia and one morganella) are
resistant to amoxicillin-clavunalate (AUG), cephalexin (CELX) and cefoxitin (CXT). Note
that ESBL are enzymes that mediate resistance to extended spectrum cephalosporins
and monobactams. Moreover, klebsiella (in particular Klebsiella pneumoniae – KPNE)
and Acinetobacter baumanni (ABAU) are resistant to the majority of the tested antimicro-
bials. The second area (rectangle on the top right) is formed by Staphylococcus saprophyti-
cus (SSAP), coagulase negative staphylococcus (CNS) and Staphylococcus aureus (SAUR).
These three pathogens are tested against the same set of antimicrobials and present very
similar resistance profiles. For instance, they are all highly resistant to penicillin and to
some extent to erythromycin. There are also spare pathogens and antimicrobialswithout
clear specific patterns.

To summarise, the antimicrobials selected for susceptibility testing highly depend on
the infectious pathogen. The hierarchical clustering method applied groups pathogens
with similar resistance profiles together. Moreover, the similarity between two patho-
gens is boosted when the same antimicrobials are tested. This is reflected by the appro-
priate grouping of the cluster labels representing the genera of pathogens.
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Figure 4.5: Antimicrobial resistance rates in urine cultures (clustermap). The x-
axis represents antibiotics (e.g. imipenem) and the corresponding category (e.g.
carbapenems). The y-axis represents the genus of the pathogen (e.g pseudomonas)
and the species (e.g. aeruginosa). The magnitude of the resistance is described
with different shades of red; the darker the shade the higher the resistance. Exclu-
sively those resistance rates calculated with at least a hundred isolates have been
displayed. Pathogens and antimicrobials were clustered using the Weighted Pair
Group Method with Arithmetic Mean (WPGMA) agglomerative hierarchical clus-
tering. The distance metric used was braycurtis. The arrangement of the clusters
produced through hierarchical clustering is represented using dendograms (tree di-
agrams). Colour labels have been included to facilitate visual identification of clus-
ters. For pathogens, the clusters represent genera (e.g. klebsiella, pseudomonas or
enterococcus). For the antibiotics, the clusters represent categories (e.g. penicillins,
carbapenems or cephalosporins).
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4.5 Experiment III: Antimicrobial spectrum of activity

The antimicrobial spectrum of activity refers to the range ofmicrobe species that are sus-
ceptible to these agents and therefore can be treated. In general, antimicrobial agents are
classified into broad, intermediate or narrow spectrum. Broad spectrum antimicrobials
are active against both Gram-positive and Gram-negative bacteria. In contrast, narrow
spectrum antimicrobials have limited activity and are effective only against particular
species of bacteria. While these profiles appeared in the mid-1950s, little effort has been
made to define them. Furthermore, such ambiguous labels are overused for different
and even contradictory purposes [30].

Recently, the antibiotic spectrum index (ASI) was defined to measure the spectrum
of activity of most common pathogens [31]. For such purpose, they assigned a point
value when the antimicrobial was effective to treat 12 conditions. The effectiveness was
assessed by infectious specialists and discrepancies were resolved through review of the
published data and pharmacy databases. The conditions varied in specificity such as
(i) treat enterococcus (ii) treat methicillin resistant Staphyloccus aureus or (ii) treat either
Enterobacter serriatia or citrobacter. In addition, two extra points were added for atypical
and multi-drug resistance. As a result the ASI score was an integer value within the
range [0,14]; that is, 15 possible categories. This categorization extends the widespread
narrow-broad classification, yet it is incomplete. First, it only considers a small subset of
common bacteria. Second, the values are still discrete (15 possible categories). Also, the
definition of effectiveness based on experts knowledge was vague and sub-optimal. As
such, the antimicrobial spectrum of activity index (ASAI) has been defined to quantify
the spectrum of activity automatically from susceptibility test data.

4.5.1 The antimicrobial spectrum of activity index

In order to compute the antimicrobial spectrum of activity index (ASAI), it is neces-
sary to previously obtain the overall resistance (SARI) for all the microbe-antimicrobial
pairs. Furthermore, by following the criteria used in the narrow-broad approach, these
pairs were grouped into Gram-positive and Gram-negative. The methodology to com-
pute the ASAI (see Figure 4.6) was applied to each category independently. Briefly, the
weighted proportion of species to which the antimicrobial is effective is computed for
each genus. These are later added up and normalized by the number of genera tested.
An antimicrobial is considered effective to treat a particular species when the corre-
sponding resistance index (SARI) is lower than a given threshold.

This process is definedmathematically in Equation 4.2where th is the effective thresh-
old,Ngn is the total number of genera,Ngn

sp is the total number of species for a particular
genus, wgn is the weight for the genus and wspgn is the weight of a species within a genus.
The weight parameters remained uniform for the examples presented in this section.
Note that pairs with inherent resistance, and therefore a SARI of 1, are not considered.
The ASAI ranges within the interval [0,1].
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Figure 4.6: Antimicrobial spectrum of activity: graphical description. The illus-
tration presents three different genus (Staphylococcus, Enterococcus and Streptococcus)
with a number of species. Genera are represented by colours and species through
different intensities. The single antimicrobial resistance index (SARI), the corre-
sponding partial contribution (cont) and the antimicrobial spectrum of activity in-
dex (ASAI) are also unveiled. An antimicrobial was considered effective when the
resistance (SARI) was below 20%.

ASAIth =
1

Ngn

∑
∀gn

wgn ·
(

1

Ngn
sp

∑
∀spgn

wspgn · effectiveth(SARIgnsp )

)
where∑

∀gn

wgn = 1
∑
∀sp

wspgn = 1 effectiveth(SARI) =

{
1 if SARI≤th
0 otherwise

(4.2)

4.5.2 Spectrum of activity summary for urine culture

The antimicrobial spectrum of activity has been presented for urine cultures since
it was the most frequent culture (30%) within the provided NHS data (see Table 4.7).
The table contains for each antimicrobial the Gram-negative (ASAIN) and Gram-positive
ASAIP) spectrum indexes. In addition, the antimicrobial categories in which they were
classified within the literature (see columns narrow, intermediate and broad) and the
overall spectrum category are presented. A graphical summary has been included to fa-
cilitate visualization (see graph on the right in Table 4.7). The geometric mean of ASAIN
and ASAIP was used to sort antimicrobials by combined spectrum of activity.

The data considered in this study was not collected purposely. As such, antimicro-
bials are often evaluated on those microbes to which they are known to be effective.
This behaviour might lead to bias. For such reason, the number of genera (Ngn) and
species (Nsp) to which an antimicrobial has been tested are presented for clarity. For
instance, widely accepted narrow-spectrum antibiotics such as vancomycin and ery-
thromycin were tested on just one Gram-negative species (Escherichia coli). Moreover,
aztreonamwas not tested onGram-positivemicrobes. These irregularities have not been
included in the graphical summary (see † in Table 4.7).
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Table 4.7: Antimicrobial spectrum of activity (ASAI) summary in urine cultures.
Antimicrobial ASAIN (Ngn–Nsp) ASAIP (Ngn–Nsp) Narrow Intermediate Broad Category

−1 −0.5 0 0.5 1

ASAIN ASAIP

Tazocin (TAZ) 71.4 (7–22) 100.0 (3–4) [32, 33] Broad
Meropenem (MER) 83.9 (7–22) 75.0 (4–5) [32, 33] Broad
Amikacin (AMI) 75.0 (8–23) 66.7 (3–4) Broad
Ceftazidime (CAZ) 64.0 (7–22) 66.7 (3–4) [32] Broad
Ertapenem (ERT) 56.7 (6–18) 75.0 (4–5) Broad
Amoxicillin (AMO) 50.0 (4–5) 73.8 (5–27) [34] [32] Intermediate
Gentamicin (GEN) 63.7 (9–24) 54.0 (6–27) [33] Intermediate
Tigecycline (TIG) 33.3 (3–5) 100.0 (2–4) Intermediate
Amoxicillin-Clavunalate (AUG) 38.1 (7–18) 86.3 (6–31) [34] [33] Intermediate
Nitrofurantoin (NIT) 36.2 (7–17) 66.7 (6–32) [33] Intermediate
Cefotaxime (CTX) 24.7 (5–18) 75.0 (4–5) Intermediate
Cephalexin (CELX) 33.3 (6–14) 54.2 (6–29) Intermediate
Ciprofloxacin (CIP) 34.9 (9–25) 27.0 (6–26) [32, 35] Intermediate
Mecillinam (MEC) 17.5 (6–18) 50.0 (2–3) Intermediate
Cefoxitin (CXT) 11.7 (5–16) 68.6 (4–8) [34] Intermediate
Trimethoprim (TRI) 20.1 (8–20) 13.8 (5–29) [34] [33] Intermediate
Vancomycin (VAN) 100.0 (1–1)† 75.0 (5–25) [33, 34] Narrow
Aztreonam (AZT) 41.5 (7–10) – [34] [32] Narrow
Clindamycin (CLI) 100.0 (1–1)† 36.0 (5–27) [33] Narrow
Erythromycin (ERY) 100.0 (1–1)† 34.0 (5–26) Narrow

† represents insufficient number of species not displayed in graphical summary.
Note: The effective threshold was set at 0.05.
Note: The antimicrobials have been sorted using the geometric mean of the indexes.
Keys: ASAIN=antimicrobial spectrum of activity index for Gram-negative; ASAIP=antimicrobial spectrum of activity index for Gram-positive;
Ngn=number of genera; Nsp=number of species;

In overall, the computed antimicrobial spectrum of activity indexes align with those
reported in the literature (see Table 4.7). Note that the antimicrobial effectiveness (see
Equation 4.2) was assessed based on the hospital-specific resistance rates previously
computed. Thus, the antimicrobial spectrum of activity is also tailored to the local resis-
tance patterns. In addition, it provides deeper understanding of the antimicrobial cover-
age for the different groups under analysis. For instance, the graph in Table 4.7 displays
the effectiveness of the antimicrobials for the two groups selected: Gram-positive and
Gram-negative. This approach can be applied to any number of groups.

4.5.3 Enhancing traditional antimicrobial spectrum categorization

Empirical therapies commonly rely on broad spectrum antimicrobials to provide
treatment active to most likely microbes. As such, these therapies need to cover all po-
tential resistant pathogens. Later, these broad-spectrum therapies are streamlined (i.e.
de-scalated) on the basis of microbiological data and clinical response. However, the
existing categorization based on the terms broad and narrow applied to the spectrum
of antimicrobials has been reported to be ambiguous and sometimes misleading and
therefore needs revision [30, 36]. Antimicrobials are often assigned to a different cat-
egory depending on the study (see Table 4.7). This ambivalence mostly occurs when
an antimicrobial lies within contiguous categories. For instance, incertitude within the
intermediate-broad region (amoxicillin, trimethoprim or amoxicillin-clavulanate) is fre-
quent. This issue also occurs in the narrow-intermediate region (trimethoprim). To re-
solve such ambiguity, the ASAI provides a continuous numerical value within the range
[0,1]. On the other hand, the study domain might also produce the aforementioned
ambiguity. For instance, aztreonam which is commonly considered a narrow spectrum
antimicrobial was assigned to the broad category in [32]. Since the focus of the previ-
ous study was to rank the activity of 10 broad spectrum antimicrobials against Gram-
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negative bacteria, such miscategorization from narrow to broad is justifiable. Note that
in the results (see Table 4.7) the activity of aztrenonam against Gram-negative bacteria
(41.5) is higher than many other antimicrobials. In order to address such ambiguity,
the problem domain has been divided into two sub-domains (Gram-positive and Gram-
negative) yet any number of domains can be selected.

To conclude, it is essential to emphasize that the choice of antimicrobial should be
guided by the targeted organs [30] and the corresponding local or national resistance
surveillance data. This is crucial since the disparate levels of resistance around the
world [1] directly affect the spectrum of activity of the antimicrobials.
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4.6 Experiment IV: Antimicrobial resistance trends

The diagram in Figure 4.7 describes the methodology implemented to estimate secular
trends in AMR from susceptibility data. Since data corruptionmight occur in clinical en-
vironments, those susceptibility test records wrongly reported (human or device errors)
or duplicated were discarded. The remaining records were divided into combinations
(tuples defined by sample type, pathogen and antimicrobial) for which a resistance time
series signal was generated using either independent or overlapping time intervals (see
subsection 4.2.2). The time series were linearly interpolated to fill sporadic missing val-
ues. No additional filters or preprocessing steps were applied. An analysis of stationar-
ity around a trend was carried out to identify interesting combinations and regression
analysis was used to quantify its tendency.

stationarity

time-series generation

trend estimation

Microbiology

data

Cleaning
Independent

time-spans

Overlapping

time-spans Decompose

Missing

...

Smooth

Combination

ADF

KPSS
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OLS

WLS

ARIMA(p,1,q)

R
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u
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Figure 4.7: High-level methodology diagram for antimicrobial resistance trend
estimation. It is composed by three main sections: time series generation (yellow),
stationarity analysis (orange) and trend estimation (green). The stationarity analysis
was performed using the Augmented Dickey-Fuller (ADF) and the Kwiatkowski-
Phillips-Schmidt-Shin (KPSS) tests to identify root-stationary and trend-stationary
time series signals. The regression analysismethods consideredwere ordinary least
squares (OLS), weighted least squares (WLS) and autoregressive integratedmoving
average (ARIMA).

4.6.1 Regression analysis for trend estimation

The linear model (see Equation 4.3) has been selected to quantify resistance tendency
for several reasons: (i) the development of resistance in pathogens is an evolutionary
response to the selective pressure of antimicrobials, hence large variations in short pe-
riods (e.g. consecutive days or months) are not expected (ii) the slope parameter can
be directly translated to change over time increasing its practicability and (iii) the off-
set parameter is highly related with the overall resistance. Hence, the response variable
in regression analysis (resistance index) is described by the explanatory variable (time).
The slope (m) ranges within the interval [-1,1] where sign and absolute value capture
direction and rate of change respectively. The unit of the slope is represented by ∆y/∆x.
It has been denoted as Single Antimicrobial Resistance Trend (SART).

y = mx+ n where m =
yt+1 − yt
xt+1 − xt

(4.3)
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Least Squares Regression
The optimization problem in ordinary least squares (OLS) regressionminimizes the least
square errors to find the best fitting model as described in Equation 4.4. These errors
(εi) are often called residuals and represent the differences between observed (y) and
estimated (y′) variables. Ordinary least squares assumes identical weights (wi) and in-
dependently distributed residuals with a normal distribution.

min
m,n

T∑
i=1

w2
i ε

2
i where εi = yi − y′i = yi− (mxi + n) (4.4)

It is frequent to observe that some residuals might have higher variance than others,
meaning that those observations are effectively less certain. To contemplate such vari-
ability, weighted linear squares (WLS) regression (see Equation 4.4) applies a weighting
function to the residuals. The confidence of the computed resistance index (observed
variable) relies on the number of susceptibility test records manipulated. Hence, the
sigmoid function has been used to define weights proportional to the population size.

Autoregressive Integrated Moving Average
An autoregressive integrated moving average (ARIMA) model is a generalization of an
autoregressive moving average (ARMA) model which can be also applied in scenarios
where data show evidence of non-stationarity. The autoregressive (AR) part expresses
the variable of interest (resistance index) as a function of past values of the variable.
The moving average (MA) indicates that the regression error is a linear combination of
error terms which occurred contemporaneously and at various times in the past. An
ARIMA(p,d,q) model is defined as shown in Equation 4.5, where p is the number of
autoregressive terms, d is the number of differences needed for stationarity, q is the
number of lagged forecast errors, and φ and θ are the coefficients of the model.

y′t = µ+

p∑
i=1

φiyt−i −
q∑
j=1

θjyt−j (4.5)

The interpretation of the parameter µ depends on the ARIMA model used for the
fitting. In order to estimate the linear trend, it was interesting to consider exclusively
MA models so that the expected value of µ was the mean of the one-time differenced
series; that is, the slope coefficient of the un-differenced series. The Bayesian information
criterion (BIC) was used to select the best ARIMA(0,1,q) model, being the one with the
lowest BIC the preferred.

4.6.2 Analysis of the robustness of the methods

The process to generate a resistance time series signal from susceptibility data is de-
fined by two parameters: shift and period. Regardless of the value of these parameters,
the estimated trends should be independent of the granularity (shift) and show a con-
sistent change when time spans overlap (period). In order to evaluate whether or not
the regression methods provide coherent results for different shiftperiod configurations,
the absolute difference between paired trends (SART distances) has been computed. The
distribution of such distances is shown in Figure 4.8 for consecutive periods (left) and
various granularities (right). Lower values indicate higher consistency in the estimation
of trends.
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Figure 4.8: Distribution of paired Single Antimicrobial Resistance Trend (SART)
distances. Comparison of ordinary least squares (OLS), weighted least squares
(WLS) and autoregressive integrated moving average (ARIMA) in the following
scenarios: consecutive periods (left) and equivalent granularities (right). A graph
including exclusively OLS and WLS has been added on the latter to facilitate their
comparison. The x-axis represents couplets of configurations to generate resistance
time series under comparison.

Consistency of estimated trends for consecutive time spans
The length of the period determines the amount of susceptibility test records accounted
to compute the resistance index. Lengthy periods provide smoother time series which
are better approximated by the linear model, especially when overlapping time periods
are considered. As a consequence, the SART distances decrease as shown by the median
of the distributions (see left graph in Figure 4.8). This behaviour is consistent in OLS and
WLS. However, it is worth highlighting the irregularities shown by ARIMA. Themedian
and quartiles of the distributions indicate thatWLS produces themost stable results and
it is followed closely by OLS. Nonetheless, there is a considerable gap between these two
methods and ARIMA. All the distances estimated by WLS were significantly smaller
(p<0.001) than those obtained using OLS and ARIMA.

Consistency of estimated trends for equivalent granularities
The SART measures ratio of change per time unit. Therefore, the monthly trend should
be approximately four times the weekly trend and thirty times the daily trend. These
correspondences are shown in Figure 4.8. Firstly, it is important to notice the substantial
variation in the distribution of SART distances, which is one order of magnitude larger
for ARIMA. Consequently, ARIMA has not been further considered for trend estima-
tion. For the sake of clarity, the distribution of SART distances for OLS and WLS have
been represented separately (see right graph in Figure 4.8). WLS presents the best per-
formance in terms of granularity and the disparity with OLS is particularly visible for
those scenarios in which independent time periods are used (1M1 and 7D1). All the dis-
tances estimated byWLSwere significantly smaller (p<0.001) than those obtained using
OLS and ARIMA.

To summarise, weighted least squares is robust against changes in the granularity of
the generated time series. For this reason, the antimicrobial resistance trends obtained
for three combinations is presented and compared with those reported by national and
international organizations.
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4.6.3 Escherichia coli: AMR in urine cultures

Escherichia coli (ECOL) is a Gram-negative bacteria and most strains are harmless be-
ing part of the normal flora of the gut. However, virulent strains can cause gastroenteri-
tis, urinary tract infection or meningitis. E. coli is responsible for more than 85% of all
urinary tract infections. There is an alarming resistance to ampicillin (69.6%), cefotaxime
(60.8%), ceftazidime (57.3%) and trimethoprim (37.8%) with equivalent results in other
studies (see Table 4.8). Furthermore, there has been a noticeable increase in resistance to
cephalexin (0.7%), ciprofloxacin (0.6%) and trimethoprim (0.4%). Conversely, resistance
to ampicillin (0.5%) and amoxicillin-clavulanate (0.2%) is positive yet not significant since
the confidence intervals contain 0. Note the large variations in resistance to ampicillin
along the years (see time series in Figure 4.8) which may be caused by external factors
such as sample population at that period, advances in technology or policy changes.
Nitrofurantoin is often identified as one of the most active agents to treat E. coli with
resistance rates within the range 3.7-6% in 2003-2008 [37, 38], further stabilized to 3%
in 2015-2017 [12, 14]. These rates harmonize with those presented in the corresponding
resistance time series and the estimated marginally decreasing trend (-0.1%). While the
resistance rate to nitrofurantoin (2.7%) is low, there are antimicrobials with even lower
rates such as ertapenem (2.0%) or amikacin (1.1%). Furthermore, second-generation car-
bapenems show negligible resistance rates; meropenem (0.2%) and imipenem (0.2%).

Table 4.8: AMR summary for Escherichia coli in urine samples.
Antimicrobial R(%) (95% CI) References TM(%) (95% CI) References TY(%) Pearson Isolates

Cephalexin (CELX) 11.1 (10.9, 11.3) 0.055 (0.045, 0.065) 0.7 ↑ -0.25 79090
Ciprofloxacin (CIP) 16.3 (16.0, 16.5) [37, 39] 0.046 (0.031, 0.062) [14, 39] 0.6 ↑ -0.46 79239
Ampicillin (AMPC) 69.6 (68.2, 70.9) [39] 0.038 (-0.058, 0.134) 0.5↔ -0.18 4729
Trimethoprim (TRI) 37.8 (37.4, 38.1) [12][37][38][39] 0.033 (0.020, 0.046) [39] 0.4 ↑ -0.14 79133
Amoxicillin-Clavulanate (AUG) 10.9 (10.7, 11.2) 0.018 (-0.022, 0.059) 0.2↔ -0.42 79093
Meropenem (MER) 0.2 (0.1, 0.3) 0.002 (-0.002, 0.006) 0.0↔ 0.02 9875
Nitrofurantoin (NIT) 2.7 (2.6, 2.8) [12][37][38][39] -0.006 (-0.013, 0.001) -0.1↔ -0.18 79108
Amikacin (AMI) 1.1 (0.9, 1.2) -0.011 (-0.022, 0.000) -0.1↔ -0.23 9786
Cefotaxime (CTX) 60.8 (59.9, 61.8) -0.012 (-0.083, 0.059) -0.1↔ 0.01 9803
Tazocin (TAZ) 24.2 (23.3, 25.0) [37] -0.023 (-0.078, 0.032) -0.3↔ 0.01 9878
Gentamicin (GEN) 9.3 (9.1, 9.5) [38] -0.033 (-0.061, -0.005) -0.4 ↓ -0.62 63399
Ertapenem (ERT) 2.0 (1.7, 2.3) -0.033 (-0.050, -0.017) -0.4 ↓ -0.31 8882
Ceftazidime (CAZ) 57.3 (53.3, 58.2) -0.038 (-0.113, 0.037) -0.5↔ -0.04 9810
Mecillinam (MEC) 5.4 (4.9, 5.8) -0.048 (-0.071, -0.024) -0.6 ↓ -0.29 9083
Cefoxitin (CXT) 26.0 (25.1, 26.8) -0.069 (-0.123, -0.016) -0.8 ↓ 0.15 9798

Keys: CI=confidence interval; R=resistance; TM=monthly trend; TY=yearly trend; ↑=significant increase; ↓=significant decrease.
Significance: A trend is significant if the CI does not include 0.
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Figure 4.9: AMR summary for Escherichia coli in urine samples.
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4.6.4 Escherichia coli: AMR in blood cultures

The national mandatory surveillance program has reported a consistent rise in the
number of incidences of E. coli bacteremia in England [14]. Furthermore, the majority of
antimicrobials under surveillance also presented an increase in resistance rates over the
last years (see Table 4.9). Such rise is particularly significant for amoxicillin-clavulanate
(4.3%) and trimethoprim (2.3%). The resistance trend for amoxicillin-clavulanate is sig-
nificant yet the pearson coefficient indicates a high correlation between the number of
records and the estimated resistance index. The introduction of MALDI-TOFmass spec-
trometry in 2011 might have caused this effect (see amoxicillin-clavulanate time series
in Table 4.9). The high proportion of resistant isolates presented for these two antimi-
crobials (47.5% and 47.2% respectively) is only surpassed by amoxicillin (72.7%). Thus,
there should be concerns on their use in clinical practice. Ciprofloxacin presents the
fourth highest proportion of resistant isolates (35.2%) which has slightly decreased in
recent years [26]. In contrast, surveillance in carbapenems shows negligible resistance
rates which have remained constant over the years [14]. For instance, meropenem and
ertapenem resistance rates (0.5% and 1.2%) and trends (0.0% and -0.1%) are shown below.

Table 4.9: AMR summary for Escherichia coli in blood samples.
Antimicrobial R(%) (95% CI) References TM(%) (95% CI) References TY(%) Pearson Isolates

Amoxicillin-clavulanate (AUG) 47.5 (45.8-49.2) [12, 14] 0.359 (0.249, 0.470) [12] 4.3 ↑ 0.64 3317
Trimethoprim (TRI) 47.2 (45.4–49.1) 0.190 (0.079, 0.301) 2.3 ↑ 0.01 2774
Cefoxitin (CXT) 11.5 (10.4–12.6) 0.041 (-0.006, 0.089) 0.5↔ 0.22 3316
Tazocin (TAZ) 13.7 (12.6–14.9) [12, 14, 40] 0.006 (-0.040, 0.052) [12, 14, 40] 0.1↔ -0.08 3321
Tigecycline (TIG) 1.7 (1.2–2.2) 0.002 (-0.026, 0.030) 0.0↔ 0.45 2734
Gentamicin (GEN) 16.6 (15.3–17.8) [11, 14] 0.000 (-0.044, 0.045) [11, 14] 0.0↔ -0.12 3322
Meropenem (MER) 0.5 (0.3–0.8) [11, 12, 14, 40] -0.001 (-0.020, 0.018) [11, 12, 14, 40] 0.0↔ -0.05 3280
Temocillin (TEM) 11.1 (10.0–12.2) -0.002 (-0.086, 0.082) 0.0↔ 0.42 3044
Ertapenem (ERT) 1.2 (0.8–1.6) -0.005 (-0.025, 0.016) -0.1↔ -0.28 2992
Aztreonam (AZT) 19.6 (18.1–21.0) -0.012 (-0.077, 0.052) -0.1↔ -0.26 2925
Amoxicillin (AMO) 72.7 (71.2–74.2) -0.017 (-0.085, 0.051) -0.2↔ -0.06 3319
Amikacin (AMI) 1.6 (1.2–2.1) -0.018 (-0.041, 0.006) -0.2↔ -0.23 3044
Ceftazidime (CAZ) 19.3 (17.9–20.6) [11, 26] -0.019 (-0.065, 0.027) [26] -0.2↔ -0.33 3323
Cefotaxime (CTX) 20.3 (18.9–21.7) [11, 26] -0.021 (-0.070, 0.027) [26] -0.3↔ -0.31 3201
Ciprofloxacin (CIP) 35.2 (33.6–36.8) [11] -0.035 (-0.017, 0.037) -0.4↔ -0.35 3320
Cefuroxime (CXM) 24.2 (22.8–25.7) -0.080 (-0.137, -0.024) -1.0 ↓ -0.39 3320
Tobramycin (TOB) 22.1 (20.6–23.6) -0.099 (-0.188, -0.010) -1.2 ↓ -0.65 2832
Colistin (COL) 4.0 (3.3–4.8) -0.208 (-0.274, -0.141) -2.5 ↓ -0.37 2606

Keys: CI=confidence interval; R=resistance; TM=monthly trend; TY=yearly trend; ↑=significant increase; ↓=significant decrease.
Significance: A trend is significant if the CI does not include 0.
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Figure 4.10: AMR summary for Escherichia coli in blood samples.
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4.6.5 Staphylococcus aureus: AMR in wound cultures

Staphylococcus aureus (SAUR) is a Gram-positive bacteria typically found in the respi-
ratory tract and the skin. It is a leading cause of bloodstream infections [41, 42], generally
associated with breakages in the skin due to surgery, injury or use of intra-vascular de-
vices such as catheters. Therefore, it is frequently acquired in hospitals [43]. Penicillin-
resistant isolates were recognised in 1942 [44] reaching a proportion of 80% by late 1960s.
Nowadays, the resistance rate to penicillin (89.4%) is the highest and has shown an in-
creasing trend (0.6%) over the last years. There was also an emergence of methicillin-
resistant Staphylococcus aureus (MRSA). It was first reported in a British hospital and be-
came a worldwide problem in clinical medicine [26] with a peak of 43% in 2001 [45]. The
Department of Health in England made reduction in rates of MRSA a priority with im-
provement of surveillance as one of their first actions. This led to a decrease in the num-
ber of resistant cases reported [46]. This decrease continued in 2012-2015 [12, 47] and
coincides with the negative trend (-1.1%) presented in Table 4.10. Nowadays, approxi-
mately 15.3% of isolates are methicillin-resistant [12]. Also, there should be concerns on
antimicrobials such as erythromycin (26.0%) and clindamycin (22.4%) with higher resis-
tance rates and no further evidence of improvement. Moreover, while resistance rates to
trimethoprim are not very high (10.1%), it has presented a noticeable rise (0.6%) in the
last years. Since trimethoprim is clinically valuable to treat skin and soft tissue infections
caused byMRSA, such rise constitutes a potential threat. On the other hand, rifampicin-
containing treatments are known to improve outcomes in Staphylococcal wound infec-
tions presenting the lowest resistance rate (1.7%) and a constant trend (0.0%) [48].

Table 4.10: AMR summary for Staphylococcus aureus in wound samples.
Antimicrobial R(%) (95% CI) References TM(%) (95% CI) References TY(%) Pearson Isolates

Trimethoprim (TRI) 10.1 (9.8, 10.4) 0.052 (0.026, 0.077) 0.6 ↑ 0.10 33525
Penicillin (PEN) 89.4 (89.1, 89.7) 0.050 (0.034, 0.065) 0.6 ↑ 0.19 39901
Rifampicin (RIF) 1.7 (1.5, 1.8) [48] 0.001 (-0.015, 0.017) [48] 0.0↔ 0.23 35141
Mupirocin (MUP) 2.5 (2.3, 2.6) -0.001 (-0.020, 0.017) 0.0↔ -0.39 33716
Gentamicin (GEN) 4.1 (3.9, 4.3) -0.003 (-0.023, 0.018) 0.0↔ -0.16 35255
Clindamycin (CLI) 22.4 (22.0, 22.8) -0.016 (-0.034, 0.001) -0.2↔ -0.24 39962
Tetracycline (TET) 9.7 (9.4, 10.0) -0.018 (-0.041, 0.004) -0.2↔ 0.15 35429
Fusidic acid (FUS) 14.5 (14.2, 14.9) -0.025 (-0.044, -0.006) -0.3 ↓ 0.04 39918
Erythromicin (ERY) 26.0 (25.6, 26.5) -0.032 (-0.049, -0.015) -0.4 ↓ -0.24 39971
Methicillin (MET) 15.3 (14.9, 15.7) [12] -0.090 (-0.113, -0.068) [12] -1.1 ↓ -0.45 39950
Ciprofloxacin (CIP) 20.1 (19.7, 20.5) -0.116 (-0.156, -0.075) -1.4 ↓ -0.62 35227

Keys: CI=confidence interval; R=resistance; TM=monthly trend; TY=yearly trend; ↑=significant increase; ↓=significant decrease.
Significance: A trend is significant if the CI does not include 0.

