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ABSTRACT

Sepsis remains the second largest killer in the Intensive Care Unit (ICU), giving
rise to a significant economic burden ($17b per annum in the US, 0.3% of the
gross domestic product). The aim of the work described in this thesis is to
improve the estimation of severity in this population, with a view to improving
the allocation of resources.

A cohort of 2,143 adult patients with sepsis and hypotension was identified
from the MIMIC-II database (v2.26). The implementation of state-of-the-art
models confirms the superiority of the APACHE-IV model (AUC=73.3%) for
mortality prediction using ICU admission data. Using the same subset of fea-
tures, state-of-the art machine learning techniques (Support Vector Machines
and Random Forests) give equivalent results. More recent mortality predic-
tion models are also implemented and offer an improvement in discrimina-
tory power (AUC=76.16%).

A shift from expert-driven selection of variables to objective feature selection
techniques using all available covariates leads to a major gain in performance
(AUC=80.4%). A framework allowing simultaneous feature selection and pa-
rameter pruning is developed, using a genetic algorithm, and this offers sim-
ilar performance. The model derived from the first 24 hours in the ICU is
then compared with a “dynamic” model derived over the same time period,
and this leads to a significant improvement in performance (AUC=82.7%).
The study is then repeated using data surrounding the hypotensive episode
in an attempt to capture the physiological response to hypotension and the
effects of treatment. A significant increase in performance (AUC=85.3%) is
obtained with the static model incorporating data both before and after the
hypotensive episode. The equivalent dynamic model does not demonstrate
a statistically significant improvement (AUC=85.6%).

Testing on other ICU populations with sepsis is needed to validate the findings
of this thesis, but the results presented in it highlight the role that data mining
will increasingly play in clinical knowledge generation.
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Introduction

Sepsis is the result of an inadequate response of the body to an infection. It is today

the second largest killer in the intensive Care Unit (ICUﬂ after coronary disease [B] and

its incidence is increasing slowly but steadily []. Simultaneously, the cost associated
with the condition has been growing, giving both a clinical and an economic incentive
to understand this disease better. Yet to date, the aetiology of sepsis remains only partly
understood and its definition has seen major modifications over the past thirty years.
During this period the number of scientific publications on this topic has been constantly
increasing to about six thousand articles a year in 2012 (see figure @), making this field
one of the most important in medical research.
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Figure 1: Number of publications on sepsis since 1940: the number of hits in the PubMed database
per year (x-axis) are shown by the blue bars.

Predicting patients’ mortality risk is an important field of biomedical research and re-
mains a challenging task which has the objective of supporting clinicians in accurate risk

stratification. Mortality can be assessed in many ways by considering ICU, in-hospital



or 28-day mortality for instance (see section ). Current approaches focus on pa-
tient data (lab and haemodynamic values) at a point in time, to which simple modelling
techniques are applied with respect to the defined outcome [16]. Although such tech-
niques are relatively successful in describing global populations, they often fail to per-
form on homogeneous sub-populations and at the individual level [293]. For instance,
patients experiencing sepsis-induced hypotension in the share common physiolog-
ical conditions: high temperature, elevated heart-rate (tachycardia), potentially signs of

low blood pressure, altogether leading to a highly homogeneous population. Traditional

mortality-prediction scores based on physiology, such as the Simplified Acute Physiol

logy Score (SAPS), have been shown to have little predictive power for such a population

[18, 22, 240Q]. This relatively poor performance can be explained by at least two factors:

« co-variates included in these severity scores have a low information content and

other physiological variables should be considered for this subset of patients;

« the modelling techniques are too simple to represent the condition-specific patient

data and state-of-the-art models should be evaluated instead.

In addition to this, severity scores generally do not account for caregiver intervention
and consequently ignore a patient’s response to them. Hence, these scores are invariably
a static representation of the patient’s physiology at admission (first 24 hours). Ferreira
et al. [89] identified the amount of organ dysfunction as a strong predictor of mortality
and suggested this variation may reflect the patient’s response to treatment. Similarly,
Bion et al. [29] demonstrated that the evolution of a physiological severity score was an
independent predictor of mortality. Consequently, patients’ dynamic information may
provide additional information concerning their varying physiology, which could improve
outcome prediction. More precisely, incorporating knowledge of treatments and of the
subsequent physiological change may prove beneficial.

Guidelines for septic shock, where administration of treatments (fluids and pressors)
is standardized and well localized in time, allow us to extract data from these events in

order to explore our hypothesis.



Chapter 1

Background: sepsis, severe sepsis and

septic shock

Introduction

Sepsis is a condition that develops when the physiological systems fail. The exact patho-
physiology is not yet fully understood. However current knowledge has already success-
fully generated treatment recommendations [76] that have significantly reduced mortal-
ity in the last few decades [189, 6]. In order to provide a deeper understanding of the
problem and to rationalise the scientific orientation of this work, we will first describe
what is currently accepted on the aetiology of sepsis in section @ To do so we will
need to describe key components of human physiology (in sections to ), which
will prove greatly beneficial to the understanding of both development and treatment
of sepsis. Later, clinical considerations on the management of sepsis will be introduced
(section @) to anchor our work in bedside clinical reality. Finally, presenting the epi-
demiology of sepsis together with some economic data (section ll_jl) will build a strong

clinico-economical rationale for this research.



1.1 History of sepsis

The oldest known report of sepsis comes from a papyrus found in Luxor (Egypt) in the
year 1862 and it was presumed to have been written around 1600 BC. The document is
believed to be a copy of a manuscript from 3000 BC [42], which describes 48 cases of
wounds. In five of them, fever is identified as a secondary phenomenon worsening prog-
nosis. Similarly, the presence of pus was also recognized as a much later consequence of
the initial insult and noted to be related to a worse outcome. As a consequence, Egyptian
physicians limited surgical exploration so as to not promote lesion suppuration. Almost
five thousand years before Semmelweis, Pasteur and Bone, the Egyptians [42] were aware
of the concept of systemic response (fever) and inflammation (pus).

Unsurprisingly, Greek civilization has also contributed to the early recognition of sep-
sis. In fact, the word “sepsis” is first encountered in Homer's 24" song of the Iliad [42] as

onmw, which translates to “rotting” [103]:

He is still just lying at the tents by the ship of Achilles, and though it is
now twelve days that he has lain there, his flesh is not wasted nor have the

worms eaten him although they feed on warriors.

This word is also present in Hippocrates's work (460-370 BC) and later literature: sepsis
refers to putrefaction, rotten organic matter and is associated with a “bad” smell. The
opposite concept of pepsis refers to fermentation, maturation and is associated with a
positive outcome. As a consequence, the management of wounds and pus depends
mostly on its attributes (colour and smell) and whether it can be categorised as sepsis or
pepsis.

The Roman contribution to medical sciences was greatly influenced by Galen (129-
200 AD) who vigorously promoted questioning of medical opinion and who, rather iron-
ically, became the nearly unchallenged medical authority for the following fifteen cen-
turies [226, 42]. His opinion on sepsis was unfortunately far from modern views as he

claimed: “"Pus bonum et laudabile”, which led to fifteen hundred years of extensive use



of cautery and suppurative healing (promotion of pus formation by stimulation of the
wound, for example by pouring hot oil onto the wound). A few individuals actually at-
tempted to challenge this view; for example Henri de Mondeville (1260-1320) in Mont-
pellier who suggested that wounds shall be cleaned with boiled water instead. Unfortu-
nately such views remained mostly unnoticed.

Introduction of firearms in the second half of 14" century exposed modern barber
surgeons to non-haemorrhagic causes of death, raising new interest in the topic of in-

fection. Paracelsus (1493-1541) virulently criticized Galen's work and claimed:

The true physician of wounds is nature. All treatment must be reduced to
infection prevention. Complexion, humors, diet and time, and the stars don't
have any influence. The result will be determined by a treatment which allows

nature to act in peace.

This five-hundred-year-old statement still resonates in modern critical care journals.
The controversial use of Swan-Ganz catheters for instance may have been accountable
for up to 25,000 deaths per year in the US [262]. In a less dramatic manner, excessive
nocturnal interventions in the ward deteriorates patients’ sleep with yet under-explored
consequences on their recovery [210]. Similarly, it is unclear how harmful repeated blood
sampling can be in a population of patients with hypovolaemia (low blood volume).
Finally, the exact benefit of most interventions for a specific patient relies at best on
weak evidence [48]. Despite the large body of evidence suggesting that “less is more
in the ICU" [185], resistance to change is still omnipresent. This resistance is similar
to that which Pronovost et al. [228] faced when they suggested that the use of simple
check-lists could reduce dramatically the incidence of infections related to cannulation.
Unsurprisingly then, a recent article claimed that "half of patients do not receive optimal
care” [157]; the large number of negative comments left by clinicians to the editor on the
journal website however indicates that the medical community has evolved [261] towards
more transparent and rational thinking. Unfortunately, resistance to change remains in

critical care.



The empirical approach was reinstated almost by accident in the medical debate
about sepsis with the misfortunes of Ambroise Paré (1509-1590). During the siege of
Turin (1536), he was forced to interrupt traditional therapy, as oil ran out. Instead, he
applied soothing ointment and rapidly noticed the improvement of his patients. The
history of sepsis then meets one of the most tragic characters of modern science: Ignaz
Semmelweis (1812-1865). He worked at one of Vienna's two obstetric clinics where the
mortality of mothers from puerperal fever was Europe’s highest. He identified physi-
cians’ hands as the vector of contamination and recommended hand washing between
observations on cadavers and handling of women. He explored his hypothesis in a dra-
matically successful controlled study, generating a drop of mortality from 25% to below
5%. Despite the empirical evidence provided, political games in the higher spheres of
the medical community completely discredited his work. An ironical twist of fate lead
Semmelweis to die of sepsis in a mental institution where he spent his final months. It
is interesting to know that his story was the topic of the medical dissertation by Louis
Ferdinand Céline [53] - the famous and mostly controversial French author. The work
of Louis Pasteur (1822-1895) later confirmed his findings and re-established his work
with the discovery of micro-organisms and the invention of sterilization, both of which

opened the way to modern medicine.

1.2 Key figures in the development of sepsis

Before describing the pathophysiology of sepsis, some of the physiological system in-
volved during the onset and development of sepsis will be presented. In fact, the com-
plexity of sepsis certainly is partly due to the interaction of the immune, cardio-vascular
and autonomous nervous systems. This short introduction does not pretend to be ex-
haustive in its description of human physiology. However, the number and diversity
of agents described in this section should provide a good overview of the mechanisms

involved and aid the understanding of the following sections.



1.2.1 The immune system

The role of the immune system is to protect the organism against external microbial
threats. It consists of a broad variety of biological structures and processes. The two most
important functions of the immune system are: recognition of danger signals (such as
Non-Self) and the destruction of structures exhibiting the associated molecular patterns.
In addition to natural barriers (such as the skin) to external threats, the two major entities
that protect the body are the innate and the adaptive immune systems.

The innate immune system handles the non-specific response of the body to an exter-
nal threat and is largely mediated through the process of inflammation [151]. Following
a harmful stimulus, or the recognition of external elements in the body, specialized cells
are delivered to the site of injury in two steps: local vasodilation and increased perme-
ability of blood vessels. The transfer of plasma from the blood to the tissue will result in
swelling and redness that are typical of the inflammatory state. Because it plays a funda-
mental role in the early stages of sepsis, a more detailed description of this mechanism

is provided in section .

The specialized cells involved in the immune response are called leukocytes or m

|BIood Cells (WBCs)I when found in the blood stream. Their nomenclature is vast and

the description here is restricted to the type playing a major role in the evolution of
sepsis. Leukocytes are usually split into two groups depending on the role they play in

the immune system:

1. Phagocytes are involved in the non-specific response of the innate system and are

composed of different types of cells:

(@) Granulocytes are small in size and are found in large quantities. They first
identify bacteria or fungi they randomly meet in the body, attack them and
alert more efficient cells such as macrophages. The granulocytes circulating

in the blood are called neutrophils;

(b) Macrophages are bigger cells designed to kill. Once recruited by granulo-



cytes, they will reach the site of infection, grow in number and kill. The broken
molecular components of cells destroyed during phagocytosis (such as anti-
gens) are internally processed by macrophages and presented to lymphocytes,
the specialized cells of the immune system. Dendritic cells and Mast cells are

other macrophages involved in the mediation of the adaptive response.

2. Lymphocytes are cells of the immune system coordinating the adaptive and specific

response to an infection:

(a) Thymus cells (T-cells) are activated by phagocytes and possess specific anti-

bodies on their surface. These are recruited to suppress infection locally and

simultaneously activate Bursa of Fabricius cells (B—cells)l;

(b) subsequently produce large amounts of free circulating antibodies (in
contrast to surface bound antibodies in ) that will link to bacteria, disable

them, and ease their recognition by macrophages.

The activation of the immune system as described in this section is mostly coordi-
nated by small signalling proteins called cytokines. They are assumed to play a central

role in the evolution of sepsis and will be covered in more detail in section .

1.2.2 The cardiovascular system

The primary function of the cardiovascular system is to deliver nutrients and oxygen in
order to meet the tissues’ metabolic demand. Simultaneously, by-products of cellular
respiration (such as CO,) are expelled to avoid toxicity. The cardiovascular system also
supports other vital functions such as the immune and endocrine system by carrying
various types of molecular agents (hormones and white cells for instance).

The circulation of blood from supply (lungs and intestines) to tissues is achieved by
the action of the heart pumping blood through the vessels. As described in Figure El!

blood vessels are divided into two categories:
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Figure 1.1: (LEFT) Schematic of cardiovascular system representing the heart (left/right ventricles
and atria: LV, RV, LA and RA), arteries, veins, lungs and organs. Sections in red indicate blood
with high-oxygen concentration coming from lung and going to organs. Blue sections indicate
blood with lower oxygen concentration coming from organs and going to the lungs. In green, the
pressure potentially recorded at each heart chamber: |Central Venous Pressure (C VPJV Pulmonar)}
Arterial Pressure (PAPJ, Mean Arterial Blood Pressure ABPm and the pre-load. (RIGHT) Four cardiac
cycles extracted for a typical ICU patient showing the blood pressure (green) and the ECG (bottom).
Systolic and diastolic values are indicated on the ABP waveform while the different cardiac electric
waves (P, Q, R, S, and T) are indicated on the cardiac waveform.

OZHWW

Al

Arteries deliver the blood from the heart to organs, and (apart from the pulmonary
artery) carry oxygenated blood (SaO; > 90%) under the driving force of a charac-

teristically high blood pressure (ABP,,cqn > 60 mmHg);

Veins carry the blood from organs to the heart, and mostly (with the exception of the
pulmonary veins) carry low oxygenated blood (SvO, < 80%) with high CO, levels

at low blood pressure (MAP< 20 mmHg).

As seen in Figure @ the heart is composed of four chambers that contract according

to a very specific sequence:

1. diastole: the heart is relaxed and blood arriving from the veins is filling; arterial

blood pressure at this moment is called |Diasto|ic Arterial Blood Pressure (ABPDiasto“cj

and has typically values of around 60 — 90 mmHg for healthy adults;

2. left atrial systole: blood arriving from the veins fills the atria with about 40% addi-

tional blood volume;



3. ventricular systole: the left ventricle contracts and ejects the blood to the arteries

creating a sharp rise in blood pressure to about 95 — 140 mmHg (ABPsys).

The electrical activity generated by moving charged particles in the cells during con-

traction of the cardiac muscle can be recorded non-invasively with electrodes located on

the chest. The signal recorded is called the |E|ectrocardiogram (ECGj and is a widely-used

diagnosis tool. The sequence of contractions described above generates very typical
waveforms denoted as P, ), R, S, and T that characterise the and usually serve as a
basis for the diagnosis of heart conditions. However figure [1.1 provides a good example
of how this analysis can be complicated: the T-waves presented in this example have
a larger amplitude than the R-wave, an unusual phenomenon. For instance, ventricular
contraction generates a large electrical wave (the R wave) that is “easily” identified and
can be used to derive RR time series from which Heart Rate (HR, number of heart beats
per minute) and can be derived.

Another broadly used monitoring technique consists of inserting a cannula at dif-
ferent locations of the cardiovascular system to monitor pressure near different heart
compartments as seen in Figure . The values of arterial blood pressure at different

times of the cardiac cycle have different meanings: relates to vascular tone

and peripheral resistance, Eystolic Arterial Blood Pressure (ABPsysto“cj relates to the heart

contractility. Nean Arterial Blood Pressure (ABPMean)I, which is often approximated as

: %ABPSySwlZ»C + %ABPDz’astolic also provides an aggregated measure of blood
pressure and has to be distinguished from the Nean Arterial Pressure (MAPj that is the

integrated area under the blood pressure waveform for each beat.

ICardiac Output (COj measures the blood flow (in litres per minute) from the left ven-

tricle and is directly relates to tissue perfusion, which is of paramount importance for

the monitoring of cardiac function during sepsis. @ can be related to Heart Rate (HR)

according to the following formula:

CO=HR xSV (1.1)
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where Btroke Volume (SV)I is the volume of blood ejected from the heart during ventricu-

lar contraction. Unfortunately, measuring @ cannot be achieved directly and alternative
techniques with various degrees of fidelity and invasiveness are used instead. According

to Equation El! @ can be controlled by modifying or @ which itself depends on:

« pre-load: the volume of blood available at pre-contraction, which is clinically esti-
mated by using as a proxy for it and can be artifically elevated by rapidly giving

the patient some volume of fluid (typically V' > 250mL) through a venous catheter;

« contractility: the ability of the heart, in terms of power and energy, to achieve
fluid exchange between its compartments, which can be estimated from the
Pressure (PP) (ABPsystoid-ABPpiastoid);

« after-load: vascular peripheral resistance, vaso-dilation, and blood coagulation.

Control of these variables to restore cardiac output and perfusion are key in the man-

agement of sepsis and further details of these mechanisms will be provided in section

1.5.2,

1.2.3 The autonomous nervous system

The cardiovascular parameters described in the previous section are controlled by the
body in order to maintain adequate tissue perfusion and meet various organs’ metabolic
demand. Figure @ represents some mechanisms involved during the regulation of
haemodynamics: each mechanism is characterised by an amplitude and a specific time
scale (temporal location and width of the peak of activity). The mechanism can be largely

separated into two groups: in red, rapid-response mechanisms regulated by the

ltonomous Nervous System (ANSj, and in yellow, longer time scale mechanisms such as

activation of kidney function that potentially offer a much larger response.

The is composed of two opposite systems: the sympathetic (X) and the

pathetic (3J) system, also named “Fight and Fly” and “Rest and Digest”, respectively, which

11



Mervous centres to ischaemia

Baro-receptors

Change in ABPm

Chemo-receptors

Y

A

> =«
Seconds Minutes Hours Days

v
A
v

Figure 1.2: Amplitude of Arterial Blood Pressure (ABP) changes for different requlation mechanisms
plotted against time. Rapid responses, such as BNS regulation (in red), have a lower amplitude than
longer time-scale mechanisms such as kidney activity and transcapilar exchanges (in yellow).

illustrates their primary function. Both collect information about the cardiovascular sys-

tem, integrate it, and trigger an adequate response:

Sensors Baroreceptors are pressure sensitive molecules to be found on the wall of ves-
sels and continuously report on by transduction of pressure into an electric
signal. Chemoreceptors on the other hand only trigger signals when abnormal
levels of blood gases are detected such as during hypoxia (Partial pressure of Oy,
PaO, < 75 mmHg). These sensing molecules are mostly found in the carotid bulb
and the aortic arch, which are connected to the brain stem through cranial nerves

I X (Herring nerve) and X (vagal nerve), respectively.

Integration centres Neural information is directed towards the Bolitary Track Nucleui

(STN), located at the medulla in a small part of the brain stem called the lower pons.
This area is divided into two parts: a pressive and a depressive one that relate to [J

and IJ, respectively. The activation of any of these areas is accompanied by the in-
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hibition of the other one, which is referred to as the kympathetic/para—sympathetid

balance (3/ balance). Similarly, the presence of hypoxia in the medulla triggers

a strong activation of the pressive region and a strong inhibition of the depres-
sive one. Activation of these regions is then translated into both a nervous and

hormonal command.

Neural control The heart is connected to both the B and B efferent neurons and its
activity can therefore be up- and down-regulated by the adjustment of its contrac-
tility and frequency. Blood vessels on the other hand are only under & nervous

control meaning that only vasodilation can occur via this activation pathway.

Hormonal control & and [ centres also express their command by the release of nore-
pinephrine and acetylcholine, respectively. These neurotransmitters will circulate
in the blood and bind to receptors attached to blood vessels and in the heart.

Adrenalin is a product of norepinephrine that generates a strong M activation char-

acterized by a sharp rise in HR and .

1.3 Pathophysiology of sepsis

The response of the immune system to the presence of external elements in the body
described in section is a healthy mechanism: local inflammation provokes local
vasodilation and increased permeability of arterial walls to ease the delivery of special-
ized agents to the site of infection. However, following a poorly understood dysfunction
(section ), this response goes from local to systemic threatening the body's ability

to maintain homoeostasis (the preservation of biological constants such as body tem-

perature). This translates to Eystemic Inflammatory Response Syndrome (SIRS)I - see

section @ —and early signs of hypotension that are often the first identified symptoms
of infection. This occurence is often shortly followed by admission to the . Figure
presents the different stages of sepsis: the real sequence of events, the time of diagno-

sis and that of treatment that are all typically mismatched during sepsis. Because SIRY is
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also exhibited in non-infectious insults such as burns [38], a blood test would look for a

possible infectious agent shortly after admission. Unfortunately, blood cultures can have

a long [Turnaround Time (TAT) - typically 24 hours — and treatment to fight the infection

together with its possible side effects is sometimes initiated prior to actual diagnosis.

The following complications of sepsis on the global haemodynamics of the patient leads

to |Mu|tip|e Organ Dysfunction Syndrome (MODSﬂ, septic shock and ultimately death as
detailed in section .

Real sequence of events

Infection

Diagnosis Treatment
Inflammatory response
@
\s"/-l" ----------- » SIRS ————IcU Admissionw
o
>
§ !
Y
o e > Sepsis Antibiotics
Micro-circulation alteration
Y
Haemodymic alteration Fluids
(R I > Severe
Sepsis
Septic
f-----=-===--- > P ——— >  Pressors
Y shock
Y

Figure 1.3: Course of events during the evolution of sepsis. The real sequence of events (down-
ward arrows) is shown on the left and is typically different from the diagnosis sequence (middle).
Indeed, infection is asymptomatic before SIRS that often does not declare before a few hours. As a
consequence, treatments (red boxes on the right) are often given preventively despite potential side
effects.

1.3.1 Step 1: Recognition of microbial-associated molecular patterns

The mechanism leading to sepsis is usually triggered by the recognition by the innate

immune system of very specific internal danger signals [9]. These signals are often com-
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posed of cell wall components belonging to two families of bacteria: the Gram-positive

and negative bacteria with |LipoTeichoic Acid (LTA)I and LipoPonSaccharide (LPSj, respec-

tively [9]. Likewise, other molecular patterns such as flagellin, lipopeptides, pipoproteins,

or |PeptidoGchan (PGj, from bacterium or fungus, can also trigger the host response

[9, 78, 291]. These pathogen molecular patterns circulating in the blood can connect
with two kinds of components: free components or outer-membrane receptors of spe-
cialized cells (leukocytes). The animal model [78] studies the bimolecular pathways

leading to sepsis after injection of various doses of . In this model, the endotoxin

first binds to |LipoPo|ysaccharide—Binding protein (LPB)I before presentation to adequate

receptors (including the CD-14 protein) that are found in two forms: phagocytes that
are surface-bound (mCD14) or soluble in the plasma (sCD14). The LPB-CD14-LPS com-

plex then associates with another protein called i_ymphocyte antigen (MD)I—Z—h'oII—Likd

|Receptor (TLR)|-4, present on the outer-membrane of leukocytes. This connection finally

initiates an internal transduction cascade that results in the synthesis and release of pro-
teins involved in the inflammatory response.

The intracellular signalling cascade involves hundreds of activation and down-regulating

factors leading to the transcription of DeoxyriboNucleic Acid (DNA) sequences into pro-

teins such as cytokines. Cytokines are small protein molecules involved in the com-
munication between the different cells and in particular those of the immune system.
Table El! lists some cytokines known to have a determinant role in the evolution of sep-
sis [88, 285, 224] including “acute-phase proteins” that are particularly involved in the
early stages of inflammation. This simplified description illustrates a few mechanisms
and agents involved during the recognition of , and also gives an overview of the
potential complexity of the mechanisms at stake. Pierrakos and Vincent [224] provide a
review of molecular biomarkers that have been associated with the severity of sepsis in

vivo and in particular the plasma concentration of most proteins listed in Table El]
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Table 1.1: A list of cytokines involved in the inflammatory response and evolution of sepsis. Their
role during sepsis can be inflammatory (I) or anti-inflammatory (A). The table shows the main source
of production, the type of cells targeted and their main function. Most cytokines would however also
be produced by other cells and similarly interact with others, leading to a much broader variety of
mechanisms than those described here, yet of smaller amplitude.

Name Type Source Target Function
IL-6 I Macrophages Neutrophils Proliferation and differentiation
IL-8 1 Macrophages Granulocytes Migration and activation
IL-10 A Monocytes Macrophages Inhibit cytokine production
MIF-1 1 Leukocytes Macrophages Regulation of macrophage function
Ifv A T-cells T-cells Regulation of immune response
TNF I Macrophages Leukocytes Migration, proliferation, phagocytosis

1.3.2 Step 2: Pro and anti-inflammatory response

As explained in sections and , the inflammatory response orchestrated by
cytokines is balanced by anti-inflammatory mechanisms in order to contain inflamma-
tion to levels proportional to the initial insult. There is now long-standing evidence in
the medical literature that sepsis is at least partly imputable to a dysfunction of this
inflammatory/anti-inflammatory balance [9, 297, 294].

The early phase of inflammation is partly coordinated through the release of

|Necrosis Factor (TNFj, l[nterLeukin (IL)|—1 and l[nterFeron (If)l—y. The release of these cy-

tokines in the blood increases |Nitric Oxide (NO)I blood levels that relaxes smooth muscles

and generates vasodilation. Simultaneously, other agents will increase the arterial wall
permeability to allow for immune system agents to reach the site of infection in the in-
terstitial milieu. Histamines are released by basophils after their activation and probably
also play an important role during sepsis. When the inflammation goes systemic, the
increase of cardiovascular volume to be filled together with the dramatic reduction of
available fluid (increased permeability of vessels wall) leads to a characteristic drop in
blood pressure, which alters micro-haemodynamics and threatens the body’s ability to

maintain adequate perfusion.
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Simultaneously, the anti-inflammatory response tries to maintain inflammatory re-
sponse in the appropriate range of activity and ensure the stability of the system. This
down-regulation of the inflammatory response is supported by the circulation E-4, 6,10
and 13, and H—a cytokines that have been identified as playing a central role in this re-
sponse [17, 87]. Unfortunately, over-activation of the anti-inflammatory response leads
to immune depression that favours the further development of the initial infection and
creates an opportunity for additional infectious foci. The mechanisms by which this im-
munosuppression occurs are still active fields of research and certainly the source of

much controversy [297].

1.3.3 Step 3: Shock and organ failure

Both the inflammatory and anti-inflammatory processes are healthy when moderate and
have beneficial effects leading to successful elimination of infectious agents. In sepsis
however, the excessive systemic inflammatory response associated with a prolonged and
non-adapted release of cytokines leads to an excessive recruitment of both the innate
and adaptive immune system. The exact sequence of events occurring during sepsis is
still an area of active research. Such research is difficult outside animal models since
symptoms and modification of vital signs occur late in the process leaving little room
for clinical observation. The current understanding of mechanisms leading to disturbed

haemodynamics involves:

Vasodilation caused by , histamines and release of cytokines, which decrease the

vascular tone and the systemic vascular resistance;

Increased vascular permeability due to -7 and histamine-1 (both responsible for
fluid transfer to interstitial tissue), which when activated reduces blood volume and

consequently the pre-load;

Myocardial Infarction is the result of the circulation of myocardial depressant factors

such as -a, m-lﬁ and @ that impair cardiac contractility.
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The current understanding is that, during the hypotensive regime, the prolonged
hypo-perfusion of tissues leads to apoptosis (programmed cell death), slowly decreas-
ing some organs’ ability to function and play their role. The dysfunction of more than
one organ is known as , which is naturally associated with the worst outcome,
since the activity of every organ is of uttermost importance while the body is fighting
a life-threatening external assailant. In addition to this, the induced tissue necrosis re-
inforces the presence of inflammatory markers meant to activate the cleansing of dead

tissues, which further disrupts the inflammatory/anti-inflammatory balance. More re-

cently, Haddad and Harb [113] have underlined the role of |Hypoxia—Inducible Factoﬂ

in cytokine regulation and widespread derangement in mitochondrial

TriPhosphate (ATP) synthesis, suggesting a protective mechanism, that is shutting down

metabolism to protect tissue from injury consecutive to ischaemia (a lack of oxygen). In
this context, organ failure can be seen as a healthy, and potentially reversible, attempt
by the body to protect itself from the lack of metabolites. This could explain why post-
mortem observations of tissue have not found signs of necrosis and apoptosis spread

enough to explain organ failure as noticed by Hotchkiss et al. [136].