TRIMETHOPRIM

PENICILLIN

18 

10 

0 1936 

93 

89 

84 1948

ERYTHROMYCIN

METHICILLIN

41 

26 

17 1957 

1951 

2009 2015

2009 20152009 2015

2009 2015

(SAUR, TRI) 
(SAUR, PEN) 

(SAUR, RIF) 
(SAUR, MUP) 
(SAUR, GEN) 
(SAUR, CLI) 
(SAUR, TET) 
(SAUR, FUS) 
(SAUR, ERY) 

(SAUR, MET) 
(SAUR, CIP) 

    Trend     Index     Pearson 

-1 1 0 0.5 1 -1 0 1 

46

15 
10 

Resistance (%)Trend (TY) Pearson

Figure 4.11: AMR summary for Staphylococcus aureus in wound samples.
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4.7 Discussion

Antimicrobial surveillance is the cornerstone to strengthen the knowledge and evidence
base to assess the burden of antimicrobial resistance. For this reason, international health
care organizations have instigated research to understand the causes and consequences
of AMR [19]. The conducted research, which gathered valuable information on resis-
tance rates, incidences, prevalence and resistance trends, reported disparate levels of
resistance around the world [1] and also within the UK [11–14]. However, there are
significant gaps in the information available. Thus, it is necessary to develop stronger
strategies to streamline antimicrobial surveillance and networks to facilitate information
sharing.

4.7.1 Susceptibility testing: behaviour and guidelines

The number of susceptibility tests recorded among combinations varies considerably.
The disparity among pathogens is induced by the hospital occurrence rate; leading to
higher number of tests for pathogens which are a common cause of infection in hospi-
tal patients. On the other hand, hospital guidelines promote susceptibility testing on a
small group of antimicrobials which are likely to be effective, causing the correspond-
ing disparity. Surveillance outcomes are valuable to guide and support antimicrobial
therapy selection for combinations that have been thoroughly studied. Unfortunately,
the number of susceptibility tests available for a large proportion of combinations is in-
sufficient to draw reliable conclusions. Hence, identifying changes in the effectiveness
of antimicrobials could serve as biased evidence to motivate the inclusion of potentially
hazardous combinations into existing guidelines.

4.7.2 Advantages of overlapping time intervals in surveillance

Antimicrobial surveillance is performed at different levels (e.g. local or national) and
it is greatly affected by the size of the dataset considered. Versatile yet efficient analytic
methods are required in those scenarios where data access or availability is restricted,
such as clinical research. The main advantages of overlapping time intervals are: (i) it
is a flexible approach which enables to adjust granularity and accuracy (ii) resulting
time series are visually more legible and insightful (iii) enables the study of short-time
variations in contrast to current mechanisms using sparse data points (years apart) and
(iv) the outcomes are more consistent. On the other hand, it might originate certain
relationship between consecutive observations as data is partially shared. Overall, this
step is optional and might be particularly useful in scenarios where data is limited but
decent levels of granularity are still required.

4.7.3 Regression analysis: benefits and drawbacks

Ordinary least squares (OLS) is perhaps the most popular method for trend estima-
tion and has shown consistent results in our study. However, it is known to be greatly
affected by outliers. To palliate this effect, weighted least squares (WLS) has been consid-
ered to reduce the contribution of outliers by considering the number of susceptibility
tests available. Autoregressive integrated moving average (ARIMA) is a very popular
suite of models which has proven to be robust in short-term forecasting. However, it has

72



4.7. DISCUSSION

two main limitations: (i) requires stationary time series and (ii) parameter tuning is not
straightforward. Altogether, WLS was selected as the preferred method for trend esti-
mation since it presented the best performance. Furthermore, it is easy to understand
and implement increasing its practicability.

4.7.4 The importance of surveillance data

Despite global antimicrobial surveillance becoming a priority in recent years, ho-
mogeneity of antimicrobial policies does still produce different antimicrobial resistance
outcomes [49]. For instance, it is widely documented that resistance rates are consider-
ably higher in London than in the rest of UK, emphasizing the significance of local AMR
surveillance. Health care organizations benefit from data on rates of antimicrobial resis-
tance inmany different ways: (i) contributes to the evidence base used for formulation of
treatment guidelines from national to hospital unit levels (ii) can be used to assess the ef-
fectiveness and impact of interventions and (iii) has a key role in detecting the emergence
and spread of previously uncommon or completely novel types of resistance. Further-
more, AMR surveillance plays a major role in patient management by providing data
that influences clinical decision-making. Since it guides antimicrobial selection for em-
pirical treatment could be an important clinical aid at point of care. For such reason, this
information will be integrated in Enhanced Personalized and Integrated Care for Infec-
tionManagement at Point of Care (EPiC IMPOC), amodular intelligent decision support
systemwhich aims to assist clinicians at the different stages of the infectionmanagement
pathway [50, 51].

4.7.5 Limitations

The data considered in this study was not collected purposely and therefore a num-
ber of issuesmight arise. Firstly, the number of susceptibility tests recorded among com-
binations varies considerably. In fact, the majority of combinations did not have enough
observations to provide reliable results. For this reason, exclusively results obtained for
combinations with more than one thousand observations were presented. In addition,
no information was provided as to whether specimens were collected in the hospital or
primary care. Note that amix of hospital-acquired and community acquired casesmight
difficult the interpretation of the results. Moreover, no additional information such as
the underlying disease or the patient outcome was provided to support the suscepti-
bility test data. This information is extremely useful to curate the date appropriately.
For instance, microbiology cultures might contain pathogens which are not causing and
infection and therefore present a conflicting AMR patterns.

Regarding pathogen and antimicrobial identification, a code system was included
in the data. The majority of pathogens were identified at the species level. However,
sometimes this information was provided at genus level. This is a clear limitation since
different species from a common genus often present different resistant patterns. As
such, the results provided at genus level could be biased. Similarly, external factors such
as changes in susceptibility testing policies (e.g. MIC breakpoints), technology or out-
breaks. For instance, the introduction of MALDI-TOF mass spectrometry in 2011 might
have affected the number of microbiology tests requested by clinicians. However, while
testing relies on hospital policies, suspicion of infection was assumed for all microbiol-
ogy tests requested.
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The provision of additional information such as the underlying disease, related vital
signs and symptoms or the patient outcome could be useful to curate the data to obtain
more specific and therefore informative results. However, the focus of this chapter is
not to provide information about an specific condition but rather to delineate a generic
methodology that can be applied to any susceptibility test dataset to extract AMR related
information.

4.8 Conclusions

Surveillance is the cornerstone for assessing the burden of antimicrobial resistance and
strengthens knowledge for action in support of stewardship program strategies by im-
proving existing guidelines. The efficient use of susceptibility data provided by the
overlapping time spans drops the dependence between granularity and accuracy of tra-
ditional surveillance systems. The robustness of weighted least squares regression fa-
cilitates resistance trend estimation and could be used to enhance existing surveillance
systems which exclusively focus on resistant rates. Furthermore, there is an opportu-
nity to investigate seasonal or other cyclic variations. Automating and facilitating access
to antimicrobial surveillance reports through clinical decision support systems would
enhance awareness among clinicians and possibly have an impact on antimicrobial pre-
scription practices.
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5
CASE-BASED REASONING

This chapter describes research towards the implementation of a decision support mod-
ule to assist physicians in antimicrobial therapy selection. For such purpose, the chap-
ter provides a brief introduction to the case-based reasoning (CBR) methodology (sec-
tion 5.1). After this, the methodology used to generate the CBR models is explained;
from the definition of distance (subsection 5.2.1) and similaritymetrics (subsection 5.2.3)
to the evaluation of the performance of the models in the context of information re-
trieval (subsection 5.2.5) and classification (subsection 5.2.6) problems. In particular,
three experiments have been undertaken: an exceedingly simple scenario using the iris
flower dataset (section 5.3), an imbalance scenario using the Escherichia coli protein loca-
tion dataset (section 5.4) and an antimicrobial therapy selection trial within the intensive
care unit the evaluate the system (section 5.5). To conclude, findings are discussed (sec-
tion 5.6) and the main conclusions summarised (section 5.7).

5.1 The case-based reasoning methodology

The aim of CBR is to solve new problems based on the solutions of similar past prob-
lems in form of cases. CBR is considered as a methodology to follow rather than an
algorithm in itself. Initially, the CBR methodology requires a set of cases or training ex-
amples denoted as case-base. Then, for a specific query, the CBR cycle is divided in four
different phases (see Figure 5.1). The first phase retrieves from the case-base those cases
that are relevant based on a predefined utility measure. In the second phase, advice
is provided by reusing solutions from retrieved cases. This phase might involve adapt-
ing or combining solutions to fit the target problem. Subsequently, the query case is
monitored to assess the validity of the solution applied. Finally, the outcome is revised
to decide whether or not to retain the case in the case-base considering its re-usability.
This methodology has been applied successfully in a wide variety of domains such as
computer-aided design [1], fault diagnosis [2], bankruptcy prediction [3] and decision
support [4]. Moreover, they have been used in the medical domain to develop clini-
cal decision support systems to support tasks such as diagnosis, tutoring or planning.
Some examples are diagnosis of stress-related disorders [5] or support for antimicrobial
therapy selection [6].

In clinical environments, physician reasoning is based on knowledge acquired from
past cases personally experienced. For such reason, it has been selected to be incor-
porated in the decision support system and strongly influenced the design of the user
interface (see section 3.3).

79



CHAPTER 5. CASE-BASED REASONING

As mentioned previously, there are four main phases within the CBR methodology
which is denoted as the CBR cycle (see Figure 5.1). Lets review and discuss these phases
in more detail.
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Figure 5.1: The CBR cycle. Diagram show-
ing the different phases for a cycle within the
case-based reasoning methodology as outlined
by Aamodt and Plaza [7].

� Retrieve: given a query, this phase re-
trieves from the database those cases
that are relevant. The most common
measure of utility is the similarity (or
distance) between the cases. A crit-
ical decision in CBR systems resides
on the selection of an appropriate dis-
tancemetric [8]. In addition to the util-
ity metric, it is required to define the
number of cases to be retrieved from
the case base.

� Reuse: propose a suitable solution for
the query case by adapting and/or
combining the solution of the re-
trieved cases. This phase is probably
the most challenging within medical
applications since it is almost impos-
sible to generate adaptation/combination rules that consider all the important dif-
ferences that may exist within the problem domain [9]. In general, these rules are
rather specific for the problem domain.

� Revise: in this phase expertsmonitor the evolution of the case to assesswhether or not
the adapted/proposed solution was appropriate. The aim of this phase is to detect
faulty adaptation/combination rules and incorporate expert knowledge into theCBR
system to provide better solutions.

� Retain: determine whether or not the case is of utility to be added into the case-base.

In medical fields, attempts to apply the complete CBR cycle are rather exceptional.
As mentioned previously, adaptation is extremely challenging in clinical domains. Thus,
this research focuses only on the retrieval of similar cases to present them as information
to the physicians. The motivation for abandoning the adaptation task is two-fold: in
health-related application domains it is too complicated or even impossible to acquire
sufficient adaptation knowledge but also the physicians tend to be interested in getting
information about former similar cases, but prefer to reason about the current situation
and the appropriate antimicrobial therapy prescription themselves.

5.1.1 The use of prototypes

Aprototype is a generalised case that represents a set of individual cases that are very
similar to each other; that is, the centroid of a cluster of individual cases. They were con-
sidered as an interesting technique to structure the case-base and to fill the knowledge
gap between single cases and general knowledge [6]. While they never became a hot
topic within the CBR community, they are used rather regularly in medical applications
because they correspond to the reasoning of doctors in a natural way.
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5.2 Materials and methods

Themethodology followed in this chapter to create the CBRmodels is described graphi-
cally in Figure 5.2. In the first step, those observationswhich are duplicated or erroneous
are discarded. After this, the remaining data is divided into complete observations (F6)
and incomplete observations ({Fn}5n=1). The complete observations are used to gener-
ate the CBR models. First, 25% of the observations in F6 are isolated in the hold-out set
(HOS) to further evaluate the translational utility. The remaining observations are used
to generate and preliminarily evaluate the CBR models.
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Figure 5.2: High-level methodology diagram for model creation and evaluation.
First, data cleaning is performed. The remaining observations are grouped as com-
plete or incomplete profiles. The former is further split into Cross-Validation Set
(CVS) and Hold-out Set (HOS). Ten-Fold Stratified Cross-Validation is performed
onCVS and two outputs are obtained in this step: a preprocessing equation to trans-
form new observations (T) and a CBR model (M). It is important to highlight that
preprocessing is performed using the train set. Finally, the performance of the CBR
models is evaluated in HOS.

In this research, ten-fold stratified cross-validation has been used to assess how well
the classifiers will generalize to an independent data set. This method divides the ob-
servations within the cross-validation set (CVS) in two categories: train and test. It is
a common malpractice to perform data sampling on both categories. In this research,
exclusively the train set is sampled, preprocessed and used to build the model (see Fig-
ure 5.2). From this procedure, a CBR model and a preprocessing equation (T) to format
unseen observations are obtained. Finally, to assess the translational utility of these re-
sults the CBR models are validated using HOS. Note that these observations were not
seen during data preprocessing and model training.

5.2.1 Definition of generic distance metrics

Themost commonmeasure of utility is the similarity (or distance) between the cases.
These cases are often defined by a number of features which are arranged into a vec-
tor. Thus, the input parameters to the distance metrics (see Table 5.1) are two one-
dimensional numeric vectors u and v. In addition, the parameterwi indicates the weight
associated to feature i. The presented distancemetrics are applicable to numeric data yet
further distances exist to compare other type of data such as boolean (e.g. jaccard simi-
larity) or categorical (e.g. hamming distance) features.
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Table 5.1: Distance metrics: description and equation.

Metric Description Equation

Manhattan
It computes the sumof the horizontal and vertical distances
between points on a grid. It is also denoted city-block. Note
that it is equivalent to the minkowski distance with p=1.

d(u, v) =
∑
i
wi|ui − vi|

Euclidean
It computes the ”ordinary” straight-line distance between
two points in the euclidean space. Note that is equivalent
to the minkowski distance with p=2.

d(u, v) =

(∑
i
wi|ui − vi|2

)1/2

Minkowksi
It computes the distance between two points in a normed
vector space. This metric is a generalization of euclidean
and manhattan distances.

d(u, v) =

(∑
i
(wi|ui − vi|p)

)1/p

Canberra
It computes the distance between pairs of points in a vector
space. This metric is a weighted version of the manhattan
distance.

d(u, v) =
∑
i
wi
|ui−vi|
|ui|+|vi|

Braycurtis
It computes the distance between vectors based on the
counts at each site. The range of the metric is [0,1] if all
cordinates are positive.

d(u, v) =
∑

i wi|ui−vi|∑
i wi|ui+vi|

Correlation†
It computes the correlation between two vectors where u is
the mean of the elements of u and u· v is the dot product of
u and v.

d(u, v) = 1− (u−u)·(v−v)
‖(u−u)‖2‖(v−v)‖2

Cosine†
It computes the distance between vectors of an inner prod-
uct space that measures the cosine of the angle between
them where u· v is the dot product of u and v.

d(u, v) = 1− (u·v)
‖u‖2‖v‖2

Chebysev
It computes the distance between two vectors as the great-
est of the differences along any coordinate dimension. It is
also denoted maximum metric or L∞.

d(u, v) = max
i
|wi(ui − vi)|

† indicates that weights can be passed to compute the norm (‖x‖2) and the dot product (x · y).

5.2.2 Definition of case features: antimicrobial therapy selection in the ICU

The identification of parameters to define the CBR case was led by Luke Moore and
Timothy Rawson. Firstly, an analysis of the variables which are key drivers of decisions
around antimicrobial prescribing in augmented carewas conducted by LukeMoore [10].
This analysis also evaluated the importance of these variables and how they are inte-
grated into the decision making process. A critical analysis of the existing scientific
literature on CDSS in the ICU and a qualitative analysis were undertaken. A total of
20 participants with different experience levels were recruited among both critical spe-
cialists (9/20) and infection specialists (11/20). Analysis of the semi-structured inter-
view transcripts enabled description of the variables which directly impact infection-
related decision making processes in critical care. A similar approach was conducted by
Timothy Rawson to explore the clinical variables and the infection management path-
way around antimicrobial prescribing in secondary care [11]. A total of 20 participants
were recruited: on-rotation physicians (7/20), specialist trainees (4/20) and consultants
(9/20). The study identified the pathway followed by clinicians to prescribe antimicro-
bials to follow a stepwise Bayesian-like approach [12]. The two infection specialists (Luke
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Moore and Timothy Rawson) reviewed the identified variables and corroborated the
findings. To conclude, relevant literature was reviewed to provide further evidence in
support of these selected variables (see appendix E.1). Identified variables were com-
pared to available data that was electronically available at the time of development to
inform the design of the CBR decision support module.

To monitor the evolution of the patient, six variables were eventually selected based
on their availability within the electronic health records and their use in infection man-
agement. These variables were C-reactive protein (CRP), white cell count (WCC), crea-
tinine (CRE), alanine aminotransferase (ALT), bilirubin (BIL) and alkaline phosphatase
(ALP) [13–18]. Lactate was also identified to be an important bloodmarker, however this
biomarker was not routinely available for the majority of patients within the electronic
database [19–21]. Physiological parameters such as heart rate, respiratory rate or blood
pressure were not available electronically [22, 23].

5.2.3 Definition of similarity metrics: antimicrobial therapy selection in the ICU

The CBR methodology retrieves cases from the database based on a similarity mea-
sure. The CBR cases are defined by a compendium of variables (see appendix E.1) that
can be divided in five different groups: metadata, description, solution, justification and
result. The variables within the description group are then used to compute the similar-
ity measure. Lets define a query case description asX = {x1, ..., xi}where xi represents
the attribute i. Since the type of attributes stored in a case vary (e.g. numbers, strings or
sets) it is required to define partial similarity metrics that are applied at attribute-level
(e.g. body temperature). The similarity value provided by such metrics ranges in the in-
terval [0,1] where 1 indicates maximum similarity. Later, to obtain the overall similarity
between a query case (X) and any case from the database (Y ) partial similarities for all
attributes are combined using a weighted euclidean distance (see Equation 5.1).

Soverall(X,Y ) =

I∑
i=1

wiSpartial(xi, yi) where

I∑
i=1

wi = 1 (5.1)

The currently defined partial similarity metrics are explained below where x and y
represent a feature from the CBR cases under comparison. Note that the application of
certain similarity metrics is restricted to the type of the variable.

� Equal similarity: It returnsmaximum similarity when the inputed values are identical
(see Equation 5.2) and it can be applied to any type of attribute.

SEqual(x, y) =

{
1 if x = y

0 if x 6= y
(5.2)

� Interval similarity: Let’s consider an interval [a, b] with length L. This function mea-
sures the similarity between two numerical input values within the defined interval
as shown in Equation 5.3.

SInterval(x, y) = 1− |x− y|
L

(5.3)
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� Table similarity: This function requires a previously defined table containing the sim-
ilarity score between pairs of values for a given attribute. Hence, it is applied to
categorical attributes and looks up the similarity score in the predefined table (see
Equation 5.4).

STable(x, y) = cellx,y (5.4)

Before introducing more complex functions to measure similarities, lets define two
simple functions based on the previously defined table similaritySTable. They receive
two inputs: a single categorical query value (eq) and a set of categorical values (E)
respectively. The STmax function returns themaximum table similarity found for the
query value (eq) and each of the values ei ∈ E (see Equation 5.5).

STmax(eq, E) = max (STable(e, ei)) ∀ei ∈ E (5.5)

Similarly, the STavg function returns the average similarity for the query value (eq)
and all the values in the enumerated set E (see Equation 5.6).

STavg(e, E) =
1

|E|
∑
ei∈E

STable(e, ei) (5.6)

� Sets similarity: A similarity table between different pairs of organs is provided by
clinicians andmicrobiologists based on their experience. Let us assumewe have a set
of N possible different organs (O = {oi}Ni=0). The function receives two set of organs
as inputs (O1 and O2) where |O1| ≥ |O2| and computes the similarity as shown in
Equation 5.7.

Sorgan(O1, O2) =

∑
o∈{O1∩O2}

STable(o, o) +
∑

o∈{O1−O2}
STmax(o,O2)

|O2|
(5.7)

� Cluster Similarity: Initially, infectious organisms are grouped and a similarity table
for pairs of groups is provided by clinicians and microbiologists based on their ex-
perience. Let us assume we have a set of N possible different microorganisms (M =

{mi}Ni=0) which are clustered in G different groups (G = {gi}Gi=0) using the grouping
function G(xi) = gz . Hence, for two sets of microorganisms as input (M1 and M2)
where |M1| ≥ |M2| the similarity is computed as shown in Equation 5.8.

Spathogen(M1,M2) =
SEM (M1,M2) + SEG(M1,M2) + SDG(M1,M2)

|EM |+ |EG|+ min(1, |DG|) (5.8)

The first term counts the total number of Equal Microorganisms among the two sets;
that is, the cardinality of the their intersection (see Equation 5.9).

SEM (M1,M2) = |M1 ∩M2| = |EM |. (5.9)

For the second term, identical microorganisms are substracted from the original sets
obtaining two new sets with exclusively Different Microorganisms (DMi). Note this
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two sets may contain microrganisms belonging to the same group. Hence, we also
define two sets containing All Groups (AGi) for the remaining microorganisms.

DM1 = M1\M1 ∩M2 = M1 − EM
DM2 = M2\M1 ∩M2 = M2 − EM

(5.10)

AG1 = {G(xi)} ∀xi ∈ DM1

AG2 = {G(xi)} ∀xi ∈ DM2

(5.11)

The second term counts the total number of Equal Groups once identical microor-
ganisms have been discarded from the two original sets (see Equation 5.12). Since
microorganisms in the same group are treated with similar antibiotics, if more than
one microorganism is found for a specific group, it is considered only once.

SEG(M1,M2) = |AG1 ∩AG2| = |EG| (5.12)

The third termmeasures the average similarity for each group in the query input and
all groups in the database input (see Equation 5.13). Note that all common groups
are previously discarded as shown in Equation 5.14.

DG1 = AG1\AG1 ∩AG2 = AG1 − EG
DG2 = AG2\AG1 ∩AG2 = AG2 − EG

(5.13)

SDG(M1,M2) =

∑
xi∈DG1

STavg(xi, DG2)

max(|DG1|, |DG2|)
(5.14)

To conclude, highlight that all the previously defined similarity metrics provide a
value within the range [0, 1]. Thus, these similarity metrics can be easily converted to
distance metrics as follows:

D(x, y) = 1− S(x, y)

5.2.4 Assigning feature importance

In CBR, the weights of feature attributes directly affect the quality of problem solv-
ing. For such reason, the allocation method of the feature attribute weights is a very
important research direction in the CBR model [24]. In recent years, the methods for
weight allocation in CBR systems have attracted increasing attention and are based on
previous knowledge [25], grid search [24], membrane computing [26] or genetic algo-
rithms [27]. The different strategies used in this research to assign the weights are de-
scribed in Table 5.2. The identification of weights was conducted by Luke Moore and
Timothy Rawson based on the literature review and qualitative analyses previously de-
scribed [10, 11]. The factors associated with decision making were ranked based on the
mode from the order in which they were reported by individual physician. This allowed
comparison and weighting of individual factors that were reported to influence the de-
cision making process.
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Table 5.2: Description of strategies to assign CBR feature weights.

Strategy Description Notes

Uniform The features are weighted equally.

Defined by
infection
specialists

Based on scientific evidence, a panel of expert infection specialists evaluated
the clinical symptoms that help in the diagnosis and further treatment of
infectious diseases. After this, they reached a consensus on the definition
of the appropriate weight configuration according to scientific evidence but
also their own expertise.

Grid-search

This strategy trains an evaluates models with a predefined set of configura-
tions using 10-stratified cross validation and selects the one that performed
the best. The set configuration includes the combinations with repetition
and permutations of the possible weight values in a vector v. Note that the
resulting weight configurations are of length equal to the number of feature
and must add up to one. The possible weight values (v) used were:

[0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0]

F1 = 1
F2 = 12
F3 = 67
F4 = 287
F5 = 1002
F6 = 3004
F7 = 8009

Fi indicates the total number of possible weight configurations for i features.

5.2.5 Performance metrics for information retrieval problems

The normalizedDiscounted Cumulative Gain (nDCG) score is often used in informa-
tion retrieval to measure the quality of a ranking (e.g. search result). For that purpose,
it measures the usefulness of a retrieved element based on the position in the produced
ranking. Firstly, lets define the Discounted Cumulative Gain (DCG) score accumulated
at a particular rank position pwhere reli is the graded relevance of the results at position
i as shown in Equation 5.15.

DCGp =

p∑
i=1

reli
log2(i+ 1)

(5.15)

This score penalizes highly relevant documents appearing lower in the search result
list. However, the search result list might vary in length depending on the query. Thus,
to compare the performance of queries with different lengths, the previous score needs
to be normalized. This is done by sorting all relevant documents in the corpus by their
relative relevance to produce themaximumpossible DCG through position p, also called
ideal DCG (see Equation 5.16).

IDCGp =

|REL|∑
i=1

reli
log2 (i+ 1)

(5.16)

Thus, the normalized score is computed as stated in Equation 5.17. The nDCG score
is within the range [0,1] where 1 indicates perfect ranking. These values can be averaged
for all queries to obtain a measure of the average performance ranking.

nDCGp =
DCGp
IDCGp

(5.17)
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5.2.6 Performance metrics for classification problems

There are many different metrics for assessing the performance of classifiers [28, 29].
For binary classifiers, most of them are based on four simple measures: the number
of true positives (TP), the number of false positives (FP), the number of true negatives
(TN) and the number of false negatives (FN). Sensitivity, specificity and overall accuracy
are commonly used to demonstrate classifiers performance [30–32]. Note however, that
accuracy might not be appropriate when the class sizes differ considerably [33]. The Co-
hen’s Kappa statistic is considered a robust measure for evaluating the accuracy in mul-
ticlass problems [34]. Alternatively, a number of strategies to generalise all the binary
performance metrics to multiclass domains can be used. The ”micro” average computes
the metric from the individual TP, FP, TN, FN of the categories. In the ”macro” average,
the performance of each individual category is averaged. The definition and equations
of the previously mentioned metrics and the strategies to extend them to the problem of
multiclass classification are shown in Table 5.3.

Table 5.3: Evaluation metrics: description and equation

Metric Description Equation

Sensitivity
Proportion of observed positives that are correctly identified as such
(i.e. percentage of culture-positive profiles correctly identified as
positive). Also called recall (REC) or true positive rate (TPR).

SENS = TP
TP+FN

Specificity
Proportion of observed negatives that are correctly identified as
such (i.e. percentage of culture-negative profiles correctly identified
as negative). Also called true negative rate (TNR).

SPEC = TN
TN+FP

”micro”
average

Method to extend binary performance metrics to multiclass do-
mains by computing the metric from the individual TP, FP, TN, FN
of the categories. This strategy gives equal weight to each individ-
ual decision. Thus large classes will dominate small ones.

SENS′ =

K∑
n=1

TPn

K∑
n=1

TPn+
K∑

n=1
TNn

”macro”
average

Method to extend binary performance metrics to multiclass do-
mains by averaging the value of the metric for each individual cate-
gory. This strategy gives equal weight to every category.

SENS′ =
SENS′Kn=1

K

Keys: KAPPA=Cohen’s kappa coefficient; REC=recall; SENS=sensitivity; SPEC=specificity; TP=true positive; TN=true negative;
FP=false positive; FN=false negative; TNR=true negative rate;
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5.2.7 Overall performance of the CBR model

The aim of the CBR system implemented in this research is to return a ranked list
of similar cases. So far, two configuration parameters of the CBR system have been de-
scribed: the distance metric and the feature weights. However, an additional config-
uration parameter is required which refers to the number of elements returned in the
ranked list (k). The maximum length of the ranked list (k_max) has been fixed to 20 and
the previously defined evaluationmetrics have been computed for every possible length
of the ranked list (k=1..k_max). Finally, for a given metric, the average for all the lengths
is computed to evaluate the overall performance. Note that the CBR system presents
to physicians 20 cases yet it cannot ensure that all of them will be explored. For such
reason, it is essential to rank relevant items first to promote that these results are seen.
In addition, it is desirable to provide results which are consistent among different k.

5.2.8 Statistical analysis

Given the outputs of each iteration, the two-sample F-test was used to check that the
samples come from independent distributions with equal variances. Subsequently, the
corresponding t-test or corrected t-test (Welch’s test) was applied to compare the beha-
viour of the models searching for statistically significant differences. The populations
were assumed to have normal distributions. The final measure presented for each con-
figuration of the CBR is the average of the 10-fold validation for all the metrics.

5.2.9 Outline of the experiments conducted

This section briefly outlines the experiments further described in this chapter. The
first experiment (Experiment I) assesses the performance of CBR in an exceedingly sim-
ple scenario. For such purpose, the well-known iris flower dataset has been chosen. In
addition, the second experiment (Experiment II) investigates the effect of imbalanced
categories using the Escherichia coli protein location dataset. These two experiments as-
sess the behaviour of the CBRmethodology prior to the translation into clinical practice.
To conclude, the last experiment (Experiment III) evaluates the performance of CBR for
antimicrobial therapy selection. Since there was a lack of clinical data relating the pa-
tient medical record and the appropriate antimicrobial therapy, the CBR module was
integrated into EPiC IMPOC and trialled directly in the intensive care unit.
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5.3 Experiment I: A simple scenario (iris flower dataset)

The aim of this experiment is to assess the performance of CBR to retrieve and rank
appropriately observations from the database on an exceedingly simple scenario. For
such purpose, one of the best known databases within the pattern recognition literature
has been used. The iris flower dataset (see Table 5.4) has four features and contains three
categories of 50 instances each, where each category refers to a type of iris plant. Thus,
the categories are balanced. The dataset does not have missing values.