1.4 Clinical definitions of sepsis

1.4.1 Early recognition of infection and complication

Interestingly, an early reference to sepsis in the modern medical literature [301], states
the problem in words that sound surprisingly modern, while distinguishing the initial

insult to the host response:

In considering the aetiology of post-operative sepsis and other hospital in-
fections, the bacteriologist is apt to think in bacteriological terms and to seek
to explain the incidence of infection by reference to the sources from which
the patient could have become infected. The clinician, on the other hand,

is inclined to think of clinical reasons why some patients become septic and

18



Table 1.2: is defined by the presence of at least two of the following conditions. A patient can
be considered septic if a documented source of infection can be added to the presence of

Parameter Values

Temperature < 36°C or > 38
Heart Rate > 90 bpm
Respiratory Rate > 20 bpm or PaCO, < 32 mmHg
White cell blood count > 12.10%/1 or < 4.10%/1 or > 10% immature bond forms

others not. A true understanding of the aetiology of septic complications in
hospital patients can be achieved only by a combination of bacteriological

and clinical analysis.

Recognition of sepsis as a clinical identity really arose in the 70’s with the identification
of bacterial shock. Initially, Gram-negative bacteria were identified as being a primary
factor associated with complication of infection Shubin and Weil [257], Bone et al. [39]
leading to shock. Furthermore in both studies, the use of catheters (venous and urinary)
were associated with the infection. Finally, Bone et al. [39] introduced the first elements
describing sepsis syndrome with systemic inflammation and organ dysfunction in the

presence of infection, ultimately followed by shock.

1.4.2 The 1991 consensus conference

A consensus conference was held in 1991 under the chairmanship of Bone et al. [38]. It
proposed to abandon terms such as sepsis syndrome, septicaemia and blood poisoning
and promoted instead the use of a newly defined concept of that is detailed in table
@. This term introduces the concept of a host response that is independent of the injury
and that may or may not be related to an infection. As a consequence, this definition has
lacked specificity: patients with burns for example will also exhibit . Sepsis syndrome

was therefore defined as SIRS plus a documented source of infection.
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1.4.3 The 2001 definition

Following the 1991 Consensus conference, additional drawbacks of the proposed defi-

nition were identified:

 Over-sensitivity of the SIRS criterion;

 Over-specificity of the definition of infection;

« Lack of overall adoption of the definition of sepsis in the literature;
« New understanding of pathophysiology sepsis;

 Proven needs for early diagnosis and treatments.

As a result, the definition was only partly accepted by the research community and
needed improvement. In particular, the outcome of sepsis was known to vary depending
on the severity of the clinical observation. Therefore, three additional steps were defined

for the course of infection and sepsis [180, 190]:

Severe Sepsis Sepsis associated with one of the following conditions: hypo-perfusion,

hypotension and/or organ dysfunction;

Septic Shock Sepsis-induced hypotension (defined by < 90mmHg) despite ad-

equate fluid resuscitation;

Multiple Organ Dysfunction Syndrome (MODS) dysfunction in one or more organs.

The new definition includes a wider range of symptoms, acknowledging the complex-
ity of the condition and giving the clinician larger control of the diagnosis, defining as
“septic” a patient matching some of the criteria, together with flexible decision bound-
aries. If the idea of a patient looking septic does not constitute a reproducible criterion,
it does match bedside reality. Moreover this consensus conference introduced the new
concept of stratification in risks with a system called PIRO based on Predisposing condi-
tions, the nature and extent of the Insult, the nature and amplitude of the host Response

and the degree of concomitant Organ dysfunction as reported by Levy et al. [180].
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1.4.4 Latest definitions

The latest definition presented by Dellinger et al. [76] defines sepsis as the presence
of probable or documented infection together with some signs of systemic manifesta-
tion of the infection such as fever, tachycardia, positive fluid balance, hyperglycaemia,
or abnormal . Severe sepsis is then defined as sepsis-induced organ dysfunction
or tissue hypo-perfusion, that are themselves defined from thresholds on lactate levels,
urine output, creatinine, or bilirubin. An important distinction is made between thresh-
olds for definitions and targets for treatment. For instance, sepsis induced hypotension
is defined as AB Py st01ic < 90mmHg or M AP < 70mmHg, while fluid therapy (presented
below) will typically target a M AP of 65mmHg.

In an even more recent article, Vincent et al. [290] reminds us that up to 90% of
patients meet criteria and concludes that any infected patient therefore could
be defined as a septic patient. Additionally, similarities shown in response following
invasive infection and sterile tissue necrosis, ssuggest that a radical change should occur
in the definition of sepsis. In other words, some degree of organ dysfunction should be

included in the definition of sepsis [290].

1.4.5 Use of the definition of sepsis

Although sepsis is a long-standing medical condition and widespread in modern health-
care systems, its definition has been changing significantly in the last decade and remains
unclear. Yet, the growing understanding of the underlying pathophysiology allowed for
the diagnosis of sepsis to become more and more specific [289] even though it is still
arguable that there is no gold standard for the definition of sepsis to date [224].

The main problem with the early definitions [38] was that it was too sensitive and
not specific enough. Newer definitions [190, 75, 76] are certainly more specific but lack
consistency: in particular, the clinical definition contains a non-negligible number of
terms lacking precision such as some, probable, suspected, presumed, looking, substantial.

The evolution of the definition of sepsis did not have a major impact on clinical prac-
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tice since recommended therapeutic targets are different from definition thresholds [76].
However, a consistent definition would be of special interest for the design of clinical tri-
als and epidemiological studies as detailed in section . In particular, the absence of
a common definition of sepsis hinders accurate comparison between results for differ-
ent studies. Additionally, as we will further develop in section , the absence of a
clear definition for the identification of the population of interest from clinical databases

dramatically complicates retrospective studies such as those presented in this items.

1.5 Management of sepsis, severe sepsis and septic shock

As for its definitions, the guidelines for managing sepsis and severe sepsis have seen
great changes over the past ten years. These changes were naturally driven by the in-
creasing clinical literature on the topic (see Figure E]). Until 2004, clinicians had to mine
this literature and adapt decisions taken at the bedside based on the quality of the evi-
dence presented to them: sample size, entry criteria, and type of study design.

Since 2004, the available evidence has systematically been reviewed by a large panel

of leading international experts (n = 68 from 30 institutions) in a consortium named the

Eurviving Sepsis Campaign (SSCj [74, 259]. The committee was asked to look at different

treatment options presented in the literature and to follow the lGrading of Recommen-l

ldations Assessment, Development and Evaluation (GRADE)I system to assess quality of

evidence, taking into account factors such as the design of the study — Randomised Con

trol Trial (RCT) or observational, the quality of the implementation, the population (size,

inclusion criteria), and the effect (amplitude and presence of gradient with dose). The
recommendations have been updated regularly since then [75, 179, 76].

The guidelines address key aspects of sepsis management: diagnosis, source control,
and haemodynamic support. The general view is that early action prevents the worsening
of the patient’s state: control of the infectious agent prevents further development of the

inflammatory response, resuscitation and haemodynamic support restore oxygen supply
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in order to prevent tissue necrosis and [113]. Additional supportive therapy targets

specific vital functions such as cardiac and renal function to prevent additional insults.

1.5.1 Source identification and control
1.5.1.1 Infection prevention and control

Before any therapeutic consideration, the recommends careful control of potential
sources of infections: necrotic soft tissues, peritonitis, intestinal infarction and promotes
minimal surgical intervention with the least physiological insult to handle them.

Hospital-acquired sepsis tends to be associated with significantly higher costs than
those for which patients may be initially admitted [45]. This certainly reflects the personal
burden supported by patients and their families. Hospital acquired sepsis is often the
side effect of an invasive intervention assumed to balance risks and benefits to balance
risks and benefits positively: elective surgery in the first place, but also cannulation for
vascular access, urinary catheters, drains, and mechanical ventilation. As a consequence,
it is recommended that these devices be replaced regularly and their use discontinued
as soon as the patient’s condition allows. Oral and digestive decontamination are simple
and effective ways to reduce the incidence of sepsis and severe sepsis in patients under
mechanical ventilation.

Check-lists were not mentioned in the latest recommendations despite their
great potential in reducing infection [126, 100] and the recent interest of the critical
care community [302, 299]. On-going clinical trials may promote broader adoption of

such an approach that could become a standard of care in the future [171].

1.5.1.2 Screening and diagnosis

A specific and early diagnosis is of paramount importance in the management of sepsis.
Indeed, lack of specificity would result in an overprescription of antibiotic treatments,

leaving room for the development of opportunistic resistant strains of bacteria; on the

23



contrary, a delayed response to the infection allows time for development of the threat-
ening agent, possibly enhancing the already significant inflammatory response. Routine
screening of potentially infected seriously ill patients has been associated with decreased
sepsis-related mortality [179].

One of the main issues associated with the diagnosis of sepsis is the difficult iden-
tification of infectious agents [180, 190]. Good practice for the diagnosis of infection
therefore suggests multiple sampling strategies (aerobic / anaerobic and intra-vascular
/ percutaneously) in addition to timely imaging studies. The antimicrobial therapy (de-
scribed in the following section) should ideally be initiated after these cultures if it does

not induce significant delays (> 45min).

1.5.1.3 Antimicrobial therapy

In an effort to control the source of infection, anti-microbial therapies can effectively
support surgical procedures to eliminate infectious agents and limit the extent of the
inflammatory response. The goal of therapy as suggested by the evidence reviewed by
the committee is to initiate such a treatment within an hour of recognition of se-
vere sepsis or septic shock [76]. One or more drugs targeting likely pathogens could be
used in adequate concentration on the tissues presumed to be the source of sepsis. An-
timicrobial therapy (described in the following section) should be re-assessed daily for
potential de-escalation to reduce toxicity, costs and development of resistance. Biomark-
ers such as low levels of procalcitonin (a small molecule specifically synthesized during
inflammation induced by bacterial infection) could assist the clinicians in the decision of
discontinuation. In any case, the duration of treatment should not exceed a week, except

for special cases.

1.5.2 Haemodynamic support

The drop in blood pressure induced by systemic vasoplegia (vasodilation of blood ves-

sels) and increased wall permeability threatens the body'’s ability to deliver oxygen and
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therefore meet the metabolic demand, which increases with the activation of defence
mechanisms during the fight against infection. Similarly, bypass products of metabolism
are not evacuated and accumulate in cells, disturbing the ionic balance and potentially
reaching toxic levels. Inadequate perfusion can lead to tissue necrosis and organ dys-
function, simultaneously increasing inflammatory sources and damaging the body’s abil-
ity to fight infection. Timely fluid resuscitation can adequately restore organ perfusion
and hopefully prevent or reverse dysfunction.

The most significant improvement in the management of sepsis in recent years lies in

the |Ear|y—Goa| Directed Therapy (EGDTj introduced by Rivers et al., which recommended

early target numbers for blood pressure and oxygen saturation [243]. Despite the strong
evidence provided in the original study, it took a few years before findings got confirmed
and broadly accepted by the critical care community [244, 238, 286]. Therefore an initial
precisely quantified resuscitation of patients with sepsis-induced tissue hypo-perfusion
persisting after fluid-challenge is recommended by the [76]. The resuscitation should
not be delayed by admission, which is of paramount importance for data analysis.
Precisely, it means that data collected during the stay does not necessarily capture all
treatments given to patients like fluid challenges (rapidly giving the patient fluid (typically
V' > 250mL) through a venous catheter). During the first 6 hours of resuscitation, the

goal set by the 5Sdis

1 between 8 — 12mmHg

. above 65mmHg

. Drine Output (UO)I greater than 0.5mL.kg.hr

N

W

4, f\/ena Cava Oxygenation Saturation (ch02)| greater than 70%

Ul

. |Mixed Venous Oxygen Saturation (Sv02)| greater than 65%

6. normalize lactates for patients with elevated lactate as a marker of tissue perfusion
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Figure 1.4: The cardiac function in red is represented by the evolution of the pre-load volume as
a function of the right atrial pressure for different contractility. The vascular function in blue is
represented by the evolution of venous return as a function of end-diastolic volume for different
blood volumes. The cardiac parameters are taken at the intersection of the two lines. In green,
the arrows indicate the different treatments that can influence pre-load and cardiac output. This
diagram was inspired from [277].

Unfortunately, an adequate tissue perfusion cannot always be restored in the initial
phases of sepsis. In this case, while the source of infection is sought and possibly treated,
haemodynamics should be supported to maintain organ perfusion and prevent further
organ dysfunction. The mechanisms by which @ is controlled are presented in Figure

@. This also illustrates some procedures that can be initiated to maintain targeted blood

pressure:
« Fluid therapy to treat hypovolemia;
* Pressors to address systemic vasoplegia;

« Inotropic therapy to regulate inflammatory response.

1.5.2.1 Fluid therapy

The goal of fluid therapy is to prevent hypovolemia. Indeed, as explained in section ,

the combined effect of increased wall permeability and vasoplegia leads to a decreased
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cardiac output and inadequate organ perfusion. The use of fluid resuscitation to fill
the patients’ cardiovascular system is a first means to restore targeted blood pressure.

Different types of fluids have been historically considered for fluid resuscitation:
Crystalloids are aqueous solution of mineral salts , which comprise :
» Saline solutions such as 0.9% Sodium Chloride solution that are isotonic (equiv-
alent concentration to that of the blood);

« Lactated Ringer’s (or Ringer’s lactate) are slightly hypotonic (smaller NaCl con-
centration than blood) and are designed to account for the expected patient

acidosis. In the UK, Hartmann'’s solution is the equivalent;
 Dextrose is a sugar solution (glucose) that also provides nutrients;
Colloids are solutions made of much larger molecules such as starch and albumin, pre-

ferred because resuscitation is not affected by the increased arterial wall perme-

ability since larger molecules tend to remain in the intra-vascular space [169].

The recommends crystalloids as an initial choice for fluid resuscitation and sug-

gests albumin as a preferred colloid for patients with septic shock for whom substantial

amounts of crystalloids are required. Use of |Hydroxyethy| starchs (HESsj has been dis-

couraged. These recommendations are based on recent in different regions of
the world [110, 213, 223]. The initial recommended fluid challenge for sepsis-induced
hypo-perfusion and suspected hypovolemia is to achieve a minimum of 30mL/kg, to be
continued as long as improvement can be monitored (arterial pressure, heart rate, pulse

pressure, stroke volume).

1.5.2.2 Vasopressors

Vasopressor agents are drugs causing constriction of blood vessels. They also refer more
generally to agents raising blood pressure, which also include inotropes described in sec-

tion[1.5.2.3. Catecholamine (epinephrine, norepinephrine, dopamine and phenylephrine)
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is a common type of vasopressor that is also called sympatho-mimetic since it exhibits
similar behaviour to that of molecules synthesised by the sympathetic nervous system
(the fight and fly response). Their activity differs slightly as the receptor they target may
be found at different surfacic concentration in blood vessels from different organs. Ad-
ditionally, they affect the cardiac function in various degrees: dopamine for instance has
been associated with increased occurrences of tachycardia [235]. Finally, vasopressin is
an anti-diuretic hormone that retains blood fluids and also constricts vessels.

Based on the available literature, the recommends to initiate vasopressor ther-
apy to initially target a of 65mmHg, even though targeting macrocirculatory end-
points is regularly challenged [81]. The preferred agent is norepinephrine, to which
epinephrine can be added. Vasopressin (up to 0.03U/min) should not be identified as
an initial choice of vasopressor but could subsequently be used in addition to others to
raise blood pressure further or to replace norepinephrine. Finally, the use of dopamine
and phenylephrine should only relate to highly selected patients such as those at risk of

tachyarrhythmias.

1.5.2.3 Inotropic therapy

Inotropic agents modulate the force of muscular contractions and are commonly used
to regulate cardiac function. They can have both positive and negative effects. Inotropes
have different types of actions, the most common working by increasing the level of cal-
cium in the cytoplasm of muscle tissue. Catecholamines and insulin have an inotropic
effect. Therefore, the recommendation of the includes the use of dobutamine infu-
sion (20pg/kg/min) in the presence of myocardial dysfunction or signs of hypo-perfusion
despite reaching adequate [99, 125, 76].

Negative inotropic agents have also surprisingly been investigated for the treatment
of septic shock. At first, it certainly seems contradictory to give negative inotropic agents
to patients for whom cardiac function is compromised. The underlying hypothesis is

that tachycardia drives the heart in working areas where filling time is not sufficient: a
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decreased heart rate therefore increases the filling-time and is not associated with a
drop in @ while preserving the cardiac muscle functioning at an elevated level, hence
preventing muscle fatigue; unfortunately this has only been investigated on large animals
[2]. Other metabolic and immunomodular effects of 5-blockers seem to play in favour
of its use as a treatment for sepsis [211]. A small retrospective study (n = 88) could not

relate the use of 3-blockers to a better outcome in patients with sepsis [111].

1.5.2.4 Corticosteroids

The use of corticosteroids for treatment of severe infection was introduced more than
half a century ago [114] and is broadly used today amongst physicians [76, [75, 179, 74,
75]. There is still however an important controversy between experts about the benefit-
to-risk ratio, which comes down to targeting the right population of patients for this
treatment alternative [13]: “Who", “When"” and “What" ?

We presented in section the strong evidence showing that uncontrolled systemic
inflammation plays a central role in severe sepsis. Coincidentally, glucocorticosteroids’
molecular mechanisms seem to perfectly fit this mechanism via fast non-genomic (de-
creased platelet aggregation [200]) and genomic effects promoting the anti-inflammatory
response after a few days of exposure [281]. Other important effects related to the
restoration of cardiovascular homoeostasis have been reported even though only partly
understood [13]. In particular, mean arterial pressure was restored in septic shock pa-
tients treated with norepinephrine and the effect was found to be strongly correlated
to the pressor dose response [10]. Recent evidence [76, 13] suggests that only patients
with septic shock and specific response to vasopressors therapy may benefit from cor-
ticosteroid therapy. Precisely, a systematic review of high quality trials showed a
non-significant trend towards reduction of mortality in the most severe subgroup of pa-

tients [220].
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1.5.3 Other supportive therapy

Naturally, there are many other aspects in the management of septic shock that cover

support of failing organs:

Blood products There is a general movement towards less use of blood products in
severe sepsis patients with haemoglobin targets of 7 g/dL, which is motivated by a

weak rationale in this population together with elevated risks of complication;

Mechanical ventilation is a key component of the management of Acute Respiratony

|Distress Syndrome (ARDS)l and, as with for most therapy, discontinuation should

be sought as early as possible to stimulate respiratory function and prevent risks

of mechanical ventilation associated pneumonia;

Sedation and particularly neuroblockade agents should also be minimized and discon-
tinued as soon as possible as prolonged use has been associated with a poor out-

come,

Glucose control should be initiated with insulin therapy as soon as two consecutive

measurements above 180 mg/dL are observed;

Renal Replacement Therapy (RTT) can overtake failing renal function and continuous
techniques (instead of intermittent haemodialysis) should be preferred when avail-

able;

Prophylaxis of deep vein thrombosis should be administered daily to severe septic pa-

tients preferably using low dose heparin;

Nutrition Oral or enteral feeding is preferred to fasting or provision of only intravenous
glucose (dextrose solutions) and should be administered to up to 500 kcal per day

(low-dose feeding).

Last but not least, the committee recommends that the goals of care are carefully

communicated to patients and their families no later than 72 hours following admission
to the .
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1.6 Epidemiology and cost of sepsis

1.6.1 Epidemiology of sepsis

As we have seen in section , the identification of patients matching the definition
of sepsis from any database is difficult: the definition better fits bedside reality than
that found in clinical databases. In particular, the documentation of infection lacks both
sensitivity (presence of false negatives) and specificity (false positives). Altogether, this
leaves room for misdiagnosis and results in high variance in epidemiological studies.
In addition to this, variations in populations (rules for admission to the ICU) and local
practices between healthcare systems can amplify further differences observed in survival
rates. For instance, Parrillo et al. [218] report an annual number of cases of sepsis in the
USA of 400,000, out of which 200,000 develop into severe sepsis (50%) and of which
about 100,000 die (25%). Ten years later, Angus et al. [6] carried out a wide study on
severe sepsis in the US (n = 6,621, 559) indicating a greater than two-fold increase in
incidence (751,000 cases per annum). This increase almost certainly relates to a change

in definition, rather than a real increase in incidence, since the equivalent figure of half a

million cases a year for the United States of America (USA) are also reported by Martin

et al. [189] over the same period of time.

Yet, these obvious limitations can be circumvented in order to extract trends and the
increase of incidence still remains a widely accepted fact. For instance, McGowan et al.
[194] report a ten-fold increase between 1930 and 1960 (about 30% per year). Later
studies however suggest that the increase in incidence of sepsis may have reached a
plateau around 1 — 2% of hospital admissions [101, 6]. The difference observed between
studies are thought to originate from the evolution of both the definition of sepsis and
diagnosis techniques. After correcting for the evolution of the American population,
Martin et al. [189] still found an annualized increase of 8.7% in incidence. According to

Dhainaut et al. [[78], the reasons for such an increase are:

« the spread of wide spectrum antibiotics that allowed the emergence of a resistant
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strain of bacteria;
« the increase of invasive procedures and therapeutic devices;
 an ageing population (sepsis incidence increases with age);
« the improvement of diagnostic capabilities.

Other interesting figures include a slight predominance of sepsis in males of around
10% [78, 6], in non-white populations [189], and a ten-fold increase with age from 0.2 per
thousand in infants to 26.2 per thousand in the elderly. Gender is also an independent
predictor of mortality during sepsis, which could possibly reflect the role of sex hormones
in immunomodulation [142].

Figures on the mortality rates of sepsis are relatively consistent if compared to the
numbers reported for incidence. In Europe, severe sepsis has a mortality rate ranking
from 27% to 54% for sepsis and septic shock, respectively [292]. In the US, severe sepsis
patients have a similar mortality rate of 28%, which is highly age-dependent, from 10%

in infants to 38.6% in elderly and increasing to half of patients experiencing shock [6].

1.6.2 Costs of sepsis

The costs of sepsis have been evaluated to be between $22, 000 and $50, 000 per patient
visit, resulting in a total cost of $16.7m per annum in the US [230, 6, 189, 305]. While
mortality related to sepsis is decreasing steadily, the incidence and associated costs are
increasing. In addition to this, there is recent evidence that the long-term complications
in patients who recovered from sepsis, which were referred to as lingering consequences
[297] such as cognition impairment and immunosuppression, could have a disastrous

impact on public health [8, [7]. This effect, so far poorly explored, could gain increased

interest amongst researchers with the emergence of |E|ectronic Medical Records (EM st

easing the follow-up of patients.
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1.7 Estimation of sepsis severity

A number of scoring systems have been developed for use with critically ill patients to
determine disease severity and predict mortality. Commonly used outcome prediction
scores including the Acute Physiology and Chronic Health Evaluation (APACHE) scores
[313], Simplified Acute Physiology Scores (SAPS) [97], and the Mortality Probability Mod-
els (MPM) [131]. These scores, described in further detail in section , are usually
based on a combination of variables that reflects pre-existing conditions, baseline ad-
mission status and physiologic derangement due to acute illness.

The uses of such prediction models mostly depend on the accuracy that can be
achieved. Even though prediction in the ICU allows correct outcome identification in
about eight patients in ten, their use at the individual level is not recommended [293].
In fact, these models are applied for research purposes at the population level for the
benchmarking of performance, comparison of variation in practice between health-
care systems [50, 312, 155], and could ultimately be used for triage in the [B11].
Application of severity scores in the sepsis population includes: (i) comparison of popu-
lation severity between clinical trials [298, 37, 147]; (i) evaluation of additional predictive
power of new biomarkers of severity [207, 237, 236]; (izi) ultimately, triage [254] and risk
stratification application for the sepsis population [49, 147].

Despite their importance for clinical research on sepsis, the performance of general
physiology-based scores under-performs for the sepsis population [18, 70]. This
is partly due to case-mix variation (higher severity for this population for this popula-
tion and the importance of other predictors), which stresses the need for customization
[202, B13]. Furthermore, additional improvement of performance for these models of
severity could allow for optimal risk stratification, allocation of resources, and ultimately
an adjustment of the care plan to better balance risks and benefits. Additionally identifi-
cation of markers of severity could offer new insights into the pathophysiology of sepsis,
suggesting potentially new therapeutic approaches [161, p. 254].

A fundamental aspect of the work we propose here is the study of patients’ physiology
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variations over time and in particular during specific events such as hypotension as well
as in response to treatments like fluid challenge and use of pressors. The underlying
hypothesis is that the specific response to endogenous (hypotension) and/or exogenous
(treatment) impulses reflects a dimension of the patient’'s physiology that could not be
captured with static measures. The population of patients with severe sepsis is suited to
this hypothesis in particular, as hypotension is present by definition and treatments are

normalised to follow the guidelines introduced earlier in this chapter.

Conclusion

The history of sepsis goes back to the great ancient civilisations and illustrates how the
lack of rational thinking can mislead medical practice for hundreds of years. This strongly
supports the systematic and rigorous analysis of available data to strengthen evidence.
Today, the understanding of the aetiology of sepsis reveals a hugely complex pathophys-
iology involving all the constituents of the body: uncontrolled inflammatory response set
up by the immune system threatens the vital homoeostases usually maintained by the
cardiovascular system and the . Yet, lack of understanding of the underlying phys-
iological mechanisms has weakened the consistency of definitions and guidelines for
many years and only recently have these converged. As a consequence, definitions have
become more specific and treatments have changed to steadily reduce the mortality as-
sociated with the different stages of the condition. Yet, the impact and cost associated
with sepsis, together with the increase in incidence and high mortality rate, constitute
a strong rationale for improving knowledge about the condition. In particular, severity
scores have proven to be very useful for research in the field of sepsis and could even
translate to clinical practice given some substantial improvements. The aim of this the-
sis is therefore to improve the state-of-the-art estimation of severity in a population of

severe sepsis patients.
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Chapter 2

Study population and data extracted

2.1 The MIMIC-II database

2.1.1 An introduction the MIMIC-II database

The traditional paradigm of modern science consists of the acquisition of data according
to a protocol designed to test a hypothesis; conclusions can then be drawn after ade-
quate analysis of the data. Because of the tedious and costly process of data acquisition,
datasets are often kept for internal use and no external validation nor comparison can
be achieved easily. The MIT-BIH arrhythmia database [197, 198] was probably one of the
first examples of a freely available database, finally allowing direct comparison of tech-
niques for —based detection of arrhythmias. Shortly after, the Physionet project was
created, offering a collection of datasets and tools dedicated to the study of physiology
with a focus on the analysis of vital signs [107].

Beyond the need to replicate studies and have common datasets to compare perfor-
mance, clinical databases offer much wider possibilities. It was recently reported that as

much as $750b is wasted yearly in the US healthcare system [35], while spending ac-

counts for about 1% of lGross Domestic Product (GDPj [153, 116] and about 60% of that

amount in other western countries [93]. Despite the large quantities of cash injected

into these healthcare systems, it is still commonly accepted that only between 10 to 20%
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of decisions are based on evidence [109]. Professor Archibald Leman Cochrane who fa-
mously promoted effectiveness in healthcare [64] and initiated the Cochrane Foundation
believed this number to be below 10%. However, - the pillar of evidence acquisi-
tion - have shown important limitations including excessive costs and delays, together
with a poor efficacy: one in seven did not show a clear benefit for patients de-
spite previous evidence [214]. The environment is characterised by large amounts
of heterogeneous data and the recent emergence of paves the way for automated
collection and analysis of large datasets. Altogether, these elements built a strong case
for the use of clinical databases and data mining techniques as a new paradigm for gen-

eration of evidence in critical care.

The Nulti—parameter Intelligent Monitoring in the Intensive Care Il (MIMIC—IIj database

is the result of a collaborative project between the Laboratory of Computational Physi-

ology (Harvard-MIT, Health Science and Technology), Philips Medical Systems and

l[srael Deaconess Medical Centre (BIDMC)I aiming at the development and evaluation of

advanced monitoring systems [248]. Patient information was collected from dif-

ferent data sources primarily the |BIDMd |Hospita| Information System (HIS)I and social

security records and merged. To date, the database (version 2.6) contains data from
26,655 patients collected over 33,361 stays from 2001 to 2007 for whom thousands

of variables are collected.

2.1.2 Dealing with de-identified medical data

In order to release the database publicly, records were de-identified with approval of the

|BIDMC] l[nstitutional Review Board (IRB)| [248]. Patterns matching bespoke dictionaries

were removed from free texts discarding ZIP codes, phone numbers, names, and places.
All dates (starting with hospital admission) were randomly shuffled to years 2,000 to
4,000 while preserving the exact sequence of events. For instance, the time from hos-
pital admission to admission to the (also called pre-ICU length-of-stay) should be

consistent. Similarly, the day of the week, time of day and period of the year at the time
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of admission are also consistent to allow studies on variation in practice at different times
of the year, week, and day. Finally to match patient information across different sources,
while preserving privacy, each patient was allocated random subject, hospital-stay, and
ICU-stay unique IDs. For instance, demographic data, administrative billing codes, and

bedside monitor data are stored in relation to a subject, hospital and an unique ID.

2.1.3 Database architecture

have grown in an organic manner since computerization of record systems [122] to
serve administrative, economic and medical purposes [123, p1-11]. As a consequence,
patients’ data is spread over independent databases, which can be nation-wide, hospital-
wide or designed for an service. These independent sources of information were
mapped to different tables of the database [248]. The database was thereby
naturally designed as a relational database (Oracle 11g), consisting of different tables (or
relations) composed of rows (tuples) and columns (attributes). A row typically describes
an entry in the database (for instance a blood sugar level result) with several columns
defining the record: the unit, the time of recording and usually also at least one foreign
key (the different unique IDs) that connects to other tables in the database. For instance,
Table @ describes the attributes for a lab result stored in the LABEVENTS table and
shows how it relates to a specific subject, hospital, stays. It is also a table indicating

what blood level is described by the record. The language used to manipulate the data

in a relational database is the Etructured Query Language (SQL)I [260], which was used

in this work to identify the cohort and extract the data.

A consequence of the architecture described here is that the same information with
a slightly different meaning can be extracted from different tables. For instance, lab
results from blood withdrawals will show in the LABEVENTS table (extracted from the
laboratory information system and described in Table [1]) as well asinthe CHARTEVENTS
(information filled in by nurses on bedside monitors). The values are prone to different

types of noise and may have different time stamps. The correct extraction of the right
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Table 2.1: Description of the LABEVENTS table in the MIMIC-II database showing different columns
including foreign keys linking to other tables of the database (indicated with *)

Name Comment

kubject identification number (SUBJECT_ID]*  The unique patient identifier
hospital stay identification number (HADM lDi* The hospital admission
ICU stay identification number (/ICUSTAY lDi* The ICU stay id

ITEMID* The identifier for the laboratory test name
CHARTTIME The date and time that the test relates to
VALUE The result value of the laboratory test
VALUENUM The numeric representation of the laboratory test if the result was numeric
FLAG Flag or annotation on the lab result
VALUEUOM The units of measure

data from the MIMIC-I] database requires skill and expertise. Yet the database, thanks to
the number of patients available, the variety and granularity of data provided, remains a

unique tool for the exploration of the severity of disease.

2.14 Type of patients and services

The terminology of critical care greatly varies from country to country and even between
hospitals. Admission rules mostly define severity and the range of patients encountered
in these services. Generally speaking, patients admitted to require closer monitor-
ing of vital functions or the use of specific procedures. It is not only patients presented
with life-threatening conditions that meet these criteria. All patients with trauma, cardiac
surgery, organ dysfunction, infection or haemodynamic instability can be encountered
in the representing a broad range of severity. Table @ describes the populations
of patients admitted to the different services at , primarily the
. Interestingly, in-hospital mortality varies from 8.4% in Cardiac Surgery Recov-
lery Unit (CSRU)I to 14.5% in , while patients presented with the most severe
indicators at admission with —I of 17 (14 — 20) and Eepsis—related Organ Failure As-l
kessment (SOFA) of 8 (6 — 10) against 13 (9 — 17) and 4 (2 — 7) for the patients

(the reader can refer to section for a description of these severity indicators). This

could reflect the important physiological insult experienced by cardiac-surgery patients

who mostly recover from it. No patient from the |Neonata| ICU (NICU)I was considered

for this work as their physiology differs too much from that of adult patients.
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Table 2.2: Description of populations in different ICU types: lCoronary Care Unit (CCUJV ICSRUV
VVIIC d ISurgical ICU (SICUJ, and WlCd. It shows the number of patients in the database (v2.6), ICU
mortality rate, l(_ength of Stay (LOS}V and median, (25" - 75'") percentiles for age, height, weight,
severity (SAPS-I) and organ dysfunction (SOFA) scores. Refer to section for a description of
SAPS-I and SOFA.

Service Count  Mortality  Length of stay Age Height Weight SAPS-I SOFA
type Hosp. ICU)  ICU (days) (yn (cm) (kg) ) )
NICU 8,080 0.6 (0.6) 0.76 (0.11-9.11) N.A. 445 (41.0-48.0)  2.09 (1.26-2.87) N.A. N.A.

MICU 13,258 145(9.0) 2.09(1.09-4.18) 64.0(49.5-78.0) 167.6 (160.0-177.8) 75.3(63.0-90.1) 13 (9-17) 4(2-7)
SICU 8091 115(7.8) 239(1.23-5.23) 614 (46.8-76.2) 170.2 (162.6-177.8) 77.0(65.0-90.0) 13 (9-17) 4 (2-7)
CCu 4,854 9.1(6.6) 2.00(1.02-3.94) 71.4(59.1-80.7) 170.2 (162.6-177.8) 79.0 (66.0-93.0) 11 (8-15) 3 (1-6)
CSRU 6,139 84(26) 210(1.13-3.95) 67.2(57.0-76.2) 170.2 (162.6-177.8) 80.2 (68.6-93.3) 17 (14-20) 8 (6-10)

TOTAL 32346 109(7.1) 212(1.12-4.25) 655 (51.7-77.7) 170.2 (162.6-177.8) 77.3 (65.0-91.1) 13 (10-17) 5(2-8)
(Adult)

2.1.5 Description of available data

The number of variables in the database is vast: about five thousand are avail-
able in the chart events table and more than seven hundred in the laboratory events
table. Many of these variables have similar meaning and could be merged while others
are present in too few patients to be useful. Yet, the amount of available covariates con-

stitutes a typical challenge of clinical data-mining as we will further develop in chapter

E. Information available in MIMIC-I] generally includes :

Demographics age, gender, admission type and source, ethnicity, religion and, social

security group (at admission);

Laboratory results results from all the blood samples (a few times a day);

Vital signs nurse-verified values entered in bedside monitors including , ,

bxygen Saturation (Spogj, and Breathing Rate (BRj — approximately sampled once

an hour;
Medication given to patients and mode of administration;
Administrative data used for billing and administrative monitoring (at discharge);

Free text notes that comprise nurse notes, radiology reports and discharge summary;
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Outcome In-hospital mortality, in— mortality and date of death (outside the hospital)

when applicable.

2.1.6 Use of ontologies in the database

Ontologies are structured dictionaries designed to provide a relational and computer-
friendly representation of a domain. Medical ontologies have been developed to meet
application-specific requirements, mainly for secondary use of the clinical data serv-
ing administrative purposes [139]. For instance, reimbursement procedures defined by

Medicare (the US social security organisation) requires the coding of a patient’s stay into a

series of |Diagnosis Related Groups (DRG)I, which are derived from the [[nternational Clas-l

[sification of Diseases (ICD)I [212] and |Current Procedural Terminology (CPT)I [25] codes.

These codes are attributed to each patient after hospital discharge and therefore present

several drawbacks:

1. each code refers to a specific hospital stay and cannot be linked to a specific

stay when multiple codes are present;

2. it is well known that the different codes attributed to a patient are usually post-

processed to optimize the amount claimed from Medicare;

3. time stamps provided with procedure codes are only precise to the day, preventing

any fine-grained analysis of their impact on patients’ physiology.

Table presents the three most common codes of primary diagnosis for the different

service types, illustrating the difference in patients, care and expertise that can be
found in different types.

Laboratory results are mapped onto a terminology called Logical Observation Identi

fiers Names and Codes (LOINC) that represent a universal standard for identifying medi-
cal laboratory results [193]. It contains more than 30,000 items that are specific to the site

of collection of the blood sample, providing different codes for blood sugar measured
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Table 2.3: Description of the three most common main diagnoses at admission (primary —9
codes) according to service type.

Service ICD-9 Description Occurrence
CCU 41071 Subendocardial infarction initial episode of care 625
414.01 Coronary atherosclerosis of native coronary artery 348
410.11 Acute myocardial infarction of other anterior wall 312
CSRU 414.01 Coronary atherosclerosis of native coronary artery 1838
424.1 Aortic valve disorders 503
410.71 Subendocardial infarction initial episode of care 379
MICU 0389 Unspecified septicemia 607
518.81 Acute respiratory failure 381
507.0 Pneumonitis due to inhalation of food or vomitus 230
SICU 431 Intracerebral hemorrhage 440
430 Subarachnoid hemorrhage 229
43491 Cerebral artery occlusion unspecified with cerebral infraction 142

for example, from an artery, the finger-tip or the ear-lobe. A novel global ontology,

ltematized Nomenclature of Medicine (SNOMEDj [67], is meant to replace these different

components and seems to prevail in recent designed by the industry. A fundamental
change, next to the broader domain it covers, is that is designed to be used
throughout the patient’s stay and feed the , while were designed to extract
information from the after discharge to meet the secondary use of data purposes

(epidemiology and reimbursement) [264].

2.2 Population Study

2.2.1 Identification of the cohort of interest

We have defined in section @ the population of interest for this work as all adult pa-
tients with severe sepsis presenting hypotension for which adequate interventions were

found (as per guidelines introduced in Section @). Identification of the right popu-
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lation is a key element of retrospective studies on clinical databases, and in particular
when clinical definitions lack specificity to allow for computerization. Specifically, the
definition of sepsis introduced in section @ is full of vague vocabulary (some, proba-
ble, suspected, presumed, looking, substantial), which certainly cannot be translated into
computer-readable criteria. Conversely, although constitutes a reproducible crite-
rion, it is far too sensitive and lacks specificity. Last but not least, documenting infection
from the lab results present in the database may be possible but would still discard all
patients who look septic but do not have a positive culture.

Epidemiologists and health economists have long been exposed to this problem and
have developed acceptable strategies to deal with it using some of the aforementioned
administrative codes. Indeed specific and @ codes exist for sepsis but suffer from
important drawbacks and have so far been dismissed by the scientific community [229,
84, 27]. Currently accepted strategies consist of looking at combinations of specific codes
indicating infection or organ failure. In order to estimate the variation between these

approaches, we extracted and compared the following cohorts:
« Cohort I: using single —9 code for septic shock (785.52);

« Cohort II: combination of —9 and @ codes following according to Angus’ def-

inition [6];
« Cohort IlI: combination of —9 and @ codes following Martin’s definition [189].

Figure [1! represents the size and overlap of populations identified with different cri-
teria. CohortsI, IIand Il respectively includes 1,034, 6,970, and 3, 295 patients accounting
for 3.8%, 21.7% and 10.2% of all adult ICU admissions. These prevalences are consistent
with literature that reports figures from 8.7% for septic shock [12] to 30.0% for sepsis
and severe sepsis [289, 215]. Interestingly, 98% of patients in cohort I are also included
in Martin’s group (II), which in turn is included in cohort Ill with a similar overlap of 95%.
These findings are in agreement with reports by Martin et al. [189].

The identification of sepsis population from single —9 codes of septic shock was
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Figure 2.1: Three different definitions of a population of interest extracted in the MIMIC-II database:
ICD-9 codes of septic shock (785.52), Angus [6], and Martin criteria [189]. The plot shows the
overlap between the different definitions and displays the number of patients at the intersection.
The triangles indicates the counts for invasive (downwards triangle) and non-invasive (upwards)
blood pressure measurements.

also found to be biased towards a more severe population as demonstrated by Whit-
taker et al. [300], which also corroborates our findings. Angus’ and Martin’s criteria on
the other hand target the sepsis population which does not necessarily have hypoten-
sion. In addition to this, administrative codes are related to hospital stay and it is unclear

during which stay the sepsis may have occurred when the patient has several ad-

missions to the ICU. Thankfully, the identification of organ failures that are derived from

interventions such as mechanical ventilation or |Rena| Replacement Therapy (RRT)I can be

linked to a specific ICU stay through the date used to code the intervention. Last but
not least, using the chart events available in , additional rules were created to
identify precisely the time at which sepsis-induced hypotension occurred. The definition
of hypotension was chosen to include patients who did not have invasive measurements
of blood pressure and was defined as: at least 2 consecutive nurse-verified recordings
of mean arterial blood pressure below 60 mmHg. This cut-off on was chosen
based on the study by Diinser et al. [80] that showed that the time spent below mean
arterial pressure of 60 mmHg in the was the best predictor of severity-adjusted mor-
tality. Finally, the initiation or the increase of fluid and/or vasopressors up to three hours
before the onset of hypotension was required to include the patient in the study. To

conclude, the population in the study were all adult patients with sepsis-induced hy-
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potension and organ failure, for whom adequate treatment (fluids or vasopressors) was
administered.

The use of SIRS criteria in addition to the administration of antibiotic therapy has been
reported in clinical literature and constitutes an interesting alternative towards popula-
tion selection. The SIRS criteria alone is over-sensitive, while more than 90% of MIMIC
patients meet its definition at least once during their ICU stay. The use of an additional
criteria such as the administration of antibiotic therapy, which can be identified from the
Provider Order Entry (POE) table in MIMIC-II, could potentially narrow down to the pop-
ulation of interest. Using such criteria would essentially capture all patients for whom
predefined antibiotics were ordered. More recently, the information related to blood cul-
ture was added in the database including sensitivity analysis of different antibiotics with
respect to a detected micro-organism. Arguably, the use of antibiotic is an overly sen-
sitive criteria (the drug is often given preventively) and the presence of a positive blood
culture is under sensitive (most septic patients do not show a positive blood culture).
Yet, antibiotic use and microbiology information all provide precise temporal informa-
tion allowing for finer analysis of the sequence of events, which administrative codes
do not offer. Consequently, they constitute interesting approaches towards population
selection that could advantageously be explored, compared and contrasted in future
studies.

The mortality rate of the population described in this work is 28.9%, which seems
consistent with the selection of a population having a slightly lower severity than a pop-
ulation of severe sepsis patients. More precisely, the inclusion criteria did not require
the presence of organ dysfunction (in addition to hypotension and use of vasopressor)
and, shortly before the hypotensive episode, only 61% of patients in the cohort showed
signs of organ failure. Patients who responded positively to the treatment for hypoten-
sion were purposely included in the cohort in order to potentially capture what, in their
response to hypotension and its treatment, could have indicated a better outcome as

opposed to patients who later evolved to have septic shock.

44



2.2.2 Description of the population studied
2.2.2.1 Population extracted from the clinical database

Figure @ presents the flow chart for patient selection: 26% of all adult patients did
meet the Angus criteria for sepsis (n = 6,970) and 5,760 had hypotension as defined
above. About half of these patients received treatment for hypotension adding up to
8.2% of all admissions. Finally, 14 patients were discarded from the analysis because
they were missing more than 50% of the selected covariates (described in section @)

leaving 2, 143 patients for final analysis.

6970 patients meeting Angus’
definition

1210 patients with
>| No documented
hypotension

A 4
5760 patients
Documented hypotension
(2 nurse-verified MAP below 60mmHg)

3605 patients
No treatment of
iA hypotension
2155 patients
Treated with fluids or
Vasopressors

v

14 patients
Excluded dueto
¥ »50% missing data

v

2143 patients
Included in analysis

Figure 2.2: Using the database, we identified 2,155 patients matching the -9 and
procedure codes defining severe sepsis according to Angus et al. [6], that met the definition of
hypotension (at least 2 nurse-verified MAP recordings below 60 mmHg), and required fluid resusci-
tation or vasopressors. Fourteen patients with more than 50% missing data were excluded leaving
2,143 for data analysis.

Table @ describes the surviving and non-surviving groups (pertaining to in-hospital
mortality) at admission and over the hypotensive episodes with covariates showing a

highly statistical significance difference (p < 0.001) in distribution between the two groups

— using the |Ko|mogorov—Smirnov (KS)I test. It shows that non-survivors are on aver-

age admitted with worse indicators of severity at admission : physiological (—I),

45



neurological with the IGIasgow Coma Scale (GCSj, cardiovascular (), and overall

amounts of organ failure. Interestingly, hypotensive episodes in this population occur
much later (24.3 hours against 13.0 for survivors), are statistically significantly longer (I = 2
hours against 1.5 hour) and are associated with more aggressive treatments (Vasopres-
sors, , and mechanical ventilation).

Finally, to characterize the severity of hypotension in the extracted population, the
volume and type of fluids administered to patients were extracted and are presented in
table @: (a) from admission to onset of the hypotensive episode, (b) one hour before
the onset of hypotension and, (c) during the hypotensive episode. It shows that normal
saline is by far the most common type of treatment used, while a third of patients still

receive an equivalent amount of lactate ringers.

2.3 Description of the data extracted

data is characterized by a very large number of covariates that include numerous
laboratory results, vital signs, demographic and administrative information. The current
paradigm in most medical studies is to select a subset of clinically meaningful covari-
ates that are identified by one or more experts. This is particularly true for where
the exact type and nature of data collected has to be detailed before asking for ethics
committee approval. As a consequence, a number of confounding factors and unknown
predictive variables may simply be missing in the analysis. On the contrary, the clinical
data mining approach is to extract as many variables as possible and automatically iden-
tify those of interest. Ideally then, all item IDs present in all the tables should be extracted
and used as single variables. It is common however that multiple item IDs are given to
describe the same variable. In a context of unlimited data points, potentially necessary
additional parameters may adequately be identified in order to account for the slight
variation in meaning these additional item IDs might have. However, with the popu-

lation described in the previous section (n = 2,155) it is preferable to merge as many
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Table 2.4: Characteristics of population studied (N=2,143) showing admission values and describ-
ing the hypotensive episode for surviving and non-surviving groups.

Parameters Survivors® Non-Survivors® P-values®
(n=1,508) (n=605)

At admission

Age (years) 68.5 (56.0-78.1) 70.6 (58.3-81.8) <0.001
Gender (M, %) 52.7 54.7 0.39¢

SAPS-I 16 (12-19) 19 (15-23) <0.001
GCS 11 (6-15) 11.5 (7-15) 0.49

APS 33 (24-45) 47 (35-60) <0.001
APACHE-III 47 (35 -60) 61 (48 -75) <0.001
SOFA 1 (0-8) 8 (0-12) <0.001
Van Walraven 9 (3-15) 12 (7-18) <0.001
Elective Adm. (%) 13.2 40 <0.001¢
Bypass Surgery (%) 14.2 3.5 <0.001°
Mean Arterial Blood Pressure (mmHg) 66.5 (62.5-72.0) 64.5 (61.0-70.0) <0.001
Organ Failure (%) 34.8 499 <0.001°

Hypotensive episode and treatments

Hypotensive episode onset (hrs) 13.0 (5.3-40.8) 24.3(5.9-83.1) <0.001
Length of hypotensive episode (hrs) 1.5 (1.0-3.0) 2.0 (1.0-3.8) 0.002
Crystalloid administered during hy- 1.8 (0.8-3.5) 2.0 (1.0-4.0) 0.028
potensive event (L)

Sedatives used (%) 59.7 71.8 <0.001¢
Vasopressors used (%) 61.9 81.6 <0.001¢
Renal Replacement Therapy (%) 125 257 <0.001¢
Mechanical Ventilation (%) 36.1 52.2 <0.001¢

@ Continuous values presented as median (25th — 75th quantiles);

b The p-value shows the result of a non-parametric Mann-Whitney U test with the null hypothesis
that two groups have similar values against the hypothesis that one population has larger values;
¢ The p-value shows the result of a chi-square test of independence for binomial variables.
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Table 2.5: Different types of fluids administered to patients: average volume of fluid given over
three time windows (from admission to onset, 1 hour before onset and during the hypotensive
episode) and proportion of patients receiving it.

Colloids Normal Saline Lactate Ringer’s
Mean Volume (L) Mean Volume (L) Mean Volume (L)
(% of total patients) (% of total patients) (% of total patients)

From admission (a) 0.782 (6.0%) 1.602 (56.4%) 2.063 (28.0%)
One hour before onset (b) 0.407 (1.9%) 0.834 (38.3%) 1.026 (16.8%)
During hypotensive episode (c) 0.518 (6.4%) 0.967 (71.0%) 1.065 (29.6%)

common item IDs as possible, sometimes across different tables. This requires clinical

expertise for the data analysed. The data presented in this section is extracted for each

patient and includes: outcome, demographics, Chronic Health Condition (CHC), phys-

iological data (vital signs and laboratory results), waveforms, minute-by-minute trends

(when available), and interventions.

2.3.1 Definition of outcome

The aim of this work is to improve the existing estimation of severity for severe sep-
sis patients. In order to do so, definition and extraction of the outcome is necessary.
In general, an outcome can be a disease, sign or symptom like , hypotension or
arrhythmia but is often chosen to be mortality or for models estimating patient
severity. Depending on the typical time-scale of the condition studied, different types of
mortality can be considered to highlight better differences between surviving and non-
surviving populations. Indeed, if five-year mortality is a relevant endpoint to explore the
efficacy of a cancer treatment, it is rather inappropriate for studying risk factors dur-
ing an acute condition like haemorrhage or shock. Outcomes selected for -reIated
conditions are generally , in-hospital or thirty-day mortalities depending on the kind
of prospect considered: economic, organisational, or medical. In-hospital mortality is a

broader definition that includes patients for whom care has been withdrawn and who

have been discharged to the ward with I(Iomfort Measures Only (CMOj or |Do Not Resus-l
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itate (DNR) codes. For instance, the difference between in-hospital and mortalities

varies from 2.5% in to 5.8% in as shown by table @ suggesting different

approaches toward complications. In this work we consider in-hospital mortality as the
outcome for the reason given earlier because this outcome is consistent with existing
literature. We will call “positive” a patient who is not surviving hospital stay because we
are looking at prediction of mortality. Likewise, a patient surviving will be counted as a

negative case.

2.3.2 Physiological data

Physiological variables were historically the first variables considered for the estimation
of patients’ severity [15, 159, 173]. Yet, the lack of accuracy that these models devel-
oped over a decade, required not only re-estimation of the model’s coefficients, but also
the introduction of novel predictive variables such as , demographics and admis-
sion data. The relative contribution of a variable or a group of variables, which we call

the explanatory power, can be estimated with several techniques, introduced in section

. The explanatory power of acute physiology at admission in Acute Physiology and

IChronic Health Evaluation (APACHE)I dropped from 73.1% in the 90's [163] to 65.6% in

the late 2000’s [313, 203]. A similar pattern has also been reported by Moreno et al.
[203] by the team with more dramatic figures from 66% [174] to 27.5% (first hour
after admission) [203] between 1993 to 2005, respectively. One plausible explanation
for this drop is that it could reflect the improvement in care delivered to patients
over two decades: the proportion of mortality imputable to physiology effectively has
dropped as a result of an improved management of acute conditions [201]. The differ-
ences observed in figures reported by different groups may be affected by geographical
variations as well as the exact time of data collection (first hour for against first 24
hours from admission for ). Despite this downward trend, physiological variables
still constitute an essential source of information and should therefore be included in our

study.
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Figure 2.3: (Left): Candidate variables for the extraction of glucose showing item IDs, label, oc-
currence in database, and sampling rate. (Right): Distribution of some of these item IDs for our
population of patients.

Distributions for blood sugar levels

itemid Label Category Number of Average sampling ' I
stay rate (per day)* / Fingerstick Glucose
Glucose (70-105)
811  Glucose (70-105) Chemistry 30,349 32 Glucose
1529  Glucose Chemistry 23,489 3.0 GLUCOSE
807 Fingerstick Glucose Chemistry 20,937 5.0
3447  Glucose Monitor None 5,875 11
3745  BloodGlucose Quick Admit 1,442 11
3744  Blood Glucose Chemistry 350 11
1310  Fingerstick glucose None 3 17
1455  Fingerstick Glucose None 3 13
2338  Finger stick glucose None 2 1.0
2416  Finger stick glucos. None 1 1.0
1812  ABG: glucose None 1 1.0
* Days without a measurement were not

considered for computing the mean. 150 200 250
Glucose (mg/dL)

From the technical standpoint, physiological data can be extracted from two main
tables in MIMIC-II: laboratory and chart events. The former is connected to the labora-

tory information system that records all data related to blood or tissue samples, which

are all coded with |Logica| Observation Identifiers Names and Codes] (|LOINd). The chart

events table gathers all nurse-verified information including lab results, bedside monitor
values (vital signs), and clinical observations (skin colour, mental and physical status). A
fundamental difference between the two tables is that the first one uses an international
ontology () while the other relates to bespoke item IDs chosen by the nurse at the
time of information key-in: for instance, searching for “glucose” in nurse labels leads to
eleven distinct candidates as presented on the left hand side of Figure @ The selection
of correct labels to be merged requires a certain degree of expertise for the identifica-
tion and selection of candidates, which can mostly be made from the sampling rate and
prevalence as illustrated with the last two columns of the table seen on Figure @ The
description of all physiological variables extracted from is given in table @
which presents the details of data extraction rules (table, foreign unique key, value and
time attributes) as well as the selected item IDs.

Most physiological measurements will be taken at different times during the patient’s

stay. Some values like vital signs can be sampled as often as several times an hour, while
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each sample comes with temporal information. More precisely, all rows in the chart and

laboratory tables provide two time stamps:
Charttime corresponds to the time of observation;

Realtime corresponds to the time the information has been entered into the bedside

monitor.

For instance a blood sample drawn at 11:45AM (Charttime) may not return from the
laboratory before 2:30PM (Realtime). The former indicates the time at which a patient’s
physiology is observed while the latter relates to when blood levels are read and how they
may influence the patient’s care. Similarly, automated measurements are streamed from
bedside monitors and verified by the nurse at different times. Unless stated differently,
the chart time was always used since it better reflects the patient’'s physiology. The
high temporal granularity available in allows us to explore the evolution of
these variables with respect to specific events, therefore the exact time-window at which

physiological variables will be extracted will vary from study to study.

2.3.3 Neurological status

It is a generally accepted that a large part of relevant clinical observations are not col-
lected in the . In fact, how a patient looks often says more about his health than any
number. For instance a patient reading a magazine in his bed with a systolic blood pres-
sure below 60 mmHg certainly should be given a lower severity than another patient
lying unconscious with the same pressure reading. In fact the prognostic value of neu-
rological markers has long been noticed: for instance delirium is a strong predictor of
mortality in mechanically ventilated patients [86, 85, 105]. In order to capture such in-
formation and reduce as much as possible the inherent variability of such observations
different metrics were developed; two of them are available in the database.
The is a clinical score ranking from 3 to 15 where higher values indicate a healthier

neurological status. The decomposes into: best verbal, motor, and eye opening
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responses scoring between 1 and 4, 1 and 6, and 1 and 5 [268], respectively. Often
however, the estimation of levels of consciousness is impaired by the use of sedation,

which in turns requires pseudo-objective ways of assessing its efficacy. To do so different

sedation-agitation scales were developed and evaluated. The Riker's Agitation—Sedatior{

Scale (RASS) ranks from 1 (Unarousable) to 7 (Dangerous Agitation) with a neutral level
at 4 (Calm and cooperative) [66, 241].