Table 5.4: Iris flower dataset description.
Features Categories Notes

Petal length continuous
Petal width continuous
Sepal length continuous
Sepal width continuous

Setosa 50 (33%)
Versicolor 50 (33%)
Virginica 50 (33%)

Instance 150
Missing data No
Imbalance categories No

5.3.1 Distributions of the iris flower dataset features

The density distribution of the features is presented in Figure 5.3 for each of the cat-
egories (setosa, versicolor and virginica) separately. The majority of the distributions are
highly symmetric about the mean and can be roughly seen as normal distributions. One
category (setosa) is linearly separable form the other two. Note that the mean of the dis-
tribution significantly differs from the other categories for petal length and petal width.
Moreover, the standard deviation is also small. On the contrary, setosa and versicolor cat-
egories overlap on all the features. However, as occurred before, petal length and petal
width seem to be the most informative features to discern among them. To conclude,
note that the distributions for petal length and petal width are very similar among all
categories. The correlation between these features is high indicating that most of the
information is potentially redundant.

petal length (cm) petal width (cm) sepal length (cm) sepal width (cm)

Figure 5.3: Distribution for iris categories. The distribution of the measurements
for each of the features grouped in three categories: setosa, versicolor and virginica.

5.3.2 Analysis of the CBR retrieval performance

This section compares the performance of different CBR configurations to retrieve
and appropriately rank by similarity observations from the database. Firstly, the effect
of a number of distancemetrics was explored under equal featureweights (see Tables 5.5
and 5.6). After this, a total of 286 different weights were evaluated using grid search (see
Table 5.2). The top four CBR configurations were selected and included in Table 5.7. The
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metrics included from left to right are: normalized discounted cumulative gain (nDCG)
score, Cohen’s kappa coefficient (KAPPA), sensitivity (SENS) and specificity (SPEC). For
the sensitivity and specificity, micro/macro strategies to compute the scores on multi-
class problems are presented. Since the CBR employs distancemetrics, the features were
normalized. The grey shade indicates for each scenario the model which provides the
best performance.

Table 5.5: Comparison of distance metrics (I).

nDCG KAPPA SENS SPEC

UNI

MAN 0.918† 0.89 0.93/0.93 0.96/0.96
EUC 0.921† 0.90 0.93/0.93 0.97/0.97

MINK3 0.917† 0.89 0.93/0.93 0.96/0.96
MINK4 0.915† 0.88 0.92/0.92 0.96/0.96
MINK5 0.913† 0.90 0.93/0.94 0.97/0.97

† indicates groups where difference is not significant.
Description: This table shows the performance of a CBR in amul-
ticlass problem with three balanced categories. The weights are
equal for all the features (uniform). The number of neighbors in-
vestigated was k=1..20.

Table 5.6: Comparison of distance metrics (II).

nDCG KAPPA SENS SPEC

UNI

BRAY 0.925 0.90 0.93/0.94 0.97/0.97
CAN 0.906 0.88 0.92/0.92 0.96/0.96
CHEB 0.908 0.90 0.93/0.94 0.97/0.97
CORR 0.741‡ 0.66 0.77/0.78 0.89/0.88
COS 0.760‡ 0.74 0.82/0.83 0.91/0.91

‡ indicate groups where difference is not significant.
Description: This table shows the performance of a CBR in a
multiclass problem with three balanced categories. The weights
are equal for all the features (uniform). The number of neighbors
investigated was k=1..20.

A critical decision in CBR systems resides on the selection of an appropriate dis-
tance metric [8]. For such reason, a number of well-defined distance metrics have been
compared. The performances are quite homogeneous among the minkowski-based dis-
tances (see Table 5.5) and the negligible variations in the nDCG score are not statistically
significant. Moreover, the only perceptible variation in performance is found for the
correlation and the cosine metrics. Thus, although the best performing metric is the
euclidean distance, the differences are not significant. Conversely, the configuration of
the feature weights does affect the retrieval performance of CBR (see Table 5.7). For
instance, the nDCG scores obtained for the top four weight configurations identified
through grid search are significantly higher than those obtained using uniformweights.
Similarly, the nDCG scores for SEARCHi=1,2 are significantly better than those obtained
for SEARCHi=3,4. However, there is no statistical significance within groups. Thus, dif-
ferent weight configurations may present the same performance. Note that the uniform
weights configuration was ranked 145th. To conclude, remark that SEARCH1 discarded
one of the redundant features (petal length) and still presents the best overall perfor-
mance.

Table 5.7: Comparison of weight configurations.

nDCG KAPPA SENS SPEC weights

EUC

UNI 0.921 0.90 0.93/0.93 0.97/0.97 [1/4, 1/4, 1/4, 1/4]
SEARCH1 0.939‡ 0.92 0.95/0.95 0.98/0.97 [0.0, 0.4, 0.5, 0.1]
SEARCH2 0.938‡ 0.90 0.93/0.93 0.97/0.97 [0.0, 0.5, 0.4, 0.1]
SEARCH3 0.937† 0.91 0.94/0.94 0.97/0.97 [0.1, 0.4, 0.4, 0.1]
SEARCH4 0.936† 0.91 0.94/0.94 0.97/0.97 [0.1, 0.5, 0.3, 0.1]

‡ indicate groups where differences are not statistically significant.
Description: This table shows the performance of a CBR in a multiclass problemwith three
balanced categories. A total of 286 weights were evaluated in grid search; the top four are
presented. The uniform weights (UNI) are shown as reference. The number of neighbors
investigated was k=1..20.
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The left graph in Figure 5.4 presents the evolution of the NDCG score through dif-
ferent lengths of the ranking list (k) for two different weight configurations (UNI and
SEARCH1). The performance is similar for small values of k. However, for larger val-
ues of k, SEARCH1 is superior at presenting relevant observations ranked first in the
retrieved list. The right graph in Figure 5.4 presents the evolution of the NDCG score
for each category independently. The results obtained for the linearly separable cate-
gory (setosa) are ideal since the maximum NDCG score is obtained. This means that the
retrieved ranking for all the queries presented exclusively relevant observations (from
the Setosa category). On the other hand, the performance of the other two non linearly
separable categories is similar.

NDCG (0.934) - EUC [ 1/4, 1/4, 1/4, 1/4 ] 
 

NDCG (0.972) - EUC [ 0.0, 0.4, 0.5, 0.1 ] 
NDCG (0.954) - EUC [virginica   - 12/50] [ 0.0, 0.4, 0.5, 0.1 ] 
NDCG (0.954) - EUC [versicolor - 11/50] [ 0.0, 0.4, 0.5, 0.1 ] 
NDCG (1.000) - EUC [setosa      -  15/50] [ 0.0, 0.4, 0.5, 0.1 ] 

Figure 5.4: nDCG comparison On the left, evolution of the nDCG score through
different k on two scenarios: (i) uniform weights (UNI) and (ii) best weight config-
uration found using grid search (SEARCH1). On the right, the evolution of nDCG
for each category independently. The information in the legend includes the name
of the score (nDCG), the mean for all k, the distance metric, the number of query/-
database cases and the feature weights.

It is important to highlight that the nDCG score evaluates the rank of the observa-
tions retrieved from the database while the rest of the metrics evaluate the final category
assigned. Hence, the test observations were accurately classified for all the configura-
tions (as indicated by the classificationmetrics) yet the rank of the observations retrieved
from the database differed. However, in this exceedingly simple scenario, the rank did
not greatly affect the final predicted category.
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5.4 Experiment II: Imbalanced categories (ecoli protein location dataset)

The aim of this experiment is to assess the performance of CBR to retrieve and rank ap-
propriately observations from the database on scenarios with imbalance categories. For
such purpose, the Escherichia coli protein location database has been used. This dataset
(see Table 5.8) has seven features; five of them continuous and two of them binary. The
dataset contains eight categories with highly imbalanced classes. The dataset does not
have missing values.

Table 5.8: Escherichia coli dataset description.
Features Categories Notes

mcg continuous
gvh continuous
lip discrete
chg discrete
aac continuous
alm1 continuous
alm2 continuous

cytoplasm (cp) 143 (43%)
inner no-sequence (im) 77 (23%)
periplasm (pp) 52 (15%)
Inner uncleavable-sequence (imU) 35 (10%)
outer (om) 20 (6%)
outer lipoprotein (omL) 5 (1%)
inner lipoprotein (imL) 2 (1%)
Iinner cleavable-sequence (imS) 2 (1%)

Instances 336
Missing data No
Imbalance categories Yes

Keys: mcg=McGeoch’s method for signal sequence recognition; gvh=von Heijne’s method for
signal sequence recognition. lip=von Heighne’s signal peptidase II consensus sequence score;
chg=presence of charge on n-terminus of predicted lipoproteins; acc=score of discriminant analysis
of the amino acid content of outer membrane and periplasmic proteins; alm1=score of the ALOM
membrane spanning region prediction program; alm2=score of ALON program after excluding
putative cleavable signal regions from the sequence; cp=cytoplasm; im=inner membrane with-
out signal sequence; pp=periplasm; imU=inner membrane with uncleavable cytoplasm; om=outer
membrane; omL=outermembrane lipoprotein; imL=innermembrane lipoprotein; imS=innermem-
brane with cleavable signal sequence;

5.4.1 Distributions of the ecoli protein location dataset features

The density distribution of the continuous features is presented in Figure 5.5 for each
category. In particular, the values of alm1 and mcg seem to be of utility to identify the cp
class since the mean is clearly the lowest. Note that this category is the most common
within the dataset. In these two features it is also visible that imS and imL present similar
distributions regarding both median and standard deviation. However, the number of
observations in these classes is not representative. In overall, there are no clear visible
patterns among the features.

Note that the dataset contains two features that are discrete (chg and lip). In these
cases, the proportion of observations has been presented. For instance, the lip feature
has two possible values; either 0.48 or 1.0. Hence from the corresponding graph (see
Figure 5.5) the proportion of observations with a value of 0.48 are as follows: 100% (cp),
98% (im), 0% (im), 100% (imS), 96% (imU), 94% (om) and 100% (omL). Note that this rep-
resentation can also be used for discrete or categorical variables with more than two
possible values.
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Figure 5.5: Distribution for ecoli protein location categories. The distribution of
the measurements for each of the features grouped in eight categories: cytoplasm
(cp), innermembranewithout sequence (im), periplasm (pp), innermembranewith
incleavable sequence (imU), outer membrane (om), outer lipoprotein (omL), inner
lipoprotein (imL) and inner cleavable sequence (imS). Note that two of the features
(chg and lip) are discrete. In these cases, the proportions have been presented.

5.4.2 Analysis of the CBR retrieval performance

This section compares the performance of different CBR configurations to retrieve
and appropriately rank by similarity observations from the database. Firstly, the ef-
fect of a number of distance metrics was explored under equal feature weights (see Ta-
bles 5.9 and 5.10). After this, a total of 8008 different weights were evaluated using grid
search (see Table 5.2). The top four CBR configurationswere selected and included in Ta-
ble 5.11. The metrics included from left to right are: normalized discounted cumulative
gain (nDCG) score, Cohen’s kappa coefficient (KAPPA), sensitivity (SENS) and speci-
ficity (SPEC). For the sensitivity and specificity, micro/macro strategies to compute the
scores on multiclass problems are presented. Since the CBR employs distance metrics,
the features were normalized. The grey shade indicates for each scenario the model
which provides the best performance.

Table 5.9: Comparison of distance metrics (I).

nDCG KAPPA SENS SPEC

UNI

MAN 0.787* 0.82 0.88/0.72 0.98/0.98
EUC 0.799† 0.83 0.88/0.74 0.98/0.98
TRI 0.798† 0.83 0.90/0.75 0.98/0.98
CUA 0.798† 0.83 0.88/0.74 0.98/0.98
QUI 0.798† 0.83 0.88/0.74 0.98/0.98

† and * indicate groups where difference is not significant.
Description: This table shows the performance of a CBR in
a multiclass problem with eight imbalanced categories. The
weights are equal for all the features (uniform). The number of
neighbors investigated was k=1..20.

Table 5.10: Comparison of distance metrics (II).

nDCG KAPPA SENS SPEC

UNI

BRAY 0.780 0.79 0.85/0.72 0.98/0.97
CAN 0.767 0.77 0.84/0.70 0.97/0.97
CHEB 0.786* 0.83 0.89/0.73 0.98/0.98
CORR 0.711‡ 0.75 0.83/0.64 0.97/0.97
COS 0.708‡ 0.74 0.82/0.66 0.97/0.97

‡ and * indicate groups where difference is not significant.
Description: This table shows the performance of a CBR in
a multiclass problem with eights imbalanced categories. The
weights are equal for all the features (uniform). The number of
neighbors investigated was k=1..20.
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The effect of the distancemetric is quite similar to the one explained for the iris flower
dataset (see section 5.3); that is, homogeneity among minkowski-based distances and
significantly worse performance for the CORR and COSmetrics. The euclidean distance
(EUC) is selected for further investigation. Conversely, in this experiment the difference
in performance between UNI and SEARCHi=1..4 is not statistically significant. Note that
the uniform weights configuration was ranked 18th. In fact, the feature weights are
relatively uniform in the top four weight configurations identified through grid search.

Table 5.11: Comparison of weight configurations.

nDCG KAPP SENS SPEC weights

EUC

UNI 0.799† 0.83 0.88/0.74 0.98/0.98 [1/7, 1/7, 1/7, 1/7, 1/7, 1/7, 1/7]
SEARCH1 0.804‡ 0.84 0.89/0.77 0.98/0.98 [0.1, 0.2, 0.2, 0.1, 0.1, 0.2, 0.1]
SEARCH2 0.804‡ 0.83 0.89/0.76 0.98/0.98 [0.1, 0.2, 0.1, 0.1, 0.2, 0.2, 0.1]
SEARCH3 0.803† 0.83 0.89/0.70 0.98/0.98 [0.1, 0.2, 0.0, 0.1, 0.3, 0.2, 0.1]
SEARCH4 0.802† 0.84 0.89/0.77 0.98/0.98 [0.1, 0.2, 0.2, 0.1, 0.2, 0.1, 0.1]

† indicates groups where differences are not statistically significant.
Description: This table shows the performance of a CBR in a multiclass problem with eight imbalanced
categories. A total of 8008 weights were evaluated in grid search; the top four are presented. The uniform
weights (UNI) are shown as reference. The number of neighbors investigated was k=1..20.

The consequences of class imbalance are visible in the sensitivity value. For instance,
when the ”micro” strategy is used to compute the sensitivity each individual decision is
weighted equally. Thus, the sensitivity is biased to measure how effective the classifier
performs on the large classes in the collection. On the contrary, in the ”macro” strategy
all the categories are weighted equally. Thus, the sensitivities of small classes, which
are generally low, contribute equally to the overall sensitivity. As a result, the overall
sensitivity decreases considerably. The issue of class imbalance considerably affects the
performance of CBR systems. Note that in order to classify a new observation, CBR
retrieves from the case-base those observations that are similar. After this, it decides
the category through a ”voting” strategy. In scenarios where the size of the classes dif-
fers considerably, observations from large classes will often outnumber those from small
classes in the retrieved list leading to misclassification.

The left graph in Figure 5.6 presents the evolution of the NDCG score through dif-
ferent lengths of the ranking list (k) for two different weight configurations (UNI and
SEARCH1). These configurations present very similar performances. The right graph in
Figure 5.6 presents the evolution of the NDCG score for each category independently.
The best performance is obtained for cp, om and pp which have been evaluated on 40, 6
and 14 query observations respectively. The performance of omL also seems high but it
is not reliable for two reasons: only one query observation was evaluated and the case-
base contained only one omL observation. However, the omL observation from the case
base was indeed retrieved and ranked high for all k. The opposite occurs in imS where
the only sample existing in the database was never retrieved. For this reason, the perfor-
mance for this class is the worse. It is also interesting the relation between imU and im
which present a very similar behaviour. Their performances are average and the reason
is probably overlapping between the two classes with cases being retrieved somehow
indistinctively.
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NDCG (0.795) - EUC [ 0.1, 0.2, 0.2, 0.1, 0.1, 0.2, 0.1 ] 
NDCG (0.789) - EUC [ 1/7, 1/7, 1/7, 1/7, 1/7, 1/7, 1/7 ] NDCG (0.725) - EUC [pp -   14/52] [ 0.1, 0.2, 0.2, 0.1, 0.1, 0.2, 0.1 ] 

NDCG (0.541) - EUC [imU -   5/35] [ 0.1, 0.2, 0.2, 0.1, 0.1, 0.2, 0.1 ] 
NDCG (0.925) - EUC [om -    6/20] [ 0.1, 0.2, 0.2, 0.1, 0.1, 0.2, 0.1 ] 
NDCG (0.980) - EUC [omL -    1/5] [ 0.1, 0.2, 0.2, 0.1, 0.1, 0.2, 0.1 ] 

NDCG (0.000) - EUC [imS -     1/2] [ 0.1, 0.2, 0.2, 0.1, 0.1, 0.2, 0.1 ] 
NDCG (0.595) - EUC [im -   17/77] [ 0.1, 0.2, 0.2, 0.1, 0.1, 0.2, 0.1 ] 
NDCG (0.931) - EUC [cp - 40/143] [ 0.1, 0.2, 0.2, 0.1, 0.1, 0.2, 0.1 ] 

Figure 5.6: nDCG comparison On the left, evolution of the nDCG score through
different k on two scenarios: (i) uniform weights (UNI) and (ii) best weight config-
uration found using grid search (SEARCH1). On the right, the evolution of nDCG
for each category independently. The information in the legend includes the name
of the score (nDCG), the mean for all k, the distance metric, the number of query/-
database cases and the feature weights.

To conclude, it is important to highlight that the number of weight combinations
evaluated through grid search increases considerably from 286 (four features) to 8008
(seven features). As such, it is not feasible to perform grid search with a large number
of features since the total number of possible weight combinations increase consider-
ably. Moreover, note that grid search considers a set of discrete values for the weights
while the domain is continuous. Thus, it would be interesting to identify an appropriate
feature weight configuration through the use of optimization algorithms.
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5.5 Experiment III: Intensive Care Unit

The aim of this experiment is to evaluate the performance of the CBR algorithmwith fea-
ture weights defined by the infection specialists. For such purpose, an internal prospec-
tive audit log of data from the CDSS was analysed. In order to evaluate the usability
of the system and obtain further feedback, an electronic survey was sent to participants
after the trial period. Moreover a further usability study with a wider range of health
care workers including physicians and nurses was performed.

5.5.1 Pilot study by infection specialists

The pilot study was conducted by nine infection specialists during a four weeks pe-
riod [35]. During this study, 20 ward rounds were undertaken with a total of 83 consul-
tations to the CDSS. The CDSS was used for a total of 37 patients. The system correctly
identified and pulled demographic information for all the patients. In addition, the sys-
tem retrieved 3,898 biochemistry and haematology results. A total of 31 microbiology
results were available for 14 of these patients as follows: 5 blood cultures, 5 wound cul-
tures, 6 urine cultures, 7 sputum cultures and 8 screening cultures. Thus, the fidelity
of the retrieval was 100%. Note that access was not provided to identify those cultures
requested with a no-growth or pending outcomes. The antimicrobial therapy was ad-
justed on 31 episodes out of 83 consultations. In themajority of the cases (26/31, 84%) the
most successful and similar cases identified by the CDSS advocated the same regimens
as those recommended by the infection specialists. These regimens typically considered
cefuroxime andmetronidazole, tazocin or meropenem. For those scenarios in which the
advice provided by the CDSS differed considerably from those recommended by the in-
fection specialists (5/31, 16%) there were cases with epidemiological contact with other
patients (3/5, 60%) which led to the empiric use of colistin. Overall, the study demon-
strated that a functional CDSS enables high fidelity real-time patient-level data to be
presented at the point of decision making.

From the responses provided by the infection specialists, positive aspects and areas
in need of further improvement were identified. Firstly, all the participants highlighted
the utility of the CDSS to access real-time patient data at the point of decision making.
For instance, a participant commented that the microbiology data section worked really
well since susceptibility tests that were reported from the laboratory that morning were
already presented at the point of care (see C1 in Table 5.12). Moreover, the participant
pointed that in other circumstances it would have been required to find a computer to
check those results. Beyond data provision, participants also provided positive feedback
on the results presented by the CBR to support knowledge transfer between registrars
and consultants (see C2 in Table 5.12). Note that registrars move around between differ-
ent hospitals. One of the main areas suggested for improvement was to reduce the com-
plexity of data entry which should pull the information automatically from the servers
(see C3 in Table 5.12). This concern was raised by more than half of the participants.
Two of the participants also suggested the inclusion of personalisation of dosing strate-
gies (see C4 in Table 5.12). The feeling among infection specialists was that the choice of
antibiotic within the ICU is usually fairly simple (see C4 in Table 5.12) and the system
could be more useful in secondary care.
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Table 5.12: Pilot study in the ICU: free comments.

Comment Outcome

C1

“it worked really well in place of the [microbiology results] folder – it had all the bloods and the micro
results, including new results from the lab that morning. You didn’t even need to have to go and find
a computer and log in to check something”

– Infection registrar, 39-year-old female
Positive

C2

“the panel on the right [where the CBR information is displayed] was useful, mainly for highlighting
the top two or three regimes that others had used for similar patients. Most of what we use boils down
to a handful of antibiotics, but when you’re moving around between hospitals, it’s great to get a feel
of how similar cases are treated in this hospital by the consultants who have been here for ages”

– Infection registrar, 33-year-old female

Positive

C3

“the first screen takes too long. In an idealworld the ICU teamwill of course tell you all the information
you need to put in there, but they often don’t and you need tomove back and forward across the screen
as you are having a dialogue with them, so you can’t spend the minute or so entering data that the
screen needs. Once you get beyond that, it’s fine, but there needs to be a mechanism to pull in more
of those bits [parameters]”

– Infection registrar, 39-year-old female

Negative

C4

“for us [infection specialists] choice of antibiotic is usually fairly simple in ICU, it’s actually harder
outside of ICU, but I can see how the system would be [very] useful for the intensivists or that.
What would make it more useful would be if it calculated doses, depending on BMI, whether they’re
[haemo]filtered or not, etc”

– Infection registrar, 33-year-old female.

Neutral

Further comments can be found on the drafted article [35].

5.5.2 Usability study of the CDSS

A survey to evaluate the usability of the decision support system interface in a va-
riety of health care workers was performed. The System Usability Scale (SUS) [36] is
composed of 10 statements to which participants indicate their agreement from 1 to 5,
where 5 indicates strongly agree. This is commonly denoted as Likert scale. Predefined
rules for positive and negative statements are used to obtain the SUS contributions. For
odd items the SUS contribution is obtained by subtracting one to the user response. For
even items the user response is subtracted from 5. The SUS contribution for each state-
ment (see Table 5.13) is sum and multiplied by 2.5 to calculate the final SUS score. This
score ranges from 0 to 100 where the following categories have been defined in [37, 38]:
(i) score of 0–25: worst imaginable; (ii) score of 25–39: poor; (iii) score of 39–52: OK;
(iv) score of 52–73: good; (v) score of 73–85: excellent; and (vi) score of 85–100: best
imaginable. This survey is technology-agnostic, quick, provides a single score and is
non proprietary. A free-text box was added for additional comments and suggestions.

The SUS surveywas completed by 10 different participants (80%males) from 27 to 51
years old where technical training in the use of the systemwas not provided. The profile
of those participants was infection specialist (two), clinician (three), nurse (four) and a
pharmacist. The SUS contribution for each statement is presented in the right column in
Table 5.13. Additionally, a variety of comments were provided by participants and have
been synthesized in the following bullet points:
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Table 5.13: The original SUS statements [36], average agreement and SUS contribution.

SUS statements Avg. rating SUS contribution

1. I think that I would like to use this system frequently. 2.8 1.8
2. I found the system unnecessarily complex. 1.4 3.6
3. I thought the system was easy to use. 2.0 1.0
4. I think that I would need the support of a technical person to be able to use this system. 1.6 3.4
5. I found that the various functions in this system were well integrated. 3.0 2.0
6. I thought that there was too much inconsistency in this system. 0.2 4.8
7. I would imagine that most people would learn to use this system very quickly. 2.8 1.8
8. I found the system very cumbersome to use. 2.2 2.8
9. I felt very confident using the system. 3.0 2.0
10. I needed to learn a lot of things before I could get going with this system. 0.8 4.2

� There was a common concern among experienced clinicians and infection special-
ists in the use junior doctors would make of such large amount of data displayed in
the interface. The decision support system has potential to help training junior doc-
tors and improve their prescription practices, but it needs to narrow the presented
information providing specific guidance.

� Clinicians consider the user interface intuitive and helpful for patient long-termmon-
itoring and management, however it might sometimes be a bit busy and time con-
suming. Additionally, it does not entirely fitwith theworkflow followed by clinicians
to prescribe antibiotic therapies.

� Some participants suggested the possibility of recording further parameters not nec-
essarily relatedwith infections. Note that one of areas for improvement derived from
the responses provided by infection specialists (see C3 in Table 5.12) was to reduce
the number of parameters manually collected.

The usability measured through the SUS survey was 68.5 which is about average and
shows potential margin for improvement. A similar strength of agreement was shown
by participants for the third and eight statements which had an average rating of 2.0 and
2.2 respectively. The SUS contribution for each statement was 1.0 and 2.8 respectively,
indicating that the system is usable but not necessarily easy. Note that some wording
used by the original SUSwas suggested to be poorly understood by participants affecting
the results [37]. As an example, the sixth statement which contributed the most contains
the wording “too much” which might be unclear. Additionally, users may not have a
good sense of the required complexity of such systems since there are no commonly
known competing solutions and the wording “unnecessarily” in the second statement
might have led to a higher contribution of 3.6. Therefore, the final SUS score is possibly
slightly less that the one presented.
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5.6 Discussion

Decision support systems are being exploited in several areas such as business or eco-
nomics but their acceptance by clinical staff is obstructing its use in hospitals and other
clinical environments [39]. Designing a CDSS based on usability principles and simply
providing the clinical information does not guarantee acceptance [40]. Other factors as
accessibility, availability, ease of use, time requirements and integration into the clinical
workflow are important and need to be considered [41]. Taking previous knowledge
into consideration, a CDSS to support prescription of antibiotic therapies and patient
monitoring at POC exploiting the CBR methodology was implemented.

5.6.1 Benefits and limitations of CBR

TheCBRmethodology is the process of solving a newproblembased on the solutions
of past similar problems. This methodology aligns with the cognitive process followed
by humans for problem solving [7]. For such reason, it has been widely used in a variety
of domains including medicine [5, 6]. The first challenge while designing a CBR model
is to decide the descriptive variables and the similaritymetrics for comparison. Awealth
of research has investigated and proposed a number of similarity metrics [8, 42] yet the
most popular is the euclidean distance.

The issue of missing data
The presence of missing features in the data is a common problem in clinical domains
which is often addressed by imputing either the overall mean or median. Furthermore,
recent studies have proposed to input the mean or median using exclusively the sur-
rounding neighbours [43]. An alternative strategy sees the missing data as valuable in-
formation which is included as an additional category [44]. Thus, this strategy assumes
that patients with the same missing parameters are similar. Note that physicians record
medical features relevant to treat the patient. Thus the ’no-recording’ actually contains
certain degree of similarity.

The issue of class imbalance
The issue of class imbalance considerably affects the performance of CBR systems; in par-
ticular for those relying on the K-Nearest Neighbours (KNN) algorithm to make predic-
tions. Note that in order to classify a new observation, CBR retrieves from the case base
those observations that are similar. After this, it decides the category through a ”voting”
strategy. In scenarios where the representation among categories differs considerably,
observations from large classes will often outnumber those from small classes in the re-
trieved list leading to misclassification. A number of approaches might be considered to
address this issue. The most straightforward strategy relies in under-sampling the ma-
jority classes. On the other hand, a number of strategies are implemented to oversample
the minority classes. The random oversampling technique duplicates entries while the
SyntheticMinority Oversample Technique (SMOTE) creates new synthetic observations.
While these strategies are appropriate in classification problems where the output pro-
vided to users is the final category. The main focus of this research was information
retrieval. As such, the mentioned sampling techniques were discarded since synthetic
observations would be presented to physicians in the retrieved ranked list.
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Towards a preference-guided search process

In order to select an appropriate CBR configuration (distancemetric and featureweights)
the normalized Discounted Cumulative Gain (nDCG) score has been used to measure
the quality of the retrieved rankings. This score uses the graded relevance of the results
retrieved and their position in the rank. In this research, the graded relevance is binary;
that is, whether or not the category matches. However, there is also a sense of similar-
ity between the solutions that could be used to define the graded relevance [45]. This
preference-based approach would replace the current graded relevance from ”solution
y solves problem x” (binary similarity) to weaker information of the form ”y is better
than z as a solution for x” (solution similarity). Note that the binary similarity used in
this research is the most restrictive. Thus introducing the preference-based similarity
would leverage the previously presented results.

To conclude, note that CBR systems are mostly used for classification and their per-
formance is evaluated using metrics such as accuracy, sensitivity or specificity. How-
ever, this methodology can be also seen in the context of information retrieval as a rec-
ommender system. In this context, the performance is measured by the utility of the
retrieved elements based on the position in the produced ranking. This approach is less
intrusive and respects the autonomy of the physician to decide the appropriate antimi-
crobial therapy.

5.6.2 Feedback provided from users

In many circumstances, as complicated cases, providers prefer to consult their col-
leges or more specialised clinicians as infection specialists. This consultation among
different members of the clinical staff was facilitated by the CDSS. In addition, it was
believed to enhance decision making and homogeneous collection of vital signs among
clinicians resulting in better prescribing practices. Furthermore, re-entering patient data
to generate advices is a deterrent to use [40]. Although vital signs were manually im-
puted, the integration of the system into EHR to automatically extract pathology and
microbiology laboratory results was a clear facilitator.