2.3.4 Microbiology results

There is long-standing evidence that the presence of specific micro-organisms, the site
of infection, and the sensitivity of antibiotic therapy relates to severity of the infection
[194, 6, 101, 60, 225, 256]. The latest version of the MIMIC-II database (v2.6) also includes
results from microbiology and indicates the identified micro-organism, the site of sam-
ple collection, and the sensitivity to different antibiotics tested with the following label:
resistant (R), intermediate (I), sensitive (S) and pending (P). Clearly not all combinations
of organism, site, antibiotic, and sensitivity could be derived into single variables without
increasing the number of covariates beyond reasonable proportions. Instead, we have
identified the eight most commonly found organisms where resistant strains are as listed
in Table @ Sites and location were then individually coded as separate variables on four
levels indicating the absence (0) and the presence (1) with sensitive (2), intermediate (3)

and resistant (4) in-vitro sensitivity to antibiotic therapy.

2.3.5 Medication and intervention

Medications and interventions have never been used for the estimation of severity be-
cause they reflect local practice more than patients’ physiology, which is generally avoided

in benchmarking and evaluation of case-mix. Yet, the use of interventions can indicate

chronic or acute dysfunction: presence of Penal Replacement Therapyl (|RRT|) reflects a

degree of kidney dysfunction that may not necessarily be captured by other physiolog-

ical variables. In addition to this, while most severity scores focus on patients’ physiol-
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Table 2.6: Eight most common organisms and locations showing resistive strains in the population.

Mirco-organism Location

Description Patients (%) Description Patients (%)
Staphylococcus aureus 24.5 Sputum 22.6
Enterococcal species 13.2 Blood culture 159
Staphylococcus coagulase Neg. 9.6 Urine 14.5
Escherichia coli 6.9 Swab 14.0
Pseudomonas aeruginosa 6.7 Catheter IV 7.6
Klebsiella pneumoniae 4.1 MRSA Screen 2.9
Enterococcus faecium 2.7 Bronchoalveolar 2.7
Enterobacter cloacae 1.8 Tissue 2.2

ogy at admission, we believe that response to treatments and interventions may bring
additional discriminative power. As a result, extraction related to treatments and in-
terventions with the highest temporal resolution possible was sought. Management of
sepsis-induced hypotension is characterised by strict guidelines that offer a homoge-
neous framework for the study of patients’ response. Treatments typically can be split
into two categories: those with relatively short action-time whose effects can be ob-
served within a few minutes or up to several hours (fluids and vasopressors) and others
that typically spread over days (glucose management, mechanical ventilation, and ).

Table El] describes the different labels identified from the database for the extraction
of treatments: different types of fluids, vasopressors, sedatives, and insulin. For fluids the
procedure was complicated by the presence of a large variety of labels and associated

ITEMIDs. The procedure to identify the correct ones was:

1. a preliminary list of names was collected from four clinicians (Paris, New York City,

and Boston);
2. searching terms (“D5", “NS”, “saline”, ...) were identified and applied to all labels;

3. the resulting list was then reviewed by all clinicians iteratively until agreement was

reached;
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4. finally, ITEMIDs were split into different categories: normal saline, colloids, lactate

ringers, dextrose in saline, and hypotonic solutions (rare).

Similarly, was extracted from the procedure table with the description field match-
ing "dialysis” (ITEMID € {3895, 3927, 3942, 3943, 3995, 5496}). Finally, the presence of me-
chanical ventilation was identified with the presence in the chart events of ITEMIDs spe-
cific to mechanical ventilation settings: ventilator mode, number and type with ITEMIDs
720, 721, and 722, respectively. While this approach is recommended, it ignores all
patients arriving in the with mechanical ventilation but without later change to
the settings. To account for these, mechanical ventilation was also extracted from the
procedure codes matching "mechanical ventilation” (ITEMID € {9390, 9670, 9671, 9672})
and discharge summaries matching regular expressions: C PAP, mech.{0,10}vent, and
intubat. A regular expression is a sequence of symbols that codes for specific patterns of
characters: for instance the regular expression r = .a{1,3}b matches any sub-string of
length between 2 and 5 characters, starting with a and finishing with b, like in "abrupt”,
"arabesque”, "rabbit” or “grab”. The three extraction methods were stored as indepen-

dent variables to compare the predictive ability of each.

2.3.6 Demographic data

Demographic data comprises all high-level information about a patient that is consid-
ered as constant for a hospital admission: age, gender, ethnicity. Additional adminis-

trative codes may also improve estimation of severity such as admission type (elective,

emergency, or urgent) and source (referral, Emergency Department (ED)I, transfer from

hospital or other health institution).

2.3.7 Chronic health conditions

conditions are now an essential component of modern severity scores in the

and are now used as covariates in most of them [158, 313, 131, 203]. Demographic data
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and constitute baseline risk factors that are independent of the quality of care pa-
tients receive in the : nothing can be done about a patient’s age, ethnicity or type of
admission. Recent severity scores, solely based on [57, 83, 295] (see section for
a complete description) clearly demonstrate the importance of these variables in terms of
explanatory power for in-hospital mortality. Earlier reports however suggest that the six
included the —III score only account for 2% of the total explanatory power
[158] when used in addition to physiological components rising to 5% in the later ver-
sion of the score [313]. The same trend, although with a larger percentage, which was
reported in Moreno et al. [201] shows that the relative importance of discrimina-
tory power has risen from 4% to 49.9% for the m score [174, 203]. Studies of the
APACHE cohorts suggest that may have a stronger contribution on the population
of patients with sepsis [162].

Interestingly, not all are associated with a higher risk of mortality: obesity and
drug abuse are two examples of usually associated with a better outcome. The

protective effect of being slightly overweight was recently demonstrated by Flegal et al.

[91] in a meta-analysis (n = 2.88 millions) relating standardized |Body Mass Index (BMIi

groups to all-cause mortality. Other studies also reported on the protective effect of
being overweight in the for all kinds of mortality considered [1]. Yet there is little
medical literature to explain this phenomenon and it was recently suggested that this
could be an artefact called the obesity paradox that challenges the validity of as a

valid measurement for obesity [283]. Moreover, in the a non-obese patient with

a heart rate of 90 beat per minute (bpm)l and respiratory rate of 20 |Breaths per minutd

certainly is sicker than a high— patient with the same heart rate and respiratory

rate for whom baseline physiology is different [148]. Finally, Elixhauser et al. [83] suggest
that seriously ill patients could not be given codes for non-threatening conditions simply
because of work overload; as a consequence, their presence could be a surrogate for a
relatively healthier patient with a lower risk of in-hospital death.

Beyond such considerations, these covariates are required to replicate state-of-the-
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art models for prediction of mortality with which our work will be compared. Accurate
identification of comorbid conditions from the database is not straightforward,
firstly because codes lack precision, but also because coding guidelines do not rec-
ommend the coding of chronic health if no impact on care and procedures is expected
[212]. The information about chronic conditions was therefore extracted from both ad-

ministrative data and free-text discharge summaries and then stored as distinct variables.

2.3.7.1 From administrative data

Extraction of comorbidities from administrative data was done according to Elixhauser

et al. [83] who describe a series a -9 codes matching 31 comorbidities. In addition

to this, hepatic failure, lAcute Immune Dysfunction Syndrome (AIDS)|, cirrhosis, myeloma

and metastatic cancer were extracted from unique -9 codes that are given in table

A4,

2.3.7.2 From discharge summaries

The approach chosen for the identification of comorbidities in discharge summaries was
to look at some specific regular expressions. It is not uncommon however that a men-
tion of a is made without particular reference to the patient: for instance the chronic
conditions of close relatives are mentioned when clinically relevant (“father has cirrho-
sis”) and these constitute an important source of false positives. Similarly, can be
specifically ruled out or simply hypothesised (“suspicion of ..."”, “...denies presence of ..."
)- In order to account for these, the twenty closest words to each positive match were
scanned for negative terms and the case was dismissed if relevant. The left-hand side of
table @ presents the positive and negative regular expressions that were identified for
each . Positive terms were determined by experts (drug names) and negative ones
were selected after careful examination of a representative list of positive cases among

which false positives were found. Because this procedure is iterative, and does not im-

plement any kind of cross-validation, we do not claim it to be generalizable. Moreover,
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Table 2.7: Description of regular expressions used to scan discharge summaries in order to find
positive cases of that are required to compute —IV [313]. Negative terms refer to
regular expressions used to search for false positives within the twenty closest words to the positive
match. The right hand side of the table (4" column onwards) presents the performance of the
automated extraction compared to expert labels.

CHC Positive terms Negative terms FP FN TP TN Sen Spe
Lymphoma ‘lymphom’ ‘no’, ‘not’, ‘father, 11 0 1 438 100 0.98
‘mother’
Leukemia 'leuk’ ‘no’, ‘'not’, ‘father, 0 0 0 450 N.A. 1.00
‘mother’
Metastatic cancer ‘metastasis’, ‘'metast.{0,10}cancer’ 'no’, ‘'not’, ‘father, 23 1 3 423 0.75 0.95
‘mother’
AIDS 'HIV','AIDS’ 'no’, 'not’, ‘father, 7 0 2 441 100 098
‘mother’,  'NSAIDS’,
‘'negative’, ‘test’,
'hearing’, ‘shivering’,
‘denies’
Hepatic Failure 'hep.{0,10}ail’, ‘liver.{0,3}fail’, 'lactu- ‘no’, ’'not,, ‘father, 73 0 2 375 1.00 0.84
lose’ ‘mother’
Cirrhosis ‘cirrhosis’ 'no’, ‘'not’, ‘father, 49 1 7 393 0.88 0.89
‘mother’

7 7

Immunosuppression ‘immu.{0,10}sup’,'tacrolimus’, ‘pro- 'no’, ‘not’, ‘father’, 43 1 8 398 0.89 0.90
graf’, ‘cyclosporine’, 'neoral’, 'sandim- ‘mother’
mune’, 'mycophenolate’, ‘'mofetil’,
‘cellcept’, 'sirolimus’, ‘belatacept’, 'nu-
lojix’, ‘atg’, 'anti-thymocyteglobulin’
/basiliximab’ ,'simulect’ ,'methotrex-
ate’  leflunomide’ 'etanercept’
Jinfliximab’ ,'adalimumab’ ,goli-
mumab’ ,'certolizumab’,  ‘anakin-
raand’,  ‘tocilizumab’, ‘abatacept’,
‘rituximab’, ‘chemotherapy’

Abbreviations: AIDS: Acquired ImmunoDeficiency Syndrome, FP: False Positive, FN: False
Negative, TP: True Positive, TN: True Negative, Sen: sensitivity, Spe: specificity.

terms found in discharge summaries are likely to reflect some local practice and would
not necessarily be replicated in a different type of hospital or in a different region.

In order to validate this approach in our data, five hundred discharge summaries were
randomly selected and manually reviewed by an consultant working at . To
facilitate the task, a (illustrated in Figure @) was developed to present experts with
quotes from the discharge summary matching the regular expressions aforementioned.
The tool was developed in Matlab and made publicly available online so that it could

easily be modified to deal with various sources of free text and include new types of
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— Chronic Health

_|AIDS

W Hepatic Failure on lactulose for his chronic hepatic failure. On admissi... «
on lactulose for his chronic hepatic failure, On admissiol

_|Lynphoma

_ |Met, Cancer

_|leukemia

_llmmunosuppression

Typepll DM (dist controlled)Cirrhosis, Hepatitis C Famil.., «

R Cirrhosis
Type || DM (diet controlled)Cirrhosis, Hepatitis C Family His|
ion, suspicious for evolving cirrhosis (stage 3-4, confirmed|
Admission Other '|
W Ventillated the abdominal wound., He was intubated for worsenin... "

Figure 2.4: lGraphical User Interface (G Ulj developed for the manual review of discharge summaries.
On the left-hand side of the the complete discharge summary is provided (not displayed on this
figure). The area of the GUI visible in this figure represents the right-half of the [n which the
occurrences of identified chronic health items are printed for the reviewer for confirmation. A colour
code (red/green) indicates agreement with data extracted from administrative tables: Cirrhosis for
instance shows green while “Hepatic failure” is printed in red.

information to extract. At the end of this process both False Positives (Fst and Falsd

Negatives (FNs) were presented a second time to reviewers offering them an opportunity
to revise their decision. The right-hand side of table [7] presents the performance of
the automated approach with expert labelling used as the reference. Finally, the tool
also implemented collaborative features allowing different experts to share the work or

process the same discharge summaries.

2.4 Pre-processing

Data pre-processing is an integral part of the data modelling and evaluation procedures
that will be detailed in sections and [1! It is generally considered good practice
to avoid any pre-processing derived from metrics extracted from the data used to es-
timate final performance. Physiological variables however present properties that are

equally valid in different databases allowing for universal pre-processing steps. Such
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Table 2.8: Identification of low and high cut-off values for the rejection of physiologically impossible
observations computed from standard deviation, 0.01" and 99.99" percentiles compiled from all
ICU stays.

Description (unit) 0.1 99.9%" Std Low cut-off High cut-off
Invasive ABPpead (MMHQ) 49 131 181 30.9 149.1
Non-Invasive (mmHg) 46 119.7 15.8 30.2 135.5
Heart Rate (bpm) 53 180 36.1 16.9 216.1
Respiration Rate (bpm) 9 38 67 23 447
Temperature (°C) 349 389 15 334 404

pre-processing was implemented as described by Johnson et al. [145]: identification of
specific artefacts (: 0, weight = —1), conversion of measurements entered with wrong
units (°F instead of °C), and rejection of physiologically impossible values. For each vari-
able z, the range of physiologically possible values was defined between cut-off,, ()

and cut-off,;,, (x) defined as

cut-offy, () = po.o1%(z) — o(z) (2.1)

CUt-Offhigh(Q?) = pgg_gg%(l‘) + O'(:IZ') (22)

where po.o1%(z) and pog.go%(z) denote the 0.01 and 99.99% percentile of all values
from all 40,426 ICU admissions, respectively and o(z) the variable standard deviation
for for the same population. To illustrate, table 2.8 shows the cut-off values for the main
physiological variables. The inspection of other variables also indicates that this unusual
combination of standard deviation and percentiles offers a reasonably reliable criteria

for the automated identification of non-physiological values.
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Chapter 3

Baseline for prediction of mortality

We have briefly introduced the purpose and nature of severity scores for the critically
ill (section ll_jl). Then we presented in section @ the data available and extracted from
the database in the light of covariates required to compute these scores. In
this chapter we will set a baseline to which our results will be compared. In the first
place, we will briefly describe the technical background that is common to most of these
techniques. Then, general severity scores designed on hospital and populations will
be further explained, implemented, applied to our data and customised. Other severity
scores that are specific to the severe sepsis population will also be introduced. It will be
shown however that comparing or replicating these studies cannot easily be achieved;
the performance of these approaches as reported in literature will be presented. The
performance of various scores on the data used in this thesis will serve as a baseline
for direct comparison of future results. The performance reported in the literature from

other databases will serve as an indirect point of comparison.

3.1 Design, evaluation & comparison of severity scores

To date, a large majority of the articles dealing with the identification of risk factors
(i.e. the estimation of patient risk of mortality) have used similar techniques, namely

logistic regression with minor variations in its implementation. Likewise, the evaluation
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of these models consistently relies on a few metrics including the area under the receiver
operating curve and the Hosmer-Lemeshow goodness-of-fit criteria. The details of these

techniques will be introduced in this section to help the understanding of previous work.

3.1.1 Introducing simple modelling techniques
3.1.1.1 Logistic regression model

Logistic regression relates a dichotomous dependent variable, denoted y, to K indepen-
dent predictors z; where j = 1... K. In this model, the conditional probability of the out-
come for observation i given the data — for instance the probability of patient i not sur-
viving his hospital stay given his admission variables — is denoted Pr(y; = 1|z;) = m(x;)

where 7 is the logistic function expressed as :

1
K
g(x) = Bo+ Y Bjx; (3.2)
j=1

Conversely, the probability of patient i surviving is expressed by Pr(y; = 0|z;) =
1 — m(z;). Assuming all observations (patients) are independent, it is possible to define
a function describing how likely are a set of parameters /3; given the data collected. This

proportion is named the likelihood of the parameters and is defined as follows:
N
L(Blz) =[]z [1 — ()] (3.3)

i=1

Maximization of the likelihood is a key concept of logistic regression analysis. For
mathematical convenience, the log of equation @ is usually considered for parameter

estimation leading to the following definition of the log-likelihood:

log L(B|z) = Z yir (i) + (1 —wi) (1 = (2:)) (3.4)
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From equation @ can be derived K partial derivatives with respect to the coeffi-
cients , which cancel where the log-likelihood maximizes. These equations, called the

likelihood equations, can be solved computationally with the help of iterative techniques

for instance. The estimated coefficients using the |Maximum Likelihood Estimation (MLEj

technique are usually noted with a hat symbol, which usually denotes the most likely
outcome:

~

p = argmax log L(S|x) (3.5
B

3.1.1.2 Interpretation of logistic regression models: variable importance

Parameter estimation using the technique also provides information about the stan-
dard error of the identified coefficients SE(3). The latter can be derived from the ob-
served information matrix (see Hosmer Jr et al. [135, p37-38]) and used to estimate how
significant a model coefficient is. More precisely, the Wald-test relates a maximum-

likelihood estimate to a z-statistic assumed to be normally distributed:

2= —— (3.6)

P-values reported from the Wald-test are some of the most reported statistics for
studies where a dichotomous outcome is related to covariates by the mean of a logis-
tic regression model. Yet, the interpretation of these p-values is subject to caution and
clinical expertise should always prevail. Indeed, it is not uncommon to violate assump-
tions during the process of model design. For instance, the of logistic regression
coefficients generally assumes normality, non multi-colinearity of data, as well as inde-
pendence between observations. Clearly clinical data violates these simple assumptions:
physiological variables are not necessarily normally distributed, some are certainly cor-
related, and patients admitted at the same time in the same service are certainly not
independent since they share the same resources. Clearly these elements should raise

awareness on the necessity to subject any result to clinical expertise.
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Another interesting aspect of the logistic regression model is the possibility to relate a
change in a covariate to an increase in risk estimate. This feature certainly contributes to
the popularity of logistic regression models over more complex non-linear techniques.

As detailed by Hosmer Jr et al. [135, p50-51], the increase in risk estimate associated

with an increase of ¢ units for the i covariate is called the bdds Ratio (ORj and can be

described as:

OR = i, (3.7)

For dichotomous variables (¢ = 1), the odds ratio can be seen as the increase in risk
associated with the presence of the covariate. For instance, in the context of in-hospital
mortality prediction, an OR of 1.1 for variable “metastatic cancer” indicates that a patient
with this comorbidity is 10% less likely to survive his hospital stay. The benefit in clinical
understanding of the model when variables are not pre-transformed is obvious. For

instance, an increase in heart rate of 10 beats per minute may translate to a relative

f p(dying| H R+10bpm)

increase in risk of mortality o o(dying| AR

= 1.2. When variables are pre-transformed
however such presentation of the coefficients does not necessary provide a better clinical
understanding of their meaning.

Another approach towards the estimation of the relative importance of a covariate
is presented by Knaus et al. [158]: the explained variance (y? see next section) of the
full model is compared to that without the covariate, as well as the explained variance of
a model only including the covariate. Ratios of these variances indicate the actual and

maximum relative contributions of each covariate.

3.1.2 Evaluation and comparison of model performance

An essential part of model validation is the estimation of the “performance”; or, how well
does the model achieves what it was designed for? Doing so necessarily requires a more
precise definition of "performance”, which certainly is context-dependent. Essentially,

metrics of performance tend to reflect three properties : significance, calibration, and
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discrimination.

3.1.2.1 Statistical significance of logistic regression

Because logistic regression is solved through , a natural metric to estimate how well
the model fits the data (i.e. the fit) is the probability of the parameters given the data
provided or the likelihood £(8) = P(f|z,y). Unfortunately, the likelihood is a data-

dependent metric and more standardized metrics are desired.

Deviance is a simple test that compares a model against the hypothesis that its coef-
ficients are zero. To do so, it takes the ratio of the log-likelihoods of the full model and

the model with all coefficients set to zero, which defines the deviance:

D = —2log [%] (3.8)

The resulting D-statistic follows a x?(n—k—1) distribution that translates to a measure
of statistical significance. This metric measures the overall significance of a model whilst
it does not assess the individual contribution of each coefficient: to do so techniques
introduced earlier such as the Wald-test will be preferred. More generally, likelihood
ratios of nested models (of increasing complexity) can be used to compare different

models and help choose the right balance between model performance and complexity.

3.1.2.2 Goodness-of-fit

Goodness-of-fit is an indication of how well estimated probabilities of the outcome are
related to the observed outcome. Risk stratification is a typical example of a clinical
application that requires a good calibration: a subgroup of patients predicted with higher

risk must show a higher incidence of the outcome.

Pearson ? statistic If a model generates a continuous output for a dichotomous out-

come (such as mortality), it is possible to define clusters of patients (whose severity score
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falls between two given values) and then to compare observed against estimated risk

within these groups. The y? statistics is then defined as follows:

10 2

2=y lma) 3.9
; ” (3.9)
o = Z Yi
leD;
e = Z P(x;)
leD;

where D;, [ = 1... g, denotes the observations in the [ decile of risk, and o; and ¢; repre-
sent the observed and estimated risks within these deciles, respectively. The distribution
of the x? statistic is compared to a chi-square with ¢ — (k — 1) degrees of freedom (valid
for p+1 > g where p is the model dimension and g the number of bins used to compute
the statistic). However the actual number of degrees of freedom has not been assessed
formally [176] and situations such as when g ~ k lead to instability of the test [135, p.
157].

Hosmer-Lemeshow goodness-of-fit test Lemeshow and Hosmer [176] present a re-

view of statistics for estimating the fit of logistic regression and introduce a new statistic

that accounts for the limitations of the y? statistics. The |Hosmer—Lemeshow C’*—statistid

HL.) is similar to the x2-test [313, 176] but splits the estimation of risk according to the
actual class of the observations. The score, which will further be referred to as the ,

was defined as :

C’*— S (Okl—ekz)2 3.10
g_zz (3.10)
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where,

01 = Z Ui Oo1 = Z(l - gl)

€Dy €Dy
€1 = E Yi Opr = E (1 - yz)
€D €Dy

and oy; and e; are the observed and expected risks of positive cases falling in the [t"
decile of risk, respectively; likewise oy, and e, represent the observed and expected risks
for the negative cases, respectively. The C* statistic is assumed to follow a 2 distribution
with degrees of freedom g — 2 if p + 1 < ¢g. According to Hosmer Jr et al. [135] deciles
of risks of equal size guarantee a better fit to the y? distribution than fixed thresholds
and will therefore be preferred. The number of groups g, is usually set to g = 10, leading
to 8 degrees of freedom, but should be updated when the number of variables in the
model is too important (if the hypothesis p + 1 < ¢g does not hold). Despite its wide use
in estimation of model calibration, the presents an obvious limitation. For instance
when p is great and n small, the high number of groups and small number of patients
will lead to very small (or null) values of e;; and therefore infinite or very high values
of the statistic. Similarly, Kramer and Zimmerman [167] have demonstrated that badly
calibrated models tend to provide a statistic that is linearly related to the sample number.
Furthermore recent discussion by Hosmer Jr et al. [135, p. 160] reports doubts on the
validity of the number of degrees of freedom used for the test and confirms that the
reported statistic follows a x?(g — 2) distribution. Interestingly, when the fit is assessed
on external data, authors have used an additional 2 degrees of freedom [135, p. 204-5]
to account for the “loss of one degree of freedom in each of the probability intervals”

[269, p. 210].

The standardized mortality ratio or SMR is reported for scores predicting mortality.
It is simply defined as the ratio between the predicted mortality rate over the observed

mortality rate. An SMR lower than 1 indicates that the model underestimates severity
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whilst a ratio greater than 1 indicates an overestimation of severity.

3.1.2.3 Discriminative power

Another aspect of model performance is the ability to discriminate between positive
and negative outcome. Because the logistic regression model for estimation of severity
provides a probability of dying, a threshold has to be selected above which observa-
tions are classified as non-surviving. This threshold is named the operating point and
it transforms a continuous prediction into a binary output hence allowing derivation of
additional metrics of performance. The prediction has then to be compared with the true

outcome defined in section .

Discrete measures of discriminatory power At every operating point (a threshold on
the predicted probability) it is possible to allocate each observation to a predicted group

(positive or negative). According to the combination of observed and predicted out-

comes, each observation is defined as a h’rue Positive (TP)|, h’rue Negative (TNj, @ or

as detailed in Table El] With these definitions, a patient correctly classified as non-
surviving is a true positive, while a patient correctly identified as surviving is a true neg-

ative. From these numbers can be derived additional metrics of discrimination :

Positive Predictive Value (PPV), the proportion of correctly identified cases within

all cases predicted positive;

|Negative Predictive Value (N PV)I, the proportion of correctly identified cases within

all cases predicted negative;

Sensitivity (Sen), the proportion of correctly identified cases within all observed

positive cases;

« Specificity (Spe), the proportion of correctly identified cases within all observed

negative cases;

Accuracy (Acc), the proportion of correctly identified cases within all cases.
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Table 3.1: Relation between observed and predicted outcome showing the confusion matrix in the
middle square that defines: True Positives (TP), True Negatives (TN), False Positives (FP), and False
Negatives (FN). Additional measures of discriminatory power are given on the right and bottom of
the table as combinations of these.

Observed outcome
©® &)
Positive Predictive Value
fas TP FP p
PPV = 1L
Predicted Outcome TPyEP
Negative Predictive Value
o FN TN o
NPV = FN+TN
Sensitivity Specificity Accuracy
Sen = TPY:&-I;N Spe = FPT-ifg“N Acc = TP+$J€I£];+FN

Area under the receiver operatoring curve (AUROC) When assessing the overall dis-
criminatory power of a technique, it is sometimes interesting not to restrict the analysis
to a specific operating point but rather to consider a continuum of thresholds. While do-
ing so, sensitivity and specificity can be defined as a function of the operating point (op)

and it is possible to plot Sen(op) = 1 — Spe(op) for all possible values of op. Such a plot

is called the Receiver Operating Characteristic (ROC)I and indicates the possible combi-

nations of (Sen,1 — Spe). The line defined by Sen(op) = Spe(op) = 0.5 is the diagonal
joining the bottom left hand-side corner of this plot to the top right-hand side corner,
which represents the discriminative power of chance (any random guess). Integrating

the gives the area under the @ curve, or Area Under the Curve (AUROC), which

indicates how much discriminatory power a model can provide over all possible thresh-
olds. Interestingly, the AURO( has been shown to have similarities with the Wilcoxon
statistic W [118]. Consequently, the can be interpreted as the probability of any
positive case (r;,y; = 1) being predicted with a higher probability g; than any negative
case (z;,y; = 0) so that AUC = W = Pr(z; > x;). This probabilistic view of the
provides a more comprehensible understanding of its real meaning and offers alternative

ways to compute its value, which is particularly helpful for low sample size.
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3.1.3 Comparison of model performance

The development of new severity scores requires the estimation, not only of the perfor-
mance, but also of how a model can compare to another; and how statistically significant
is the difference. The ratio of log-likelihood introduced earlier can effectively compare
nested models of increasing complexity (meaning covariates included in the simplest
model are also present in the more complex one) to provide a measure of statistical sig-
nificance. In terms of discriminatory power, the comparison of two computed
from two different models on the same cases (paired statistics) will be detailed in this

section. Finally, more recent attempts for model comparison such as the

lfication Improvement (NRIj and the l[ntegrated Discriminative Improvement (IDI)I will be

introduced.

3.1.3.1 Comparing discriminatory power

Evaluating the difference between two AUROCY and how significant is the difference is
not a straightforward issue. In order to do so, Hanley and McNeil [118] have demon-

strated how the Standard Error (SE) of an can be estimated as follows:

. \/W(l — W)+ (no = D(Q1 = W?) + (ng — 1)(Q2 — W?) (3.11)
TL@ X n@
W
Q=5
ALE
@@=y

where ns and ng denote the number of patients in the negative and positive groups
respectively;Q; is the probability of any two randomly chosen positive observations be-
ing predicted with a greater probability than any observation and @); denotes the prob-
ability of one randomly chosen positive observation being predicted with greater prob-

ability than two randomly chosen negative cases [43, 118]. Subsequently, the @ of the
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difference between two s is defined by Hanley et al. [119] as:

B Wy — Wy
VSE? + SE2 —2-R-SE, - SE,

SE(W) (3.12)

and assumed to follow a standard normal distribution from which statistical significance
can be obtained. This implementation introduces the correlation coefficient R between
two models that are derived from the same cases. This coefficient is estimated from a
lookup table provided by Hanley et al. [119]. Another implementation of this problem
suggested by DelLong et al. [77] offers a solution that does not require the use of a lookup

table.