From the trials performed by infection specialists and the feedback obtained from
the surveys, it is possible to conclude that the CBR algorithm is able to mimic the pre-
scription practices of users. However, that is not enough to promote change in antibiotic
prescription practices. Initially, as a quick solution infection specialists were keen in
creating an “ideal” case base; that is, a set of cases with optimal antibiotic therapies ac-
cording to infection guidelines and expert prescriptions. Such optimal therapies would
then be suggested by the decision support system to further users. Hence, the know-
ledge would be transferred from infection specialists to other clinical staff (e.g. nurses
and clinicians). Unfortunately, this approach presents several drawbacks. Creating a
complete case base that covers the whole spectrum of possibilities is nearly impossible
and time consuming. In addition, it is necessary to thoroughly revise the cases that are
added to the case base. Note that future therapies prescribed by clinicians and recorded
in the systemmight not agree with the infection guidelines, reshaping the case base and
therefore altering CBR recommendations.
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5.6.3 The infection management pathway

After discussion with a multi-professional team including physicians, nurses, phar-
macists and non-medical researchers, a study tomap the pathway followed by clinicians
to prescribe antimicrobial therapieswas performed [12]. The reported infectionmanage-
ment pathway was defined as a stepwise Bayesian model of estimating probabilities in
which each step adds systematically information to allow optimisation of decisions on
diagnosis and management of infection. Initially, clinicians estimate the risk of infection
and attempt to localize its source by looking at patient’s physiological parameters. Once
clinicians construct a picture of the severity of the infection, whether or not to initiate
antimicrobial therapy is decided. In this step, local microbiology guidance provided
within hospitals was the most commonly cited factor. Finally, they review and refine
the treatment accordingly. During this process, physicians often construct some sort of
mental probabilities which are powerful drivers for prescribing.

There is still much to be done to make this system work in routine clinical practice.
Measuring absolute usability using a single metric is very challenging since many ex-
ternal factors influence the results (e.g. technical training or accessible technology). The
feedback provided greatly helped to identify areas for improvement. Moreover, the re-
sults of the SUS survey are a good starting point to assess the benefits of including new
components to tackle the identified weaknesses.

5.6.4 Limitations

In this research, there was a lack of clinical data relating the patient medical record
and the appropriate antimicrobial therapy. Thus, it was not possible to investigate the ef-
fect of different distance metrics and weight configurations. This limitation was tackled
by using the euclidean distance which performed best in previous experiments and as-
signing feature weights based on infection specialists consensus. Similarly, the variables
and terminology were adapted according to the targeted department. In the first phase
of the development, the variables that were key drivers of antimicrobial therapy selec-
tion in augmented carewere identified [10]. Later, these variables and the corresponding
terminology were modified for further use in secondary care [11]. As an example, the
parameter denoted as immunosuppression in augmented care was renamed as human
immunodeficiency virus (HIV) in secondary care. In addition, most clinicians follow
algorithms and established metrics in their practice which could be included as a new
parameter within the system. For instance, scores such as the systemic inflammatory
response syndrome (SIRS) or the sequential organ failure assessment (SOFA) could be
computed using the previously collected vital signs and symptoms.

The doctors involved in the development and evaluation of the system were infec-
tion specialists and other clinicians within a UK-based teaching hospital. However, two
areas in which the system has enormous potential are the implementation in low and
middle-income countries with limited resources and the adaptability of the system to
be used by non-infection specialists. With this in mind, a number of factors such as the
background of the physician managing the patient, the years of experience and whether
or not the therapy prescribed adheres with accepted local/regional/national or interna-
tional guidelines leads undoubtedly to a markedly heterogeneous database. As such, an
important limitation is the need of a gold standard to review and decidewhich caseswill
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be retained in the case base. Note that retaining cases which were not optimally man-
aged could lead to poor clinical management and antimicrobial use. As such, it would
be extremely useful to extend this research to adapt and pilot the system in these new
settings to evaluate the benefits and address the corresponding limitations.

5.7 Conclusions

The CBR methodology incorporated in the CDSS retrieved antimicrobial therapies sim-
ilar to those prescribed by expert clinicians in the majority of cases in the preliminary
trial. Moreover, it was widely accepted as a tool for information retrieval and long-term
patient monitoring andmanagement. Three main areas of improvement were identified
from the feedback provided by expert clinicians: provide specific guidance which is an
important requirement for junior clinicians, the need to reduce the time required to per-
form a consultation within the CDSS and better integration with the clinical workflow.
After further investigation, the reported infection management pathway was defined as
a multi-step Bayesian-like approach [12] which inherently tackles most of the previously
defined weaknesses. Hence, there is potential to combine both strategies (information
retrieval using CBR and further multi-step Bayesian-like assistance) into one single de-
cision support system to increase acceptability among clinicians.
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6
PROBABILISTIC INFERENCE

This chapter describes research towards the implementation of a decision support mod-
ule to provide stepwise guidance in infection management. Firstly, the chapter pro-
vides a brief introduction to supervisedmachine learningmethods for classification (sec-
tion 6.1). After this, the implementedmethodology to obtain the predictivemodels is ex-
plained; from data assembling (subsection 6.2.2) to model evaluation (subsection 6.2.3).
In particular, thismethodology has been used to undertake four experiments: prediction
of a culture-positive outcome (section 6.4), prediction of the most plausible sites of in-
fection (section 6.5), prediction of culture-positive outcome combining the independent
predictions of the most plausible sites (section 6.6) and prediction of the Gram type of
a bacteria (section 6.7). To conclude, findings are discussed (section 6.9) and the main
conclusions summarised (section 6.10).

6.1 Brief introduction to supervised machine learning

Machine learning handles the design and implementation of algorithms that can learn
and extract patterns from data. The essential desired property for these methods is the
ability to generalize and consequently perform well on unseen data. In general, three
main categories are devised according to the information available in the trainingdataset.

� In supervised learning the observations include the input features and the correspond-
ing label or output. As such, these algorithms attempt to find a function that maps
the input domain with the output. For instance, classification is a classic supervised
learning task in which an unseen observation is assigned to one output category.

� In unsupervised learning the observations only include the input features and are there-
fore unlabelled. As such, these algorithms attempt to define a function that describes
the structure of the data. Since labels are not provided, evaluation of these algorithms
is not straightforward. For instance, clustering is a common unsupervised learning
task in which properties and patterns are used to group observations in categories.

� In semi-supervised learning both labelled and unlabelled observations are used to train
the algorithm. While the acquisition of unlabelled data is rather straightforward,
labelled observations often require human intervention. As such, the majority of the
research in this area has focused on combining unlabelled data with a small set of
labelled data with a reported increase in performance.
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In this chapter, supervised learningmethods are considered tomap the input param-
eters with the output domain or label [1]. In particular, a subset of supervised machine
learning algorithms for binary classification which are able to provide probabilities as
outcome have been selected. Although not all the classifiers provide probabilities inher-
ently (e.g. support vector machines), additional algorithms exist to produce an estima-
tion. An overview of the algorithms evaluated in this chapter is presented below.

Gaussian Naïve Bayes
The Gaussian Naïve Bayes (GNB) method is based on applying Bayes’ theorem with the
assumption of independence between every pair of features. The likelihood function
for each feature is assumed to be Gaussian and despite this simplifying assumption, it
has worked quite well in many real-world situations (e.g. spam filtering) [2]. Moreover,
they require a small amount of training data to estimate the necessary parameters, are
extremely fast compared to more sophisticated methods and the generated models can
perform on-line updates.

Decision Tree Classifier
A decision tree classifier (DTC) is a simple algorithm for classifying observations based
on recursive partitioning given an attribute value. These classifiers have been widely
used in clinical domains due to its simplicity to interpret and understand. The time
required to train decision trees on large datasets is reasonable. However, as a result of
the greedy strategy applied, they present high variance, are often unstable and tend to
over-fit. Moreover, these methods do not tend to work well if decision boundaries are
smooth; that is, exists significant overlap between categories.

Random Forest Classifier
Random forest classifier (RFC) is an ensemble learning method for classification based
on DTCs. It constructs various decision trees trained with different portions of the data
and outputs the class that is the mode of all the classifiers. The voting system of these
classifiers often correct the habit of over-fitting the training set present in decision trees.

Support Vector Machine
Support Vector Machine (SVM) uses a kernel function to transform the training samples
to a new space with higher dimensionality [3]. The boundary found in the high dimen-
sional space is the hyperplane which maximizes the distance between classes (i.e. max-
imum margin hyperplane) and can have a non linear shape in the original data space.
It employs the principle of Structural Risk Minimization to generalize better than con-
ventional machine learning methods which employ Empirical Risk Minimization [4].
Though SVMs do not directly provide probability estimates, they may be calculated in
the binary case using Platt scaling; that is, logistic regression on the SVM’s scores [5].

Artificial Neural Networks
Artificial neural networks (ANN) are based on a collection of nodeswhich are connected.
Each connection can transmit a signal, typically a real number, from one node to another.
In most common implementations, the output of each node is computed by some non
linear function. The connections between nodes are called edges and have typically a
weight that adjusts as learning progresses. The weight indicates the strength of the sig-
nal. The most common ANN structure consists on several layers, the input layer with as
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many nodes as input features, the hidden layers and the output layer. Artificial neural
networks are fitted using the backpropagation algorithm [6].

6.2 Materials and methods

The methodology followed in this chapter to create the predictive models has been de-
scribed graphically in Figure 6.1. In the first step, those observations which are du-
plicated, erroneous or highly deviated are discarded. After this, the remaining data is
divided into complete observations (F6) and incomplete observations ({Fn}5n=1). The
complete observations are used to generate the predictive models. The incomplete ob-
servations are used to evaluate the robustness of these models against missing data.
Moreover, 25% of the observations in F6 are isolated in the hold-out set (HOS) to further
evaluate the translational utility. The remaining observations are used to generate and
preliminarily evaluate the predictive models.
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Figure 6.1: High-level methodology diagram for model creation and evaluation.
First, data cleaning and outlier removal is performed. The remaining observa-
tions are grouped as complete or incomplete profiles. The former is further split
into cross-validation Set (CVS) and hold-out set (HOS). Ten-Fold stratified cross-
validation is performed on CVS and two outputs are obtained in this step: a pre-
processing equation to transform new observations (T) and a calibrated model (M).
It is important to highlight that sampling and preprocessing are performed using
the train set while calibration is achieved from the test set. Finally, the performance
of calibrated models is evaluated in HOS and {Fn}5n=1.

In this research, ten-fold stratified cross-validation has been used to assess how well
the classifiers will generalize to an independent data set. This method divides the ob-
servations within the cross-validation set (CVS) in two categories: train and test. It is a
common malpractice to perform data sampling on both categories. In this research, ex-
clusively the train set is sampled, preprocessed and used to build the model as shown in
Figure 6.1. From this procedure, a non-calibrated model and a preprocessing equation
(T) to format unseen observations are obtained. Later, the model is calibrated using the
observations within the test category. Finally, to assess the translational utility of these
results into a clinical decision support system, the calibrated models are validated using
HOS and {Fn}5n=1. Note that these observations were not seen during data sampling,
data preprocessing, model training and model calibration.
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6.2.1 Selected pathology biochemical markers

After reviewing the scientific literature and discussion of the qualitative investiga-
tions [7, 8] conducted by infectious disease experts (Luke Moore and Timothy Rawson),
six routinely requested biochemical markers were selected (see Table 6.1). As explained
in previous chapter, the aim of these biomarkers is to provide sufficient information to
clinicians to evaluate the overall status of a patient and help identify underlying condi-
tions such as organdysfunction. For instance, creatinine is often requested to assess renal
function and to determine how to alter antimicrobial doses. Note that these biomark-
ers were not selected with the specific purpose of identifying infections however, cer-
tain level of association between these biochemical markers and infectious diseases have
been demonstrated in previous studies [9–14]. The inclusion of other biomarkers such
as procalcitonin and lactate, which have been identified in the literature as important
infection markers, was considered yet they were not routinely available for the majority
of patients [15, 16].

Table 6.1: Description of selected laboratory biochemical markers.
Alanine aminotransferase

Alanine aminotransferase (ALT) is a
transferase enzyme which is com-
monly used to screen liver prob-
lems. Moreover, significant high lev-
els often suggest the existence of
othermedical problems such as viral
hepatitis or infectious mononucleo-
sis. The standard reference range
is 10-40 ui/L with marked diurnal
variations.

10–40 iu/L

Alkaline phosphatase

Alkaine phosphatase (ALP) is a pro-
tein enzyme which is commonly
used to determine diagnosis such
as hepatitis or osteomalacia. It also
plays an integral role in metabolism
within the liver and development
within the skeleton. The standard
reference range is 44-147 iu/L yet it
varies with factors such as age, gen-
der, pregnancy or blood type.

44–147 iu/L

Bilirubin

Bilirubin (BIL) is a yellow pigment
that occurs when blood cells break
down too fast and the liver is un-
able tometabolize it. For this reason,
high levelsmight be relatedwith im-
paired liver function or blockage in
the biliary drainage. Moreover, an
increase in the break down of blood
cells can be caused by an autoim-
mune disease or an infection.

1.71–20.5 umol/L

Creatinine

Creatinine (CRE) is a compound
produced by metabolism of crea-
tine which is excreted in the urine.
Since kidneys maintain creatinine in
the normal range, it is often associ-
ated with impaired kidney function
or kidney disease. Moreover some
studies suggest that CRE inhibit bac-
terial replication [17]. The standard
reference range is 45-90 umol/L yet
it relates with the muscle mass.

45–90 umol/L

C-Reactive protein

C-Reactive protein (CRP) is a pro-
tein found in blood plasma which is
mainly used as a marker of inflam-
mation. It is synthesized in the liver
and therefore indicates liver failure.
The rate of CRP production also in-
creases with infection, trauma or al-
lergic reactions. The standard refer-
ence rage is 0.8-3.0 mg/L yet it in-
creases with ageing.

0.8–3.0 mg/L

White blood cell

White blood cells (WBC), also called
leukocytes, are an important part of
the immune system. Abnormal lev-
els of blood cell counts may indicate
that the immune system is fighting
an infection. Low levels are also rel-
evant as theymight indicate that the
immune system of the patient is di-
minished. The standard reference
range is 4–11 109/L in adults.

4–11 109/L

Keys: iu/L=international units per litre; umol/L=micromoles per litre; mg/L=miligrams per litre;

6.2.2 Assembling data for inference

In hospitals, data is compartmentalized with many distinct measurements of patient
health being stored separately. In this chapter, pathology and microbiology data for pa-
tients from all hospital wards at Imperial College Healthcare NHS Trust were extracted.
In the absence of a single database linking pathology with microbiology data, these two
different data sources were combined to create a unique dataset of daily profiles to per-
form probabilistic inference. Each profile (see Figure 6.2) has the daily symptoms of a
patient represented by the selected biochemical markers (feature vector), the infection
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condition extracted from the microbiology data (label) and additional information such
as the patient identification number (PID) or date.
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Figure 6.2: Biochemical markers: daily profile.
The profile has three main sections: metadata, fea-
ture vector and label. PID=patient identification
number; ALP=alkaline phosphatase; ALT=alanine
aminotransferase; BIL=bilirubin; CRE=creatinine;
WBC=white blood cell; CRP=c-reactive protein;

Unfortunately, the labels collected in
these databases are recorded for pur-
poses other than retrospective data anal-
ysis and it is difficult to define a ‘ground
truth’. Initially, all daily profiles were
labelled as culture-negative (C-). Then,
any daily profile available for a patient
with a positive culture in the microbiol-
ogy data within two days difference was
assigned to the culture-positive (C+) cat-
egory. This assumption comes from
antimicrobial susceptibility tests taking
from 24h to 48h and antibiotics often
needing a period of time to kill or stop bacterial growth. Note that assigning profiles
to the culture-negative category by default clearly produces mislabelled data. To tackle
this issue, profiles for those periods of time in with no susceptibility tests available were
discarded. In addition, culture-negative profiles were removed if culture-positive pro-
files were present in a single patient admission.

6.2.3 Challenges in clinical data: preprocessing

In machine learning applications, data preprocessing is a common step that becomes
critical when dealing with data obtained from clinical environments [18]. First, class
imbalance must be tackled since unequal class distributions arise naturally. Also, data
corruption is frequent [19] which can be classified as erroneous data, missing data and
imprecise data. The steps followed in data preprocessing are briefly explained below.

Detection of outliers
The importance of outlier removal to develop robust predictivemodels has been demon-
strated previously [20]. In our data, outliers are mainly caused by two main factors:
susceptibility tests not requested or wrongly reported (human errors) and inaccurate
microbiology results (diagnostic device errors or limitations). To identify and discard
them, the inter-quartile range rule (IQRxT) is applied to each category independently
where T represents the threshold parameter. A threshold of T=1.5 is widely accepted
and T=3 is considered to discard only extreme outliers.

Imputing missing data
A large proportion of profiles are incomplete; that is, they do not have results for the
six selected biomarkers. The notation Fn is used to define the fraction of data in which
profiles have exactly n biomarkers. Exclusively complete profiles are manipulated to
generate the predictive models while incomplete profiles ({Fn}5n=1) are used to evaluate
the robustness of such models for different degrees of missing variables. For simplicity,
the statistical measure preferred for imputation of missing values is the median.
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Dealing with class imbalance
The issue of class imbalance has been addressed with three different strategies: under-
sampling the majority class (RANDU), over-sampling the minority class (RANDO) and
using SyntheticMinorityOversampling (SMOTE) [21]which blends both samplingmeth-
ods to build classifiers with better performance. As previously mentioned, it is a com-
monmalpractice to perform data sampling on the whole data since it generates artificial
observations (non-real data) which are eventually used for evaluation. Moreover, since
random oversampling just duplicates entries, identical observations would be seen in
model construction and evaluation defeating the whole purpose of cross-validation.

Data scaling and preprocessing
Data scaling is a requirement for manymachine learning algorithms and can favourably
affect model performance [22]. In this research two approaches have been considered:
data normalizationwhich scales individual features to have unit formanddata standard-
ization which transforms features so they are normally distributed; that is, zero mean
and unit variance. It is a commonmalpractice to perform data scaling on the whole data
since it often leads to over-fitting. Note that it leaks information from observations that
will be later used for evaluation to the process of model construction. As mentioned
before, completely unseen observations must be used to evaluate the model.

6.2.4 Model evaluation

There are many different metrics for assessing the performance of classifiers [23, 24].
For binary classifiers, most of them are based on four simple measures: the number
of true positives (TP), the number of false positives (FP), the number of true negatives
(TN) and the number of false negatives (FN). Sensitivity, specificity and overall accu-
racy are commonly used to demonstrate classifiers performance [25–27]. Note however,
that accuracy might not be appropriate when the class sizes differ considerably [28]. For
detailed information of classifiers, receiver operating characteristic (ROC) and precision-
recall (PR) curves are often presented [29, 30]. The ROC curve is created by representing
the true positive rate against the false positive rate for different threshold settings while
the PR curve represents precision against recall. The area under such curves is com-
monly used for comparison. It is important to mention that precision is affected by class
proportions, and hence PR is conditioned too. On the contrary, sensitivity, specificity
and ROC are agnostic to class proportions. The definition and equations of previously
mentioned metrics are shown in Table 6.2.

In addition to previous metrics, the use of positive and negative predictive values
to describe the performance of a diagnostic test might be of higher utility in clinical
practice [31]. The positive predictive value describes the proportion of positives which
are truly positive. Similarly, the negative predictive value describes the proportion of
negatives which are truly negative. These metrics are not intrinsic to the test and also
depend on the prevalence of the disease. The data, as described previously, were not
collected purposely and is composed of a number of diseases from which the ‘ground
truth’ and therefore the corresponding prevalence was not available. For such reason,
a good balance between sensitivity and specificity, which can be evaluated through the
geometric mean, has been considered to select the best performing models.
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Table 6.2: Evaluation metrics: description and equation.

Metric Description Equation

Sensitivity
Proportion of observed positives that are correctly identified as such (i.e.
percentage of culture-positive profiles correctly identified as positive).
Also called recall (REC) or true positive rate (TPR).

SENS = TP
TP+FN

Specificity
Proportion of observed negatives that are correctly identified as such (i.e.
percentage of culture-negative profiles correctly identified as negative).
Also called true negative rate (TNR).

SPEC = TN
TN+FP

ROC
This curve illustrates the performance of a binary classifier as its discrimi-
nation threshold is varied by plotting true positive rate (TPR) against false
positive rate (FPR). It is related to cost/benefit analysis of diagnostic de-
cision making.

PR
This curve represents precision against recall where high scores for both
shows that the classifier is returning accurate results (high precision) as
well as returning a majority of all positive results (high recall).

Keys: ROC=receiver operating characteristic curve; PR=precision recall curve; SENS=sensitivity; SPEC=specificity;
TP=true positive; TN=true negative; FP=false positive; FN=false negative; TNR=true negative rate;

6.2.5 Model calibration

Properly calibrated classifiers provide a probability which incorporates an insight
on the confidence of the prediction. For instance, in binary classification, among the
samples to which a calibrated model gave a probability close to 0.8, approximately 80
% of samples actually belong to the positive class. Some models return well calibrated
predictions by default while others introduce bias (e.g. GNB pushes probabilities to 0 or
1). They can be calibrated using a dataset not seen during training [32]. In this research
a non-parametric approach based on isotonic regression was selected.

6.2.6 Statistical analysis

The statistical significance of the differences between the classifiers was determined
using the non-parametric test (Kruskal-Wallis or one-way ANOVA on ranks) where the
significance level was set at p<0.05. Post-hoc analysis (Fisher’s LSD) was used to deter-
mine pairwise differences.

6.2.7 Outline of the experiments conducted

This section briefly outlines the experiments further described in this chapter. For
such purpose, the experiments have been depicted graphically in Figure 6.3. The first
experiment (Experiment I in Figure 6.3) aims to discern between positive and negative
microbiology cultures. After this, a second experiment (Experiment II in Figure 6.3) is
conducted to assess whether it is possible or not to identify the source of infection. For
this purpose, culture positive profiles are further divided into five sets according to the
specimen collection site: blood, urine, sputum, wound and others. The third experi-
ment (Experiment III in Figure 6.3) compares two different strategies to predict culture
positivity. The first strategy uses the single classifier computed in the first experiment.
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The second strategy evaluates an ensemble classifier which combines the best classifiers
obtained in the second experiment. The next experiment assesses whether it is possible
or not to distinguish between Gram-positive and Gram-negative bacteria. To conclude,
the last experiment evaluates the robustness of the selected estimators in scenarios with
missing data and imbalanced classes.
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Figure 6.3: Graphical description of the experiments. The experiments described
in this diagramare: (i) prediction of positive culture (ii) prediction of site of infection
and (iii) ensemble method to predict positive cultures. The keys used are culture
positive (C+) and culture negative (C-). Two additional experiments have been per-
formed but are not included in the graph. One assesses whether it is possible or
not to distinguish between Gram-positive and Gram-negative bacteria. The other
evaluates the robustness of the selected estimators under two different conditions:
missing data and imbalanced classes.

6.3 Data Analysis

The data used in this research was provided by the Imperial College Healthcare NHS
Trust, which comprises three separate hospitals, totalling 1,500 beds and serving a pop-
ulation of 2.5 million citizens. The data comprises pathology laboratory results and mi-
crobiology data for 2014 and 2015. The combination of daily pathology laboratory re-
sults with the correspondingmicrobiology outcomes yielded over one and a half million
profiles for more than half a million different patients. From these data, 43,497 (2.7%)
profiles for 12,099 (2.1%) patients were assigned to the culture-positive category. There-
fore, classes were clearly imbalanced with culture-negative constituting the majority.

6.3.1 Laboratory tests frequency

The number of laboratory tests requested per biomarker is explained for both cate-
gories (culture-negative and culture-positive) independently in Table 6.3. The notation
F is used to categorize profiles according to the number of biomarkers available. Hence,
F2 contains all profiles with exactly two biomarkers. Obviously, some biomarkers are
requested more frequently than others; from the instances presented in Table 6.3, the
corresponding proportions are displayed for culture-negative (Figure 6.4a) and culture-
positive (Figure 6.4b) categories. The most requested biomarkers are WBC and CRE for
both categories. It is worth stressing that CRP is requested more frequently for infected
patients. Its presence is almost double; from 11% in culture-negative profiles to 18% in
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Table 6.3: Biochemical markers and daily profiles: frequency and completeness overview.

ALP ALT BIL CRE CRP WBC All Tests Profiles

C-

F1 10858 236 327 53443 10477 191213 266554 266554
F2 11654 492 889 81337 25959 94605 214936 107468
F3 51047 27921 28506 131058 113049 130870 482451 160817
F4 135450 97665 101738 112962 36446 59607 543868 135967
F5 412266 386171 409873 404555 58530 391120 2062515 412503
F6 517397 517397 517397 517397 517397 517397 3104382 517397

Total 1138672 1029882 1058730 1300752 761858 1384812 6674706 1600706

C+

F1 40 5 7 412 267 1445 2176 2176
F2 103 12 20 1458 1140 1983 4716 2358
F3 484 85 121 7671 7367 7621 23349 7783
F4 2395 373 578 2308 1946 2096 9696 2424
F5 5277 3043 5145 5165 3106 4674 26410 5282
F6 23474 23474 23474 23474 23474 23474 140844 23474

Total 31773 26992 29345 40488 37300 41293 207191 43497

Keys: C-=culture negative; C+=culture positive; Fn=set of profiles with n biomarkers available;

(a) Frequencies C- (b) Frequencies C+ (c) Completeness C- (d) Completeness C+

F

F

F

F

F

F

F

F
F

F

F

F

Figure 6.4: Biochemical markers: frequency and completeness. Percentages rep-
resenting the frequency of each biomarker (a and b) and the completeness of profiles
(c and d) for both culture-negative (C-) and culture-positive (C+) categories respec-
tively.

culture-positive profiles. Although CRP would appear to be sufficient for infection de-
tection by looking at the corresponding distribution (see Figure 6.5), it presents twomain
issues. First, it is the least requested of all biomarkers in the culture-negative category
(11%), Second, it is an inflammatory marker which is not specific for infection. Finally, it
does not provide any information regarding the location of the infection.

6.3.2 Profile completeness

A common problem in previous studies was missing data leading to incomplete
profiles. Therefore, the proportion of profiles with different levels of completeness is
displayed in Figures 6.4c and 6.4d. More than 50% of the culture-positive profiles are
complete; that is, contain results for the six biomarkers. In contrast, the percentage of
complete profiles drops to 28% for the culture-negative category. Note that evaluating
four or more biomarkers are available ({Fn}6n=4) raises the percentages of profiles con-
sidered: culture-negative (65%) and culture-positive (71%). This is approximately two
thirds of all available profiles. Thus, it is extremely important to generate classifiers that
are able to provide accurate predictions in scenarios with missing biochemical markers
to increase their use in clinical settings.
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6.4 Experiment I: Prediction of positive culture

The aim of this experiment is to assess for a particular patient the likelihood of having a
positive microbiology culture from six routinely collected pathology laboratory results.
The requirement for culture is often independent of these variables as it is used to con-
firm infection and enable further susceptibility testing. Yet, predicting the likelihood of
having a positive culture could potentially provide an insight on the potential utility of
the requested test. Note that susceptibility testing takes between 24 and 48 hours.

6.4.1 Distributions of the selected biochemical markers

The density distribution for each biomarker is presented in Figure 6.5 for culture-
positive and culture-negative categories. Most distributions are skewed (especially for
C+) and robust measures for central tendency (median) and statistical dispersion (in-
terquartile range) are used to describe them. Outliers were removed by applying the
IQRx1.5 rule to both categories independently. The distance between medians for each
category is clearly noticeable for CRP and appreciable to a lesser extent inWBC andALP.
On the other hand, there is no perceptible difference between the medians of culture-
positive and culture-negative profiles for the rest of the biomarkers (ALT, BIL, CRE). Re-
garding statistical dispersion, CRP presents a huge contrast between the two categories,
followed by CRE and ALP. Despite this contrast, the overlap in the IQR shows that indi-
vidually these biomarkers do not provide information to differentiate between positive
and negative categories.

ALT (iu/L) ALP (iu/L) BIL (umol/L) CRE (umol/L) CRP (cg/L) WBC (109/L)

Figure 6.5: Biochemical markers: distributions for C- and C+. Distribution of
measurements for each biomarker grouped in two categories: culture-negative
(C-) and culture-positive (C+). The inter-quartile range rule with threshold of 1.5
(IQRx1.5) has been applied to each category independently to discard outliers.

6.4.2 Infection risk inference on complete profiles

This section compares the performance of different supervised learning models for
the prediction of positive culture. The supervised learningmodels evaluatedwere GNB,
DTC, RFC, SVM and ANN (see section 6.1). After evaluating several configurations for
these models the best overall estimator was selected and included in the tables below.
The presented metrics have been obtained using a balanced version of the hold-out set.
Standardization performed consistently better than normalization and therefore only
these results have been included. In order to deal with class imbalance, three sam-
pling techniques (RANDU, RANDO and SMOTE) have been investigated. The metrics
included from left to right are: area under the ROC curve (AUCROC), area under the PR
curve (AUCPR where the subscript B indicates that classes were balanced), sensitivity
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(SENS) and specificity (SPEC). The results presented in Table 6.4 considered the whole
data. On the contrary, the results presented in Table 6.5 were obtained after discarding
outliers using the IQRx1.5 rule. The grey shade indicates for each scenario the model
which provides the best performance.

Table 6.4: Comparison of sampling methods.

AUCROC AUCPRB SENS SPEC

RANDU

GNB 0.76 0.72 0.33 0.90
DTC 0.79 0.76 0.77 0.68
RFC 0.80 0.77 0.79 0.68
SVM 0.79 0.74 0.76 0.69
ANN 0.80 0.78 0.78 0.68

RANDO

GNB 0.76 0.72 0.34 0.89
DTC 0.75 0.73 0.63 0.74
RFC 0.80 0.78 0.71 0.75
SVM 0.80 0.74 0.77 0.69
ANN 0.81 0.78 0.79 0.68

SMOTE

GNB 0.75 0.72 0.34 0.89
DTC 0.73 0.70 0.30 0.89
RFC 0.75 0.71 0.32 0.90
SVM 0.79 0.73 0.75 0.70
ANN 0.80 0.77 0.77 0.69

Description: This table shows the performance of a binary clas-
sifier in which the categories are negative culture (C-) and posi-
tive culture (C+). Three different sampling techniques (RANDU,
RANDO and SMOTE) have been compared. Full dataset.