3.1.3.2 Net reclassification index

The first introduced by Pencina et al. [221] has gained interest in the medical com-
munity as a complementary metric to asses the performance of a new model with respect
to an older one. It first introduces the notion of upward movement (up) as a change from
a lower category of risk with the old model to a higher category with the new model and
the downward movement (down) as its opposite. When dealing with models predicting
mortality, a patient previously classified as non-surviving and predicted to survive in the

new model would be considered as a downward move. The NRI is therefore defined by

equation

NRI = (P(uply = 1) — P(downly = 1))

— (P(uply = 0) — P(down|y = 0)) (3.13)
NRI
L R (3.14)
\/P(up|y:1)+1i(down|y:1) + P(up|y:0)+li(down|y:0)

where n™ and n~ denote the number of positive and negative outcome, respectively.

Pencina et al. [221] show that a simple asymptotic test for the null hypothesis of NRI = 0
can be used (equation ).
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3.1.3.3 Integrated discriminative improvement

The provides a metric of performance at a specific operating point and an equivalent
metric is suggested by Pencina et al. [221], which accounts for all possible classification
thresholds. The @ that is defined by equation where 1S denotes the integration of
sensitivity over all the cut-off values and I P is the equivalent for “one minus specificity”.

As for the , a simple asymptotic test can be used to test the null hypothesis H, :

IDI = 0 (equation ).

IDI = ([Snew - ISOld) - ([Pnew - [Pold) (315)
IDI
Z =
\/SEC?’UQTLtS + SE?Lonevents

(3.16)

3.1.4 Choice of metric performance

All the metrics introduced above reflect a combination of discriminatory power and cal-
ibration, essentially reflecting how well the model fits the data. Ultimately, the choice
of metric depends on the expected use for the model. For instance, if a model predict-
ing mortality was accurate enough to forecast a single patient’s outcome, measures of
discriminatory power would certainly be the primary metric to compare these models.
The offers an aggregated measure of discrimination that is informative for the
data scientist, although real applications require the identification of a specific operating
point. Depending on the type of intervention and the associated risk of predicting false
positive or false negative, different metric like sensitivity, specificity, @ or can be
considered. For example, a model intended to drive care withdrawal would preferably
be evaluated with : care must not be discontinued for patients who actually have a
chance to survive. Conversely, the decision to use a specific low-cost treatment showing
few side effects would target models with high sensitivity because the benefit of treating
any positive case would potentially outweigh the risk of giving the drug to many negative

patients. Because the use of models predicting mortality is so far limited to risk strat-
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ification and benchmarking, optimal calibration is preferred to discrimination. In fact,
a performance metric can (and must) be as specific as possible. For instance, a model
designed to identify the 10% at-risk patients for whom increased level of care could be
provided should be evaluated with a measure that solely considers the highest decile of
risk rather than an integrated calibration metric over all deciles. Finally, it is worth noting
that most of these metrics will be correlated since a model offering excellent calibration
is unlikely to show poor discrimination.

In order to estimate the behaviour of these different metrics, an artificial data set
equivalent in size to that introduced in section (N = 1000) was generated. The
dataset was generated using the logistic function as described in equation where x
was randomly generated from a normal distribution with zero mean and unit variance.
The two parameters ¢ = 0...5 and ¢ = 0...2 were used to artificially generate lack
of calibration and fit (or a combination of both). The perfect model was defined by
Yirue = Y(0,0) with associated targets ¢, = yuwe > 0.5 that were used as a baseline to
compare models with non-null ¢ and . The predicted probabilities y(c, o) were used in
combination with t;,,. to compute performance metrics and y;,... to compute comparison

metrics with associated p-values.

1
= 1+ exp—(c+x+N(0,02))

(3.17)

y(c,0)

3.1.4.1 Results and discussion

The results of this study are presented in figure El] showing the evolution of the met-
rics against levels of noise o and calibration ¢ on the x and the y-axis, respectively. As

expected, values show a strong horizontal gradient and are insensitive to lack

of calibration. Interestingly, the Hosmer-Lemeshow and the Log-LikeIihood (log Ei

show equivalent behaviour and capture both lack of calibration and discrimination, which
is why such metrics should be preferred over metrics of discriminatory power, such as

the JAUROQ. The offers the advantage of providing a p-value but our simulations
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showed that it could not identify adequately the model of perfect fit and calibration, in-
stead preferring one with a low level of noise. Additionally, visual examination of figure
El] indicates that the log-likelihood is more stable and should be a preferred metric for
comparison or optimization. In order to quantify this, we define a “roughness” metric,
R, indicating how much local gradient is present for slight changes in model fit. R was
estimated by calculating the median of the discrete Laplacian (sum of second derivatives)

computed at all values of (¢,0) computed with the following 2D filter:

05 1 0.5
Di,=|1 -6 1 (3.18)
05 1 0.5
and the roughness is given by R = median,., (D?,) (3.19)

This criterion confirms and quantifies the initial visual feel and supports the use of
@ over the as an evaluation and optimization criterion with roughness levels
of Ry, = 0.05 and Ry, = 0.15. Finally, in terms of comparative metrics, the @ will
be preferred for similar reasons: it captures changes in discriminatory power as well as
calibration, while offering the most stable metric gradient (R;p; = 0.04).

Two techniques were introduced in section for the estimation of the statisti-
cal significance of the difference in discriminatory power between two models. P-values
given by each technique are noted p;, and p, for Hanley et al. [119] and DeLong et al. [77],
respectively. Their comparison reveals nearly perfectly overlapping distributions and ex-
tremely good correlation (Pearson correlation » = 0.86) where the Pearson correlation

coefficient is defined by

’I“(Wh, Wd) _ Zz]\il(Wh _ Wh)(m/zd B Wd)

— _ _ (3.20)
VI (W= W2 SN (Wi -

and W denotes the mean of 1. Consequently the Delong method was used in this thesis

from hereon, since it allows for a full analytical solution.
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Figure 3.1: (TOP): Three metrics of model c arison with different levels of lack of calibration
(vertical axis) and noise (horizontal axis): @ @Dand m The two models being compared are
equivalent in the top left-hand region and diverge in terms of both calibration and discrimination
as the noise power and intercept increase (towards the lower right-hand side). (BOTTOM): Evolution
of metrics of performance Log-Likelihood (log £)
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3.14.2 Estimating performance on out-of-sample data

The gold standard for model validation is to collect new data prospectively and to com-
pute the aforementioned metrics of performance on predictions made with this data.
Unfortunately in practice prospective data collection is not always possible. Pseudo-
prospective approaches consist of mimicking this behaviour in a retrospective setting:
the most recent observations are kept aside during design for model validation. How-
ever, the exact sequence of patient admission is lost during the process of de-identification
of the database, which makes this approach impossible. In this context, cross-
validation is the best option for model validation [172]. To do so, the data set is usually

split into independent and complementary datasets:

training-validation set, or design set, noted X.;,, and composed of training Xy, ining

and validation X ,./idation data;

test set, noted X,..;.

Note that the proportion v between the design and test sample size may greatly
influence the result. Furthermore, performance will vary depending on what training
set is drawn from the data, as well as to which validation set it is applied. For instance
missing values in the training data may impair parameter estimation. Similarly, different
design/test distributions may affect results. As a consequence it is desired to quantify
this variability and more elaborated cross-validation techniques involving statistical re-

sampling offer this option:

K-Fold cross-validation defines K independent and complementary groups of equal
size. The model fitting is repeated K times, each time leaving one k" of the data
aside for model validation. At the end of the procedure each observation has been
used equally for training (K times) and test (once). This guarantees equal contri-

bution of all observations leading to the computation of K performance metrics.

Bootstrapping draws with replacement B random training sets consisting in ©% of the

entire data [172]. An estimate of the metric of performance and its variability can
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thereby be computed, albeit with two limitations: the results are not reproducible

and the respective contribution of each observation is uncontrolled.

Jack-Knifing is similar to bootstrapping with the difference that, for a given v, all pos-
sible combinations of data split are considered. This offers a reproducible statistic
at the expense of computational cost. In this sense, bootstrapping is seen as an

approximation to the Jack-knifing estimate.

Leave-One Out is a special case of Jack-Knifing where v is chosen so that a single obser-
vation is left out for validation. N training datasets of size N —1 are used for model
design leading to N independent predictions that are used for model estimation.
Unfortunately, this technique does not allow the estimation of the variance of the

result but is still sometimes preferred in data-limited contexts.

3.2 Existing strategies for the estimation of severity

The technical background introduced in the previous section covers most of what has so

far been attempted for prediction of mortality in general populations of patients. The

main models we introduce in this section are IAPACHEi, EAPﬂ, and Mortality Predictiod

Model (MPM). Figure @ illustrates the time at which different versions of these scores

were developed with respect to their performance (AUROC), in relation to sample size
(design and validation when available). Other relevant models of severity will be pre-

sented. Finally, some of these will be implemented and adapted to our population.

3.2.1 Previous attempts at predicting severity
3.2.1.1 Acute physiology and chronic health evaluation

The first version of the APACHE score was presented by Knaus et al. [159] in 1981 and
clearly targets risk stratification applications over individual predictions, mostly for evalu-

ation of new treatments in populations of critically-ill patients. The score is composed of
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Figure 3.2: Evolution of model performance (AUROC) over different versions of the scores for
APACHE (diamonds), SAPS (squares), and MPM (rounds). For each model and each version, the
log of the relative size of the training (red) and test (blue, if it exists) sample size is indicated. The
grey circle indicates half a million patients for comparison.
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an admission and a physiologic component. The lAcute Physiology Score (APS)I includes

34 variables collected during the first 32 hours following admission to the ICU and is
meant to capture different physiological systems: cardiovascular, respiratory, renal, gas-
trointestinal, haematological, neurological in addition to presence of sepsis. Cut-off val-
ues and points were defined by a panel of experts with varying degrees of expertise.
The chronic health score defines four categories ranking from good prior health (A) to
severe restriction of activity due to disease (D). The final estimation integrated the two
components in a multiple logistic regression analysis together with additional covariates
such as age, sex, and pre-admission status. The final prediction of mortality was eval-
uated on 582 university hospital admissions leading to a Pearson chi-squared statistics
of x? = 11.18, p < 0.02 (see equation @). The first version of the score was an
elaborated proof-of-concept severity score, which - according to a later report from the
authors [160] - was too complicated to be externally validated and consequently support

clinical research on a large scale.
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An updated version of the score was therefore proposed by [160] including only 12
physiological variables that were collected during the first day. Age, type of ad-
mission (diagnosis, surgery/medical, and elective/emergency) and severe chronic health
conditions (organ dysfunction or immunosuppression) were also included in the model.

All covariates were used in a logistic regression model predicting hospital mortality.

|Coronary Artery Bypass Surgery (CABGj patients (IV = 785) were removed because they

represent a severe group (APACHE-II = 12.4) with low death rate (1.5%). This design
resulted in a simple model for prediction of mortality covering chronic health, admission
status and acute physiology. It was evaluated in 5,815 ICU admissions but results are
however difficult to compare since only specificity, sensitivity, , , and accuracy
were reported at different operating points. Integration of the @ presented [160, Fig-
ure 5] indicated an of 86.7%. Even though it is unclear which cross-validation
technique was implemented in this model, later external validations indicate that levels
of overfitting were kept within a reasonable range [150, 249].

This version was again updated by Knaus et al. [158] to account for shifts in clinical
practice, to benefit from larger sample size, and to add novel covariates such as pre-
and more accurate admitting diagnosis. The final score was finally derived from
17,440 patients from 40 North American hospitals. Novel features for this update in-

cluded: the use of 112 admission diagnosis categories, a detailed acid-base disturbance

score — pH—PartiaI Arterial pressure of CO, (PaCOzj —and a combined neurological score

(combination of components). Again, all components were combined with a mul-
tiple logistic regression model with reported of 90%. No external validation has
ever reported such levels of performance even though the model was consistently proven
to perform better than its predecessors [310, 152]. A possible source of overfitting is the

determination of some comorbidity coefficients from the entire database [158, p. 1621]:

Because of the large number of disease categories in the APACHE III data
base, coefficients for each disease classification with a sufficient number of

patients and/ or deaths were obtained using the entire data file.
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Surprisingly, this version of the score remained unchanged for fifteen years despite
important changes in the practice of intensive care [38, 26, 128]. Eventually, version IV of
the score was recently presented by Zimmerman et al. [313] as a mere update of version III
although substantial improvements were proposed: larger dataset, additional covariates,
and interaction coefficients. Indeed, @ coefficients were derived from 78,970 patients
recorded between 2002 and 2003 for model design. Additional covariates including
admission source, type, diagnosis (116 categories), and pre-ICU LOS were refined. Finally,
use of restricted cubic regression splines was introduced in the score to account for non-
linear interactions [120, p. 18-31]. The model was finally trained on 131,618 consecutive
ICU admissions and evaluated on the following 52,647 patients leading to an of
88% and a good calibration (HL+= 16.9, p = 0.08). This model constitutes the state-of-

the-art modelling technique for prediction of mortality in the .

3.2.1.2 A ssimplified acute physiology score for ICU patients

-I was developed by [97] in 1984 and validated with data collected from 679 ICU
admissions in France for whom vital status at hospital discharge was recorded. Fourteen
physiological variables were manually identified by experts and combined with a score
allocating points for each variable based on their value. Forinstance, a heart rate between
140 and 179 beats per minute corresponds to 3 points. The score is computed from data
collected during the 24 hours following admission and taken as the sum of points derived
from each variate. This model was reported to perform as well as the @ model [159]
for a lighter data collection cost. Because variables, ranges, and scores are selected
arbitrarily, it is possible that they accidentally optimized results on the available data,
inducing slight overfitting. Fortunately, later validation of the score on external data [52]
reported equivalent performance.

In the meantime, other models of severity introduced the use of statistical techniques
for the choice and weighting of variables [158, 269, 178, 177] and an updated version of

the score was introduced by Le Gall et al. [174]. This version was developed from 13, 152
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patients that were randomly allocated to a design set (8, 369) and a test set (4, 628 ~ 35%).
The model used an equivalent scoring technique but this time the parameters were de-
termined by an objective methodology instead of expert knowledge. The score was also
converted it into a probability of hospital mortality with the use of logistic regression. Of
37 collected variables, only 17 were kept in the final model including physiological values,
neurological status (), chronic diseases, and type of admission. The final model was
reported with an : 3.70, p = 0.86 and an of 86% on the test set.

Finally, the later version of the score (-III, described by Moreno et al. [203]) was
designed to account for various sources of heterogeneity present in the datasets: mostly
local variations in practice. The data was collected from 16, 784 patients from 303
to capture: (1) patient characteristics before admission, (2) reason for admission, and
(3) degree of physiologic derangement. The different thresholds for continuous vari-
ables were selected following a univariate analysis. The model was designed within a
5-fold cross-validation procedure during which variable selection was carried out fol-
lowing specific rules described by Moreno et al. [203]. The final model consisted of 20
variables that yielded to an of 84.8% and calibration of H; = 10.56, p = 0.39
(The H; Hosmer-Lemeshow goodness-of-fit is a slight variation of the H test defined
in Equation whereby the deciles are of equal size rather then defined by equally

distant cut-off values).

3.2.1.3 Mortality Probability Model

The was initially introduced by Lemeshow et al. [177], a world-leading expert of
logistic regression models [176, 135] who had previously been involved in the develop-
ment of the model [174]. The rationale behind the first version of the model was to
derive the model parameters from maximum likelihood rather than expert opinion. First,
covariates were objectively selected, and then multiple logistic regression was used to
provide a probability of hospital mortality. Two models were considered: MPM, com-

puted up to one hour after admission to the and MPM,, computed at the end of day
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1. Each model included seven covariates for which coefficients were derived from 743
and 463 patients, respectively. Interestingly, the validation was carried out prospectively
on 2,028 patients included after model design. Performance reported good calibration
for MPM, (HL,]= 6.53, p = 0.7) but not for MPM,, [269].

To correct the lack of fit of MPM,, as well as to account for “changes in ICU technolo-
gies, practice and populations” two new models were later developed on data collected
from 12,610 patients that were split into two equal sets for design and validation. The
MPM,-II model is composed of 15 variables reflecting physiology, chronic and acute de-
rangement at admission. The MPMy,-II model on the other hand is composed of 13
variables (5 at admission and 8 during the first 24 hours). Performance reported on the
test set (n = 6,514) showed good calibration (p > 0.05) and discrimination (AUC>80%)
for both models.

Subsequent external validations of MPM-II reported a degrading calibration and an
overestimation of the risk of death. This phenomenon presumably originates in the in-
creased ICU capacity for correcting acute physiological insults. The updated score MPM-
I [130, 131] was designed from 50,307 ICU stays collected in 135 units from 98 hospitals
(50% of the total dataset). New covariates were also introduced to represent groups
of patients with especially low/high risk of death such as patients with gastrointesti-
nal bleeding and full codes — including . Non-linear interaction with age was tai-
lored to reflect diminished physiologic reserve. The final model offered good calibration

(: 11.62, p = 0.31) and discrimination (AUC' = 82.3%).

3.2.1.4 Oxford Acute Severity of Iliness Score (OASIS)

Recent efforts from the APACHE group have opened the way for machine-learning ap-
proaches towards model development. Previous severity scores were developed based
on a combination of expert input and objective statistical rules. The most recent models
have gained in complexity and have been evaluated with increasingly sophisticated val-

idation procedures but still partly rely on expert input. Latest work from Johnson et al.
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[146] includes fully-automated feature and weight selection. Using data from 72,474
patients collected from 49 US hospitals from 2007 and 2011 and machine-learning al-
gorithms, a minimal set of physiological variables has been identified to predict severity
of illness. In the end, the model is similar to previous severity scores - with ranges and
associated points for each covariate - but it is simpler whilst including only ten covari-
ates. The model was validated in a pseudo-prospective manner using 23,618 patients
admitted between 2010 and 2011 showing good calibration (: 43.8, p = 0.08) and
discriminative power equivalent to previous models of greater complexity (AUC = 83.7%

against AUC' = 82.2% for @).

3.2.1.5 Other severity scores

In addition to the mainstream severity scores presented above, other attempts have been
made to provide an estimate of severity. These models are somewhat different to the
former in terms of population size and complexity of techniques implemented. Yet some
of them have been shown to achieve high performance and were found clinically to be

useful.

Complete septic shock score A single attempt has been made by Baumgartner et al.
[24] to design a prediction method specific to a population of patients with septic shock.
The model was developed to predict mortality after the first day in the ICU with a multiple
logistic regression model derived from n = 45 patients. The scoring system was devel-
oped from univariate analysis of variables selected by experts. Inclusion of variables in
the final model was done after comparing variable distributions between survivors and
non-survivors in two groups: the design group and the validation group (n = 43). In the
end, two versions of the score were developed: the Simplified Septic Shock Score (SSSS)
including only physiological variables and the Complete Septic Shock Score (CSSS) ad-
ditionally including chronic health and type of infection. Three aspects of model design

however require careful interpretation: small sample size, relatively large number of co-
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variates and the use of the validation set during the design procedure. The combination

of these three factors is known to lead to overfitting.

Chronic health conditions Recently, Elixhauser et al. [83] have introduced a score us-
ing binary inputs for 30 comorbidities that can be extracted automatically from admin-
istrative datasets using the codes (version 9). Some studies combined these binary
comorbidities using logistic regression models derived from the training data and gen-
erated a one-dimensional comorbidity score [96, 184]. The addition of 30 covariates
during model design is however not necessarily desired, particularly in the presence of a
limited dataset. Walraven et al. [295] suggested coefficients for each chronic health con-
dition that were derived from 228,000 consecutive hospital admissions. Interestingly,
drug abuse and obesity were, again, found to decrease hospital mortality probability.
Conversely, metastatic cancer, liver disease and lymphoma were the conditions associ-
ated with the most severe outcome. Another severity index was proposed by Charlson
et al. [56] with expert defined weights for a reduced number of comorbidities. This index

has been externally validated [55, 57].

Sequential organ failure assessment (SOFA) This score was introduced by Vincent et al.
[284] in order to describe the degree of organ failure present in a patient. In this sense it
is more a descriptive metric rather than a severity score. It was not developed to predict
risk of hospital death and its use is consequently not restricted to the first 24 hours
following admission unlike most scores described in this chapter. The scoring system

was designed with expert knowledge and evaluated on 1,700 patients.

3.2.2 Other biomarkers of severity

Severity scores are by far the most widely available techniques for the estimation of risk of
mortality. A large body of clinical publications however investigates the relation between

other types of biomarkers and mortality. These biomarkers can be the concentration of
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specific proteins, which are assumed to vary significantly during the course of infection
and inflammation. Because such biomarkers are specific to the pathophysiology of sep-
sis, they are expected to offer a deeper representation of the patient’s state. We present

in Table B.2 a selected subsets of such attempts.

3.3 Performance on population of sepsis patients

This section will provide a baseline with which to compare our results. This baseline is
essentially composed of two parts: (a) the performance reported in the clinical literature
that deals with different approaches towards prediction of mortality and (b) the direct
application of available models on the population described in section . The latter
offers a precise comparison point with same-case derived metrics. The former on the
other hand elaborates on techniques that cannot necessarily be replicated retrospectively

on the data used in this work (because data was not collected prospectively).

3.3.1 Performance reported in literature

Scores of severity have proven particularly useful in the field of sepsis for both research
and clinical practice, including support for clinical trials [298, 37, 147] and risk stratifica-
tion [254, 49, 147]. Attempts have been made to design models that are specific to a
population of patients with sepsis syndrome. A comprehensive overview of such models
is provided by Barriere and Lowry [22] who published work up to 1995. Later studies also
fall into one of the three categories they identified: categorical risk factors (admission
and procedures), endotoxin and cytokine serum concentrations, and sepsis scoring sys-
tems. Relevant studies are summarized in Table @ that presents sample size, design,
statistical techniques, performance, and most predictive variables for each study.

The best multivariate performance reported is found in [41] (AUC = 86.9%) with a
score calculated for n = 329 patients with shock (approximately a third of which
was sepsis-induced). Likewise, [11] reports an of 86% using univariate changes
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Table 3.2: This table summarizes previous attempts at predicting mortality in patients with sepsis
and severe sepsis (SSep) showing the variables or models of interest, the performance (reported
statistic), the population size, and the mortality rate. In the Population Type column is indicated in
parentheses whether the metrics reported are from a prospective (p) or retrospective (r) study.

Variables (Model) Statistic Population Mortality Year - Reference
Type Size (Tr/Te) Rate
MODS AUC = 85.2% SepS (p) N.A./329 55% 2002 [41]
SOFA AUC = 86.9%
McCabe score, SOFA, (LR) AUC = 86.3% SepS (p) 189/N.A 58% 2000 [11]
lactates, cortisol HLp,, = 0.44
Simplified Septic (LR) Spe = 82.0% SepS (p) 45/43 51% 1992 [24]]
Shock Score Sen = 84.0%
MAP area <= 65 mmHg (LR) AUC = 85.3% SepS () 111/N.A. 30%* 2005 [282]
SAPS-II AUC = 79.7%, SSep (p) N.A./250 46% 2003 [16]
HLc = 23.60
APACHE-II AUC = 78.2%, 60%*
HLo = 34.89
MPM-IIy, AUC = 82.3%,
HLo = 29.79
Age, Lactates, (LR) AUC =173.0% SSep () 899/473 40% 2008 [240]¢
@ HLc =0.69
ACortisol (CPHR) AUC = 61.0% SepS (p) 218/N.A. 28% 2007 [73]
ACortisol/Albumin 41%*
MOF p = 0.008 SepS (p) N.A./71 52% 1991 [18]
APACHE-II p=0.013
MPM p = 0.091
APACHE-TI (LR) p < 0.001 SSep’ (p)  112/NA. 14.5% 2010 [19]
Albumin p = 0.009
Antithrombin-III Sen = 96.0%, SepsS (p) 60/N.A. 32— T7% 1992 [92]
Spe = 76.0%
protein-C Sen = 96.0%,
Spe = 76.0%
MEDS AUC = 74.0% SSep (p)  N.A/216 32.9% 2010 [70]
mREMS AUC = 62.0%
CURB-65 AUC = 59.0%
RIFLE AUC = 67.8%, Sepsis(p) N.A/121 47.1% 2009 [F9]
Y2 =52
Organ Failure Nbr. AUC = 74.2%,
X2 =20
APACHE-IV AUC = T71.0%,
x> =53
SOFA AUC = 66.9%,
X2 =4.7
CURB65 AUC = 78.0% SSep (p9)  N.A/419 22.6% 2007 [20]
CRB65 AUC =T73.0%
SIRS AUC = 68.0%

e, @ mortality was reported instead of in-hospital mortality;

b Community acquired bloodstream infection;

€, pneumonia, retrospective use of data collected prospectively;
4 unpublished work by Richard and Lacson [240]
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in cortisol levels after a corticotropin stimulation in n = 189 septic shock patients. Unfor-
tunately, the procedure is not part of routine clinical measurements. Other biomarkers
considered include: clot-waveform analysis [273], procalcitonin in post-operative pa-
tients with severe sepsis [72], and cortisol in relation to albumin [73].

Many studies also present univariate statistics and highlight the importance of a
small number of commonly measured physiological variables: respiration, transami-
nases, bilirubin, and albumin; others such as Antithrombin-III and Protein-C [92] are
less common. Clearly, univariate results should be handled with care - if considered
at all - since they do not account for possible confounding variables. Finally, general
severity scores presented in the previous section have also been externally validated on
different populations of patients with sepsis, severe sepsis, septic shock, or a combina-
tion of these. Results presented cover the second versions of APACHE, SAPS and MPM
(16, 18, 19, 273, 237] and SOFA [41, 11]. They demonstrate equivalent performance of
these scoring systems and stress the need for customisation and recalibration.

Interestingly, some models focused on the estimation of severity not only at admis-
sion but also during the evolution of sepsis. For instance, shortly after the onset of ,
Hebert et al. [127] suggest a score reflecting multi-system organ failure (MSOF). It is com-
posed of points for seven physiological systems that are used in addition to age for the
prediction of 30-day mortality in 154 patients. The performance was however not judged
to be good enough by the authors to use the prediction at an individual level. Similarly,
Pittet et al. [225] presented a study investigating biomarkers of severity throughout the
evolution of sepsis: at admission and during the onset of sepsis and early signs of or-
gan dysfunction. In this case, the change in numbers of organ dysfunction was found
to relate better to severity than the actual number of organ dysfunction. Finally, Bossink
et al. [40] introduced a model to estimate the severity of 300 febrile patients and showed
that a small number of covariates (temperature, GCS, respiratory rate, and albumin) were

more strongly associated with mortality than SIRS during the first three days following

admission to the ICU. Similarly the |Pitt Bacteremia Score (PBS)I, first described by Chow
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and Yu [60, Table 7], estimates severity at the time of the first positive blood culture and
was successfully externally validated [237].

One high-quality study was performed by Knaus et al. [162] (of the APACHE group)
in order to offer a reliable index of severity for patients with sepsis, which could be
used to compare the efficacy of drugs. The model was designed with 28-day survival
analysis from 1,195 patients that were split into training, validation and test sets for
feature selection, model design, and external validation. Interestingly, acute physiol-
ogy still accounted for the largest part of model-explained variance (71%), while other
less important factors contributed equally: chronic conditions and pH (6.3% each), age
(5.7%), pre-ICU (5.2%), and (4.6%). The use of a Cox-proportional hazard ratio
model was discouraged in this study [22] because the hazard function is assumed to be
constant over time, which is violated by patients with sepsis [162]. The proposed esti-
mate of risk of death successfully outperformed APACHE-II (AUC' = 76% against 71%).
A similar attempt was more recently presented by the SAPS group [204]. The model

was developed according to latest definitions and views on sepsis, namely the concept

of |Predisposing conditions, the nature and extent of the Insult, the nature and ampli-l

|tude of the host Response and the degree of concomitant Organ dysfunction (PIRO)I.

Based on 2,628 patients, a model was developed to reflect: Predisposition (age, ad-
mission variables, chronic health), Injury (acquisition, site, and organism), and Response
(organ failure and dysfunction). A five-fold validation procedure led to good calibration
(: 5.33, p = 0.87) and discrimination (AUC' = 77.2%) while SAPS-III showed dis-
crimination of only 73% on the same cases. The size and quality of these studies builds
a strong rationale for the development of a sepsis specific severity score.