Table 6.5: Comparison of sampling methods (IQRx1.5).

AUCROC AUCPRB SENS SPEC

RANDU

GNB 0.88 0.91 0.72 0.91
DTC 0.90 0.92 0.77 0.88
RFC 0.91 0.93 0.78 0.88
SVM 0.89 0.91 0.77 0.87
ANN 0.91 0.93 0.78 0.88

RANDO

GNB 0.88 0.91 0.72 0.90
DTC 0.88 0.91 0.73 0.88
RFC 0.90 0.93 0.73 0.91
SVM 0.89 0.91 0.77 0.87
ANN 0.91 0.93 0.78 0.88

SMOTE

GNB 0.89 0.91 0.72 0.89
DTC 0.88 0.91 0.65 0.95
RFC 0.89 0.91 0.65 0.96
SVM 0.89 0.91 0.77 0.87
ANN 0.91 0.93 0.78 0.88

Description: This table shows the performance of a binary clas-
sifier in which the categories are negative culture (C-) and posi-
tive culture (C+). Three different sampling techniques (RANDU,
RANDO and SMOTE) have been compared. Outliers discarded.

The performance of tree-based classifiers can be seen to vary according to the sam-
pling technique used. It is particularly notable for theDTC classifier (see Table 6.4)which
obtains quite high sensitivities when RANDU (0.77) or RANDO (0.63) are used to ad-
dress the class imbalanced. Conversely, its sensitivity drops to 0.30 when SMOTE is
applied. The tendency of DTC to over-fit might be the cause of such inconsistent be-
haviour. Note that DTC presents high sensitivities when the number of observations
are reduced (RANDU) or merely duplicated (RANDO). Furthermore, such inconsistent
behaviour remains, to a lesser extent, when outliers are discarded (see Table 6.5) with
the following sensitivities: RANDU (0.77), RANDO (0.73) and SMOTE (0.65). The use of
an ensemble approach (RFC) does not solve this inconsistent behaviour. On the other
side, GNB, SVM and ANN are not affected by the sampling technique. However, GNB
presents extremely low sensitivity values (0.33–0.34). The sensitivities for SVM (0.75–
0.77) and ANN (0.77–0.79) are the highest among all the models. Moreover, they present
a good balanced between sensitivity and specificity. These patterns also appear when
outliers are discarded (see Table 6.5). As expected, the results obtained when outliers
are discarded are superior than those using the whole data for all the models.

To summarise, the performance of the GNB, DCT and RFC models when outliers
are not discarded (see Table 6.4) is poor. The sampling technique does not affect GNB
yet it presents quite low sensitivities. In contrast, DTC is considerably affected by the
sampling technique. SVMandANNare quite consistent in all the scenarios and produce
high sensitivity values. In further sections, only models generated using the SMOTE
sampling technique are presented.
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Table 6.6: Comparison inference of C+.

AUCROC AUCPRB SENS SPEC

Positive

GNB 0.75 0.72 0.34 0.89
DTC 0.73 0.70 0.30 0.89
RFC 0.75 0.73 0.32 0.90
SVM 0.79 0.74 0.75 0.70
ANN 0.80 0.77 0.77 0.69

Description: This table shows the performance of a binary clas-
sifier in which the categories are negative culture (C-) and posi-
tive culture (C+). Full dataset.

Table 6.7: Comparison inference of C+ (IQRx1.5).

AUCROC AUCPRB SENS SPEC

Positive

GNB 0.89 0.91 0.72 0.89
DTC 0.88 0.91 0.65 0.95
RFC 0.89 0.91 0.65 0.96
SVM 0.89 0.91 0.77 0.87
ANN 0.91 0.93 0.78 0.88

Description: This table shows the performance of a binary clas-
sifier in which the categories are negative culture (C-) and posi-
tive culture (C+). Outliers discarded.

The results presented in Table 6.6 considered the whole data. On the contrary, the
results presented in Table 6.7 were obtained after discarding outliers using the IQRx1.5
rule. From the results presented in Table 6.7, the best estimators to predict culture posi-
tivity are: (i) GNB with priors of 0.5, since categories are balanced (ii) DTC with a min-
imum number of samples in a leaf of 50, a minimum number of observations in a node
in order to be split of 200 and the gini impurity criterion (iii) RFC with 10 estimators
(trees) with a minimum number of observations in a node of 100 (iv) SVM with penalty
factor of C=1.0 , a radial basis kernel where γ=0.1 and a tolerance of 0.001 and (v) ANN
with a single hidden layer with 100 nodes, a ReLU activation function, alpha of 0.1, mo-
mentum of 0.9, learning rate of 0.001 and a tolerance of 0.0001. From the previously
defined models, the highest levels of sensitivity correspond to SVM (0.77) and ANN
(0.78). Moreover, both models also present an appropriate balance between sensitivity
and specificity. Note that AUCROC (0.88–0.91) andAUCPRB (0.91–0.93) are quite similar
for all models. In order to further understand the behaviour of these models, the ROC
curve (left), the PR curve (middle) and the calibration (right) are showed in Figure 6.6.
The presented ROC curves show that the estimators have an appropriate trade-off be-
tween specificity and sensitivity. Moreover, from the PR curves it is possible to observe
that they also exhibit a good trade-off between precision and recall. On the contrary,
among the models considered, SVM and ANN also present the best calibration. Note
that calibrated classifiers provide probabilities that can be interpreted as confidence in-
tervals (see subsection 6.2.5).

Figure 6.6: Positive culture inference: ROC, PR and calibration curves From left
to right the graphs show the ROC, PR and calibration curves for those estimators
constructed after discarding outliers using the IQRx1.5 rule. The scores have been
computed on a balanced version of the hold-out set.
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6.5 Experiment II: Prediction of site of culture

The aim of this experiment is to assess whether it is possible or not to identify the source
of infection. For this purpose, this experiment provides the likelihood of having a pos-
itive culture in a specific sample type. Note that specimen collection for susceptibility
testing is conducted on a variety of sites such as the blood, the urine, the sputum or
wounds. These sites are often closely related with the source of infection. As such, the
models presented have to distinguish between negative cultures (C-) and positive cul-
tures for one specific site (e.g. blood). In contrast to the previous experiment, focusing
on infectious diagnosis for specific sites is quite common within the existing literature
(see Appendix B.2).

6.5.1 Distribution of the selected biochemical markers

The density distribution for each biomarker is presented in Figure 6.7 for culture-
negative (yellow) and culture positivewithin the blood, urine, sputum,wound and other
cultures (shades of grey). In general, it is difficult to extract a common pattern within all
the presented biochemical markers. The biomarkers can be divided into two groups by
looking at themedian of the distributions. One group of biomarkers (ALP, BIL and CRE)
shows quite homogeneous medians for all the categories. In contrast, the other group
(CRP, WBC and ALP) shows heterogeneous medians, especially for CRP followed to a
lesser extent by WBC. Regarding the statistical dispersion of the distributions, blood
usually presents the highest levels (ALT, BIL, CRP and WBC). As occurred in previous
experiment, the overlap in the IQR shows that individually these biomarkers do not
provide information to differentiate between positive and negative categories.

ALT (iu/L) ALP (iu/L) BIL (umol/L)

CRE (umol/L) CRP(cg/L) WBC (109/L)

Figure 6.7: Biochemical markers: distributions for C- and sites. Distribution of
measurements for each single biomarker grouped in six categories: culture-negative
(C-) and culture-positive within the blood, urine, sputum, wound and other cul-
tures. The inter-quartile range rule with threshold of 1.5 (IQRx1.5) has been applied
to each category independently to discard outliers.
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6.5.2 Site of infection risk inference on complete profiles

This section compares the performance of different supervised learning models for
the prediction of positive culture in specific sites. The supervised learning models eval-
uated were GNB, DTC, RFC, SVM and ANN (see section 6.1). After evaluating several
configurations for these models the best overall estimator was selected and included in
the tables below. The results presented in Table 6.8 considered the whole data. On the
contrary, the results presented in Table 6.9 were obtained after discarding outliers using
the IQRx1.5 rule. The grey shade indicates for each scenario the model which provides
the best performance.

In general, the performance of the models when outliers are not discarded (see Ta-
ble 6.8) is quite poor with extremely low sensitivities (0.30–0.34). Note that AUCROCs
are still high (0.73–0.75) but the levels of sensitivity and specificity are quite imbalanced.
This issue has been previously seen in the literature (see Appendix B.2). In contrast,
SVM-based and ANN-based models provide high and balanced levels of sensitivity
(0.69–0.80) and specificity (0.66-0.75). Moreover, the results provided by ANN-based
models are un-excelled in all scenarios. For such reason, they have been highlighted
with a grey shade. On the other hand, it is no surprise that the results obtained when
outliers are discarded are superior to those using the whole data (see Table 6.9).

Table 6.8: Comparison site of infection.

AUCROC AUCPRB SENS SPEC

Blood

GNB 0.80 0.79 0.47 0.89
DTC 0.81 0.82 0.49 0.92
RFC 0.85 0.85 0.54 0.92
SVM 0.88 0.85 0.79 0.81
ANN 0.89 0.88 0.82 0.80

Urine

GNB 0.63 0.60 0.44 0.73
DTC 0.62 0.60 0.17 0.92
RFC 0.64 063 0.11 0.96
SVM 0.70 0.67 0.64 0.65
ANN 0.71 0.69 0.65 0.66

Sputum

GNB 0.78 0.72 0.30 0.90
DTC 0.72 0.72 0.25 0.94
RFC 0.74 0.74 0.25 0.95
SVM 0.84 0.80 0.76 0.77
ANN 0.85 0.80 0.82 0.75

Wound

GNB 0.71 0.67 0.41 0.83
DTC 0.69 0.69 0.26 0.91
RFC 0.74 0.73 0.26 0.94
SVM 0.80 0.76 0.71 0.75
ANN 0.81 0.78 0.73 0.74

Other

GNB 0.76 0.73 0.38 0.88
DTC 0.72 0.70 0.31 0.90
RFC 0.75 0.73 0.31 0.91
SVM 0.80 0.75 0.78 0.69
ANN 0.82 0.78 0.79 0.70

Description: This table shows the performance of a binary clas-
sifier in which one class represents negative cultures and the
other class positive cultures in one particular site (e.g. blood).

Table 6.9: Comparison site of infection (IQRx1.5).

AUCROC AUCPRB SENS SPEC

Blood

GNB 0.95 0.96 0.83 0.91
DTC 0.94 0.96 0.82 0.95
RFC 0.95 0.97 0.82 0.97
SVM 0.96 0.97 0.86 0.93
ANN 0.96 0.97 0.87 0.93

Urine

GNB 0.82 0.85 0.59 0.87
DTC 0.76 0.82 0.47 0.95
RFC 0.78 0.83 0.45 0.98
SVM 0.83 0.85 0.64 0.86
ANN 0.82 0.85 0.66 0.83

Sputum

GNB 0.90 0.92 0.73 0.90
DTC 0.87 0.90 0.65 0.94
RFC 0.90 0.92 0.65 0.96
SVM 0.92 0.93 0.81 0.91
ANN 0.93 0.94 0.83 0.87

Wound

GNB 0.90 0.92 0.73 0.92
DTC 0.85 0.90 0.62 0.78
RFC 0.88 0.91 0.62 0.98
SVM 0.92 0.93 0.78 0.91
ANN 0.92 0.93 0.79 0.80

Other

GNB 0.91 0.93 0.75 0.91
DTC 0.89 0.92 0.70 0.95
RFC 0.91 0.93 0.69 0.97
SVM 0.93 0.94 0.78 0.92
ANN 0.93 0.94 0.80 0.90

Description: This table shows the performance of a binary clas-
sifier in which one class represents negative cultures and the
other class positive cultures in one particular site (e.g. blood).
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In Table 6.9, the results can be grouped into three main categories according to the
performance of the models. The first category corresponds to prediction of culture-
positivity in blood samples; that is, bacteremia. Overall, the models show outstanding
levels of AUCROC (0.94–0.96), sensitivity (0.82–0.87) and specificity (0.91–0.97). In the
second category are sputum, wound and other samples. The models within this group
show decent levels of AUCROC (0.85–0.93), sensitivity (0.62–0.83) and specificity (0.78–
0.95). However, these are inferior to those obtained for blood samples. The last cate-
gory corresponds to prediction of culture-positivity in urine samples which shows to be
the most challenging. One reason could be the high incidence of asymptomatic bacteri-
uria which is very common with ageing and in hospitalised elderly patients. Note that
DTC-based models exhibit generally low sensitivity values. In contrast, SVM-based and
ANN-based models sacrifice specificity in favour of sensitivity which results in better
overall predictions. The performance of these twomethods is very similar (see Table 6.9).
For further comparison, the ROC, PR and calibration curves have been presented for
SVM (see Figure 6.8) and ANN (see Figure 6.9). In overall, the behaviour is equivalent
though ANN shows a slightly superior calibration of probabilities than SVM.

Figure 6.8: SVM-based estimators: ROC and PR curves (site). Inspection of the
selected SVM-based estimators through ROC, PR and calibration curves for the dif-
ferent culture sites. The inter-quartile range rule with threshold of 1.5 (IQRx1.5) has
been applied to each category independently to discard outliers.

Figure 6.9: ANN-based estimators: ROC and PR curves (site). Inspection of the
selected ANN-based estimators through ROC, PR and calibration curves for the
different culture sites. The inter-quartile range rule with threshold of 1.5 (IQRx1.5)
has been applied to each category independently to discard outliers.
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To summarise, the most intelligible scenario is prediction of bacteremia. In contrast,
identification of positive cultures within urine samples appears to be the most challeng-
ing. Note that existing research primarily focuses on bacteremia prediction while urine
infections are studied to a lesser extent (see Appendix B.2). In this research, bacteremia
prediction achieves the best scores partly due to the fact that all biochemical markers
have been extracted from the blood. Hence, it would be interesting to incorporate other
biochemical markers, such as those provided in urinalysis tests, to understand whether
or not it is possible to boost the prediction of positive cultures in urine samples.

6.6 Experiment III: Voting prediction of positive culture

The aim of this experiment is to compare prediction of culture positivity using two dif-
ferent approaches. The first approach employs a single classifier to distinguish between
negative cultures (C-) and positive cultures (C+) as described in section 6.4. In the second
approach, an ensemble classifier to predict culture positivity is created by combining
partial classifiers that predict site-specific positivity (see section 6.5). For this purpose
the same training observations (CVS) and testing observations (HOS) have been used for
both the single and the ensemble classifiers. The ensemble estimator is composed by five
sub-estimators, one for each sample site. Thus, the ensemble estimator assigns a given
observation to the positive class if at least one of the sub-estimators returned a positive.
On the other hand, the probability is computed as the average of the sub-estimators
probabilities. The results are presented below.

Table 6.10: Comparison inference of C+.

AUCROC AUCPRB SENS SPEC

Positive
single

GNB 0.73 0.69 0.30 0.89
DTC 0.72 0.68 0.23 0.91
RFC 0.72 0.68 0.24 0.90
SVM 0.77 0.73 0.76 0.69
ANN 0.78 0.75 0.77 0.68

Description: This table shows the performance of a binary clas-
sifier in which the categories are negative culture (C-) and posi-
tive culture (C+). No filter was applied.

Table 6.11: Comparison inference of C+ (ensemble).

AUCROC AUCPRB SENS SPEC

Positive
ensemble

GNB 0.73 0.70 0.42 0.83
DTC 0.74 0.71 0.33 0.89
RFC 0.74 0.71 0.33 0.88
SVM 0.77 0.72 0.77 0.66
ANN 0.78 0.74 0.77 0.67

Description: This table shows the performance of a binary classi-
fier to distinguish positive and negative cultures by using a voting
system that relies on site-specific classifiers. No filter was applied.

The ensemble estimators improve the sensitivity levels for those models which had
previously low values. For instance, the sensitivity for GNB increases from 0.34 to 0.42.
Similarly, the DTC increases from 0.23 to 0.33. This increase in sensitivity is due to the
previously explained voting system; since now it is more common to return a positive
class. However, it is not necessary to create an ensemble estimator for that purpose.
Note that categories are assigned to the positive or negative category based on the ob-
tained probability value and a threshold. Thus, decreasing the threshold would provide
the same behaviour. On the other hand, ensemble estimators do not provide any fur-
ther advantage to the already good performing SVM and ANN. In this research, the
sub-estimators within the ensemble classifier share the same input features. However,
the ensemble approach would perform better if each classifier has exclusively the input
parameters which are required to predict culture positivity in a particular site.
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6.7 Experiment IV: Prediction of the gram status of bacteria

The aim of this experiment is to assess whether it is possible or not to differentiate be-
tween Gram-positive and Gram-negative bacteria. As such, exclusively the culture pos-
itive dataset has been used. Firstly, models to distinguish between Gram-positive and
Gram-negative bacteria using thewhole culture positive datasetwere created. After this,
the culture positive dataset was further divided to determine whether it is possible or
not to differentiate Gram status in specific sites. The results are presented in the tables
below. Note that ANN-basedmodels have been considered since they presented the best
performance in previous experiments.

Table 6.12: ANN for Gram status prediction.

AUCROC AUCPRB SENS SPEC

Positive ANN 0.55 0.55 0.51 0.55
Blood ANN 0.65 0.64 0.56 0.61
Urine ANN 0.55 0.54 0.52 0.55
Sputum ANN 0.63 0.63 0.56 0.64
Wound ANN 0.59 0.58 0.57 0.55
Other ANN 0.60 0.59 0.57 0.57

Description: This table shows the performance of a binary clas-
sifier in which one class represents Gram-negative bacteria and
the other class Gram-positive bacteria. Whole data.

Table 6.13: ANN for Gram status prediction (IQRx1.5).

AUCROC AUCPRB SENS SPEC

Positive ANN 0.56 0.57 0.51 0.57
Blood ANN 0.67 0.66 0.60 0.62
Urine ANN 0.62 0.63 0.53 0.62
Sputum ANN 0.66 0.70 0.58 0.66
Wound ANN 0.65 0.63 0.67 0.51
Other ANN 0.63 0.61 0.65 0.54

Description: This table shows the performance of a binary clas-
sifier in which one class represents Gram-negative bacteria and
the other class Gram-positive bacteria. Outliers discarded.

In overall, biochemical markers do not contain enough information to appropriately
distinguish between Gram-positive and Gram-negative bacteria. This is depicted by the
results presented in Tables 6.12 and 6.13. As occurred in previous experiments, the high-
est scores are obtained when differentiating Gram-positive and Gram-negative bacteria
in blood cultures which could be related with the fact that all biochemical markers se-
lected are extracted from blood samples. However, the performance is clearly not suffi-
cient to support antibiotic choice in clinical practice. Similar results are found for spu-
tum with ROC, sensitivity and specificity of 0.66, 0.58 and 0.66 respectively. For the rest
of datasets either sensitivity (in positive and urine) or specificity (in wound and other
cultures) are near 0.5, which is equivalent to a random guess. As such, it is possible
to conclude that prediction of Gram status bacteria is not achievable with the selected
routinely collected biochemical markers [33].

6.8 Experiment V: Missing data and imbalance classes

The aim of this experiment is to understand the response of the selected models in real
clinical settings. In particular two different scenarios have been considered: missing in-
puts and imbalanced class distributions. For such purpose, the behaviour of the selected
ANN-based models is described in Figure 6.10. The estimators included in such figure
are: (i) overall culture positivity (ii) culture positivity in blood (iii) culture positivity in
urine (iv) culture positivity in sputum (v) culture positivity in wound and (vi) culture
positivity in other sample types. The graphs used to describe the estimators are the ROC
curve (first row), the PR curve (second row), the calibration curve (third row) and the
thresholds curves (fourth row).
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6.8.1 Inference on scenarios with missing data

This experiment describes the behaviour of the selected ANN-based models for dif-
ferent degrees of missing inputs. Since the models were trained on complete profiles
(F6) and the biomarker distributions are non-symmetrical (see Figure 6.5) the statistical
measure preferred to input missing values is the median. Note that the median for each
biomarker was extracted from the observations used to train the model. To study the be-
haviour of the models in scenarios with missing data, the profiles have been grouped in
different categories according to the number of biochemicalmarkers available ({Fn}6n=1).
For instance F2 contains all the profiles with two biochemical markers available (see Ta-
ble 6.3). After this, the ROC curve has been computed for each of the groups (see first
row in Figure 6.10).

The ROC curves obtained for {Fn}6n=4 are quite similar showing that all estimators
perform without noticeable loss in performance if at least four biomarkers are available.
The results obtained for F3 are slightly inferior and the main drop in performance mate-
rializes for F2 indicating insufficient information to perform inference. This is noticeable
primarily in the sensitivity score.

6.8.2 Inference on scenarios with class imbalance

The estimators need to operate in scenarios where class imbalance is common. The
ROC curve is a good indicator of overall performance but does not reflect the effect of
class imbalance. For such reason the PR curve has been presented (see second row in
Figure 6.10). The notation R80 indicates that 80% of observations belong to the culture-
negative category. In scenarios with balanced classes (R50) the predictive model shows
a good balance between precision and recall. The models are robust against high levels
of class imbalance and the drop in performance occurs for scenarios with an imbalance
ratio of approximately 1/9 (90%) or higher.

6.8.3 Probability calibration and thresholds

Properly calibrated classifiers provide a probability which can be directly interpreted
as a confidence interval. For instance, in binary classification, among the samples to
which a calibrated model gave a probability close to 0.8, approximately 80% actually be-
long to the positive class. The calibration of the selected models is shown in the third
column in Figure 6.10. In overall, the calibration is excellent. Note that there are minor
inconsistent variations in the categories wound and other. The observations are later
assigned to one of the categories (either positive or negative) based on these probabil-
ities. The most common strategy relies on defining a cut-off value which is denoted as
threshold. Then, those observations with a probability below the threshold are assigned
to the negative category. The default threshold value is often 0.5. The effect that the vari-
ation of the threshold has on the sensitivity and specificity of the model are shown in
the threshold curves (see fourth row in Figure 6.10). The threshold values for which
sensitivity and specificity are perfectly balance are within the range 0.4–0.5.
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CHAPTER 6. PROBABILISTIC INFERENCE

6.9 Discussion

In infectious diseases, antibiotic selection has been the main focus of clinical decision
support systems (CDSSs) [34]. However, improving antibiotic selection does not neces-
sarily imply a reduction in antibiotic prescription, it might even encourage it. Therefore,
assisting clinicians by providing the risk of infection and most plausible sites for an in-
dividual patient can help discerning whether or not to initiate antibiotic therapy. This
could potentially reduce the misuse of antibiotics. The main reasons obstructing inclu-
sion in CDSSs were: (i) studies were highly specific by tackling individual microbes and
single infections (sepsis is the most common) (ii) they required a high number of vari-
ables whose collection is laborious (iii) scenarios withmissing data, which are very com-
mon in clinical environments, were completely ignored (iv) there was a lack of thorough
evaluation of the models to understand their behaviour and support confidence.

6.9.1 Selecting suitable biochemical markers

The first challenge while designing a model for classification is deciding which input
parameters are to be considered. After reviewing the scientific literature and discus-
sion of the qualitative investigations [7, 8] conducted by infectious disease experts, six
routinely requested biochemical markers were selected. The aim of these biomarkers
was to provide sufficient information to clinicians to evaluate the overall status of a pa-
tient and help identify underlying conditions such as organ dysfunction. As such, these
biomarkers were not selected with the specific purpose of identifying infections. Note
that certain level of association has been demonstrated in previous studies [9–14]. The
inclusion of other biomarkers such as procalcitonin and lactate, which have been identi-
fied in the literature as important infectionmarkers, could greatly improve the presented
results and their integration into clinical practice [15, 16].

6.9.2 Addressing class imbalance

The issue of class imbalance is common in detection and classification within health
domains. For this reason, a number of sampling techniques were explored. Simple
methods such as randomunder-sampling and/or over-sampling have proven to be valid
in other domains. Undoubtedly, choosing an adequate sampling technique depends on
the data, but it is clear that under-sampling potentially discards useful information and
over-sampling replicates observations which might lead to over-fitting. Thus, the Syn-
thetic Minority Oversampling Technique (SMOTE) was selected in this research.

6.9.3 Effect of missing inputs in prediction

Unfortunately, missing variables is a common problem in clinical data. Since this is
a retrospective study, we have to deal with the fact that the data were not collected to
generate a predictive model. For these reasons, it is highly desirable for a classification
system to be robust to incomplete inputs. Both SVM and ANN classifiers are robust and
operate without noticeable loss in performance if at least four biomarkers are present.
DTCs are widely used in clinical research and the results obtained in this paper out-
perform those presented in similar studies [12, 13]. However, this method is the most
affected by missing biomarkers as a result of the greedy strategy applied. In previous
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studies RFC was selected as an ensemble method based on DTCs [12, 13, 35] to tackle
this issue. The unexpected increase in sensitivity presented by DTC for scenarios with
missing data was corrected. However, performance was found to be similar.

At themoment, themethod selected to inputmissing values is themedian. However,
it would be incredibly useful to estimate the values ofmissing biochemical markers from
those which are available. This could potentially boost the performance of the classifiers
when biochemical markers are missing. Moreover, estimating the values of those bio-
chemical markers that were not requested would help clinicians to better construct a
clinical picture of the patient to assess the severity of the infection.

6.9.4 Selecting a suitable algorithm

From the obtained results, infection inference is feasible by using exclusively the six
selected biomarkers with an AUCROC of approximately 0.8. In addition, sensitivity and
specificity were both high and balanced in comparison to previous studies [35]. De-
spite the simplicity of Gaussian Naïve Bayes (GNB), it shows to be a good starting point
which provides decent results. It also has additional desirable properties, namely that
it requires a small amount of training data, it is computationally efficient and performs
on-line updates. However, the best performance corresponds to (i) SVM classifier with
penalty factor of C = 0.1 and radial basis kernel where γ = 1.0. and (ii) ANN classi-
fier with 1 hidden layer with ten nodes and a ReLU activation function. The main dis-
advantage of SVM is the large amount of computational resources (memory and time)
required. Conversely, ANN shows excellent performance with a drastic reduction in
computational resources. The evaluation was performed on real observations (not syn-
thetically generated) which were completely unseen during sampling, preprocessing,
training and calibration. The latter is often ignored but necessary to guarantee that
probabilities use the whole spectrum [0,1] and are informative by providing the degree
of confidence in the prediction. The Bootstrap aggregating technique was explored to
build ensemble classifiers based on GNB and SVM, but it did not provide any significant
improvement. A summary of the properties of the algorithms used in this research is
presented in Table 6.14.

Table 6.14: Algorithms: summary of properties

GNB DTC RFC SVM ANN

Affected by sampling No Yes Yes No No
Complexity of the algorithm Low Low Medium High High
Performance of the algorithm Poor Poor Medium High High

Number of configuration parameters 1 11 13 9 9
Sensitivity (true positive rate) Low High Medium High High

Balance between sensitivity/specificity No No No Yes Yes
Probability calibration Poor Poor Poor Good Excellent

Time for training Low medium High High Medium

Note: The number of configuration parameters is defined by the implementation of such algo-
rithms provided in [36].
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6.9.5 Translational utility

It is important to recognize that the evaluation in the training phase is different from
the evaluation of the finalmodel. The first phase is to tune themodels’ hyper-parameters
and select the most effective and robust model during training. The second phase is to
evaluate the final model after the training. Ideally, the test data of this phase reflects the
class distributions of the original population even though such distributions are usu-
ally unknown. Since the SVM and ANN classifiers presented a robust response (and
the highest sensitivities) in scenarios with missing data and imbalanced categories, they
have been selected for further inclusion in the EPiC IMPOC (Enhanced Personalized and
Integrated Care for Infection Management at Point of Care) decision support system to
assist clinicians [37].

6.9.6 Limitations

In this research, profiles were assigned to the culture-positive (C+) category based
on evidence of organism growth in the microbiology samples. Since there was a lack of
no-growth evidence, remaining profiles were assigned to the culture-negative (C-) cate-
gory. This limitation was tackled through data cleaning and outlier detection. However,
providing no-growth evidence could boost performance even further. In addition, there
was no additional information such as vital signs, symptoms or the final diagnosis. Due
to this lack of additional data, the interquartile range (IQR) rule was applied to clean
the data. Note that the most common strategies for data cleaning rely on demographics,
symptoms, the final diagnosis and other related factors. The use of this information to
clean the data could have helped to provide more accurate and informative predictions.

An important limitation in this research was the use of generic biochemical markers
(such as c-reactive protein or creatinine) which were selected to monitor the patient and
evaluate possible underlying conditions such as organ dysfunction. In order to boost the
predictive performance of the algorithms, a more targeted set of biochemical markers
could have been used. For instance, procalcitonin [16, 25, 26, 38, 39] and lactate [40, 41]
have been recognised in the literature as important infection markers. Moreover, the
parameters used to predict the likelihood of infection should be specific for each site. For
instance, the introduction of biochemical markers extracted from urinalysis tests could
help identifying asymptomatic bacteriuria and therefore boost the prediction of positive
cultures in urine samples. The SVM-based and ANN-based models were thoroughly
evaluated by replicating a wide range of conditions (some of them extreme) in which
the classifier would operate. However, the prevalence of the disease was still unknown.
Thus, an empirical study to quantify the prevalence and the costs of different mistakes
(false positives and false negatives)would greatly help to understand their consequences
and effects on prescription practices.

6.10 Conclusions

During clinical practice clinicians often construct some sort ofmental probabilitieswhich
are powerful drivers for antimicrobial prescribing. This chapter demonstrates that the
prediction of positive culture from six routinely collected biochemicalmarkers is feasible
(AUCROC=0.91; SENS=0.78; SPEC=0.88). Moreover, the identification of culture positiv-
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ity in blood (bacteremia) obtained the highest performance (AUCROC=0.96; SENS=0.87;
SPEC=0.93). On the other hand, culture positivity in urine samples is still challenging
with very poor sensitivity values (AUCROC=0.82; SENS=0.66; SPEC=0.83) that could be
improved through the introduction of more specific parameters such as those obtained
from urinalysis. Moreover, other vital signs which are easy to collect such as heart rate
or respiratory rate could also help identifying respiratory tract infections. The selected
biochemical markers are not enough to predict the Gram status of a bacteria (see section
6.7) [33]. As such, it becomes essential to promote the development of point of care diag-
nostic tests to better identify the type of infectious pathogen [42] or its concentration [43].
The integration of such diagnostic tests within the CDSS would facilitate access to these
results as soon as they become available promoting timely and optimal antimicrobial
therapy selection.
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7
CONCLUSIONS AND FUTURE PERSPECTIVE

This chapter discusses the benefits of introducing an intelligent CDSS in health care: the
convenience of combining various sources of data at the point of care (subsections 7.1.1
and 7.1.2), the importance of local AMR surveillance (subsection 7.1.3) and the need to
adapt CDSSs to the pathway followed by clinicians in infection management (subsec-
tion 7.1.4). After this, the chapter summarises the overall contribution and describes
the individual contribution of each decision support module to provide enhanced care
(section 7.2). To conclude, it suggests potential research directions (section 7.3).

7.1 Satisfying the needs in infection management

Clinical decision support systems represent a vital component of the healthcare en-
terprise and have evolved from paper-based content-driven to digital systems that of-
fer all medical stakeholders access to analytic tools for critical decision making. As
such, Enhanced, Personalized and Integrated Care for Infection Management at Point
of Care (EPiC IMPOC) has been designed to record a complete set of vital signs at
the patient’s bedside on hand-held computing devices while providing instant bed-side
decision-making assistance to health care workers. The needs within infection manage-
ment which have been satisfied through the implementation of EPiC IMPOC are dis-
cussed below.

7.1.1 Need of integration with electronic health records

For health care providers, electronic health records (EHR) systems are the preferred
method of data implementation and has quickly become the backbone of healthcare or-
ganizations in high resource settings. As such, integration into EHR is no longer a luxury
but a desired addition. This integration facilitates the collection of data to provide effec-
tive and efficient health care. As such, EPiC IMPOC feeds from three databases within
the National Health Services (NHS). Firstly, the patient administration system provides
demographics such as age or gender and hospital management information such as in-
surance number, date of admission or admitted ward. The pathology laboratory system
contains biochemical markers results such as bilirubin, c-reactive protein or white cell
counts. Last, the microbiology system provides susceptibility test outcomes to identify
the presence of pathogens and determine which antimicrobials are effective. Access to
vital sign recordings, symptoms and organ support was not provided by the NHS dur-
ing this research. Thus, such information has been collected through EPiC IMPOCusing
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a standardised form (see C3 in Table 3.2). The variables were defined by clinicians and
infection specialists.

7.1.2 Need of a point-of-care decision support system

The aforementioned adoption of EHR promotes the development of point of care
(POC) technologies which are meant to minimize the time spent on documentation and
provide decision support that fits in the workflow. Furthermore, a wealth of research
has demonstrated the importance of effective communication to promote continuity and
consistency of care in health centres [1]. This is crucial to boost the quality of the health
care perceived by patients which is highly dependent on establishing trusting, empa-
thetic and reliable relationships [2]. As such, EPiC IMPOC has been designed to be
accessible at the point of care, facilitate surveillance, ensure rapid disease diagnosis and
improve patient interaction, management and monitoring [3]. Moreover, it stimulates
discussion and promotes shared decision making.

7.1.3 Need of understanding local AMR patterns

Themajority of clinical decision support systems and other independent research ad-
dressing antimicrobial therapy selection often rely on national or evenworldwide guide-
lines and policies. As such, these often neglect the variability caused by external factors
such as hospital settings or geographical location. The prevalence of infectious patho-
gens vary geographically with disparate levels of resistance rates around the world [4].
Hence, it is necessary to understand local antimicrobial resistance patterns to prescribe
appropriate empirical therapies. On the other hand, the resources available such as
antimicrobials, microbiology laboratory equipment or the susceptibility test guidelines
usedmight also differ among health care centres. For this reason, EPiC IMPOC includes
a module to automatically compute from susceptibility test data AMR statistics such as
the prevalence of pathogens (see graphs in section 4.3), the resistance rates and trends
(see tables in section 4.3) or the antimicrobial spectrumof activity (see section 4.5) among
others.

7.1.4 Need to align with the infection management pathway

The acute infection management pathway followed by clinicians (see Figure 7.1) has
been defined as a stepwise Bayesian model in which each step adds systematically infor-
mation to optimise diagnosis and management of infection [5]. In summary, clinicians
begin with a predefined risk of infection being present and add further information to
optimise decisions on diagnosis and management of the patient. First, they evaluate
the physiological parameters of the patient and try to localise and confirm the infection.
Then, physicians review and plan further investigations such as pathology laboratory
tests, specimen collection for susceptibility testing or imaging. These previous steps
allow physicians to construct a clinical picture of the severity of the infection. From this
clinical picture, a decision to whether or not to initiate antimicrobial therapy is made
with local microbiology guidance as a determinant factor. Finally, an internal and/or
external review of the patient is conducted to refine the antimicrobial therapy and the
entire process is repeated.
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Figure 7.1: Acute infection management pathway. The stepwise Bayesian like in-
fectionmanagement pathway followedby clinicians as described in [5]. Boxes below
describe parameters commonly required during such phases of the infection man-
agement pathway. Boxes above suggest methods, systems or techniques to improve
data collection on such phases. The module(s) providing support on each of the
steps are: case-based reasoning (CBR), probabilistic inference (PI) and antimicro-
bial resistance surveillance (AMR).

How does EPiC IMPOC fit in the infection management pathway?
In the first phase of the infection management pathway, the physician reviews the phys-
iological changes and the medical history of the patient. For such purpose, previous
cases of the patient are shown within the CBR module (see D3 in Table 3.3). Moreover,
the physiological parameters and other detected symptoms are recorded using the data
collection form (see C3 in Table 3.2). After this, physicians try to confirm and localise the
infection to review and plan further investigations. Consequently, the probabilistic infer-
ence module provides the likelihood of positive culture and the most plausible sites (see
D6 in Table 3.2). This information provides a prior estimate of the presence of infection
and assists physicians to plan further investigations such as specimen collection for sus-
ceptibility testing. This is particularly useful if the patient does not have localised signs
or symptoms of infection but infection is suspected. In order to determine the severity of
the infection and aid antimicrobial therapy selection, the presence of bacteria (see C5 in
Table 3.2) and antimicrobial resistance (see resistance rates in section 4.3) are examined.
From this clinical picture, a decision to whether or not to initiate antimicrobial therapy is
made based on guidelines, previous experience and further senior prescriber help. This
knowledge base is provided to physicians as a set of past similar cases, applied treat-
ments and corresponding outcomes (see D4 in Table 3.3). To conclude, the patient is
monitored and reviewed (see C4 in Table 3.2) to refine the antimicrobial therapy.
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7.2 Overall discussion and contributions

The main contribution within this research is EPiC IMPOC, an intelligent decision sup-
port system for infection management at the point of care. As discussed in the liter-
ature review, the majority of decision support systems focus on a single domain (e.g.
bloodstream infection) and a single type of decision support (e.g. antimicrobial ther-
apy selection). In contrast to these, EPiC IMPOC assists clinicians on multiple areas of
the infection management pathway. The specific contributions within EPiC IMPOC (see
Figure 7.2) are discussed below. Note that the literature reviewhas been previously sum-
marised (see section 2.3) and the full content is provided as supplementary material (see
appendices B.1 and B.2).

� A hybrid clinical decision support system
This thesis presents a novel clinical decision support system for infection manage-
ment to provide personalized, accurate and effective diagnosis at point of care. The
proposed system, which has been denoted as EPiC IMPOC, incorporates two main
decision support engines: case-based reasoning to facilitate vital sign collection, pa-
tient monitoring and further inspection of past similar cases and probabilistic infer-
ence to provide stepwise guidance within the infection management pathway fol-
lowed by clinicians. Overall, the system facilitates access and visualization of pa-
tient data (e.g. pathology/microbiology laboratory results) while providing tailored
decision support (e.g. diagnosis or therapy selection). EPiC IMPOC has been im-
plemented as a web-based platform that can be accessed at the point of care from
computers or hand-held devices. The system usability score was 68.5 which is above
average with margin for improvement.

� Promoting patient engagement in infection management
An antimicrobial informationmodule co-designed with patients has been integrated
in EPiC IMPOC to provide personalised antimicrobial information in the form of
a leaflet [6]. The provision of this information has demonstrated better short-term
understanding of patients on infections and antimicrobial use [7].

� What is the likelihood of a positive culture?
Previous research has focused predominantly on bacteremia; that is, bloodstream in-
fections. To the best of the author’s knowledge, only one study has addressed over-
all culture positivity regardless of the site of infection [8]. The study applied the
Youden’s index on the procalcitonin levels of 519 patients and reported area under
the ROC was 0.62. The sensitivity and specificity values were not specified. In this
research, the best performance was obtained using an artificial neural network to in-
fer culture positivity from six biochemicalmarkers. The area under the ROCwas 0.91
with sensitivity and specificity scores of 0.78 and 0.88 respectively.

Table 7.1: Positive culture: existing research.

n AUCROC SENS SPEC

Positive [8] 1 0.62 - -

Table 7.2: Positive culture: this research.

n AUCROC SENS SPEC

Positive [9] 6 0.91 0.78 0.88
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� What is the most plausible site of the infection?
The majority of studies within the existing literature focus on a particular type of in-
fection. In bloodstream infections, the reported area under the ROCwas 0.75 (±0.08)
using regression analysis, 0.88 (±0.08) using tree-based methods and 0.81 (±0.09)
using support vector machines. In general, the results reported within the existing
literature present a significant imbalance between sensitivity and specificity. In this
research, an area under the ROC for bacteremia detection of 0.96 was achieved with
a reasonable sensitivity-specificity balance (0.86–0.93). The rest of culture sites are
studied in a much lesser extent within the literature. For comparison purposes, the
best results reported within the literature have been summarised (see Table 7.3). In
this research, the same methodology was applied to the different sites of infection.
The results obtained are quite consistent (see Table 7.4) and provide an appropriate
trade off between the number of parameters required and the performance.

Table 7.3: Site of infection: existing research.

n AUCROC SENS SPEC

Blood [10] 30 0.92 0.90 0.85
Urine [11] 211 0.90 0.62 0.95
Wound [12] 29 0.89 0.67 0.95
Sputum [13] 1 - 0.73 0.65

Table 7.4: Site of infection: this research.

n AUCROC SENS SPEC

Blood [14] 6 0.96 0.87 0.93
Urine [14] 6 0.82 0.66 0.83
Wound [14] 6 0.92 0.79 0.80
Sputum [14] 6 0.93 0.83 0.87

� Is the infectious pathogen Gram-positive or Gram-negative?
Overall, the prediction of the Gram status of a bacteria is not achievable with rou-
tinely collected biochemical markers. In bloodstream infections, the best study re-
ports an area under the ROC of 0.68 [15]. However, the values of sensitivity (0.45)
and specificity (0.80) are clearly imbalanced. The study presents a comparison of al-
gorithms and parameters fromwhich the K-Star method with 7 biochemical markers
as input features was selected. The performance obtained in this research using six
biochemical markers was very similar with an area under the ROC of 0.67. Further-
more, the values of sensitivity (0.60) and specificity (0.62) are balanced. Moreover,
the conducted research has also evaluated the performance on other sites of infec-
tion. No similar studies were found in the existing literature for further comparison.
From the results reported in this thesis it is possible to conclude that prediction of
the Gram status of bacteria is not achievable with the selected routinely collected
biochemical markers [15].

Table 7.5: Gram status: existing research.

n AUCROC SENS SPEC

Positive n/a - - - -
Blood [15] 7 0.68 0.45 0.80
Urine n/a - - - -
Sputum n/a - - - -
Wound n/a - - - -

n/a=no similar studies were found.

Table 7.6: Gram status: this research.

n AUCROC SENS SPEC

Positive † 6 0.56 0.51 0.57
Blood † 6 0.67 0.60 0.62
Urine † 6 0.62 0.53 0.62
Sputum † 6 0.66 0.58 0.66
Wound † 6 0.65 0.67 0.51

†=results presented in section 6.7.
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� What are the most plausible genera/species?
The prediction of the genus or species of an infectious pathogen using routinely col-
lected biochemical markers has not been addressed in this research. Note that this
problem is more challenging than the identification of the Gram status of a bacteria
which was not accurate with the selected biomarkers. As such, to provide physi-
cians with an insight of the infectious pathogens that might be causing the infection
before the results of susceptibility tests are available, various site specific AMR statis-
tics have been computed (see section 4.3) such as the prevalence of pathogens.

� What antimicrobials are effective to treat the infection?
The case-based reasoning methodology has been included to inform physicians of
previous past cases to assist in antimicrobial therapy selection. In order to evaluate
the validity and usability of the system, a pilot study was conducted in the ICU.
The system advocated the same results as those suggested by infection specialists in
84% of the cases. Furthermore, participants highlighted the utility of the case-based
reasoning engine to promote knowledge transfer among health care professionals
and the benefits of having access to real-time patient data at the point of care.

In addition, a number of AMR-statistics have been computed to promote awareness
among clinicians and potentially assist them in antimicrobial therapy selection. Firstly,
the local antimicrobial resistance rates are used to assess the effectiveness of the antimi-
crobials (see section 4.4). These resistance rates have been combined to compute the an-
timicrobial spectrum of activity index (see section 4.5). The proposed index overcomes
the ambiguity of the commonly used narrow-broad notation and better assist clinicians
to select empirical antimicrobial therapies. Finally, the antimicrobial resistance trend has
been computed to inform of local resistance patterns (see section 4.6).

� Antimicrobial resistance rates
The local resistance rates for specific pathogen-antimicrobial pairs have been com-
puted for each sample type (e.g. urine or blood). The graphical representation pro-
vided clusters antimicrobials and pathogens based on the similarity of the resistance
profiles. Thus, pathogens and antimicrobials with similar resistance behaviour are
placed together. From these clusters, a number of patterns within susceptibility test-
ing arose which could be exploited to improve prescription practices.

� Antimicrobial resistance trends
The local resistance trends for specific pathogen-antimicrobial pairs have been com-
puted through regression analysis. As such, the single antimicrobial resistance trend
has been defined to provide a continuous numerical value within the range [-1,1].
Thus, the secular resistance trends are quantified numerically and it is possible to
assess their significance by inspecting the confidence interval. The results obtained
for three different scenarios demonstrated that the obtained trends align with those
reported in the literature.

� Enhanced antimicrobial spectrum of activity
Empirical therapies commonly rely on broad spectrum antimicrobials to provide
treatment active to most likely microbes. As such, these therapies need to cover all
potential resistant pathogens. The existing categorization based on the terms broad
and narrow applied to the spectrum of antimicrobials has been widely misused and
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needs revision. To resolve such ambiguity, the antimicrobial spectrum of activity in-
dex has bee defined to provide a continuous numerical value within the range [0,1].
The results obtained align with those reported in the literature and provide deeper
understanding into the antimicrobial coverage for each of the Gram statuses.
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7.3 Future research directions

The future research recommendations presented in this section are organized according
to the decision supportmodules implemented in EPiC IMPOC (see Chapter 3). Themain
objectives of these modules are: (i) the effective communication of local AMR patterns
(ii) the facilitation of patient history and previous similar cases for further inspection
and (iii) the provision of targeted decision support within the infection management
pathway.

7.3.1 Effective communication of local AMR patterns

EPiC IMPOC includes a decision support module to compute AMR patterns from
susceptibility test data (see Chapter 4). At themoment, it presents the proportion of type
of cultures requested, the resistance rates and trends formicrobe-antimicrobial pairs and
the overall antimicrobial spectrum of activity. Moreover, it displays the temporal evolu-
tion and provides forecast insights. This information should be presented in a compre-
hensivemanner to health careworkers. As such, developing an effective communication
strategy that meets the needs of the broad range of stakeholders (e.g. nurses, clinicians,
infection specialists, public health agencies or the public) is clearly an important research
area. A potential approach relies on the design of a dynamic and interactive data visu-
alization tool (e.g. dashboard) within the web browser 1.

7.3.2 Improving history review and case retrieval

EPiC IMPOC includes a decision support module to facilitate patient history review
and inspection of previous similar cases (see Chapter 5). In overall, the development of
this module has been very limited due to a lack of clinical data.

Addition of parameters within the patient case
The clinical record of a patient defined in the ICU trial contains a wide variety of clini-
cal features such as demographics, symptoms, vital signs, laboratory results and other
investigations (see Appendix E.1). The selection of the features was carried out by infec-
tion specialists. The clinical variables selected were consistent with the views and per-
ceptions of other infection specialists and health care staff. However, from the feedback
provided after the trial further parameters could have been potentially included (see
section 5.5.2). Note that the relevant clinical parameters vary slightly among cohorts.

Defining the case similarity
The case-based reasoning (CBR) methodology presented in this thesis uses standards
distance metrics to retrieve the most similar cases within the case base. However, there
are other techniques to define the similarity between two cases that could be investigated
(e.g. fuzzy logic [16]). Also, the feature weights used in the presented clinical trials was
selected by the infection specialists. The reason for the inability to fine tune the features
was the lack of clinical data.

1https://d3js.org
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7.3.3 Enhancing stepwise decision support in infection management

EPiC IMPOC includes a decision support module to provide timely and targeted de-
cision assistance for infection management (see Chapter 6). As such, this module aims
to guide clinicians through the different steps of the infectionmanagement pathway (see
Figure 7.1). At the moment, it computes the likelihood of infection and the most plausi-
ble sites of infection. For this purpose, it uses six clinically relevant biochemical markers
which are routinely collected. Future research should focus on (i) analyse the individ-
ual contribution of each of the biochemical makers to answer the previously postulated
questions (ii) explore and include biochemical markers that are specific for infectious
diseases (iii) determine the combination of biochemical markers which provides the best
performance for each condition. Note that for practicability reasons only a reduced set
of parameters which are commonly available have been considered. Yet, the selection of
parameters entirely depends on the health care centre in which the system is deployed.

In clinical domains, the vital signs and laboratory tests collected often vary depend-
ing on the severity of the disease or the resources available. Note that these laboratory
tests carry certain costs to the health care centres. As such, it would be extremely useful
to determine whether missing parameters can be estimated accurately from those that
are available. Firstly, this would provide additional information on the patient condition
to clinicians. More importantly, this would help addressing one of the most common
problems of innovation adoption in health care: the usability and performance of the al-
gorithms in scenarios with missing data. At the moment, missing data is imputed using
the median. However, imputing missing parameters more accurately has the potential
to boost the performance of algorithms and promote their use in clinical practice.

Table 7.7: Description of potential scores to include in EPiC IMPOC.
SIRS

The systemic inflammatory response syn-
drome (SIRS) is an inflammatory state affect-
ing the whole body. The causes are broadly
classified as infectious andnon infectious. This
condition is often related with organ dysfunc-
tion or failure and sepsis. However, many ex-
perts consider SIRS to be overly sensitive [17].

Parameters:
– body temperature (T)
– heart rate (hr)
– respiratory rate (rr)
– white blood cell counts (wbc)

Rule: at least two of the following
– T>38◦C or T<36◦C
– hr>90
– rr>20 or PaCO2<32mmHg
– wbc>12000/mm3 or wbc<4000/mm3

Sepsis

Sepsis occurs when the
chemicals released by the
immune system in the
bloodstream as a response
to an infection cause
life threatening organ
dysfunction [18].

Parameters:
– SIRS
– suspected infection
– confirmed infection

Rule:
– SIRS criteria with either

suspected or confirmed in-
fection.

Severe sepsis

Severe sepsis is a complication
of sepsis in which this causes
poor organ function or insuffi-
cient blood flow. It is associ-
ated with acute circulatory, cel-
lular and metabolic abnormalities
with greater risk of mortality than
sepsis alone [18].

Parameters:
– sepsis
– organ damage
– systolic blood pressure
– lactate

Rule:
– sepsis criteria
– signs of organ damage
– hypo-tension (sbp<90)
– lactate>4mmol

Keys: mmHg=millimeter ofmercury;mm3=cubicmillimiter;mmol=millimoles; PaCO2=partial pressure of carbon
dioxide.

To conclude, further research could focus on adapting the stepwise decision support
module to alignwith themore specific sepsismanagement pathway. A number of guide-
lines for themanagement of the sepsis pathway have recently been published [19]. These
guidelines agree on the importance of early detection (0 to 6 hours), lung-protective ven-
tilation [20] and goal-directed therapies [21]. The therapeutic plan to manage sepsis
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consists on the followingmain steps: clinical evaluation, laboratory evaluation andman-
agement [21]. Firstly, vital signs and symptoms are used to assess the airway, breathing
and circulation of the patient. In addition, the clinician identifies signs of the systemic
inflammatory response syndrome (SIRS) and possible organ dysfunction. The assess-
ment of renal function (creatinine) and hepatic function (bilirubin and alkaline phos-
phatase) are already included in EPiC IMPOC. However, other biochemical markers
such as platelets, blood gas or lactate could be included to detect other conditions such
as coagulation. The inclusion of this additional information will also enable to automat-
ically compute common scores used for bloodstream infection (see Table 7.7). Because
the site of infection and infectious pathogens are usually not known initially in a patient
with sepsis, microbiology cultures are requested and often broad-spectrum antibiotics
administered [22, 23]. Several observational studies indicate that outcomes of sepsis [24]
and septic shock [22] are worse if the causative pathogens are not sensitive to the initial
antibiotic regimen. Thus, supporting empirical and personalised antimicrobial therapy
selection at early stages would be of great help. To conclude, identification of the infec-
tion source and further monitoring is required to narrow and refine the antimicrobial
regimen.

7.3.4 Integration of further technology

Physiologic monitoring systems were introduced into the ICU in the 1970s and have
not changed substantially since then [25]. The most common physiologic parameters
displayed on ICUmonitors include bloodpressure, oxygen saturation, heart rate and res-
piratory rate. These physiologic parameters are monitored on a regular basis by nurses
to assure stability. Timely detection of changes is a common challenge for nurses who
have to integrate 10 or more rapidly changing parameters. Furthermore, in the case of
an unexpected and potentially life-threatening event, the cognitive demand to identify
these changes reduces available cognitive resources for other important tasks such as
communication with other physicians or taking corrective actions. A potential solution
relies on analysing these physiological parameters in real-time to detect drastic and po-
tentially harming changes. For this purpose, all the physiologic monitoring should be
automatically recorded within the health care records.

EPiC IMPOC is integrated with the electronic health records and can analyse and
deliver the data to any device connected to the hospital network. Thus, further method-
ologies to analyse the physiological parameters could be integrated into the system to
alert physicians of possible harming changes. Moreover, the system would be able to
communicate to health care workers that certain laboratory tests (e.g. pathology or mi-
crobiology) have become available.

7.3.5 Implementation in low- and middle-income countries

The burden ofAMRhas received significant attention fromhigh income countries yet
the vast majority of deaths are projected to occur in low- and middle-income countries
which generally have to face the lack of financial, material and human resources within
their health care systems [4, 26]. In the last years, the introduction of decision support
systems to improve health care provision in settings with limited resources has gained
recognition [27–31]. One of the main limitations is the weak capacity of health systems
and the shortage of qualified health workers that leads to the delivery of tasks to a lower
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cadre such as auxiliary nurses and community health workers. While task shifting has
been recognised for improving efficiency and access to health services, concerns exist
to whether lower cadre health workers are competent and equipped to effectively han-
dle those additional responsibilities [32]. As such, there is potential to implement the
presented decision support system to enhance the delivery of evidence-based medicine.
The main critical factor is the revision of cases for further inclusion into the case base.
Note that retaining cases which were not optimally managed could lead to poor antimi-
crobial use. Ideally, the aim of the case base is to represent a gold standard. However,
the definition of the gold standard evolves and the case base should evolve with it. Thus,
it would be extremely useful a comprehensive assessment of the needs and outcomes of
clinical decision support systemswithin this newuser base to determine the best strategy
to update the case base. This information would also inform implementers and policy
makers on the effectiveness of the presented technology were is needed the most.

7.3.6 Summary of potential research directions

The potential research directions previously discussed have been summarised in this
section (see Table 7.8). These ideas include both short-and long-term goals to enhance
EPIC IMPOC and therefore maximise usability, performance and adherence. Note that
these future pieces of work also include the vision of the author regarding the integra-
tion of existing and future diagnostic and monitoring technologies into one system. In
addition to the points described in Table 7.8, future research should focus on evaluating
each of the previously mentioned components within a number of health care centres
and cohorts during long periods to identify potential areas of improvement.

Table 7.8: Summary of future research directions.
AMR surveillance

Develop a communication strategy
to present in a comprehensive fash-
ion all the computed AMR statistics.
For example, a dynamic and interac-
tive web-based visualization tool.

Diagnostic technology

Integrate diagnostic tests that help
identifying the infectious pathogen
and its concentration.

Integrate monitoring devices so that
all the vital signs are collected and
stored automatically into the elec-
tronic health records without human
intervention.

Case-based reasoning

Evaluate various distance metrics
and fine tune the feature weights.

Introduce the concept of preference-
based solution to leverage the infor-
mation retrieval outcomes.

Antimicrobial dosing

Integrate PK/PD models that use
information of the patient, the
pathogen and the antimicrobial
in conjunction with the dynamics
of body to calculate the optimal
antimicrobial regime including both
dosage and time.

Probabilistic inference

Assess the individual contribution
of each of the selected biochemical
makers in the different scenarios.

Determine biomarkers that provide
the best performance. Note that these
may vary among scenarios.

Identify variableswhich could be in-
corporated into the models to boost
their performance.

Estimate missing vital signs or bio-
chemical markers from those param-
eters which are already available.

Compute scores used by physicians
to determine the condition of the pa-
tient and the severity of the infection.

Keys: AMR=antimicrobial resistance; PK/PD=pharmacokinetic/pharmacodynamic;

7.4 Final conclusion

The research presented in this thesis describes the design and implementation of a clin-
ical decision support system for infection management that includes a number of ma-
chine learning techniques. The system, which has been denoted as EPiC IMPOC, incor-
porates two main decision support engines: case-based reasoning to facilitate patient
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monitoring and further inspection of past similar cases and probabilistic inference to
provide stepwise guidance within the infection management pathway followed by clin-
icians. The participants highlighted the utility of the case-based reasoning engine to
promote knowledge transfer among health care professionals and the benefits of having
access to real-time patient data at the point of care. In addition, the system provides
the likelihood of positive culture and the most plausible sites with a high degree of con-
fidence as demonstrated by the results presented in this thesis. Moreover, a number
of local AMR statistics are computed automatically from susceptibility test data to pro-
mote education and awareness among physicians. All these elements combined result
in a state-of-the-art clinical decision support system which assists physicians on multi-
ple areas within infection management to facilitate the provision of evidence-based an
personalized medicine.

The research presented in this thesis sets the basis of a novel type of comprehen-
sive decision support systems that analyse local hospital data to better assist clinicians
through the infection management pathway. Therefore, EPiC IMPOC shows potential
to revamp clinician’s prescription practices to reduce considerably further development
of AMR.
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B
LITERATURE REVIEW

B.1 Clinical decision support systems for infection management

This section presents a literature review of the clinical decision support systems addressing infection manage-
ment. For the sake of clarity, only those including the case-based reasoning methodology have been included.
These systems stand in most cases as research standalone software with off-line evaluation replicating the sce-
narios encountered in clinical practice. The columns are explained in Table B.1. Moreover, the acronyms used
within a table have been described in the keys section placed underneath.

Table B.1: Literature review: description of columns (infection diagnosis).

Name Description

Reference Link to the study for further information.
Year Year in which the study was published.

Domain The domain(s) addressed by the decision support system.

Purpose The aim of the decision support system.
Method The method or algorithm applied.

Number of variables (n) The number of variables considered.
Type of variables The type of variables considered. In those studies in which the variables were

clearly defined, these were categorised into the following groups: symptoms,
demographics, vital signs, biomarkers, patient history, microbiology and oth-
ers. The number of variables was indicated between parenthesis.

Data Description of the data.
Metrics The metrics used to evaluate the system within the study.

Outcomes The outcomes reported in the study.
Comments Further comments and clarifications.
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Table B.2: Literature review: clinical decision support systems.

 

 
 Ref 

 
Year Domain Purpose Platform Method n Variables Data Metrics Outcomes Comments 

 2016 HCAI classification HER  
add-on 

CBR (tree based) 
NLP (Naïve Bayes) 50 

demographics,  
symptoms, biomarkers, 

microbiology, antibiotics 
prescribed, patient history,  

others 
+  

features extracted from  
clinicians narratives with NLP  

+  
decision tree provided by 

clinicians 

2816 cases 
Bacteremia (149) 

Urinary (522) 
Enteric (39)   

Surgical (301)   
Respiratory (126)    
No infection (486)  

Extra-hospital (1084)  
Other (59)   

Cutaneus (50)    
 

CBR overall accuracy | kappa 
ACC | KAPPA | SENS | SPEC 
ACC | KAPPA | SENS | SPEC 
ACC | KAPPA | SENS | SPEC 
ACC | KAPPA | SENS | SPEC 
ACC | KAPPA | SENS | SPEC 
ACC | KAPPA | SENS | SPEC 
ACC | KAPPA | SENS | SPEC 
ACC | KAPPA | SENS | SPEC 
ACC | KAPPA | SENS | SPEC 

NLP accuracy 

70.21% (70.19-70.22) | 0.62 (0.605, 0.647) 
97.80% | 0.81 | 97.99% | 97.79% 
92.37% | 0.78 | 96.74% | 91.37% 
99.33% | 0.77 | 84.62% | 99.53% 
91.55% | 0.66 | 93.36% | 91.33% 
97.12% | 0.63 | 58.73% | 98.92% 
88.81% | 0.57 | 57.61% | 95.32% 
77.84% | 0.50 | 57.38% | 90.65% 
97.59% | 0.43 | 45.76% | 98.69% 
98.01% | 0.23 | 18.00% | 99.46% 

modest performance 

For the overall CBR accuracy and kappa 
coefficients the confidence intervals are also 
presented. 
 
The system stratifies patients according to the 
infection. Note that it has variables such as the 
doctor diagnosis or microbiology culture results 
(infectious pathogen and site), which provide a 
clear advantage (bias). These should not be used 
in the classification. 