From all the articles reviewed, Richard and Lacson [240] probably present the work
that is the most similar to the approach we propose. Sixty-three variables were extracted
during the first three days from admission from n = 1,372 severe sepsis or septic shock
patients selected according to —9 codes of severe sepsis in the database.

Features were selected using forward selection prior to the use of a number of modelling
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techniques including logistic regression. The best (73%) on the test set (n = 473)

was obtained with Logistic Regression (LR) using the following variables during the first

24 hours of stay: Age, minimum , mean lactic acid, minimum O, levels, maximum
potassium levels and maximum temperature. This work, unpublished to date, suffers
from at least two important drawbacks. First, the use of single -9 codes for sepsis
and severe sepsis has long been dismissed by the scientific community (see section ).
Then, the performance is reported on a single test set, while good practice recommends
more complex cross-validation procedures (see section ).

Finally a striking observation whilst looking at table B.2 is the remarkable heterogene-

ity of the studies presented in terms of:
Setting with retrospective, prospective, observational, and interventional studies;

Inclusion criteria different degrees of sepsis severity are considered and identification

of these in the population is made according to different definitions;

Population different types of time periods, geographical areas, hospital, and ICU types

for which baseline risks are highly variable;

Methods a broad range of covariates (biomarkers) are reported and model performance

are assessed with metrics that is not always directly comparable.

In particular the method of extraction of groups of patients (study population) with
severe sepsis or septic shock in retrospective studies varies greatly. Varpula et al. [282]
used the equivalent of @ codes for sepsis (sepsis, pneumonia, meningitis, or perito-
nis) in addition to the presence of vasopressors during the first 24 hours from admission
leading to an incidence of 7.8% for a population of septic shock. Richard and Lacson
[240] on the other hand used single —9 codes for severe sepsis or septic shock from
the database leading to an incidence of 5% (smaller incidence for a less severe
population). A more complex approach was chosen by Knaus et al. [162] who details a

precise list of inclusion/exclusion criteria based on patients’ lab results and procedure
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records, leading to an incidence of sepsis of approximately 2%. This confirms our find-
ings presented in section that relate small changes in inclusion/exclusion criteria
to an important variation in the final population. Another source of variability between
studies is the sample size and the presence or absence of adequate cross-validation pro-
cedures, which greatly influence the results reported. For instance, Baumgartner et al.
[24] use a population of 88 patients with a 50% design-validation split, while Varpula
et al. [282] benefit from a larger sample (n = 250) but present in-sample analysis (no

cross-validation).

3.3.2 Performance on the sepsis population

Some techniques and scores described in this chapter require covariates that are not
directly available in the database. For the others - essentially general severity
scores - strong evidence has been presented earlier, suggesting that all scores (SAPS,
APACHE, MPM) perform similarly in a population of patients with sepsis syndrome. Other
reports demonstrate the equivalence of APACHE and SAPS on general ICU populations
[152]. We chose to implement the APACHE score because it benefited from the larger
sample size for design and it has been updated regularly. Other scores could also easily
be implemented: SOFA, SAPS-I, and OASIS were also compared with the APACHE-IV
score.

A three-fold cross-validation procedure was performed to evaluate performance. First,
each score s was implemented as described in its original publication and calibration co-
efficients 5, and 5, were identified on the training set, so thaty = 7(/5y+/1-s). Calibration
coefficients were then applied to the test set and estimated probabilities of death 3 were
used to compute metrics of performance. Then, for each severity score, a new model
was built using its initial covariates as inputs for a logistic regression model. For each
covariate, the median values over the first 24 hours following admission were extracted
for each patient. Observations departing from the mean of more than 3 standard de-

viations were discarded [33]. Each variable in the dataset was then normalized so that
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Table 3.3: Performance of different clinical scores of severity applied to a population of severe sepsis
patients with treated hypotension: Acute Physiology and Chronic Health Evaluation (APACHE) IlI
and IV, Sequential Organ Failure Assessment (SOFA), Oxford Acute Severity of Illness Score (OASIS),
Acute Physiology Score (APS) and the Simplified Acute Physiology Score (SAPS). The results are
extracted on three test folds and metrics are presented with mean and standard deviation: negative
log-likelihood (NI), Area Under the Receiver Operating Curve (AUROC), and Standardized Mortality
Ratio (SMR). Model names with * indicates that all the co-variates included in the initial model were
used as predictors rather than their scored value.

Variable NII AUROC HL HLp SMR
APACHE-IV ~ 3858+3.8 71.1+04 86450 0.065+£0.031 0.90+0.08
SOFA* 3875449 70.8+14 17.3+3.6 0.014+0.017 0.93+0.07
OASIS* 387.7+£8.1 714408 15.1+24 0.021+0.012 0.82+0.06
APS* 389.9+13.8 714423 243+79 0.006+0.009 0.82+0.08
APACHE-IIT  390.8+4.5 69.9+04 9.64+55 0.051+0.025 0.96+0.15
APS 393.847.3 69.3+13 6.1+£20 0.100+0.011 1.00+0.03
APACHE-III* 397.9+37.6 734422 9.6+45 0.061+0.033 0.91+0.09
APACHE-IV* 400.8+35.3 73.3+25 13.04£55 0.046+0.054 0.94+0.05
SOFA 402.3+11.0 65.7+29 134434 0.037+0.034 0.90+0.03
SAPS-I 405.7+415 649+0.5 11.8+4.7 0.054+£0.050 1.03+0.20
OASIS 417.0+33 614426 11.2+7.5 0.072+0.059 0.98+0.17
VanWalraven 417.7+5.8 62.6+3.1 145428 0.027+0.016 0.91+0.07
Elixhauser ~ 424.7+20.3 64.0+1.2 209+12.8 0.037+0.064 0.77+0.02

Tnormalized = 5t Where p and o denote the mean and the standard deviation, respec-
tively, computed from the training observations for the given variable. Variables that
were visually found to have extreme tails were log-transformed as a rule of thumb. All
covariates were then used to train a logistic regression model that was subsequently
applied to the test set from which performance metrics were derived. At the end of
this procedure, each performance metric was computed three times (once on each fold).
Table B.3 shows the performance metrics computed for each severity score on our pop-

ulation of patients.
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3.3.3 Discussion

As expected, the different versions, of APACHE perform increasingly better on our pop-
ulation. The latest version of APACHE shows good calibration (: 8.6, p > 0.05) but
only offers an AUC of 71.2%. These findings confirm the results reported in the clinical lit-
erature and presented in the previous section: severity scores need customization and re-
calibration when applied to specific populations. Customization of the APACHE-III score
using initial covariates and logistic regression improved model accuracy (AUC=73.5%)
and attained good calibration (: 9.6, p > 0.05). Conversely, the customization of
APACHE-IV did not improve the calibration (p > 0.05) but also showed good discrimi-
nation (AUC=73.3%). This result suggests a disadvantageous ratio between the number
of patients and variables, which stresses the need for more data or fewer covariates.
Appropriate selection of covariates could advantageously be implemented with several
techniques that we will presented in the next chapter.

In addition to this, the performance displayed by APACHE-IV seems to be on the lower
side of expectations. Sepsis induces physiological derangements that are impacting the
way physiology relates to the outcome. For instance, a patient with sepsis-induced hy-
potension and fluid resuscitation with normal blood pressure levels certainly has a higher
risk of severe outcome than a similar patient who did not receive fluids. To illustrate, we
show that physiology accounted for only 20.1% of the explained variance using the tech-
nique of x? ratios described by [158, p. 1633]. This figures contrasts dramatically with
the 65.7% reported on a more general population for APACHE-IV [313]. It has already
been widely reported that the ability of a model to discriminate and calibrate decreases
when applied to new populations [5] but this result suggests that these patients may
be admitted to the ICU with a more homogeneous physiological derangement than a
general ICU population.

Beyond physiological considerations, the implementation of APACHE-IV on the
ﬂ database has limitations that are likely to alter its performance. For instance, the extrac-

tion of some covariates does not guarantee a high correlation with the way the APACHE
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database was collected: comorbidities, mechanical ventilation, and the number of grafts
used for cardiac surgery. In addition to this, some components were simply missing and
consequently ignored during the score calculation including the admission diagnosis
codes.

Most traditional severity scores were designed on data collected manually, some-
times through a web interface. The intervention of a human operator during the data
collection process may provide some kind of benefit. For instance, physiologically im-
possible values could be corrected at the time of key-in and artefactual readings could
be filtered out after a brief inspection of trends displayed by the information system. On
the other hand, if no extra staff is hired to fill in the data, its quality would then unde-
niably be modulated by staff workload. For that reason and many others, such manual
data procedure leaves much space for variations within and between individuals and
hospitals. For instance, an understaffed institution would provide data of worst quality
than a well-funded one (inter-hospital variability). Similarly, a clinician might collect data
of worst quality on a day directly following a night shift. As a consequence, the rate of
missing data may capture the hospital social background or the medical staff workload
rather than anything else. This would lead to undesirable consequences on the data
analysis [141]. Conversely, the use of an automated data collection system such as the
one implemented in MIMIC-II potentially reduces the cost (secondary use of routinely
collected clinical data) and the variability of the data. Naturally, such data is also prone to
different types of noise requiring the implementation of alternative data pre-processing
strategies. To illustrate, a MAP greater than 200mmHg would occasionally be found in
the MIMIC-II database reflecting a pressure cuff attached to a bed handle; likewise a heart
rate of zero corresponds to a detached ECG lead. Fortunately, the consistency of such
artefacts across the entire database creates an opportunity for a common pre-processing
strategy.

These results suggest that if customization presumably improves score performance,

it is complicated by the small sample size. Alternative strategies have to be adopted to
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deal with this issue. In particular, a strong effort on feature selection has to be made
to avoid the drop in performance for observed scores with a large number of potential

covariates.

3.4 Conclusion

The scores we presented here are based on a combination of variables that reflect pre-
existing health as well as variables that reflect physiologic derangement due to acute
illness. While these scoring systems have the potential to inform prognosis and resource
allocation retrospectively at a cohort level in the ICU [276], their use has been mostly re-
stricted to clinical trials, for case-mix determination in retrospective data analyses [310]
and benchmarking ICU performance [4]. This is largely due to the fact that these scoring
systems perform well in predicting outcome at the group level, but continue to perform
poorly when predicting survival in individual patients. There are a number of reasons
for the limited predictive ability of current systems. Pertinent causal factors such as ge-
netic factors may be excluded [287]. Recently, it has been shown that identification of
“worst” values over a day by clinicians is biased [141], which may partially contribute to
lower prediction performance than should be possible. In addition to this, scores used
to benchmark ICU performance can only use information that is not influenced by local
practice (admission and following 24 hours) and therefore do not benefit from the poten-
tial prognostic value of later observations. Additional factors that are currently not well
understood may also exist. Recent research has emphasized the importance of early goal
directed therapy in reducing mortality from septic shock [243], increasing the need for
accurate early warning systems. Changes in the physiologic variables measured within
hours of this early critical period may be more predictive of outcome than focusing on
the worst values measured within the day after ICU admission. While current scoring
systems such as APACHE [313, 160, 158, 258] try to capture the severity of the initial

insult, they are likely to be limited in their ability to capture the “physiologic reserve”
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of a patient to respond to this insult because they tend to focus on the worst recorded
value over 24 hours, and not on the variability in an individual’'s immediate response to
the physiologic insult (for example hypotension) and its treatment. Additionally, cur-
rent severity scoring systems have been developed using a knowledge-driven approach
where predictors are chosen based on known clinical variables associated with poor out-
come. Recent developments in the field of genetic epidemiology (the study of the role
of genetic factors in determining health in populations) have demonstrated that study
designs which use a heuristic and data-driven approach to select predictors [248] have
the potential to discover new causal factors of disease. Such approaches are explored in

the following chapters.
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Chapter 4

Machine learning approach to prediction

of mortality

4.1 Clinical data mining

4.1.1 A short introduction to pattern recognition

Artificial Intelligence (AIf can be defined as the “design of intelligent agents” [196, p.1]

where “intelligence” can be seen as performance with respect to a specific task.
is a field of @ that aims at designing algorithms, whose behaviour is derived

from empirical data. In particular, Pattern Recognition (Pattern Recognition)l techniques

map input values to an estimated output with parameters derived from past occurrences.
This task is also known as modelling and the function mapping the input values to an
estimated output is often referred to as the model. Predicting mortality in a population of
patients for which data and outcomes have previously been collected is a typical
problem. More precisely, trying to map observations onto categories is
called a classification task. Furthermore, when labels for the data are known, this problem

is one of supervised classification, which is usually carried out in two steps:

Training the algorithm is provided with inputs (also called the “data”, denoted as X,

an N-by-P matrix where N is the number of patients and P the number of vari-
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ables) and the outcome (also called the “target”, denoted as y an 1-by-N binary
vector). The model F has parameters 6 that are fitted to minimize the error term
e = y — y where the estimated output is § = F(X); Sometimes the process of
model fitting requires the estimation of the "out-of-sample performance”, which is
often achieved by splitting the training set into one or more smaller training and

validation set(s) as detailed below;

Test unseen input data processed by the algorithm whose output () is compared to the

real outcome (y) allowing computation of performance metrics.

Because supervised Pattern Recognition techniques are meant to be applied to real-

life problems, there are a few practicalities related to their design and use that will be

discussed throughout this work. In fact, expertise in Nachine Learning (Machine Learn-l

largely resides in know-how derived from hands-on experience.

Fitting is the procedure during which the optimal model parameters are estimated
from the available data. The fitting procedure consists of minimizing an error term lead-
ing to the identification of the parameters as described by equation [1] Some
algorithms have analytic solutions, which means that the optimal parame-
ters can be directly written as a function of the data X. For most applications however
analytic solutions do not exist and iterative techniques are used to minimize equation
[1]. These techniques, like gradient descent [227, p.420-425], usually assume convexity
of the optimization criteria. In some cases however, such an assumption does not hold
or the search space is too large, and other iterative techniques can be used like heuristics
that trade the guarantee of finding the global optimum for convenience (speed, lack of

hypothesis).

6 = argmin(F(X) —y) (4.1)
9
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Overfitting happens when a model describes (or fits) the existing data too well but
poorly predicts new instances. An intuitive description of overfitting with illustrations is
provided by Bishop [31, p33-36] and [32, p11-14]. There are two aspects of modelling
that induce overfitting: (1) a sample size that is too small, and (2) a model that is too
complex. If you have a dataset composed of two non-surviving male patients and one
surviving female you may deduce that gender perfectly predicts mortality. Clearly, this
is an erroneous inference generated by the small sample size. Figure [1! illustrates the

second mechanism: let us assume we want to estimate the probability of someone being

British based on his blobal Positioning System (GPSj coordinates. In order to do so we

randomly select a few dozen British men and record their @ coordinates (black dots
on the map). A simple approach would consist of drawing a straight line through the
English channel (model A in orange) and saying that everybody north of it is British; a
more complex model would consist of drawing a circle around Britain (model B in green)
in order to exclude Nordic countries. Finally, a model that is too complex would draw a
circle around each British citizen in the world (model C in red). The first model (A) is a
typical example of underfitting since performance on the data used to train the model
is non-optimal. On the contrary, the third model (C) provides excellent performance
on this data but is likely to show a dramatic drop in performance on a data set drawn
at a different time (grey points). The trade-off between model complexity and model
fitting is related to Occam's razor [36] that support the choice of the simplest model

(less hypothesis) at equivalent performance.

The curse of dimensionality The example presented above is a simple two dimensional
problem with latitude and longitude as the input variables. In a clinical database however,
and more generally in real-world applications, the number of observations and therefore
the number of variables is potentially infinite. The three imaginary models that are repre-
sented in Figure [1! are increasingly complex and require 2 parameters for the line and 5
for the ellipse. If we now look for a prediction in 3 dimensions, models of equivalent com-

plexity will now require the estimation of 3 and 7 parameters respectively. For problems
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Figure 4.1: Identification of British citizens based on GPS coordinates. Black points are random
citizens selected to design the model. Three models of increasing complexity are designed: A, B and
C. Grey points indicate the locations for a larger sample drawn from the population (maybe at a
different time), which indicates that the model of adequate complexity shows better performance.

of higher dimensionality, the number of parameters to be estimated is generally said to
grow as a power of the number of dimensions [31, p. 33-37]. Unfortunately the number
of observations available in practice is usually limited and the resolution of equations

similar to [1! requires strategies to reduce dimensionality. This is usually achieved with

feature selection [112] or variable transformation [168, p. 252-254]. Tackling the curse

of dimensionality is one of the most important aspects of Machine Learning algorithm

design and we will therefore discuss this issue further in this work.

4.1.2 Machine learning modelling techniques

We have introduced in section the principle of @ which has been used extensively

to estimate the risk of death in the . We introduce here more advanced techniques,

namely Eupport Vector Machines (SVMsi and Random Forests (RFs)I.
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4.1.2.1 Support vector machine (SVM)

A SVM is a non-probabilistic binary classifier. It tries to identify the best separating
plane between observations x; belonging to different classes. It first defines a family of
hyperplanes

Hi(wj) :wj-x+b; =0 (4.2)

which separates two classes in the hyperspace. The best separating plane Hy : wg - X +
bo = 0 is then taken to be the one that maximizes Euclidean distances to points for each

class [280, 68], which corresponds to

argmin % [w]|? (4.3)
subjectto  y; (W-x+0) > 1 (4.4)

The reason why the hyperplane chosen maximises the margin is because it offers
interesting properties. More precisely, it was demonstrated that the probability of mis-

classifying new observation (er.s;) can be bound by the training error plus the capacity.

1 2 4
€Test S €Training +\/ﬁh (Iog (Fn + 1) - lOgg) (45)

Test Error < Training Error +Capacity

The capacity is linked to the complexity of possible models and can be expressed as
function of the Vapnik-Chervonenkis dimension (VC-dim) A [279], which in turn can be
seen as the maximum number of points that can be separated in all possible ways by a
set of functions (usually equal to the dimension of the space plus one). Interestingly, the

VC-dim was proven to also be bound

2

hefia (4.6)
p
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where R is the radius of the smallest sphere containing all the data and p the margin (the
distance between observations and the separating hyperplane). This essentially indirectly
bounds the test error to a number that is independent of the dimension. For that reason,
maximising the margin p shifts the optimisation problem from curse of dimensionality
to that of capacity, which will prove particularly convenient when dealing with problems
in high dimensions.

Solving this problem of margin maximisation defined by equations @ and @ can

be achieved with the use of Lagrange multipliers «; > 0 and the Lagrangian function:

L(w,b,a) : —«(E4) 4 (E33) 4.7)

Minimize training error and Maximize margin
¢

1
i=1
where AT = (ay,. .., ) is the vector of non-negative Lagrange multipliers correspond-
ing to constraints @ and /¢ is the number of observations in the training set. It is worth
noting that equation @ reflects the bound on test error introduced in equation [5] and

illustrates how capacity is contained by maximizing the margin. Solving equation @ can

be achieved with its derivative with respect to b and w [266, 280, 68] leading to

l
W= oy (4.9)
=1
l
0=> ai (4.10)
=1

However, in practice a hyperplane hardly ever perfectly separates classes. To account
for this, a soft-margin can be used to introduce some flexibility (slack) in the formulation

of the optimal hypersurface. This is described by Cortes and Vapnik [68] who reformu-
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lated equation [3] as

¢
. 1 9

argmin 5 lw||”* + C;& (4.11)

subjectto  y;[w-x+b >1-¢ (4.12)

and & >0,i=1,...,¢ (4.13)

where C' is called the slack variable. When C' tends to infinity, the decision boundary
converges to the hard-margin solution. While C' decreases the optimal hypersurface al-
lows some misclassification of the training observations, which reduces the degree of
overfitting by ignoring artefactual training observations. At the same time, a too small C'
value could oversimplify the separating hyperplane and lead to poor classification accu-
racy. Consequently, an optimal trade-off between training accuracy (complexity of the
separating hyperplane) and generalization properties must be identified by adequately
setting this hyper-parameter.

Conceptually however, it is difficult to represent exactly the meaning of variable C. An
alternative formulation of the classifier has therefore been introduced by Schélkopf
et al. [251] who introduce a parameter v corresponding to the proportion of authorized
misclassified observations in the training data. As a result of this formulation, Chang and

Lin [54] later demonstrated that

<1 (4.14)

where X,,_; denotes the number of observations belonging to the group defined by
y; = 1. According to this equation, » must be lower than twice the number of cases in
the smallest class.

The classification of new observations will finally be performed with the following

equation:

¢
Uy = sign (Z Qi YiXi + b> (4.15)
i=1
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Interestingly, the optimisation of such problems requires the Karush-Kuhn-Tucker (KKT)
conditions to hold, imposing for every data point either a,, = 0 or y,9,x, = 1 [B1, Ap-
pendix E]. As a consequence, any data point for which «,, = 0 will not contribute to
the estimation of the prediction in equation . The remaining data points therefore
satisfy 7,y,Xn = 1 meaning that they lie on the maximum margin of the hyperplanes
(y; (W - Xey + b) = 1, where y; € {0, 1}). For that reason these observations were given the
name of support vectors (sv). As we will see, the selection of a subset of training points
for the prediction of new observations combines advantageously with the use of kernel

techniques.

Kernel transformation An essential aspect of , which certainly has contributed to
their popularity, is that data points that are not linearly separable can be transformed in
a way that allows linear discrimination, which is known as the kernel trick. The techniques
uses a non-linear mapping of the feature space ®(x) and the kernel function is given by

the following inner product of the feature space
k(xi, %) = ©(x;)" ®(x)) (4.16)

where x; and x; are two observations. The choice of the kernel function is potentially
infinite as long as its Gramm matrix K;; = k(x;,X;) (an N x N matrix) is positive semidef-
inite. We will restrict our analysis to the most common: polynomial kernels [182] and

Radial Basis Function (RBF) kernels [206], which are described by equations and ,

respectively.

Polynomial :  ®(x) = (ox"x + )" (4.17)
202

RBF: ®(x) = exp (-M) (4.18)

Radial basis function kernels are by far the most popular in the machine learning literature

possibly because of the advantageous trade-off they offer between performance and
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complexity (number of parameters) [265]. Also, they are by design robust to outliers.
Polynomial kernels offer equivalent performance but possess alternative properties [62].

The use of kernel function is not restricted to that of and can more generally be
applied to any techniques where a dual representation can be formulated, in which the
solution can be expressed directly in terms of the kernel function (K, the Gramm ma-
trix). A first important results is that the kernel substitution breaks the straight relation
between number of feature (model dimensionality), which seems particularly relevant to
solve problems of high dimensionality. Yet, solving the problem with the dual repre-
sentation requires the inversion of the N x N Gramm matrix rather than M x M matrix
(number of variables) that can also be of much lower dimension (the number of obser-
vations is often larger that of features). The sparse solution provided by the can
be of particular use in this situation. In addition to this, working with the kernel function
does not requires an explicit formulation of the non-linear mapping function ®, which
allows to work in a mapped feature space that is of a potentially infinite dimensionality.

Using the dual representation, equation becomes

l
§(x) = sign (Z ik (X, Xi) + b) (4.19)

i=1

where the threshold parameter is computed from N, support vectors as

N, N,
1 sv sSv
b=~ > (yn -> amtmk(xn,xm)) . (4.20)
SU p=1 m=1

To conclude, offer a sparse solution to minimise the training error and max-
imise the margin between two classes in order to optimise the out-of-sample perfor-
mance, which was found to be bound by capacity rather than dimension. In addition
to this, the dual representation of this problem with the kernel function that does not
require an explicit mapping function allows to non-linearly transform and separate the
data in spaces of higher (and potentially infinite) dimension. This trick combined to the

sparse solution offered by support vectors elegantly circumvent the problems of curse
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of dimensionality. Finally, unlike other machine learning techniques such as

L/vork (NN)I, EVMs] are a convex optimisation problem for which a single solution can be

found.

41.2.2 Random forest

The Random Forest (RF) is another algorithm in machine learning. It belongs to the family
of algorithms that use an ensemble of regression or classification trees. A decision tree
is a structure in which each node is represented by a variable and a decision criterion. An
observation can then be passed through the tree from the top node to the bottom: at
each node, the observation value and decision criterion will define which branch to go
to; ultimately, the final leaf (at the bottom of the tree) will indicate a value or a decision.
There are many existing algorithms to build single decision trees such as ID3 [231], C4.5
[232], and CART (Classification and Regression Tree) [44]. The RF algorithm uses the

CART technique that relies on the definition of a Gini impurity function:
Io(n) =1-) p(kln)* (4.21)
k

where p(k|n) is the probability of the class k£ at node n. When only two classes are
present, the decomposition of p(k = 0|¢)* reduces equation to Ig(n) = 2po(1 —
po)- This criterion is a maximum at I = 0.5 when classes are balanced and cancels out
when the node ¢ is pure (only positive or negative classes left). Each tree is grown by
selecting at each node an optimal couple of variables and a cut-off value according to

the maximization of a homogeneity” gain:
Alg(n) = [G(n - 1) — Pr.Ig(nT) — Pllg(nl) (422)

where I¢(n) denotes the Gini impurity of the n'" node which splits into two branches
(left and right) with associated probabilities P, and P,, respectively. The tree can be

built fully, which means that homogeneity is reached at each leaf 1,4 (Ig(nmez) = 0).
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Conversely, to prevent overfitting, the tree can be built only partly which means that a
subset of the observations or of the variables will be used for each tree. For instance, the
RF algorithm randomly builds each tree using N observations randomly selected with
replacement and m << M variables where N and M are the number of patients and
variables, respectively.

In this setting, two parameters were shown by Breiman [44] to influence the error
rate of RF: the correlation between any two trees in the forest and the strength of each
individual tree. Increasing the parameter m was found to increase both the correlation
and the strength of the tree. Consequently, this parameter constitutes the only impor-
tant parameter for the algorithm. The presence of a single parameter to tune possibly

accounts for the popularity of the approach.

4.1.3 Feature selection techniques

Another essential aspect of clinical data-mining is the ability to mine large number of
observations and identify the variables that matter the most with respect to a specific
outcome. This problem is closely related to feature selection techniques, which initially
emerged to overcome the curse of dimensionality (introduced earlier in this chapter).
Ultimately, the process of feature selection (1) allows the identification of the clinically
relevant variables and (2) solves the curse of dimensionality in a context of limited data.

It is generally accepted that feature selection techniques fall into two distinct cate-
gories: filter and wrapper methods. Filter techniques first identify a number of covariates
that are then passed-down to an independent classifier. A wrapper technique refers to
an algorithm that automatically selects variables while deriving the model parameters
from training data. These techniques seem conceptually more elegant and should be
preferred since they identify the optimal features for the optimal classifier. However, to
test and compare specific classifiers, a common filter approach can be chosen for all of
them. Finally, not all feature selection techniques can be covered here and we choose a

linear and non-linear state-of-the-art technique recommended by Tsanas et al. [274].
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4.1.3.1 The least absolute shrinkage and selection operator (LASSO)

A straightforward way to solve the regression equation § = 3, + Z;-Vzl Bjxj, where z; is

the input vector of dimension K, is to minimize the Eum Square Error (SSE)I of residuals

which is called the |Least Squares estimate (LSEj and is defined as follows:

N
B =argminy (y— )’ (4.23)
i=1

Solving equation can be achieved by setting the derivative of the regression equa-
tion to zero. This equation is called the normal equation (more details can be found in

[309]). It involves inverting the matrix x”x which may be singular or nearly singular, in

particular when the number of Events Per Variable (EPVj is too low or when some vari-

ables are correlated, leading to a high-variance unrealistic model. A first improvement
was to suggest a stabilization or regularisation factor, so that x'x — o, where « is a
tuning parameter, would have to be inverted instead of x”x. This was shown [132] to be

equivalent to minimizing the following penalized loss-function:
. N K
B=argmin Y (yi —5:)* +a ) _ B (4.24)
B =t j=1

This technique, also called ridge regression, can be seen as a under the constraint
that 5 should not be too large. It offers the advantage of stability but still has a major
drawback: the coefficients shrink but are however never set to zero, which makes models

difficult to interpret.

The Least Absolute Shrinkage And Selection Operator (LASSO)| technique was later

introduced in [270] and solves equation subject to > |3;| < o, where a > 0 is a
tuning parameter. The LASSQ can therefore be expressed as follow:

N
B =argmin> (y; — 4;)> + a * || (4.25)
B =1

When « is large, the provides a solution that is equivalent to that of the ridge
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regression. When « tends to zero, some f3; coefficients eventually cancel, therefore dis-
carding the feature that are irrelevant with respect to the LASSO criteria. It is a quadratic
programming problem for which standard numerical analysis algorithms can be used to
search for minima. Because of these advantages has gained popularity over the
past decade and is a standard technique for feature selection which has been successfully
applied to predict mortality [271].

Ridge regression and can be integrated in a larger framework that was earlier

introduced in [94] by suggesting the use of a bound on the L-norm of the parameters,

defined as ||5]], = ¢/>_; B, such that equation can be regularized with L”-norm as:
B=argmin> (y—§)°+ax L") (4.26)
B

Ridge regression and can be seen as the L? and L' regularization of the ,

respectively.

4.1.3.2 The Relief algorithm

The Relief algorithm is a popular feature selection technique [156] that offers an ex-
tremely advantageous trade-off between simplicity and performance. This point con-

stitutes a very strong rationale for its use instead of more complicated techniques. For

instance, the Ninimum Redundancy Maximum Relevance (mRMR)I technique [222] is in-

spired by Shannon and Weaver's [1948] |Mathematica| Theory of Communication (MTCj

and has shown good performance [274] but comes with various implementation tricks,
which are all potential sources of variability.

The pseudo-code of Relief is presented in Algorithm , which illustrates the sim-
plicity of the approach. The technique takes three arguments: a data set S, a number
of iterations m, and an integer . The latter indicates the number of closest neighbours
to be considered for the random selection of near hits and misses at lines ﬁ] and @ The

relevance metric for feature x can therefore be seen as the probability of observing a
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different value of x given the nearest instance from a different class minus the same
probability given the nearest instance from the same class, which are computed over all

observations from the training set.

Algorithm 4.1.1: Refief(S, m, k)

main
Separate S into ST and S~
fori+ 1tom
(Select a random X €S
Select arandom Z* € ST close to (k)X

Select arandom Z~ € S~ close to (k)X

if XeS*
Near-hit = Z+
then
do Near-miss = 7~
Near-hit = 7~
else

Near-miss = Z+
forj« 1top

W; = W; — diff(z;, Near-hit;)?
do

... + diff(z;, Near-miss; )? (3)

\

Relevance « W /m

return (Relevance)

This simple implementation however does not offer the possibility of dealing with
missing values. ReliefF (note the extra “f") is an updated version of the algorithm pro-
posed by Kononenko et al. [164] who suggested that the diff function used on line
of Relief (see Algorithm ). The update switches to a probabilistic estimation should
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either of the two values for the attribute A be missing :

X; is missing diff(x;,x) = 1 — P (value(A4, xj)|class(x;))

values(A)
Xi, X; are missing diff(x;, %) = 1 — Z [P(V]class(x)) x P(V|class(x;))]
%

4.2 State-of-the art modelling for the prediction of mor-
tality: The Physionet challenge

In 2012, the Physionet [107] network organized the challenge of predicting mortality
[143] based on the database. The dataset was composed of 12,000 randomly
selected patients aged over 16 for whom at least 48 hours of data was available. For
this general ICU population, 41 variables were extracted over the first two days from
admission, and 36 of these were physiological variables. The outcome to be predicted

was chosen to be in-hospital mortality and the scoring criteria were :

Score 1 was defined as the minimum value of Bensitivity (Se)l and |PPV| that are described

in section : the maximum for this value was chosen to provide a reasonable
trade-off between discrimination and prognostic value in the context of a highly-

skewed class distribution;

Score 2 was a modified Hosmer-Lemeshow statistic H L, (described in section )

H
T10—7m1l

Score2 = where 7; is the mean estimated risk for patients falling in the ;™

decile of predicted severity. This measure was used to assess model calibration.

However, Johnson et al. [145] demonstrated that negative @ offered the advantage
of reflecting reflect model calibration and discriminatory power while showing an overall
lower variability. This finding is in line with the results we presented in section .
Consequently, it was suggested that this metric should be used instead of Score 1 and

2.
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The Physionet challenge has obvious links with the work presented here (same database,
outcome, and equivalent variables) and therefore deserves special attention. Hence, the
models performing best on each score are detailed in this section, implemented, and
applied to our data. Table [1! shows the results of the top two entries for each score. In
this table, the model submitted by Johnson et al. [145] was sub-optimal; the corrected

version — submitted after the challenge — did rank first in both Score 1 and 2.

Table 4.1: Scores of the top two performers in the Physionet challenge 2012 showing scores and
respective ranks in the competition. The ranks indicated with a *) are not official ranks but results
from submission given after the challenge deadline.

Name Score 1 (rank) Score 2 (rank)
Bayesian Ensemble (corrected) 0.5352 (151))  13.67 (15¢™))
Cascaded SVM-GLM paradigm [62]  0.5353 (1) 29.86 (5t)
Bayesian Ensemble [145] 0.5345 (274 17.88 (1)

4.2.1 Bayesian Ensemble of forests

The Bayesian ensemble of forests is an original idea of Dunkley et al. [145], which per-
formed remarkably well during the Physionet Challenge. It belongs to the category of
techniques that uses a forest of decision trees and similarly offers interesting properties

such as variable importance and an elegant way to handle missing values.

Pre-processing One advantage of this technique is that little pre-processing is required
before growing the forest. Indeed, variables are simply converted into ranks or quantiles
of a normal distribution. The parameters required to transform the data are derived from
the training data, saved, and subsequently applied to new observations (the validation

set).
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Figure 4.2: Simple schematic of a tree. At the top node, variable k") is selected for the it patient

giving value X, A split criteria is defined with t,(f) and tf). On one side value vy, for i patient
k

and k™ tree is set to null. On the other branch, a second value X6 taken on the same patient
k

from variable tf’) (s transformed with intercept t,(:) and regression slope t,(f) to give the final value

of the tree vy, for patient i. on k"

Forest structure The forest F is composed of k trees and two additional parameters 5,
the intercept and 51, the width, which will be described later on. The typical structure of a
tree is represented in Figure , which introduces seven parameters ¢, that determine v,
the output of the tree. The tree is defined by a split criterion s;, = X.t(l) — t,(f) < (—1)%3>
and a regression rule (on a different co-variate) Xz.tg—,) . t(G) + t ) that defines the tree
output. Two additional parameters t ) and t replace potential missing values in Xitg”
and Xit}j)' respectively. Once the forest is grown, the estimated output was defined with

the logistic function (see section ) as follow

. 1
— F(X) = _
y ( ) 1+ exp*(ﬁoJrﬁl Dk Vk)

4.27)

Initialization The forest is initialized with ... = 500. Each parameter t) is randomly
initiated from a prior distribution: ¢V and ¢ are sampled from a distribution with flat
prior between 1 and P, the number of variables; other parameters are sampled from a
standard normal distribution. [, is set as the prevalence of the training data and s, the

width, is initialized as

P = (4.28)

after deriving y from a simple model such as regularized logistic regression.
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Growing the forest Afterinitialization, the forest is updated stochastically with a

Chain Monte Carlo (MCMC) method as follows. At each iteration the posterior of the pa-

rameters given the data are given by:

p(IX) o p(X|t) x p(t) (4.29)

where p(X|t) and p(t) denote the likelihood and priors, respectively. Each tree in the
forest is replaced by a tree sampled from the prior distribution with a probability of 0.5
and otherwise left unchanged. As a consequence, the new forest depends only upon
the current forest, which makes the iterative process essentially “memoryless”. The new
forest F,.., is kept if it has a probability of generating the data £,.,, that is higher than
the previous forest (£,4). Otherwise, it is kept with a probability equal to the likelihood

ratio, which corresponds to the following acceptance criterion:

E (“Fnew)
L(Foia)

> N(0,1) (4.30)

The forest is initially left to burn during Ny, iterations and then saved after every
Niave iteration until N, is reached. This process can be repeated N,., sequentially or

in parallel to speed up the process. Eventually, all of the saved forests are merged into a

(Nmaszburnfin)

single giant forest of size Ny e X Nyep X T ( Noave

) where 7 denotes the integer

part of a real number.

4.2.2 Cascaded SVM-GLM paradigm

The entry ranking second in the Physionet challenge was a cascaded SVM-GLM paradigm
[62], which can be decomposed in three levels. First, each variable is mapped to a Gaus-
sian distribution; then balanced data sets of transformed data are extracted to train dif-

ferent models (SVM); finally, the outputs are used to train a logistic regression model.
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Pre-processing Minimum, maximum and median values were extracted from time se-
ries over two time intervals: the first 24 hours from admission and the following 24 hours
(i.e. from 25 to 48 hours from admission). Categorical variables were transformed into
k — 1 binary variables where k& is the number of categories. In addition to this, the sum

of all urine records was taken as a new feature.

Variable normalization Citi and Barbieri [62] transformed each input vector x; by a
combination of a constant, the variable and the log of it using the assumptions that this
procedure could successfully achieve normalize the data. All continuous variables were
transformed to fit a normal-like distribution. Each observation z;; was transformed into
the corresponding percentile g;; for the j* variable. Then, regression coefficients b; were
identified so that

®(qy) = (bR (4.31)

— : .=
where R = [ 1, x;, log(1+Xx;)] is a N x 3 matrix, 1" denotes a vector of ones, and &' (qj;)

is the i percentile of the inverse tumulative Distribution Function (CDFj of a standard

Gaussian distribution for variable j. In order to minimize the influence of outliers, only the
observations meeting ¢; > 1 and ¢; < 99 were used to compute b. Finally, the coefficients
w; = (R"R)"'(RT® '(q;)) were used to transform each variable as: x| = w;R. Citi and
Barbieri [62] demonstrate that this procedure successfully transforms variables towards

a normal-like distribution.

Classification The transformed data was then used to train an ensemble of for
classification. In particular, to account for the unbalanced nature of the dataset (mortality
rate of 14.2% during the Physionet challenge) different models were built, each using all
positive occurrences in the data and an equivalent number of negative cases sampled

without replacement. In the end, six (100/14.2) different y— were trained.

Voting Each training observation was then passed down these six classifiers and a lo-

gistic regression model was trained to combine their output into a probability of risk.
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Ideally however, and to prevent over-fitting during the training session, the training set
should be split into three distinct parts in order to independently estimate the parame-

ters for normalization, modelling and the estimation of the probability of risk.

4.3 Implementations on the severe sepsis population

4.3.1 The data set

The results presented in the previous chapter suggest that the covariates included in
the APACHE-IV model are the most probable given the data (likelihood), which is in line
with the available literature [16]. We have therefore implemented the different mod-
elling techniques introduced in this chapter using covariates included in the APACHE-IV
model. All of the variables that were not collected at admission (demographics and ad-
ministrative variables) were aggregated over the first 24 hours with minimum, maximum,
and median functions resulting in three features per covariate.

Outliers were simply identified using knowledge-based rules and a combination of
percentiles and standard deviation as described in section IZZI] In addition to these, arte-
factual values were defined as being any univariate observation departing by more than
4 standard deviations from the mean, which were computed from the training data. Arte-
factual and missing values were simply imputed with the mean derived from the training
set.

The performance of each technique was evaluated during a 3-fold validation proce-
dure using the same split as in the previous chapters. Finally, all variables were normal-

ized as

Xold — U
o

(4.32)

Xnorm =

where p and o denote the mean and standard deviation derived from the training set,
respectively. This normalization procedure was not implemented on the cascaded SVM

as it already includes a normalization procedure.
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4.3.1.1 LASSO

The LASSO model requires the identification of the optimal « value in equation .
This was achieved within a 5-fold cross-validation procedure during which a geometric
sequence of a providing non-null models was tried. This cross-validation level (local)
has to be distinguished from the higher-level cross-validation procedure (global) that is
three-fold. At each global fold (out of three), the value reducing the model deviance on

the five local folds was saved and the LASSO was solved for the entire training set.

4.3.1.2 Grid search and filter feature selection for SVM

The implementation of an efficient SVM classifier requires the identification of the types
and parameters of the kernel and SVM structure (slack variable or v, width of the ker-
nel or dimension). In addition to this, the SVM framework does not support an elegant
wrapper feature selection technique. Consequently, we first identified the most impor-
tant variables with the help of the ReliefF algorithm and then grid searched all of the
available parameters for the different types of SVM and kernel we introduced above.
At each fold, the ReliefF algorithm was used to rank features according to their rel-
evance (defined in line @ of algorithm ). Then for all deciles of input features (0 :
0.1 : 1), all possible combinations of kernel (restricting analysis to linear, polynomial, and
RBF kernels) and SVM (v and C) were explored (6 models) using a simple (and time-
consuming) grid-search approach for the identification of the model’s parameters. For
C-SVM, the parameter C was taken from 271131, for Nu-SVM, the parameter v was taken
at five equally spaced points between 1 and v,,., as defined in equation . For RBF
kernels, the o was sampled at 271%1; for polynomial kernels, the offset was set to ¢ = 0
and the degree to d = 3 by default. The combination of parameters minimizing the
negative log-likelihood was then searched with a second refined grid to identify optimal
parameters. At each model fitting, the time required to fit the model was saved in order
to estimate the computational cost of different SVMs and kernels with respect to the

parameters’ values.
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4.3.1.3 Cascaded SVMs

A significant difference between this work and the Physionet challenge is the number
of observations available to fit the model: only a sixth of the observations are left for
training in this work. In their original article, Citi and Barbieri [62] fitted six different SVMs
with 108 variables to balanced groups of roughly 1,000 patients. The dataset presented
here has smaller dimensions and requires the prior identification of features of interest.
This will be achieved similarly to what has been presented in the previous section: the
model will be run ten times, each time including an additional tenth of the top input
features (ranked by relevance). Then, because the mortality rate is three times as big
in this population, only three balanced datasets can be used to fit different SVMs. The
outputs of all three SVMs are used as inputs for a logistic regression model fitted to the

same training data.

4.3.2 Results

The results of this experiment are presented in table 4.2 that shows the different mod-
els (column 1 and 2) and their performance estimated on the validation sets during the

three-fold cross-validation (columns 3 to 6). The LASSO model offers the smaller nega-

tive log-likelihood (NIl = 369.4 + 5.9, AUROC = 75.05%), while the Bayesian Ensemble ofl

Forests (BEF) ranks third after the @ and offers the highest metrics of discrimination (AU-
ROC = 76.16%). In fact the very The difference in AUCs was not found to be statistically

significant (p = 0.12). Of all the SVM models, the C-SVM model consistently provides
better performance on this dataset. Similarly, the linear and kernels outperform the
polynomial formulation. Finally, the cascaded-SVM did not provide good results.

Table [3] shows the parameters selected at each fold for the different combinations
of SVM and kernel types. In addition to the raw performance presented in table @ this
indicates the stability of parameter identification over different folds. Figure @ shows
the range of parameters and the performance reported during the second-level five-fold

cross-validation procedure. It indicates that all parameters remain stable from one fold
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Table 4.2: Performance of different modelling techniques for prediction of mortality in the severe
sepsis patients with treated hypotension: Least Absolute Shrinkage and Selection Operator (LASSO),
Random Forest (RF), Bayesian Ensemble of Forests (BEF), C- and Nu-Support Vector Machine (SVM)
with linear, polynomial and Radial Basis Function (RBF) kernels. The results are extracted using three
test folds and aggregated with mean and standard deviation; performance metrics are: negative
log-likelihood (NI), Area Under the Receiver Operating Curve (AUROC), and Standardized Mortality
Ratio (SMR).

Models Kernel NII AUROC SMR

LASSO N.A. 369.4+59 75.0+0.8 0.9+0.1
RF N.A. 371.24+34 74340.5 09+0.1
BEF N.A. 3744411 76.1+0.2 09+0.1
C-SVM Linear 376.1+53 742+13 09+0.1
C-SVM RBF 377.04+£34 743408 0.9+0.0
Nu-SVM RBF 3854426 725+15 0.9+0.0
Nu-SVM Linear 393.7+13.7 721416 0.9+0.1
C-SVM Polynomial 415.0+7.2 66.9+£51 0.9+0.1

CascadSVM N.A. 418.6+124 71.1+1.2 0.9+0.0
Nu-SVM Polynomial 419.1+17.0 68.0+1.8 0.9+0.1

to another, with respect to the number of variables included in the model.

Finally, figure @ (TOP) presents the computational cost of SVM fitting for different
types of SVM and kernels and across different values of parameters. The lower part of
the figure shows the cross-validated performance on the training set. Finally, table
shows that most APACHE-IV covariates are consistently selected to be included in the
SVM model. The analysis of non-null weights given to different variables in the LASSO

model is given in table @

4.4 Discussion

In this chapter, we have presented tools that seek to improve upon the traditional ap-
proach toward the selection of relevant clinical covariates (expert-driven) and linear mod-
elling techniques to estimate the risk of death in the . We described some tech-

niques for feature selection (LASSO and ReliefF) and classification (RF and SVM). Some
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Table 4.3: List of parameters identified for each fold for C- and Nu-SVMs using linear, polynomial
and Radial Basis Function (RBF) kernels. The last column shows the negative log-likelihood on the
test set.

SVM and Kernel Fold Parameters Features N-II
Type Number (Percent)
1 (=239 45 (100.0) 377.8
C-SVM (Linear) 2 (C =230 33 (73.3) 368.4
3 (O =2000 27 (60.0) 373.0
1 Nu=0.55 38 (84.4) 376.7
Nu-SVM (Linear) 2 Nu = 0.54 44 (97.8) 378.2
3 Nu=054 23 (51.1) 399.2
1  Nu=049 0 =200 43 (95.6) 396.9
Nu-SVM (Polynomial) 2 Nu = 048, o = 22900 45 (100.0) 417.8
3  Nu=044, g =200 39 (86.7) 406.9
1 O =208 5 =29276000 36 (80.0) 394.2
C-SVM (Polynomial) 2 (O =230 5974969 31 (68.9) 4333
3 (C=26008 459720 9 (20.0) 432.2
1 Nu=049 0=2"700 45 (100.0) 381.5
Nu-SVM (RBF) 2 Nu = 048, 0 = 274492 44 (97.8) 3934
3 Nu=048, 0=2056 45 (100.0) 390.9
1 C =210 5 =2-9563 45 (100.0) 377.8
C-SVM (RBF) 2 C =273502 5 — 9—13.000 41 (91.1) 372.5
3 (O =200 5—=9-7125 30 (66.7) 385.0
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Figure 4.3: (TOP) Log of the average time (in seconds) required to fit an SVM to the training data
(n ~ 1,440 with about 20% positive cases). Lines one and two show the results for the polynomial
and Radial Basis Function (RBF) kernels, respectively. Columns one and two show the Nu- and
C-SVMs, respectively. Each cell is a colour-coded representation of the log of the time required for
training the SVM given the parameters indicated in the abscissa (v or log(C)) and ordinate (o). The
colour bar on the right-hand side of the picture indicates the numerical correspondence. (BOTTOM)
Average negative log-likelihood estimated from different validation sets (five-fold validation) for the
(dentification of the parameters (first level grid-search).
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Table 4.4: Non-null variables selected by LASSO showing statistically significant coefficients (p <
0.05) sorted by decreasing absolute value of 3s. The second column indicates whether the value was
recorded before or at admission aas well as the aggregate function (minimum, maximum, mean)
used to represent the samples collected during the first 24 hours.

Variable Aggregate Value
APS Mean 0.71
GCS Mean -0.30
Elective Admission -0.27
Age Admission  0.26
Metastatic Cancer Admission 0.19
PaFiO, Ratio Max -0.17
Surgery Mean -0.14
Lymphoma Admission  0.10
Pre-LOS Admission  0.09
Graft Number Admission  0.07
Creatinine Min 0.05
Emergency Admission  0.05
AIDS Admission -0.04
GENDER Mean 0.03
Rikers scale Admission 0.03
Admission is transfer Admission -0.02
Bypass surgery Admission -0.02

Abbreviations: |Acute Physiology Scorel (IAPS , blasgow Coma Scale] (bCﬂ), Length of Stayl (LOﬂ),
lAcute Immune Dysfunction Syndromd (IAIDS).
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attempts have been made to empirically compare different machine learning algorithms
[51] showing superiority of some groups of techniques including those we present here.
Beyond these trends, the advantage of one technique over another is very much dataset-
dependent including factors such as the number of observations and features, the nature
of the relation between them, the quantity and randomness of missing data, and the
presence of artefacts. Other mainstream classification techniques, such as neural net-
works and naive Bayes, are not presented in this section. Logistic regression has been
applied widely to estimate the risk of mortality rather than naive Bayes and has proven
to offer equivalent performance [246]. Similarly, recent approaches have successfully
implemented [62] and decision trees [145] for the prediction of mortality. Because
not all existing machine learning techniques could be presented and implemented in this
work we have decided to restrict our analysis to these described in this chapter.

Interestingly, the results presented in table @ suggest that simpler models perform
better. Indeed, does as well or better than any other model and the linear ker-
nel compares advantageously to non-linear ones. While such results seem to contra-
dict comon sense, we have found earlier reports of models like @ providing worse re-
sults than logistic regression [102]. With regard to the dataset used here, the limited
amount of available observations left for training within the cross-validation procedure
(n = 1,440) certainly accounts for the apparent superiority of simpler approaches. This
phenomenon is even stronger when additional levels of cross-validation are required to
identify parameters (such as kernel coefficients) on a training set. However, for larger
datasets, sophisticated machine learning techniques [62, 145] clearly outperform logistic
regression as seen during the last Physionet challenge. This however comes at a cost,
in that the complexity may dramatically raise the threshold of acceptance amongst clin-
icians. Interestingly, all recent updates of the severity scores used logistic regression
rather than more complicated models [313, 130, 131, 145].

Equivalent changes in a physiological variable does not always relate to the same

change in severity. In particular for normally distributed physiological variables, the risk
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is not necessarily symmetric with respect to the mean value; for instance an extremely
low blood glucose value is certainly associated with a higher risk of dying than a high
value that is equally departing from the mean. Clearly, a logistic regression framework
is not expected to account for these and would equally penalize this two derangements.
Conversely, a classification tree where each node represent a threshold on a given vari-
able could adequately handle such non-linear behaviour. Interestingly, the comparison
between different techniques suggests that the use of a non-linear machine learning
technique meant to handle such property of the data might not necessarily be of pri-
mary importance. Indeed the linear logistic regression framework offered equivalent
performance to non-linear techniques such as RF. The theoretical argument is tempered
by the practical implementation of these techniques on this dataset of limited size.

To conclude, more sophisticated techniques should be preferred whenever the sam-
ple size is large enough to show a statistically significant improvement in performance;
then, depending on the context, the gain in performance may or may not justify the in-
crease in complexity. In particular, an algorithm that is fully integrated with the hospital
information system could produce a simple probability and hide its real complexity from
the end-user. We will touch on the relation between complexity and performance later
on in this work.

Contrasting computational cost and performance as presented in figure [3] leads to
additional interesting comments. First of all, larger values of v for the Nu-SVM and larger
values of C for the C-SVM lead to larger computational costs. These also correlate with
a drop in performance on the training set: a larger regularization coefficient C' in
and an increased proportion of misclassified training occurrences (v). Likewise smaller
values of ¢ for the polynomial kernel (equation ) and larger values of o for the
kernel (equation ) lead to a significant increase in computational cost. Consequently,
for extreme values of the couples (v, 0) and (C, o) the training time of a single SVM on
roughly 1,500 observations can be as long as ten minutes and increase exponentially.

Nonetheless these computationally costly areas of the search-space are not those asso-
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ciated with higher performance. Consequently, a heuristic trying to identify the optimal
parameters for these models should avoid these costly areas and restrict the search-
space to more relevant values of the parameters. Last but not least, the C-SVM offers
both higher performance and lower computational cost, which is also true of the
kernel. This combination of SVM and kernel type should certainly be a preferred choice
for an SVM architecture.

The low performance of the cascaded-SVM (NIl = 419.1, AUROC = 68.0%) was
not generated by a phenomenon of overfitting since the training results were found to
be equally disappointing. Instead the different parameters that were set arbitrarily in the
initial publication [62] may be responsible for this: Nu-SVM of v = 0.5, polynomial kernel
with d = 2, ¢ = 0, and 0 = 2{7201}, Indeed, the results presented in tables 4.2 and
suggest that neither the Nu-SVM nor the polynomial kernel look like a good first choice.
In addition to this, the table suggests that the optimal values for the parameters do not
match those suggested by Citi and Barbieri [62]. Yet the good performance reported in
the Physionet challenge reinforces the confidence in the approach. The process leading
to the identification of the correct parameters was unfortunately not described by Citi
and Barbieri [62]. Using the results presented in this section to improve the performance
of this model would certainly make use of the information derived from the validation set
and generate a bias that may later impair the generalization properties of the technique.
Alternative techniques need to be identified to identify precisely the variables of interest
and the right parameters for a combination of SVM and kernel type.

Finally, for the estimation of variable importance, there exists an alternative imple-
mentation of the SVM with hyper-parameters on each of the input variables, which can
indicate the relative contribution of each of the co-variates [272]. Such an approach
however sometimes comes at the cost of inferior performance while we have alternative
ways of reporting variable importance. The list of variables and statistically significant
weights provided in table @ highlights a few interesting facts. First of all, major contri-

butions to the model are achieved by APS, GCS and age, which corroborates the findings
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of most studies. Then, admission information that was included in most recent sever-
ity models also contribute equally: elective and post-surgery admissions are associated
with decreased severity. This could be explained by three factors: first, the relative im-
portance of post-cardiac surgery patients at ; second, the overall lower severity of
these patients (ICU mortality of 2.6% as seen in table ); and third, the fact that these
patients may be screened more carefully for potential infection resulting in earlier man-
agement of the conditions and therefore lower severity. Finally, and in particular
metastatic cancer, lymphoma and were all found to contribute to severity, which
also corroborates the results of earlier studies. The negative contribution of AIDS may
have to been due to the different inclusion rule for the ICU. All together these findings
on the contribution of variables are perfectly in line with the existing literature on the

topic which certainly strengthens the confidence we have in the dataset.

4.5 Conclusion

In this chapter, we briefly introduced some of the key concepts of machine learning and
described the theoretical framework behind techniques that go beyond the traditional
logistic regression model. In particular, non-linear modelling techniques were described
in the hope that they would capture non-linearities in the data and translate to an in-
crease in performance. SVMs are maximum-margin classifiers designed to identify the
best separating hyperplane between different classes. Different implementations exist
such as Nu and C-SVMs that can be used in addition to non-linear data operators called
kernels (linear, RBF kernel, and polynomial). The RF on the other hand is a non-linear
ensemble of weak decision trees offering interesting properties including the ability to
account for a large number of input variables.

In the data-rich environment of the ICU where thousands of variables are recorded
for each patient, the need for feature selection is driven by two factors: to address the

curse of dimensionality, and to provide parsimonious models that are easily interpreted,

124



for which acceptance amongst clinicians is likely to be higher. LASSO is a wrapper feature
selection technique for logistic regression. ReliefF is a filter feature selection technique
that computes a relevance metric for each variable according to the univariate distances
of the nearest neighbours in each class. Finally, the recent Physionet challenge for the
prediction of mortality on the MIMIC-II database featured models that were inspired
by recently proposed techniques. The winning algorithm was a Bayesian ensemble of
forests, similar to some extent to the random forest. The second ranked entry was a
cascade of SVMs with a logistic regression model.

The most important result in this section is the significant improvement provided by
the use of machine learning techniques in the place of simple logistic regression. In fact,
compared to the results presented in the previous chapter, machine learning techniques
provide an increase in negative log-likelihood from 385.8 to 369.4 and in AUC of 73.3%
to 75.05%, which were both found to constitute a statistically significant improvement
(p < 0.05). This improvement is primarily brought by variable pruning. The analysis of
the results obtained with the techniques described in this chapter promotes a strong ra-
tionale for the use of simpler techniques. This is possibly imposed by the relatively small
sample size. Additional results promote the use of specific SVM architecture (C-SVM
and RBF kernel) rather than others (Nu-SVM and polynomial kernels) for performance
and computational cost. Finally, a brief analysis of variable importance highlights the
role of physiology, age, neurological status, admission variables and comorbidities in
perfect agreement with the literature. In the following chapter an additional layer of
customization will be implemented, which consists of exploring the predictive value of
additional groups of variables. Doing so will slightly modify the nature of the problem by
altering the variables to observation ratio significantly. The behaviour of the techniques
presented here will consequently be further explored in this new context and additional

tools for the estimation of variable importance will be presented.
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Chapter 5

Predictive power of additional features

derived from the data

Introduction

The previous chapter has revealed the importance of adequate variable pruning in the
context of limited data availability. This work was carried out on a limited subset of vari-
ables that are included in the —IV model, which relies to a large extent on expert
knowledge (choice of clinical variables to be collected and to be included in the final
model). Nonetheless, the presentation of the database in chapter 2 showed
that thousands of features are actually collected at the bed side. The relative contribu-
tion of these clinical variables for the prediction of adverse outcomes in the ICU could be
investigated by appropriate use of the techniques presented in chapter @] In this chap-
ter we therefore independently evaluate the importance of different groups of clinical
features with respect to the estimation of patient severity. In the first instance, a brief
introduction to relevance — any metrics related to the importance of a feature — will be
provided, to supplement the information provided in section . Then, all covariates
presented in the database will be used as input features to study the additional predictive

information they may bring. Similarly, the potential of physiologically meaningful non-
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linear combinations will then be estimated. Finally, the predictive power of dichotomous
variables coding for the presence of missing values will be presented. Eventually, all of

the features will be used together to select objectively those that offers the best model.