 2010 ABM diagnosis  research CBR + rule based 81 binary symptoms (81) 30 simulated cases accuracy 97%  

 2012 Hepatitis 
prediction  

of mortality  research 

PSO 
CBRPSO 

KNN 
GNB 
SVM 
FDT  

19 

13 binary and 6 categorical 
(sex, steroid, antivirals, fatigue, 

liver big, liver firm, ascites, 
varices, …, age, bil, alp, 

albumin, sgot, protime) 

155 records 
 (CP:32, CN:123) 

PSO         accuracy 
CBRPSO accuracy 
KNN        accuracy 
GNB        accuracy 
SVM        accuracy 
FDT        accuracy 

82.66% 
92.83% 
83.45% 
82.05% 
86.92% 
75.39% 

 
The CBRPSO is the combination of CBR and PSO. 
The CBR method was used to assign weights to the 
attributes. The PSO method was use to perform 
binary clustering. 
 

 2013 UTI diagnosis research rule-based 
(CBFCM) 

30 

24 binary and 6 categorical 
(age, fever, sex, pregnant, 

nausea, vomiting, diarrhea, hr, 
dysuria, … + decision tree 

adjusted to clinical UTI 
guidelines) 

174 positive UTI CBFCM AGG | ROC 
BNN      AGG | ROC 

98% | 0.88 (0.55-0.76) 
86% | 0.69 (0.55-0.76) 

The AGG indicates the percentage of diagnose 
agreement with the prescription guidelines. The 
ROC includes the confidence intervals. 

 2010 HCAI 
knowledge 

sharing 
research CBR  

age, gender, symptoms, 
diagnosis, medical history and 

doctor identification  

ARI (288) 
Gastroenteritis (40) 

Dermatitis (19) 
Rhinitis (16) 

  UTI (11) 
 Conjunctivitis (9) 

Others (220) 

PREC | REC 39.7% | 68.09% 

The study compares the medicines prescribed 
by the system with those prescribed using a 
user-focused evaluation method. The precision 
(PREC) and recall (REC) are presented. 

[1]

[2]

[3]

[4]

[5]

keys: HCAI=healthcare associated infection; ABM=acute bacterial meningitis; UTI=urinary tract infection; EHR=electronic health records; CBR=case-based reasoning; NLP=natural language processing;
PSO=particle swarm optimization; KNN=k-nearest neighbours;GNB=gaussian naïve bayes; SVM=support vectormachine; FDT=fuzzy decision theory; CBFCM=case-based fuzzy cognitivemaps; CP=category
positive; CN=category negative; ARI=acute respiratory infection; ACC=accuracy; SENS=sensitivity; SPEC=specificity; PREC=precision; REC=recall;



B.2. DIAGNOSIS OF INFECTIOUS DISEASES USING MACHINE LEARNING

B.2 Diagnosis of infectious diseases using machine learning

This section presents a literature review of methods to diagnose infectious diseases from patient data. The
reviewed studies stand as research articles without existing implementation in health care settings and have
been divided into five groups according to the site of infection: bloodstream (see Tables B.4 and B.5), urinary
tract (see Table B.6), respiratory tract (see Table B.7) and surgical site (see Table B.8). The columns are explained
in Table B.3. Moreover, the acronyms used within a table have been described in the keys section placed
underneath.

Table B.3: Literature review: description of columns (infection diagnosis).

Name Description

Reference Link to the study for further information.
Year Year in which the study was published.

Inclusion criteria Whether or not the study limited the inclusion of patients or episodes within
the study. Themost common restrictionswere demographics (e.g. age>18), the
fulfilment of established conditions (e.g. suspicion of infection by the physi-
cian or a certain score such as SIRS or SOFA). The majority of the studied also
discarded those patients in which an antimicrobial regimen was applied.

Diagnosis criteria Whether or not the study defined a clear criteria for the diagnosis of the infec-
tion. The most common used criteria was positive microbiology cultures.

Method The method or algorithm applied.
Number of variables (n) The number of variables considered.

Type of variables The type of variables considered. In those studies in which the variables were
clearly defined, these were categorised into the following groups: symptoms,
demographics, vital signs, biomarkers, patient history, microbiology and oth-
ers. The number of variables was indicated between parenthesis.

Data Description of the data.
Outcomes The outcomes presented in the study.

ROC The area under the receiver operating characteristic curve.
SENS The sensitivity or proportion of positives correctly classified as such.
SPEC The specificity or proportion of negatives correctly classified as such.

Comments Further comments and clarifications.
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Table B.4: Literature review: diagnosis of bloodstream infection (I).
 
Ref 

 
Year Purpose Inclusion c. Sepsis c. Method n Variables Data Outcomes ROC SENS SPEC Comments 

 2006 prediction Y N CPN 214 
symptoms, vital signs, 

demographics, 
biomarkers, microbiology 

2514 patients 
derivation (790, 15.2% CP) 

evaluation (1724, 27.6% CP) 

derivation 
validation 

0.68 
0.70 

-- 
-- 

-- 
-- 

The study stratifies patients in three categories (low, medium and 
high) based on the risk of bacteraemia. The main objective of this 
categorization is to define a low risk group for whom blood 
cultures may not be needed. 

 2008 prediction N N regression 10 
Symptoms (4), vital signs 
(2), demographics (age), 

biomarkers (4) 

2730 episodes 
derivation (2466, 8.3% CP) 
evaluation (1264, 8.0% CP) 

derivation 
validation 

0.80 
0.75 

0.98 
0.97 

0.29 
0.29  

 2012 prediction Y N regression 1-2 biomarkers 
342 patients  

(55, 16.08% CP) 

PCT (0.253ug/L) 
IL6 (209pg/mL) 

LBP (2728ug/mL) 
CRP (148mg/L) 

0.80 
-- 
-- 
-- 

0.89 
0.62 
0.60 
0.53 

0.58 
0.72 
0.68 
0.79 

 

 2012 prediction N N regression 4 PCT, CRP, age, sex 

3343 cases 
(331, 9.9% CP, 

2856, 85.4% CN, 
156, 4.7% CC) 

PCT (CN vs CP) 
CRP (CN vs CP) 
PCT (CC vs CP) 
CRP (CC vs CP) 

0.76 
0.64 
0.86 
0.65 

79.8 
- 
- 
- 

56.2 
- 
- 
- 

 

 2013 prediction Y N regression 1-3 suPAR, PCT, IL-6, CRP, 
WBC and combinations 

132 patients 
(55, 41.7% CP) 

suPAR (>7.9 ng/mL) 
PCT (>0.78 ng/mL) 
IL-6 (>493 pg/mL) 

CRP () 
WBC () 

suPAR | PCT | IL-6 
PCT | IL-6 

SuPAR | IL-6 

0.73 
0.74 
0.74 
0.60 
0.57 
0.80 
0.79 
0.78 

- 
- 
- 
- 
- 
- 
- 
- 

- 
- 
- 
- 
- 
- 
- 
- 

 

 2014 prediction Y N regression 7 vital signs (3),  
biomarkers (4) 

2422 patients 
 (14, 5.7% CP) 

derivation 
internal validation 
external validation 

0.78 
0.75 
0.79 

- 
- 
- 

- 
- 
- 

 

 2015 prediction Y Y 
regression  
tree-based  

SVM 
52† 

time-series data 24h 
before admission from 

which the median, mean 
and max are extracted. 

 
biomarkers (12x3=36) 

vital signs (4x3=16) 
combined (36+16=52) 

2915 patients (control) 
521 patients (target) 

regression (biomarkers) 
 tree-based (biomarkers) 

SVM (biomarkers) 
 

regression (vital signs) 
tree-based (vital signs) 

SVM (vital signs) 
 

regression (combined) 
tree-based (combined) 

SVM (combined) 

0.83 
0.86 
0.84 

 
0.76 
0.76 
0.84 

 
0.88 
0.88 
0.87 

0.55 
0.93 
0.61 

 
0.44 
0.44 
0.59 

 
0.60 
0.61 
0.64 

0.92 
0.59 
0.93 

 
0.90 
0.91 
0.94 

 
0.93 
0.93 
0.94 

 

 2016 prediction Y Y score 17† 

 
vital signs (5), 

 biomarkers (3) 
demographics (age) 

1394 patients  
(159, 11.4% CP) validation 0.92 0.90 0.81 

It needs time series data from 5 hours before admission. From each 
of these time series the mean and the difference between the first 
(Tn5) and the last (Tn) observations are used to create two vectors 
with 8 features.  
 
The MIMIC-II database was used. 

 2016 Prediction Y Y score 17† 
vital signs (6),  

Glasgow Comma Score,  
demographics (age)   

17274 patients  
(1840, 10.65% CP) 

InSight (0h onset time) 
InSight (4h after onset 

time) 
MEWS 
SOFA 
SIRS 

SAPS II 

0.88 
0.74 
0.80 
0.73 
0.61 
0.70 

0.80 
0.80 
0.70 
0.80 
0.72 
0.75 

0.80 
0.54 
0.77 
0.48 
0.44 
0.52 

It needs time series data from 2 hours before admission. From each 
of these time series the mean and the difference between the first 
(Tn5) and the last (Tn) observations are used to create two vectors 
with 8 features. 
 
The MIMIC-III database was used. 

 2017 prediction Y Y 

regression 
Gaussian  

tree-based 
linear SVM 

10-12 

symptoms (2), vital signs 
(6), demographics (2), 

free text from chief 
complaint and nurse 

assessment 

230936 episodes  
(32103, 13.9% CP) 

Vitals LSVM 
Vitals LR 

Vitals GNB 
Vitals RFC 

0.67 
0.67 
0.65 
0.70 

0.56 
- 
- 
- 

0.68 
- 
- 
- 

 

 

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

keys: CPN=causal probabilistic networks; CRP=c-reactive protein; GNB=gaussian naïve bayes; IL6=interleukin 6; LBP=lipopolysaccharide binding protein; LR=linear regression; LSVM=linear support
vector machine; MEWS=modified early warning score; PCT=procalcitonin; RFC=random forest classifier; SAPS II=simplified acute physiology score; SIRS=systemic inlammatory response syndrome;
SOFA=sequential organ failure assessment; suPAR=soluble urokinase-type plasminogen activator receptor; SVM=support vector machine; WBC=white blood cell counts;
† indicates those studies in which the input features were time series.



Table B.5: Literature review: diagnosis of bloodstream infection (II).
 
Ref 

 
Year Purpose Inclusion c. Sepsis c. Method n Variables Data Outcomes ROC SENS SPEC Comments 

 2018 prediction N N tree-based 30† 
 

vital signs (6) 
 

UCSF hospital: 90353 patients 
sepsis: 1179 (1.3%) 

severe sepsis: 349 (0.39%) 
sepsis shock: 614 (0.68%) 

 
MIMIC III: 21604 patients 

sepsis: 413 (1.91%) 
severe sepsis: 609 (2.82%) 
sepsis shock: 942 (4.36%) 

InSight (sepsis) 
       MEWS (Sepsis) 

SOFA (sepsis) 
SIR (sepsis) 

 
Insight (severe) 
MEWS (severe) 
SOFA (severe) 

SIR (severe) 
 

Insight (shock) 
MEWS (shock) 
SOFA (shock) 
SIR (shock) 

0.92 
0.76 
0.63 
0.75 

 
0.87 
0.77 
0.65 
0.72 

 
0.99 
0.94 
0.86 
0.82 

0.80 
-- 
-- 
-- 
 

0.80 
-- 
-- 
-- 
 

0.80 
-- 
-- 
-- 

0.95 
-- 
-- 
-- 
 

0.84 
-- 
-- 
-- 
 

0.99 
-- 
-- 
-- 

It needs time series data from 7 hours before admission. The 
measurements are collected hourly. To construct the final feature 
vector, measurements for the first 3 hours (3) and corresponding 
differences of consecutive measurements (2) were used to create a 
final vector of 30 features (5 values x 6 variables). 
 
The data from University College of San Francisco (UCSF) hospital 
and the MIMIC-III database were used. 

 2018 prediction N N 

GNB 
DTC 
RFC 
SVM 
ANN 

6 biomarkers (6) 
1236398 profiles 

(3636; 0.29%) 

GNB 
DTC 
RFC 
SVM 
ANN 

0.95 
0.94 
0.95 
0.96 
0.96 

0.83 
0.82 
0.82 
0.86 
0.87 

0.91 
0.95 
0.97 
0.93 
0.97 

The outliers were discarded using the interquartile (IQRx1.5) rule. 
For the best performing algorithms (SVM and ANN) results without 
discarding outliers were quite similar. 

 

[16]

keys: ANN=artificial neural network; DTC=decision tree classifier; GNB=gaussian naïve bayes; MEWS=modified early warning score; RFC=random forest classifier; SIRS=systemic inflammatory response
syndrome; SOFA=sequential organ failure assessment; SVM=support vector machine;
† indicates those studies in which the input features were time series.

Table B.6: Literature review: diagnosis of urinary tract infection.
 
Ref 

 
Year Purpose Inclusion c. UTI c. Method n Variables Data Outcomes ROC SENS SPEC Comments 

 2018 prediction Y Y regression 1 procalcitonin 
293 patients 

 (148, 50.5% CP, 
 155, 49.5% CN) 

PCT (0.25ng/ml) 0.72 0.67 0.63  

 2007 
Identification 

of UTI 
predictors  

Y Y ANN 30 

symptoms (9), 
demographics (age) 

biomarkers (11), 
patient history (5), 
bacteria, others (3) 

212 women patients 
Group 1: 56, 26.4% CP 

Group 2: 117, 55.19% CP 

Group 1 
Group 2 

0.85 
0.79 

- 
- 

- 
- 

The study suggests that the presence of bacteria is a good 
predictor for urinary tract infections. 

 2014 APN 
prediction 

Y Y regression 1 PCT, CRP, WCC within 
25h of admission 

46 patients 
 (16 patients APN,  

3 patients lower UTI) 

 
APN PCT (1ng/ml) 

    APN CRP (20mg/l) 
APN WBC (15000/mm3) 

0.96 
0.86 
0.59 

0.91 
0.86 
0.57 

0.88 
0.48 
0.44 

 

 2018  prediction Y Y 

XGBoosT 
RFC 

AdaBoost 
SVM 

elastic Net 
ANN 
LR 

Full: 211  
Reduced: 10 

 
Reduced 

Symtomps (1) 
demographics (2), 

biomarkers (4), 
history of UTI, blood 

culture, bacteria 

80387 visits & 
55365 patients 

(18284, 28% CP) 

             full XGBoost 
             full  RFC 
             full AdaBoost 
             full SVM 
             full elastic Net 
             full LR 
             full ANN 
 
             red XGBoost 
             red RFC 
             red AdaBoost 
             red SVM 
             red elastic Net 
             red ANN 
             red LR 

0.90 
0.90 
0.88 
0.88 
0.89 
0.89 
0.89 

 
0.88 
0.86 
0.83 
0.82 
0.87 
0.87 
0.87 

0.62 
0.57 
0.62 
0.50 
0.57 
0.58 
0.55 

 
0.55 
0.55 
0.62 
0.50 
0.52 
0.53 
0.54 

0.95 
0.96 
0.92 
0.97 
0.95 
0.95 
0.95 

 
0.95 
0.94 
0.89 
0.96 
0.95 
0.95 
0.95 

The superiority of XGBoost for UTI prediction was statistically 
significant in comparison to all other algorithms but RFC. 

 2018 prediction N positive urine 
culture 

GNB 
DTC 
RFC 
SVM 
ANN 

6 biomarkers (6) 1244784 profiles 
(12023; 0.97%) 

GNB 
DTC 
RFC 
SVM 
ANN 

0.82 
0.76 
0.78 
0.83 
0.82 

0.59 
0.47 
0.45 
0.64 
0.66 

0.87 
0.95 
0.98 
0.86 
0.83 

The outliers were discarded using the interquartile (IQRx1.5) 
rule. For the best performing algorithms (SVM and ANN) 
results without discarding outliers were quite similar. 

 

[17]

[18]

[19]

[20]

keys: ANN=artificial neural network;APN=acute pyelonephritis;CRP=c-reactive protein;DTC=decision tree classifier;GNB=gaussian naïve bayes; PCT=procalcitonin;RFC=random forest classifier; SVM=support
vector machine; UTI=urinary tract infection; WBC=white blood cell counts; XGBoost=extreme gradient boost;



Table B.7: Literature review: diagnosis of respiratory tract infection.
 
Ref 

 
Year Purpose Inclusion c. RTI c. Method n Variables Data Outcomes ROC SENS SPEC Comments 

 2017 
predict 

nosocomial 
LRTI 

Y N 
logistic regression (LR) 

fisher discriminant  (FDA) 
risk index (RI) 

11 

symptoms (6), 
 demographics (2), 

tracheotomy,  prophylaxis 
antibiotic, disease  

49328 cases 
(893, 1.8% CP) 

internal validation    (LR) 
internal validation (FDA) 
internal validation     (RI) 

  
10-fold CV     (LR)    
10-fold CV (FDA) 
10-fold CV      (RI) 

0.91 
- 
- 
 

0.89 
- 

0.91 

0.86 
- 
- 
 

0.87 
- 

0.87 

0.79 
- 
- 
 

0.74 
- 

0.79 

 

 2016 predict 
pathogen N N tree-based 20 

Model 1 (3): 
 age, gender, season 

 
Model 2: 

mining from text  
  

Model 3: 
combination M1&M2 

1685 patients 

                   M1 Adenovirus     
                   M1 Influenza        
                   M1 Metapneumovirus  
                   M1 Parainfluenza  
                   M1 Rhinovirus      
                   M1 RSV                       
 
                   M2 Adenovirus        
                   M2 Influenza         
                   M2 Metapneumovirus  
                   M2 Parainfluenza         
                   M2 Rhinovirus              
                   M2 RSV                     
 
                   M3 Adenovirus            
                   M3 Influenza                 
                   M3 Metapneumovirus  
                   M3 Parainfluenza         
                   M3 Rhinovirus              
                   M3 RSV 

 
0.57 
0.74 
0.69 
0.66 
0.71 
0.55 

 
0.48 
0.45 
0.51 
0.66 
0.47 
0.47 

 
0.53 
0.72 
0.69 
0.72 
0.68 
0.57 

 

- 
- 
- 
- 
- 
- 
 
- 
- 
- 
- 
- 
- 
 

0.97 
1.00 
0.97 
0.95 
0.97 
0.94 

- 
- 
- 
- 
- 
- 
 
- 
- 
- 
- 
- 
- 
 

0.04 
0.46 
0.20 
0.20 
0.21 
0.08 

 

 2007 predict LRTI N N logistic regression 1 
vital signs (4) 

 biomarkers (2) 

364 patients 
(pulmonary malignancy 5, 

LRTI pneumonia 48, 
LRTI non-pneumonia 316) 

hr>100bpm                                    
rr>22bpm                                      

o2sat <95%                                      
bt>38°C                                             

crp > 20mg/lx                              
leukocyte count>=10million/ml 

- 
- 
- 
- 
- 
- 

0.25 
0.50 
0.52 
0.30 
0.73 
0.80 

0.90 
0.79 
0.80 
0.89 
0.65 
0.46 

Keys: o2sat=oxygen saturation, crp=c-reactive 
protein, hr=heart rate, rr=respiratory rate, bt=body 
temperature 

 2017 predict ARI N N 
SVM 

tree-based (RFC) 
regression 

Not 
specified 

demographics (sex, age), 
 symptoms (3), 

 laboratory data , 
 microbiology 

Year 2013-2014: 414 signups 
Year 2014-2015: 623 signups 

SVM 
RFC 
LR 

- 
- 
- 

- 
- 

0.59 

- 
0.62 

- 
 

 2017 
prediction of 
pneumonia in 

LRTI 
Y N Regression Not 

specified 

age, gender, social deprivation, 
vital signs and medical history, 

and symptoms if present 
28 883 patients 

bt                                                 
bt + crackles                              

bt + crackles + o2sat                
bt + crackles + o2sat + pulse 

0.59 
0.65 
0.67 
0.68 

0.25 
- 
- 
- 

0.92 
- 
- 
- 

Keys: bt=body temperature, o2sat=oxygen 
saturation 

 2018 chest disease 
diagnosis N N SVM 

ASVM 38 

symptoms (7), vital signs (1), 
demographics (2), biomarkers 

(>20), microbiology (1), smoking 
addictions, others 

357 samples 
 

TB: 50 
COPD: 71 

pneumonia: 60 
asthma: 44 

lung Cancer: 32 
normal: 100 

Accuracy - - - 

The study reports accuracy instead of area under 
the ROC, sensitivity and specificity. The accuracy 
results (%) for SVM|ASVM were: 

 
TB:                               92|94 
COPD:                          91|93 
Pneumonia                 90|92 
Asthma:                      97|99 
Lung cancer:              97|90 
Normal:                       92|98 

 2018 
chest disease 

diagnosis 
N N deep learning 420 X-ray image 

ChestX-ray14 dataset:                   
training (28744 patients, 98637 images),                                           
validation (1672 patients, 6351 images) 

test (389 patients, 420 images). 

Atelectasis 
Cardiomegaly 

Effusion 
Infiltration 

Mass 
Nodule 

Pneumonia 

0.81 
0.92 
0.86 
0.78 
0.87 
0.78 
0.77 

- 
- 
- 
- 
- 
- 
- 

- 
- 
- 
- 
- 
- 
- 

 

 2018 prediction N 
positive 

blood 
culture 

GNB 
DTC 
RFC 
SVM 
ANN 

6 biomarkers (6) 
1236732 profiles 

(3971; 0.32%) 

GNB 
DTC 
RFC 
SVM 
ANN 

0.90 
0.87 
0.90 
0.92 
0.93 

0.73 
0.65 
0.65 
0.81 
0.83 

0.90 
0.94 
0.96 
0.92 
0.87 

The study discarded outliers applying the inter-
quartile (IQRx1.5) rule. For the best performing 
algorithms (which were SVM and ANN) results 
without discarding outliers were quite similar. 

 

[21]

[22]

[23]

[24]

[25]

[26]

[27]

keys: ANN=artificial neural network; ARI=acute respiratory tract infection; ASVM=A support vector machine; COPD=artificial neural network;DTC=decision tree classifier; FDA=fisher discriminant anal-
ysis;GNB=gaussian naïve bayes; LR=linear regression; LRTI=lower respiratory tract infection;RFC=random forest classifier; RI=risk index; RSV=respiratory syncytial virus; RTI=respiratory tract infection;
SVM=support vector machine; TB=tuberculosis;



Table B.8: Literature review: diagnosis of surgical site infection.
 
Ref 

 
Year Purpose Inclusion c. SSI c. Method n Variables Data Outcomes ROC SENS SPEC Comments 

 2016 Prediction  Y N m-regression 17 
demographics (3), 

 patient history (2), 
microbiology,  other 

2364 patients 
(131 overall SSI,  
33 incisional SSI,  

98 organ/space SSI) 

Logistic R 
Scoring (BBOT) 

0.74 
0.74    

 2018 Prediction N N 

logistic regression 
multivariate logistic 

regression 
ANN 

LR pre-operative: 14 
LR post-operative: 20 

ANN pre-operative: 29 
ANN post-operative: 50 

patient epidemiologic data 
(3), disease characteristic 

(5), operative data (3), 
demographics (2), 

 biomarkers (9), 
others 

1854 reconstructions 
(438 presented SSI) 

LR pre-operative 
LR post-operative 
ANN pre-operative 

0.69 
0.72 
0.81 
0.89 

0.14 
0.22 
0.61 
0.67 

0.95 
0.93 
0.89 
0.95 

 

 2015 Prediction N 
NSQI gold 
standard 

multivariate  
logistic regression 

Over 150 

preoperative characteristics, 
intraoperative factors, 

postoperative morbidity 
occurrences 

year 1 – 6258 procedures (504, 8.05% CP)  
year 2 – 3996 procedures (278, 6.95% CP)  
year 3 –  2262 procedures (127, 5.6% CP)  

Superficial 
Deep 

Organ/space 
total 

0.82 
0.90 
0.89 
0.90 

0.57 
0.21 
0.36 
0.78 

0.90 
0.99 
0.97 
0.87 

The study did not present the sensitivity. 
The values were calculated afterwards 
based on the description of the data. 

 2012 Prediction N N Tree based 9 intraoperative factors, and 
postoperative characteristics 

Training 35551 (144, 0.32% CP) 
DH 1429 (77, 5.4% CP) 

IH 11586 (713, 6.15% CP) 
VA SLCHCS 568 (35, 6.2% CP) 

VVMC 852 (17, 2% CP) 

DH 
IH 

VA SLCHCS 
VVMD 

 

0.46 
0.36 
0.50 
0.00 

0.95 
0.94 
0.94 
0.98 

 

 2018 prediction N 
positive 
wound 
culture 

GNB 
DTC 
RFC 
SVM 
ANN 

6 biomarkers (6) 1237630 profiles 
(4869; 0.39%) 

GNB 
DTC 
RFC 
SVM 
ANN 

0.90 
0.85 
0.88 
0.92 
0.92 

0.73 
0.62 
0.62 
0.78 
0.79 

0.92 
0.98 
0.98 
0.91 
0.80 

The outliers were discarded using the 
interquartile (IQRx1.5) rule. For the best 
performing algorithms (SVM and ANN) 
results without discarding outliers were 
quite similar. 

 

[28]

[29]

[30]

[31]

keys: SVM=support vector machine; SSI=surgical site infection; NSQI=lower respiratory tract infection; RFC=random forest classifier; DTC=decision tree classifier; ANN=artificial neural network; LR=linear
regression; DH=denver health; IH=intermountain health; VA SLCHCS=veterans affairs salt lake city health care system; VVMC=vail valley medical centre;

Table B.9: Literature review: diagnosis of culture positive
 
Ref 

 
Year Purpose Inclusion c. Sepsis c. Method n Variables Data Outcomes ROC SENS SPEC Comments 

 2017 prediction Y N Youden’s 
index 

1 
 

procalcitonin 
 

 
519 patients 

Pulmonary: 223 (43%) 
Bacteremia: 21 (4%) 

Urinary: 67 (13%) 
Wound: 26 (5%) 

Clostridum. Difficile: 10 (2%) 
gastrointestinal (not C.diff): 67 (13%) 

other: 104 (20%) 

 
 

All cultures 
Pulmonary 

Urinary 
Bacteremia 

 
 

0.62 
0.49 
0.43 
0.78 

 
 

 

It evaluates whether initial procalcitonin values can determine the 
positive of any culture. 
 
The inclusion criteria is: age>18, infection as admitted diagnosis, 
bacterial culture and PCT value within 24h. Patients were excluded 
if they were receiving immunosuppressive therapy (see antibiotics 
below) and/or had HIV or cancer. 
 
Antibotics: belowmercaptopurine, prednisone, antithymocyte, 
globulin, azathioprine, basiliximan, cyclophosphamide, cyclosporine, 
calcineurin inhibitors, everolimus, methotrexate, mycophenolate, 
rituximab and sirolium 

 2018 prediction N N 

GNB 
DTC 
RFC 
SVM 
ANN 

6 biomarkers (6) 1268301 profiles 
(41524; 3.27% CP) 

GNB 
DTC 
RFC 
SVM 
ANN 

0.89 
0.88 
0.89 
0.89 
0.91 

0.72 
0.65 
0.65 
0.77 
0.78 

0.89 
0.95 
0.96 
0.87 
0.88 

The outliers were discarded using the interquartile (IQRx1.5) rule. 
For the best performing algorithms (SVM and ANN) results without 
discarding outliers were quite similar. 

 

[32]

keys: ANN=artificial neural network;APN=acute pyelonephritis;CRP=c-reactive protein;DTC=decision tree classifier;GNB=gaussian naïve bayes; PCT=procalcitonin;RFC=random forest classifier; SVM=support
vector machine; UTI=urinary tract infection; WBC=white blood cell counts; XGBoost=extreme gradient boost;
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C
DOCUMENTATION

The server side of EPiC IMPOC processes queries, interacts with the permanent storage and provides decision
support. It has been implemented in Java and uses an object relational mapping java library (Hibernate ORM)
to map an object-oriented domain model to a traditional relational database (SQL). The implementation fol-
lows the Representational State Transfer (REST) architectural design. The functionality of the system has been
divided into the following sections: CBR case (see Table C.1), patient (see Table C.3), doctor (see Table C.2),
authentication (see Table C.4), inference (see Table C.5) and others (see Table C.6). These are briefly explained
below.

Table C.1: EPiC IMPOC interface: cases.

CBR CASE

/case/add add a new case to the database

/case/copy clone an existing case from the database

/case/update update the parameters of an existing case within the database

/case/delete delete a case from the database

/case/list list all the cases in the database

/case/retrieve get a case from the database

/case/report create a report of the case in a pdf document

/case/pathology get the pathology laboratory markers associated to a case (time series)

/case/pathology/last get the last pathology laboratory markers associated to a case

/case/pathology/dates get the pathology markers between the specified dates

/case/sensitivity get the microbiology results associated to a case

/case/sensitivity/dates get the microbiology results between the specified dates
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Table C.2: EPiC IMPOC interface: doctors.

DOCTOR

/doctor/add add a new doctor to the database

/doctor/list list all the doctors in the database

Table C.3: EPiC IMPOC interface: patients.

PATIENT

/patient/add add a new patient to the database.

/patient/delete delete a patient from the database

/patient/list list all the patients in the database

/patient/admitted lists patients that have an open case in the database

/patient/admitted/ward list patients that have an open case from an specific ward

/patient/retrieve get a patient from the database

/patient/update update the information of an existing patient within the database

Table C.4: EPiC IMPOC interface: authentication.

AUTHENTICATION

/auth/login authenticate the user

/auth/logout logout the user

Table C.5: EPiC IMPOC interface: inference.

INFERENCE

/inference/infection/features get features used for inference

/inference/infection/case perform inference of positive culture for a case

/inference/culture/case perform inference of positive cultures on specific sites for a case

Table C.6: EPiC IMPOC interface: others.

OTHERS

/bugs/list list all the pathogens in the database

/drug/add add an antimicrobial to the database

/drug/update update an antimicrobial to the database

/drug/list list the antimicrobials in the database
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D
LIST OF ACRONYMS: ORGANISMS AND ANTIMICROBIALS

This section presents the list of acronyms for the organisms (see Table D.1) and antimicrobials (see Table D.2).
The first table, which corresponds to organisms, presents the code (acronym), the name (including genus and
species), the genus and the Gram status. The second table, which corresponds to antimicrobials, presents
the code (acronym), the name and the category. Note that those codes starting with “A_” were generated
automatically since no codewas providedwithin the dataset provided by Imperial College LondonNHSTrust.

Table D.1: Antibiotics: notation and description.
Organism Code Organism Name Genus Gram Status

A_ABIOTROP Abiotrophia species abiotrophia
A_ACTINOMY Actinomyces sp actinomyces p
A_AFLAVUS Aspergillus flavus aspergillus
A_AFUMIGATU Aspergillus fumigatus aspergillus
A_AGNB Anaerobic Gram Negative Bacillus bacillus p
A_AGPB Anaerobic Gram Positive Bacillus bacillus p
A_AHAEMOLYT Acinetobacter haemolyticus acinetobacter
A_ACHAEMOLYT Arcanobacterium haemolyticum arcanobacterium
A_AISRAELII Actinomyces israelii actinomyces p
A_ALCALIGE Alcaligenes sp alcaligenes
A_ALTERNAR Alternaria sp alternaria
A_AMEYERI Actinomyces meyeri actinomyces p
A_ANAEROBE Anaerobes
A_ANAESLUND Actinomyces naeslundii actinomyces p
A_ANIGER Aspergillus niger aspergillus
A_AODONTOLY Actinomyces odontolyticus actinomyces p
A_ARADIORES Acinetobacter radioresistens acinetobacter
A_ASCHAALII Actinobaculum schaalii actinobaculum
A_ASTREPTOC Anaerobic Streptococcus streptococcus p
A_AUSTUS Aspergillus ustus aspergillus
A_BCIRCULAN Bacillus circulans bacillus p
A_BIFIDOBA Bifidobacterium sp. bifidobacterium
A_BMELITENS Brucella melitensis brucella
A_BORDETEL Bordetella sp. bordetella
A_BREVUNDI Brevundimonas sp. brevundimonas
A_BSGD Beta-haemolytic strep. Group D streptococcus p
A_BSGF Beta-haemolytic strep. Group F streptococcus p
A_BSNAG Beta-haemolytic strep. NOT A-G streptococcus p
A_BSUBTILIS Bacillus subtilis bacillus p
A_BURKHOLD Burkholderia sp. burkholderia n
A_BVESICULA Brevundimonas vesicularis brevundimonas
A_CALBIDUS Cryptococcus albidus cryptococcus
A_CANDIDA Candida sp. candida
A_CBOVIS Corynebacterium bovis corynebacterium p
A_CDUBLINIE Candida dubliniensis candida
A_CFAMATA Candida famata candida
A_CGUILLIER Candida guilliermondii candida
A_CHOMINIS Cardiobacterium hominis cardiobacterium
A_CHRYSEOB Chryseobacterium sp. chryseobacterium
A_CHRYSEOM Chryseomonas sp. chryseomonas
A_CLADOSPO Cladosporium sp. cladosporium
A_CLAURENTI Cryptococcus laurentii cryptococcus
A_CLIPOLYTI Candida lipolytica candida
A_CLUSITANI Candida lusitaniae candida
A_CMENINGOS Chryseobacterium meningosepticum chryseobacterium
A_CMINUTISS Corynebacterium minutissimum corynebacterium p
A_CNEOFORMA Cryptococcus neoformans cryptococcus
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Table D.1: Antibiotics: notation and description.
Organism Code Organism Name Genus Gram Status

A_CPARAPSIL Candida parapsilosis candida
A_CPELLICUL Candida pelliculosa candida
A_CPSEUDODI Corynebacterium pseudodiphtheriticum corynebacterium p
A_CRYPTOCO Cryptococcus sp. cryptococcus
A_CSEPTICUM Clostridium septicum clostridium p
A_CSTREPTOC Carboxyphilic Streptococcus streptococcus p
A_CTESTOSTE Comamonas testosteroni comamonas
A_CTUBERCUL Corynebacterium tuberculostearicum corynebacterium p
A_CUNIGUTTU Cryptococcus uniguttulatus cryptococcus
A_CUTILIS Candida utilis candida
A_EAMNIGENU Enterobacter amnigenus enterobacter n
A_EAVIUM Enterococcus avium enterococcus p
A_ECOLI escherichia coli escherichia n
A_EDURANS Enterococcus durans enterococcus p
A_EGERGOVIA Enterobacter gergoviae enterobacter n
A_EHERMANII Escherichia hermanii escherichia n
A_EIKENELL Eikenella sp. eikenella
A_ELUDWIGII Enterobacter ludwigii enterobacter n
A_ENTEROBA enterobacter sp. enterobacter n
A_ESAKAZAKI Enterobacter sakazakii enterobacter n
A_ESCHERIC Escherichia sp. escherichia n
A_FFUNGI Filamentous fungi
A_FLAVOBAC Flavobacterium sp. flavobacterium
A_FNI Fungi NOT isolated
A_FNUCLEATU Fusobacterium nucleatum fusobacterium n
A_FOXYSPORU Fusarium oxysporum fusarium
A_FUSARIUM Fusarium sp fusarium
A_FUSOBACT Fusobacterium sp. fusobacterium n
A_GCANDIDUM Geotrichum candidum geotrichum
A_GCAPITATU Geotrichum capitatum geotrichum
A_GEOTRICH Geotrichum species geotrichum
A_GMORBILLO Gemella morbillorum gemella
A_GVAGINALI Gardnerella vaginalis
A_HAFNIA S Hafnia sp. hafnia
A_HAPHROPHI Haemophilus aphrophilus haemophilus
A_KKINGAE Kingella kingae
A_KLOECKER Kloeckera species kloeckera
A_KPLANTICO Klebsiella planticola klebsiella n
A_LACTOBAC LactoBacillus sp. lactobacillus p
A_LEUCONOS Leuconostoc sp. leuconostoc
A_LFERMENTU Lactobacillus fermentum lactobacillus p
A_LISTERIA Listeria sp listeria p
A_LPARACASE Lactobacillus paracasei lactobacillus p
A_LRHAMNOSU Lactobacillus rhamnosus lactobacillus p
A_LWADEI Leptotrichia wadei
A_MABSCESSU Mycobacterium abscessus mycobacterium p
A_MAVIUM Mycobacterium avium mycobacterium p
A_MBOVIS Mycobacterium bovis mycobacterium p
A_MCHELONAE Mycobacterium chelonae mycobacterium p
A_MFORTUITU Mycobacterium fortuitum mycobacterium p
A_MICROBAC Microbacterium sp. microbacterium
A_MINTRACEL Mycobacterium intracellulare mycobacterium p
A_MKANSASII Mycobacterium kansasii mycobacterium p
A_MMALMOENS Mycobacterium malmoense mycobacterium p
A_MMARINUM Mycobacterium marinum mycobacterium p
A_MMUCOGENI Mycobacterium mucogenicum mycobacterium p
A_MPEREGRIN Mycobacterium peregrinum mycobacterium p
A_MSCROFULA Mycobacterium scrofulaceum mycobacterium p
A_MSIMAE Mycobacterium simae mycobacterium p
A_MSTREPTOC Microaerophilic streptococcus streptococcus p
A_MTC Mycobacterium tuberculosis complex mycobacterium p
A_MTUBERCUL Mycobacterium tuberculosis mycobacterium p
A_MXENOPI Mycobacterium xenopi mycobacterium p
A_MYCOBACT Mycobacterium sp. mycobacterium p
A_MYCOPLAS Mycoplasma sp. mycoplasma p
A_NCINEREA Neisseria cinerea neisseria n
A_NMUCOSA Neisseria mucosa neisseria n
A_OANTHROPI Ochrobactrum anthropi ochrobactrum
A_OCHROBAC Ochrobactrum sp. ochrobactrum
A_PALCALIGE Pseudomonas alcaligenes pseudomonas n
A_PASTEURE Pasteurella sp. pasteurella
A_PENICILL Penicillium sp. penicillium
A_PEPTOSTR Peptostreptococcus sp. streptococcus p
A_PFLUORESC Pseudomonas fluorescens pseudomonas n
A_PLILACINU Paecilomyces lilacinus
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A_PMELANINO Prevotella melaninogenicus prevotella
A_PPROPIONI Propionibacterium propionicus propionibacterium p
A_PREVOTEL Prevotella sp. prevotella
A_PROVIDEN Providencia sp. providencia
A_PVARIOTII Paecilomyces variotii
A_RAOULTEL Raoultella sp. raoultella
A_RARRHIZUS Rhizopus arrhizus rhizopus
A_RHIZOPUS Rhizopus sp rhizopus
A_RHODOCOC Rhodococcus sp. rhodococcus
A_RHODOTOR Rhodotorula sp rhodotorula
A_RMINUTA Rhodotorula minuta rhodotorula
A_RMUCILAGI Rhodotorula mucilaginosa rhodotorula
A_RPICKETTI Ralstonia pickettii
A_RTERRIGEN Raoultella terrigena raoultella
A_SAPIOSPER Scedosporium apiospermum scedosporium
A_SBOVIS Streptococcus bovis streptococcus p
A_SBOYDII Shigella boydii shigella n
A_SCERVISIA Saccharomyces cervisiae
A_SDYSENTER Shigella dysenteriae shigella n
A_SMUTANS Streptococcus mutans streptococcus p
A_SNEWPORT Salmonella newport salmonella n
A_SODORIFER Serratia odorifera serratia n
A_SPA Salmonella paratyphi A salmonella n
A_SPAUCIMOB Sphingomonas paucimobilis sphingomonas
A_SPHINGOM Sphingomonas sp. sphingomonas
A_SPORCINUS Streptococcus porcinus streptococcus p
A_SPOROTRI Sporotrichum sp. sporotrichum
A_STYPHI Salmonella typhi salmonella n
A_STYPHIMUR Salmonella typhimurium salmonella n
A_SVESTIBUL Streptococcus vestibularis streptococcus p
A_SVIRIDANS Streptococcus viridans streptococcus p
A_TASAHII Trichosporon asahii trichosporon
A_TINKIN Trichosporon inkin trichosporon
A_TMUCOIDES Trichosporon mucoides trichosporon
A_VALGINOLY Vibrio alginolyticus vibrio n
A_VIBRIO S Vibrio sp. vibrio n
A_VPARAHAEM Vibrio parahaemolyticus vibrio n
A_YERSINIA Yersinia sp yersinia n
A_YPSEUDOTU Yersinia pseudotuberculosis yersinia n
ABAU Acinetobacter baumannii acinetobacter
ACAV Aeromonas caviae aeromonas
ACHRO Achromobacter sp. achromobacter
ACINE Acinetobacter sp. acinetobacter
AEROC Aerococcus sp. aerococcus
AEROM Aeromonas sp. aeromonas
AERU Aerococcus urinae aerococcus
AFAE Alcaligenes faecalis alcaligenes
AHS Alpha haemolytic Streptococcus streptococcus p
AHYD Aeromonas hydrophila aeromonas
ALWO Acinetobacter lwoffi acinetobacter
AVIR Aerococcus viridans aerococcus
AXYL Achromobacter xylosoxidans achromobacter
BACIL Bacillus sp. bacillus p
BACTE Bacteroides sp. bacteroides
BCEP Burkholderia cepacia burkholderia n
BCER Bacillus cereus bacillus p
BDIM Brevundimonas diminuta brevundimonas
BFRA Bacteroides fragilis bacteroides
BHS Beta-haemolytic streptococcus streptococcus p
BHSA Beta-haemolytic strep. Group A streptococcus p
BHSB Beta-haemolytic strep. Group B streptococcus p
BHSB Beta-haemolytic strep. Group B streptococcus p
BHSC Beta-haemolytic strep. Group C streptococcus p
BHSCG Beta-haemolytic Strep. Group C/G streptococcus p
BHSG Beta-haemolytic strep. Group G streptococcus p
BOVA Bacteroides ovatus bacteroides
BPSE Burkholderia pseudomallei burkholderia n
BREVI Brevibacterium sp. brevibacterium
BVUL Bacteroides vulgatus bacteroides
CALB Candida albicans candida
CAMA Citrobacter amalonaticus citrobacter
CAMPY Campylobacter sp. campylobacter n
CBRA Citrobacter braakii citrobacter
CCOL Campylobacter coli campylobacter n
CFET Campylobacter fetus campylobacter n
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CFRE Citrobacter freundii citrobacter
CGLA Candida (Torulopsis) glabrata candida
CHAE Corynebacterium haemolyticum corynebacterium p
CIND Chryseobacterium indologenes chryseobacterium
CITRO Citrobacter sp. citrobacter
CJEI Corynebacterium jeikeium corynebacterium p
CJEJ Campylobacter jejuni campylobacter n
CKEF Candida kefyr candida
CKOS Citrobacter koseri citrobacter
CKRU Candida krusei candida
CLOST Clostridium sp. clostridium p
CNS Coagulase negative staphylococcus staphylococcus p
COLIF Coliform sp. coliform
CORYN Corynebacterium sp corynebacterium p
CPER Clostridium perfringens clostridium p
CSTR Corynebacterium striatum corynebacterium p
CTRO Candida tropicalis candida
DACI Delftia acidovorans delftia
DIPHT Diphtheroids
EASB Enterobacter asburiae enterobacter n
ECASS Enterococcus casseliflavus enterococcus p
ECLO Enterobacter cloacae enterobacter n
ECOL Escherichia coli escherichia n
ECOR Eikenella corrodens eikenella
EFAM Enterococcus faecium enterococcus p
EFAS Enterococcus faecalis enterococcus p
EGAL Enterococcus gallinarum enterococcus p
EMEN Elizabethkingia meningoseptica elizabethkingia
ENTAE Enterobacter aerogenes enterobacter n
ENTB Enterobacter sp. enterobacter n
ENTC Enterococcus sp. enterococcus p
FNEC Fusobacterium necrophorum fusobacterium n
GEM Gemella sp. gemella
GHAEM Gemella haemolysans gemella
HAEMO Haemophilus sp. haemophilus
HALV Hafnia alvei hafnia
HHAE Haemophilus haemolyticus haemophilus
HINF Haemophilus influenzae haemophilus
HPAP Haemophilus paraphrophilus haemophilus
HPHA Haemophilus parahaemolyticus haemophilus
HPIN Haemophilus parainfluenzae haemophilus
HPYL Helicobacter pylori
KLEBS Klebsiella sp. klebsiella n
KLUYV Kluyvera sp. kluyvera
KOXY Klebsiella oxytoca klebsiella n
KPNE Klebsiella pneumoniae klebsiella n
LFC Lactose fermenting coliform coliform
LMON Listeria monocytogenes listeria p
MCAT Moraxella catarrhalis moraxella
MICROC Micrococcus sp. micrococcus
MMOR Morganella morganii morganella
MODO Myroides odoratimimus
MORAX Moraxella sp. moraxella
NEISS Neisseria sp. neisseria n
NFLA Neisseria flavescens neisseria n
NGON Neisseria gonorrhoeae neisseria n
NHS Non-haemolytic streptococcus streptococcus p
NLF Non-lactose Fermenting Coliform coliform
NMEN Neisseria meningitidis neisseria n
NOCAR Nocardia sp. nocardia
PACN Propionibacterium acnes propionibacterium p
PAENI Paenibacillus sp. paenibacillus
PAER Pseudomonas aeruginosa pseudomonas n
PANA Peptostreptococcus anaerobius streptococcus p
PANTO Pantoea sp. pantoea
PBIV Prevotella bivia prevotella
PLUT Pseudomonas luteola pseudomonas n
PMIR Proteus mirabilis proteus n
PMUL Pasteurella multocida pasteurella
PORI Pseudomonas orizyhabitans pseudomonas n
PPUT Pseudomonas putida pseudomonas n
PRET Providencia rettgeri providencia
PROPI Propionibacterium sp. propionibacterium p
PROTE Proteus sp. proteus n
PSEUD Pseudomonas sp. pseudomonas n
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PSHI Plesiomonas shigelloides
PSTU Pseudomonas stutzeri pseudomonas n
PSTUA Providencia stuartii providencia
PVUL Proteus vulgaris proteus n
RMUC Rothia mucilaginosa rothia
RORN Raoultella ornithinolytica raoultella
ROTH Rothia sp. rothia
RRAD Rhizobium radiobacter
SAGA Streptococcus agalactiae streptococcus p
SALMO Salmonella sp. salmonella n
SANG Streptococcus anginosus streptococcus p
SAUR Staphylococcus aureus staphylococcus p
SCON Streptococcus constellatus streptococcus p
SDYSEQ Streptococcus dysgalactiae ssp equisimilis streptococcus p
SEPI Staphylococcus epidermidis staphylococcus p
SEQU Streptococcus equi streptococcus p
SERRA Serratia sp. serratia n
SFLE Shigella flexneri shigella n
SGOR Streptococcus gordonii streptococcus p
SHAEM Staphylococcus haemolyticus staphylococcus p
SHIGE Shigella sp. shigella n
SINT Streptococcus intermedius streptococcus p
SLIQ Serratia liquifaciens serratia n
SLUG Staphylococcus lugdunensis staphylococcus p
SMAL Stenotrophomonas maltophilia strenotrophomonas n
SMAR Serratia marcescens serratia n
SMIL Streptococcus milleri group streptococcus p
SMIT Streptococcus mitis streptococcus p
SORA Streptococcus oralis streptococcus p
SPARAS Streptococcus parasanguis streptococcus p
SPNE Streptococcus pneumoniae streptococcus p
SPYO Streptococcus pyogenes streptococcus p
SSAL Streptococcus salivarius streptococcus p
SSAN Streptococcus sanguis streptococcus p
SSAP Staphylococcus saprophyticus staphylococcus p
SSON Shigella sonnei shigella n
STAPH Staphylococcus sp. staphylococcus p
STREP Streptococcus sp. streptococcus p
VEILL Veillonella sp veillonella
VIRST Viridans streptococcus streptococcus p
YEAST Yeasts
YENT Yersinia enterocolitica yersinia n
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AAMPC amp c markers
AAMI amikacin aminoglycosides
AAMO amoxycillin aminopenicillins
AAMPH amphotericin
AAND anidulafungin
AAUG augmentin
AAZI azithromycin macrolides
AAZT aztreonam monobactams
ABAC bacitracin polypeptides
ACPO cpo marker
A_CAPREOMY capreomycin
ACAS caspofungin
A_CEFEPIME cefepime cephalosporins
ACIX cefixime cephalosporins
ACTX cefotaxime cephalosporins
ACXT cefoxitin cephalosporins
A_CEFPODOX cefpodoxime cephalosporins
ACAZ ceftazidime cephalosporins
ACONE ceftriaxone cephalosporins
ACXM cefuroxime cephalosporins
ACELX cephalexin cephalosporins
A_CEPHAZOL cephazolin cephalosporins
ACHL chloramphenicol
ACIP ciprofloxacin fluoroquinolones
ACLA clarithromycin macrolides
ACLI clindamycin macrolides
A_CLOTRIMO clotrimozale
ACOL colistin sulphate polypeptides
ACOT cotrimoxazole sulfonamides
ADAP daptomycin
A_DOXYCYCL doxycycline tetracyclines
AERT ertapenem meropenems
AESBL esbl markers
AERY erythromycin macrolides
A_ETHAMBUT ethambutol
AMET flucloxacillin penicillins
AFLUZ fluconazole
AFLUC flucytosine
AFOS fosfomycin
AFUS fusidic acid
AGEN gentamicin aminoglycosides
AGEN gentamicin 200 aminoglycosides
AIMP imipenem meropenems
A_ISONIAZI isoniazid
AITR itraconazole
A_KANAMYCI kanamycin aminoglycosides
A_KETOCONA ketoconazole
ALEV levofloxacin fluoroquinolones
ALIN linezolid oxazolidinones
AMLS mls markers
AMEC mecillinam penicillins
AMER meropenem meropenems
AMTZ metronidazole nitroimidazoles
AMF micafungin
A_MICONAZO miconazole
A_MINOCYCL minocycline tetracyclines
AMOX moxifloxacin fluoroquinolones
AMUP mupirocin
ANAL naladixic acid fluoroquinolones
ANEO neomycin aminoglycosides
ANIT nitrofurantoin
ANOV novobiocin aminocoumarin
AOFL ofloxacin fluoroquinolones
AOPT optochin
AOXA oxacillin penicillins
APEF pefloxacin
APEN penicillin penicillins
APCZ posaconazole
A_PROTHION prothionamide
A_PYRAZINA pyrazinamide
A_RIFABUTI rifabutin
ARIF rifampicin
ASEP septrin
ASPE spectinomycin aminoglycosides
A_STREPTOM streptomycin aminoglycosides
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A_SULBACTA sulbactam
A_SULPHAME sulphamethoxazole sulfonamides
ASYN synercid
ATAZ tazocin
ATEI teicoplanin glycopeptide
ATEM temocillin penicillins
A_TERBINAF terbinafine
ATET tetracycline tetracyclines
ATIG tigecycline tetracyclines
A_TIMENTIN timentin
ATOB tobramycin aminoglycosides
ATRI trimethoprim
AVAN vancomycin glycopeptide
AVOR voriconazole
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E
DEFINITION OF THE ATTRIBUTES

This section describes the vital symptoms, demographics, laboratory tests and other information included in the CBR case for
the antimicrobial therapy selection clinical trial performed in the ICU (see Table E.1). First, the attributes have been classified
in four groups: binary (B), numeric (N), categorical (C) and set (S). For each of the attributes the range and description are
included. Note that the range represents the possible values that can be assigned to the attribute. To conclude, the table also
defines the distance/similarity metric of the attribute within the CBR.

Table E.1: Feature attributes in the CBR case description.

Attribute Similarity Values Description

B1 hiv Sequal True, False The patient has HIV
B2 pregnant Sequal True, False The patient is pregnant
B3 diabetes Sequal True, False The patient has diabetes
B4 catheter Sequal True, False The patient has a catheter
B5 central line Sequal True, False The patient has a central line

N1 age Sinterval [16, 105] Age of the patient
N2 height Sinterval [130,230] Height of the patient (cm).
N3 weight Sinterval [35,150] Weight of the patient (kg)
N4 heart rate Sinterval [0, 200] Hear rate of the patient
N5 body temperature Sinterval [35, 41] The body temperature (celsius)
N6 respiratory rate Sinterval [14, 40] Respiratory rate
N7 blood pressure high Sinterval [0, 200] High blood pressure (mm of mercury)
N8 blood pressure low Sinterval [0, 200] Low blood pressure (mm of mercury)
N9 O2 saturation Sinterval [0, 100] Fraction of oxygen in the blood
N10 ionotropes Sinterval - Agent that alters muscular contractions
N11 lactate Sinterval [0, 10] Lactate levels (mg/dL)

C1 gender Sequal - None, Male or Female
C2 renal support Sequal - None, HDX, CVVH
C3 chest examination Stable - None, Crackles, Dull, Clear
C4 chest radiography Stable - None, Consolidation, Effusion, Clear, AUD
C5 abd. examination Stable - None, Peritonitis, Tender, SNT

S1 allergies None - The allergies of the patient
S2 organs infected Sset - The organs under suspicion of infection
S3 pathogens Scluster - The pathogens reported from microbiology

Keys: Bi=boolean attribute; Ni=numeric attribute; Ci=categorical attribute; Si=set attribute; O2=oxygen;
HIV=human immunodeficiency virus; cm=centimeters; kg=kilograms; mg/dL=milligram per deciliter;
HDX=expanded hemodyalisis; CVVH=continuous veno-venous hemofiltration; AUD=air under di-
aphragm; HIV=soft not tender;

xxv


	Acknowledgements
	1 Introduction
	1.1 Motivation
	1.2 Research objectives
	1.3 Thesis organisation
	1.3.1 Chapter 2: Background
	1.3.2 Chapter 3: CDSS design and implementation
	1.3.3 Chapter 4: Antimicrobial resistance surveillance
	1.3.4 Chapter 5: Case-based reasoning
	1.3.5 Chapter 6: Probabilistic inference
	1.3.6 Chapter 7: Conclusions


	2 Background
	2.1 Infectious diseases
	2.1.1 Infectious microorganisms
	2.1.2 Site of infection
	2.1.3 Modes of transmission of infectious diseases

	2.2 The burden of antimicrobial resistance
	2.2.1 What are the main drivers of AMR?
	2.2.2 What are the consequences of AMR?
	2.2.3 How can we mitigate AMR?

	2.3 Clinical decision support systems
	2.3.1 Overview of decision support engines
	2.3.2 CDSSs for infection management
	2.3.3 Methods for infectious disease diagnosis

	2.4 Towards comprehensive decision support
	2.4.1 The five `rights' of a CDSS
	2.4.2 The desired characteristics of a CDSS
	2.4.3 The proposed solution


	3 CDSS design and implementation
	3.1 Decision support system overview
	3.2 Part I: Outline of decision support modules
	3.3 Part II: The graphical user interface
	3.3.1 User interface design strategies
	3.3.2 Overview of the design process
	3.3.3 Illustrating the medical record of a patient
	3.3.4 Understanding the main control panel
	3.3.5 Design techniques and usability principles within EPiC IMPOC
	3.3.6 The patient engagement module
	3.3.7 The AMR surveillance module

	3.4 Discussion
	3.4.1 Providing clinical training to facilitate adoption
	3.4.2 Limitations

	3.5 Conclusion

	4 Antimicrobial resistance surveillance
	4.1 How to measure AMR?
	4.2 Materials and methods
	4.2.1 Susceptibility test data
	4.2.2 Generation of resistance time series signals
	4.2.3 Trend and stationarity in time series
	4.2.4 Pearson correlation coefficient
	4.2.5 Sigmoid function
	4.2.6 Statistical significance among regression methods
	4.2.7 Outline of the experiments conducted

	4.3 Experiment I: Overview of susceptibility test data
	4.4 Experiment II: Antimicrobial resistance rates
	4.5 Experiment III: Antimicrobial spectrum of activity
	4.5.1 The antimicrobial spectrum of activity index
	4.5.2 Spectrum of activity summary for urine culture
	4.5.3 Enhancing traditional antimicrobial spectrum categorization

	4.6 Experiment IV: Antimicrobial resistance trends
	4.6.1 Regression analysis for trend estimation
	4.6.2 Analysis of the robustness of the methods
	4.6.3 Escherichia coli: AMR in urine cultures
	4.6.4 Escherichia coli: AMR in blood cultures
	4.6.5 Staphylococcus aureus: AMR in wound cultures

	4.7 Discussion
	4.7.1 Susceptibility testing: behaviour and guidelines
	4.7.2 Advantages of overlapping time intervals in surveillance
	4.7.3 Regression analysis: benefits and drawbacks
	4.7.4 The importance of surveillance data
	4.7.5 Limitations

	4.8 Conclusions

	5 Case-based reasoning
	5.1 The case-based reasoning methodology
	5.1.1 The use of prototypes

	5.2 Materials and methods
	5.2.1 Definition of generic distance metrics
	5.2.2 Definition of case features: antimicrobial therapy selection in the ICU
	5.2.3 Definition of similarity metrics: antimicrobial therapy selection in the ICU
	5.2.4 Assigning feature importance
	5.2.5 Performance metrics for information retrieval problems
	5.2.6 Performance metrics for classification problems
	5.2.7 Overall performance of the CBR model
	5.2.8 Statistical analysis
	5.2.9 Outline of the experiments conducted

	5.3 Experiment I: A simple scenario (iris flower dataset)
	5.3.1 Distributions of the iris flower dataset features
	5.3.2 Analysis of the CBR retrieval performance

	5.4 Experiment II: Imbalanced categories (ecoli protein location dataset)
	5.4.1 Distributions of the ecoli protein location dataset features
	5.4.2 Analysis of the CBR retrieval performance

	5.5 Experiment III: Intensive Care Unit
	5.5.1 Pilot study by infection specialists
	5.5.2 Usability study of the CDSS

	5.6 Discussion
	5.6.1 Benefits and limitations of CBR
	5.6.2 Feedback provided from users
	5.6.3 The infection management pathway
	5.6.4 Limitations

	5.7 Conclusions

	6 Probabilistic inference
	6.1 Brief introduction to supervised machine learning
	6.2 Materials and methods
	6.2.1 Selected pathology biochemical markers 
	6.2.2 Assembling data for inference
	6.2.3 Challenges in clinical data: preprocessing
	6.2.4 Model evaluation 
	6.2.5 Model calibration
	6.2.6 Statistical analysis
	6.2.7 Outline of the experiments conducted

	6.3 Data Analysis
	6.3.1 Laboratory tests frequency
	6.3.2 Profile completeness

	6.4 Experiment I: Prediction of positive culture
	6.4.1 Distributions of the selected biochemical markers
	6.4.2 Infection risk inference on complete profiles

	6.5 Experiment II: Prediction of site of culture
	6.5.1 Distribution of the selected biochemical markers
	6.5.2 Site of infection risk inference on complete profiles

	6.6 Experiment III: Voting prediction of positive culture
	6.7 Experiment IV: Prediction of the gram status of bacteria
	6.8 Experiment V: Missing data and imbalance classes
	6.8.1 Inference on scenarios with missing data
	6.8.2 Inference on scenarios with class imbalance
	6.8.3 Probability calibration and thresholds

	6.9 Discussion
	6.9.1 Selecting suitable biochemical markers
	6.9.2 Addressing class imbalance
	6.9.3 Effect of missing inputs in prediction
	6.9.4 Selecting a suitable algorithm
	6.9.5 Translational utility
	6.9.6 Limitations

	6.10 Conclusions

	7 Conclusions and future perspective
	7.1 Satisfying the needs in infection management
	7.1.1 Need of integration with electronic health records
	7.1.2 Need of a point-of-care decision support system
	7.1.3 Need of understanding local AMR patterns
	7.1.4 Need to align with the infection management pathway

	7.2 Overall discussion and contributions
	7.3 Future research directions
	7.3.1 Effective communication of local AMR patterns
	7.3.2 Improving history review and case retrieval
	7.3.3 Enhancing stepwise decision support in infection management
	7.3.4 Integration of further technology
	7.3.5 Implementation in low- and middle-income countries
	7.3.6 Summary of potential research directions

	7.4 Final conclusion

	A List of publications
	A.1 Journal articles
	A.2 Conference: abstracts and posters
	A.3 Conference: oral presentations

	B Literature Review
	B.1 Clinical decision support systems for infection management
	B.2 Diagnosis of infectious diseases using machine learning

	C Documentation
	D List of acronyms: organisms and antimicrobials
	E Definition of the attributes