5.1 Relevance or the estimation of variable importance

We have seen in the previous chapter that the weights given to different variables in
logistic regression - with or without the - can be used as an estimate of variable
importance as long as all of the input variables are normalized before training. In fact,
we also showed in section how these coefficients can translate to an increased risk
per unit change in the variable: the odds ratio. Alternative ways to derive relevance exist
for other modelling techniques such as an ensemble of trees (@ and the ), which we

introduce here.

5.1.1 Variable importance from random forest

In the @ but Of Bag (OOB)I observations (those that were not used to build the tree) are

first passed down every tree k in the forest to count the number of correctly identified
samples N (k). This is repeated after randomly permutating a variable m giving N™ (k).
The raw variable importance R (k) at each tree k is simply obtained by subtracting the
number of correctly identified observations with random permutations from the

number of correctly identified observations without random permutations:
RM (k) = N(k) — N™ (k) (5.1)

Assuming independence of the trees [44], the standard errors (defined by SE = 0™/, /li1¢0)

can then be easily derived and used to compute a Z-score

4= —= (5.2)



This Z-score is assumed to be normally distributed, which allows the derivation of a

measure of statistical significance.

5.1.2 Variable importance for Bayesian ensemble of forests

The obvious drawback of this approach is that random permutation leads to different
results at each attempt. To prevent this, a different approach was preferred for the

where the relevance criterion was defined as
RU™ = L(F(X)) — L(F(X™))) (5.3)

where F(X') denotes the output of the ensemble of forests as described in equation
and L(F (X)) the likelihood of the forest with all values of X for variable m set to

Zero.

5.1.3 Other techniques for the estimation of variable importance

The relevance criterion of ReliefF (defined in algorithm ) provides an additional way
to estimate the relevance of input features, hence giving a total of four independent
estimates from LASSO, RF, BEF, and ReliefF. Similar approaches have also been imple-

mented for other modelling techniques, in which hyper-parameters can be added to

weight each input variable: Relevance Vector Machine (RVMj for SVMs [272] and

ltomatic Relevance Determination (ARD)I for |NN§ [186]. The mathematical elegance of

these approaches however often comes at the price of additional assumptions (normal-
ity of input variables) and a potential decrease in performance, which was neither desired
nor necessarily compatible with the presence of binary or highly skewed variables. The
work on the Bayesian framework introduced by MacKay et al. [188] is however of par-
ticular interest. It will be further described and modified to suit the purpose of feature

selection.
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5.2 Including additional co-variates

According to Moreno and Apolone [202], the third level of customization for models
estimating risk includes the search for more adequate predictors. For instance, the recent
progress in the management of respiratory failure may translate to a decrease in the
predictive power of this variable over time. In a context of limited data availability for
model design, the replacement of this covariate by another may be indicated. Similarly,
the rules for admission to the ICU have evolved over time so that the traditional variables
reflecting the population’s physiology may need to be updated. In particular, population
ageing directly translates to an increasingly older population at admission to the ICU for
whom the markers of severity are likely to be different from the markers appropriates
for their younger counterparts.

For the problem described in this thesis, the need for customization is exacerbated
by the fact that the population described in chapter @ is not a general ICU population.
In particular, the markers of severity are expected to be specific to a population of se-
vere sepsis patients for whom treatment of hypotension was required. To explore this
hypothesis, all of the available covariates presented in section @ will be passed down
to the machine learning techniques described in chapter @] This will allow the objective
identification of the optimal features for the modelling of patient severity. The novel
covariates include: additional physiological markers from laboratory results and bedside
monitors, some comorbidities, treatments (isotonic solutions, colloids, lactate ringers,
vasopressors), microbiology results, and fluid balance (urine output). The relative impor-
tance of these different groups of variables will be discussed further.

All variables presented in section will be used as input variables in this section:
chronic health conditions (CHC), demographic data, admission variables, physiological

variables, neurological status, microbiology results, and medications and interventions.
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5.3 Physiologically meaningful non-linear combination of
raw variables

The complexity of human physiology was touched on in sections and . The
relation between the innate and the adaptive immune systems, their relation to the in-
flammatory response, and the cardiovascular function are mostly directed by non-linear
feedback loops. This is an essential feature of physiology that certainly should guide
the development and choice of engineering techniques designed to investigate human
physiology. Some of the non-linear indices related to the severity of different physio-
logical systems are introduced in this section.

In addition to this, there is a possibility that flexible non-linear machine learning tech-
niques such as neural networks or forests are capable of identifying non-linear relations
between features; for instance, squared heart rate divided by diastolic blood pressure.
While we will not challenge this view, we believe that knowledge-based strategies may
ease the process in a data constrained environment. To demonstrate this, interesting
non-linear combinations found in the literature were implemented and used as features

presented to feature selection techniques.

5.3.1 Body indices

In this section all weight (w), height (h), and age values were given in kilograms, cen-

timetres, and years, respectively.

Body surface area The body area surface (BSA) is a long-standing aggregated value of
height h and weight w [124], which was recently redefined by Schlich et al. [250] thanks

to modern imaging as

In males BSA =9.75482 - 1074 x w46 x pt0® (5.4)

In females BSA =5.79479 - 107* x w®3® x pt% (5.5)
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The validity of such an index has recently been challenged following a series of re-
ports suggesting a protective effect of being slightly overweight in various conditions,
including in the ICU. This value is also regularly used to compute several other indices

involved in the titration of medication (drug dosage).

Ideal weight is similar to the body mass index and is defined by Robinson et al. [245]

who suggested an ideal healthy weight as a function of height:

In males iw =504 0.91 x (h — 152.4) (5.6)

In females iw = 48.67 + 0.89 x (h — 152.4) (5.7)

this formula is also used for the titration of drugs and in particular in sepsis [247]. The

feature we included in our study was dw = w — iw.

5.3.2 Kidney indices

BUN to creatinine ratio Urea nitrogen is a bypass product of the digestion of protein

that is produced at a constant rate by the liver. Similarly, creatinine is a bypass product

of muscle metabolism that is also produced at a regular pace. Both Blood Urea Nitroger

and creatinine are filtered out by the kidneys and elevated blood levels therefore
lead to suspected renal failure. The re-absorption mechanism however differs, which is

why the ratio of the two is found to be indicative of early acute kidney injury.

Urine derivative Urine derivative 0U /0t is simply the temporal derivative of the instan-
taneous urine output signal. A positive value indicates an increased urine output from
the previous recording which may serve as a proxy for kidney function. Conversely, a

negative reading may indicate a degrading kidney function.

Creatinine clearance Indirect markers of renal function such as and creatinine

may not increase until the presence of a large disturbance of kidney dysfunction. Indi-
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rect markers such as the rate at which creatinine is cleared from the blood (creatinine
clearance) may ease the early identification of failure. Ideally, this can be measured di-
rectly from the creatinine levels found in the urine, but estimations exist when this is not

available. In particular, Cockcroft and Gault [65] suggested the following equations :

140 — a
I I c, =123 5.8
n males w88.5-c (5.8)
140 — a
In f I =103 w - )
n females C 03-w Y (5.9)
(5.10)

for 18 < a < 110, 25 < w < 120, 0.6 < C' < 7, and where a and C denote age and
creatinine blood level, respectively. Creatinine (Cr) and sodium (Na) are expressed in
milliequivalents per liters (mEqg/l), a unit of electric charge volumetric density commonly

used for biological results and that relates to the concentration of the product tested.

Hypernatremia is characterized by an excess of sodium in the blood, which is often
caused by a free water deficit in the body. Such a condition may occur in hypovolaemic
sepsis patients resuscitated with saline solutions [134]. An estimation of its severity was

given by Adrogué and Madias [3]:
H3O0qeficit = d - w - (& - 1) (5.11)

where d = 0.6 and 0.5 in males and females, respectively.

5.3.3 Respiratory indices

PaO, to FiO, ratio is the ratio between the inspired oxygen levels (FiO,) and the partial
pressure of oxygen in the arteries (PaO,) as a proxy for the lung capacity to transfer
oxygen from the air to the lungs. Because of the ease of use, this ratio has long been

exploited as an indicator of acute respiratory distress.
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Alveolar-arterial Oxygen gradient (DA-a0,) is measured to help clinicians identify the
cause of hypoxaemiaﬂ]. Estimation of the oxygen gradient is provided by Mellemgaard
[195] with the following equations, that were customized the altitute of BIDM( at Cam-

bridge, Massachusetts (P,;,, = 30mmHg) :

DA—GOQIPAOQ—PaOg

. PQCOQ
= FiOs(Pym — Pro) —
iOa( Pyt H>0) 08
= FZOQ X 713 — 1.25 X PCLCOQ — PCLOQ (512)

where P40, and P,0O, denote the airway and alveolar pressures expressed in millimetres
of mercury (mmHg), respectively. FiO, is a measure of the fraction (%) of oxygen present

in the air inspired by the patient.

5.3.4 Cardiovascular indices

Cardiac output (CO) can be estimated to a constant as the product of the heart rate
(HR) and the pulse pressure (PP, defined in section @) CO = PP - HR. This relation has
been validated in healthy volunteers but it remains unclear how much the approximation

holds in unhealthy people.

Cardiac index (CI) is a proxy for the volumetric blood flow; the flow (in L. min~!) with
respect to the volume of tissue to be perfused. It is expressed as CI = CO/BS, with
BS the body surface defined above and where cardiac output can be the measured or

derived from other observations as seen above.

Double product (DP) is the product of heart rate and systolic blood pressure ABPs,,
defined as DP = HR x ABPs,,. Interestingly, it was noted in various studies as an

indicator of cardiovascular reserve [252] and death [234].

IHypoxaemia indicates a low oxygen levels in the blood. It has to be distinguished from
hypoxia that indicates a localized inadequacy between metabolic needs and supply.
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Shock index (SI) Similarly, the shock index SI = HR/ABPs,, is a non-linear aggregate
of systolic blood pressure and heart rate which was found to reflect the severity of shock

in numerous studies [233, 243].

Stroke volume (SV) represents the volume ejected from the left ventricle at each heart
beat. Clearly there is no way to access this value directly and it is commonly estimated

by SV = CO/HR.

5.3.5 Fluid balance and treatments

Unlike most physiological values, treatments and fluids need to be integrated over a
time window to be meaningful across a population. A simple way of doing this is to take
the sum of the treatment over the period considered. Because treatments are already
available in normalized values per weight unit, there is no need to account for variation
in a patient’s size. Likewise for fluids, the cumulative volume of different types of fluids

will be used as an input variable.

5.3.6 Severity scores

Clinical severity scores are combinations of input variables and could therefore be con-
sidered as independent features. The Van Walraven score for instance aggregates dozens
of dichotomous comorbidities within one index thanks to the information derived
from one hundred thousand previous cases [295]. As seen in section , the result-
ing score offers a higher performance (Nil = 417.7 £ 5.8, AUC = 62.6 £+ 3.1) than a
model using individual and deriving weights for the dataset described in this work.
This indicates that coefficients defining the projection of all comorbidities into a single-
dimensional decision space contain interesting discriminatory information. Ideally, we
would like to re-derive these coefficients for our population. Unfortunately, in a context

of limited training data availability, the use of these external coefficients may not prove
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useful. We will therefore include these scores (APS, SAPS, APACHE, SOFA, and Van Wal-

raven) in the analysis and see the extent to which they contribute to model performance.

5.4 Values not missing at random

Finally, medical data is specific in the sense that the presence (and thereby absence) of a
measurement can reflect the clinician’s decision to order (or not) a test. This is particularly
true in the ICU where data is said to be “"not missing at random” [263]. The absence of a
value may therefore be independently related to severity. Imputing a missing value with
the mean of the variable only gives half of the story: this measurement is non-informative
or biased towards normality. A good strategy to account for the non-randomness of
missing values consists of adding a novel binary covariate indicating whenever the value
is missing. This strategy potentially doubles the amount of covariates, which can be

handled by a feature selection technique.

5.5 Predictive power of the novel groups of variables

5.5.1 Materials and methods

For this study, all of the data will be considered up to 24 hours after the admission time.
There are two reasons to restrict our analysis to the first 24 hours of ICU stay. First of all,
a fair comparison to traditional severity scores can only be achieved with an equivalent
time window. Secondly, the reason why traditional severity scores actually constrain their
analysis to the first day is because they are designed for benchmarking. Consequently
these scores try to capture solely the patient’s severity while later information is assumed
to reflect treatment and intervention. This chapter will report on whether it is reasonable
to assume that treatments, interventions, and their incidence can be ignored during the
first 24 hours of ICU stay.

All variables observed more than once will be aggregated with the following func-
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tions: minimum, mean, maximum, and standard deviation, resulting in 4 features per

variable. The subsets of features considered will then be:

» raw: all raw variables (281 variables);

« nlin: raw and their non-linear transformations (336 variables);
* score: nlin + Van Walraven, APS, and SOFA (339 variables);

* missv: missing values in raw (74 variables);

e all: nlin + missv (414 variables);

Exploring the potential predictive power of these large groups of novel features is
complicated by the relatively small sample size of the dataset. In fact, it only is possible
to do so with the help of appropriate machine learning techniques such as that described
in chapter E] The evaluation of the subset of variables included in the APACHE-IV model
(chapter @) revealed that simpler models rank best. This can be explained by the fact
that fewer parameters can be more accurately be determined in a data-constrained en-
vironment. In particular, LASSO seems to offer an ideal trade-off between simplicity,
computational cost, and performance. Additionally, the final model it provides (logistic
regression model) is the most broadly applied technique for the estimation of risk in the
ICU. Consequently, we will use the LASSO to explore the contribution of different groups
of variables without too great a computational cost.

Yet, adding a large amount of covariates to the problem somehow changes its nature
and shifts the focus from pruning to proper feature selection techniques. In other words,
the problem becomes more about identifying a small subset of features within many
rather than discarding a few within a few. The same theory addresses these problems
(feature selection techniques) but it is reasonable to assume that different techniques will
behave differently in these two contexts. Consequently, the experiment which includes all
the available covariates will be ran with the techniques presented in the previous chapter,
except for the cascaded-SVM [62] and Nu-SVM that did not compare advantageously to
C-SVMs.
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Table 5.1: Performance of models developed using variables collected during the first 24 hours o
ICU admission expressed with the [Negative Log-Likelihood (@) the and the
lMortality Ratio (SMRJ. Different models are considered with different subset of variables: all raw
variables (raw), raw and their non-linear transformations nlin, raw converted into binary variables
indicating where values are missing (missv);, and nlin in addition to APS, SOFA and Wan Walraven
(score). The top rows shows the performance of different models considering all variables and the
bottom rows shows the performance of LASSO using using different groups of variables.

Features Models Type NII AUROC SMR

all (k =414)  LASSO 337.8+6.7 80.39+0.27 0.940.1
- BEF 338.64+89 81.01+£1.50 1.0+0.0

- SVM Nu-SVM (RBF) 341.6+10.7 79.98+1.85 1.04+0.1

- SVM Nu-SVM (linear) 3449+10.7 80.11+1.43 0.940.1

- SVM C-SVM (RBF) 346.2+10.7 79.79+1.38 0.94+0.0

- SVM C-SVM (linear) 351.24+6.0 79.08+0.23 0.9+0.1

- SVM C-SVM (polynomial)  377.1+7.2 76.98+0.80 1.0+0.0

- RF m = M/10 3804455 77.76+1.23 0.9+0.1

- SVM  Nu-SVM (polynomial) 382.7+10.2 77.17+0.47 0.9+0.1

all (k =414)  LASSO 337.846.7 80.39+0.27 0.9+0.1
score (k = 339) - 339.7£8.7 80.204+0.88 0.9+0.0
nlin (k = 336) - 346.34+8.5 79.23£0.55 1.0+0.0
raw (k = 281) - 348.7+10.1 78.85+0.83 0.94+0.0
missv (k = 74) - 386.1+39 71.38+0.94 0.840.1

All covariates’ weights will be estimated within a three-fold validation procedure using

the same split as in the previous chapters. The estimated probabilities will be generated
for each model (at each fold) and then used to compute metrics of performance, which
will be characterized by their mean and standard deviation. Finally, each model will
be applied to the entire dataset in order to identify parameters and the importance of

feature for all available data.

5.5.2 Results

Table @ presents the results of LASSO using different subsets of features (bottom) and

all models with all variables (top). The table provides valuable information on the use-

137



fulness of features and techniques for the problem we describe.

First and most importantly, additional covariates clearly improve the prediction of
mortality from NIl = 369.4 and AUC = 75.1% with APACHE-IV covariates to Nl =
348.7 and AUC = 78.9% with all raw covariates extracted from MIMIC-II using the LASSO
model. Then, there seems to be an interest in using the additional groups of features
suggested even though the difference between the different subgroups (raw, nlin, score,
and all) was not found to be statistically significant. Non-linear combination of these
raw variables offers an additional gain in discriminative power (IDI = 0.8, p = 0.13)
from which a similar improvement is provided by the addition of severity scores as an
input feature (AUC = 80.2%). Finally the use of all input features (except severity scores)
offered the best performance with Nil = 337.8 and AUC' = 80.39% providing an inte-
grated discriminatory improvement of /DI = 3.3, p = 0.02 when compared to the best
results reported with the APACHE-IV subset of variables in the previous chapter.

Interestingly, a model using only binary values to indicate whether a value is missing
or not offers an AUC of 71.38%. This indicates that values are not missing at random.
This phenomenon has long been described [209] and derives from a simple fact: every

intervention has a cost (financial or medical) which also applies to tests. For instance,

|Magnetic Resonance Imaging (MRIi is an expensive and limited resource that clinicians

restrict to patients who are mostly likely to benefit from it. Similarly, blood samples are
minimized so as to not further reduce a patient’s volume, which particularly applies to
patients with sepsis who already lack fluids. In both cases, the presence (or not) of a
variable directly reflects the clinician’s opinion of the patient’s physiology.

Again, of all the machine learning techniques tested on this dataset (with k£ = 414)
LASSO performed the best with the . No statistically significant difference was found
between the different SVM architectures although the polynomial kernel consistently
performed worse. Random forest classifiers provide better results on this dataset than in
previous chapters but does not compare favourably with other techniques including .

This corroborates the recommendation of Breiman [44] who suggested using a feature
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importance metric to filter out meaningless variables prior to growing the forest.

5.5.3 Most predictive features

Table @ shows the thirty most important predictors identified from the different groups
of variables (raw, missv, nlin, score, and all) and according to the different modelling
techniques (LASSO, BEF, RF, and ReliefF). Figure El! offers a more accessible although
less accurate presentation of the data presented in the last four columns of table .
First of all, the left-hand column shows that additional clinical features complement the
groups of variables traditionally included in severity scores such as SAPS-3 and APACHE-
IV. For instance, the average urine output recorded, the presence of chronic depression,
the level of alkaline phosphatase (ALP), the blood levels of chlorides, and ethnicity are
usually not included in severity scores. In addition to this, the most relevant variables
seem especially specific to the population of patients with sepsis and hypotension. For
instance, temperature, heart rate, respiratory rate, and WBC all relate to the SIRY. Lac-
tate is a by-product of anaerobic metabolism and therefore indicates a lack of tissue
perfusion. SOFA components and urine output indicate some extent of organ dysfunc-
tion. Finally, the time of onset and the length of the hypotensive episode are specific
to the sepsis-induced hypotension. The inclusion of all these variables in addition to
the increase in classifier performance of the model built from these covariates clearly

demonstrates the importance of this level of customization.
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Table 5.2: Thirty most important variables accordin

to relevance metrics derived from different models and ensembles of variables. The models

are: Least Absolute Shrinkage And Selection Operator (LASSQ), Bayesian Ensemble of Forests (@ Bayesian Ensemble of Forestd (@) and ReliefF.

The groups of variables are: all raw variables (raw), raw and their non-linear transforms nlin; raw converted into binary variables indicating
where values are missing (missv); and nlin in addition to APS, SOFA and Wan Walraven (score). When appropriate, the variables are aggregated
over the first 24 hours with an operator: minimum (Min), Mean (), Maximum (Max), and standard deviation (o). Missing values are binary coded
and indicated by the letters “MV". In parenthesis is indicated the metric of relevance: the coefficient (5 for LASSO, R (k) for RF and BEF (see section
, and the relevance index for the ReliefF algorithm (as described in algorithm .

LASSO BEF RF ReliefF

raw missv nlin score all - - -

SAPS-I (0.40) No Hepatic failure (-0.37) SAPS-I(0.42) SOFA Admission (0.37) SAPS-I (0.40) SAPS-I (429.70) Urine Output (0.19) Tropo-T - MV (5.39)

Urine Output - 1 (-0.26) No Bypass (0.20) Urine Output (-0.24) SAPS-1(0.34) No Hepatic failure (-0.26)  No Hepatic failure (267.70) HCO3 — 11 (0.18) No Hepatic failure (5.29)
Temperature — p (-0.24) Lact. Ringers — MV (0.19)  Temperature — 1 (-0.19)  Temperature — x (-0.23) Age (0.22) Age (238.42) INR — Max (0.18) Age (5.20)
Elective Adm. (-0.19) Cardio SOFA — MV (-0.15) Depression (-0.17) Urine Output (-0.21) Urine Output (-0.18) Urine Output - 1 (196.14) Hemato. SOFA - 1 (0.17) Hep. SOFA — 1 (5.10)
Depression (-0.18) Ca?t =MV (-0.15) Hemato. SOFA - 1 (0.16) Van Walraven (0.20) Lact. Ringers — MV (0.18) Onset time (145.11) pH - Min (0.17) SAPS-I (5.00)

HR — Max (0.16) Not Intubated (-0.14) Met. Cancer (0.16) Lactate — Min (0.17) Hemato. SOFA — 1 (0.16) Temperature — Max (140.99) SAPS-1(0.17) Sa0, MV (4.81)

Lactate — Min (0.16) Age - MV(0.11) Elective Adm. (-0.15) APACHE-IV (0.17) Met. Cancer (0.16) Urine Output (125.69) Urine Output - 1 (0.16) CHF (4.69)
Met. Cancer (0.16) PaCO, — MV (-0.10) Lactate — Min (0.15) Lact. Ringers—>" (-0.16)  Temperature —  (-0.16) Temperature — 1 (114.50) No Hepatic failure (0.16) Liver Disease (4.69)
Hemato. SOFA — 1 (0.15) Tropo-I- MV (-0.10) Age (0.14) Depression (-0.15) Depression (-0.14) Met. Cancer (67.49) Bilirubin — Min (0.16) CVP - MV (4.68)
Age (0.15) INR - MV (-0.09) HR - Max (0.14) Chronic Pulm. (-0.13) Lactate — Min (0.13) Hemato. SOFA — 1 (63.94) BUN - Max (0.16) Is Not Intub. (4.47)

ALP — Min (0.15) Cholesterol - MV (0.09)  Hepatic SOFA — 1 (0.13) Elective Adm. (-0.13) No Bypass (0.13) Insulin - 3" (58.42) Bilirubin — Max (0.16) Not Staph. Aur. Coag. (4.36)
Surgical ICU (-0.14) WBC - MV (0.08) Lact. Ringers — Y (-0.13) Insulin-3" (-0.12) Elective Adm. (-0.12) Lactate — Min (54.42) BUN - Min (0.15) Eye Open (4.24)
BUN - Min (0.14) SAS-1- MV (0.08) Insulin -3~ (-0.13) Surgical ICU (-0.11) HR - Max (0.11) GCS - 11 (53.47)  Hepatic SOFA - 1 (0.15) Hema. SOFA (4.12)

No Bypass (0.14) No Insulin (0.07) ALP - 11 (0.12) ALP - Min (0.11) BUN - Min (0.10) HR - Max (53.33) Urine — Max (0.15) Not Blood Infection (4.00)
Hepatic SOFA — 1 (0.14) No Sedative (0.07) Shock Index - Max (0.12) FiO, — o (-0.11) Ca*t =MV (-0.10) Ethnicity (53.09) Hepatic Failure (0.15) Surgical ICU(3.87)
Resp. Rate — Min (0.12) Sa0, — MV(-0.06) Ethnicity (0.10) Age (0.11) Ethnicity (0.10) BUN/Creat — i (52.31) Bilirubin — 1 (0.14) Albumin — MV (3.74)
INR - 12 (0.12) Tropo-T — MV (-0.06) INR - 12 (0.10) WBC - ¢ (-0.10) PaCO, — MV (-0.10) Lact. Ringers — MV (51.09) Lactate — Max (0.14) Trop-I- MV (3.61)

Bilirubin — Max (0.11) Bilirubin — MV (-0.06) Bilirubin — Max (0.10) Hemato. SOFA — 1 (0.10) Age — MV(0.10) Lact. Ringers — >~ (50.30) AST — 11 (0.13) Weight Loss (3.46)
Liver Disease (0.11) Resp. SOFA — MV (-0.06) Resp. Rate — Min (0.10) Ethnicity (0.10) INR - 12 (0.09) Eye Open (49.41) Lactate — Min (0.13) Renal failure (3.32)
Motor Response (-0.11) No Enteroco. Faecium. (-0.06) BUN - Min (0.10) Resp. Rate — Min (0.10) Liver Disease (0.09) Resp. Rate — Min (47.55) INR -4 (0.13) No Sedative (3.16)
Chloride — Max (-0.11) ALT — MV (-0.05) Liver Disease (0.09) INR - 12 (0.09) Bilirubin — Max (0.08) Resp. Rate — 1 (46.59) Bilirubin — ¢ (0.13) Met. Cancer (3.00)
FiO, — 0 (-0.10) No Graft (0.05) FiO, — o (-0.09) Shock Index — Min (0.09) DP - 1 (-0.08) HR - 1 (44.80) Verbal Resp. (0.13) FiO, — Max (2.98)
Ethnicity (0.10)  Not Staph. Aur. Coag. (-0.05) Surgical ICU (-0.09)  BUN/Creat — Min (0.09) pH - o (0.08) pH - 0 (42.34) Eye Open (0.13) Motor Response (2.65)

Pressors — o (0.10) FiO, — MV (-0.05) BUN/Creat — Min (0.09) Liver Disease (0.09) Eye Open (-0.08) INR - 4 (42.19) Platelets — Min (0.13) Eye Open (2.60)

WBC - ¢ (-0.10) Not Pseudo. Aerus (-0.05) Resp. Rate — 1 (0.09) Eye Open (-0.09) BUN/Creat — Min (0.08) BUN/Creat — Min (41.71) Urine — ¢ (0.13) Urine — ¢ (2.50)

HR - 1 (0.09) Glucose — MV (-0.05) Chronic Pulm. (-0.08) Bilirubin — Max (0.08) WBC - o (-0.08) WBC - o (41.08) ALT - Max (0.13) ALT - Max (2.47)

Chronic Pulm. (-0.09) Lactate — MV (-0.04) WBC -0 (-0.08)  Temperature — o (-0.08) No Insulin (0.07) BUN - Min (39.35) Temperature — p (0.13) Temperature — p (2.45)
Temperature — o (-0.09) No Riker’s Scale (0.04) Pressors — o (0.08) Met. Cancer (0.08) Hepatic SOFA - 1 (0.07) Pre-LOS (39.27) pH-MV (0.12) pH - MV (2.02)
Eye Open (-0.09) HCT - MV (-0.04) Eye Open (-0.08) Na - Min (0.08) Chronic Pulm. (-0.07) Temperature — o (39.23) Lactate — 1 (0.12) Lactate — 11 (2.02)

Mg - Max (-0.08) NIMAP — MV (-0.04) Chloride — Max (-0.08)  Hepatic SOFA — 1 (0.08)  Shock Index — Min (0.07) SpO, — 0 (36.24) pH -0 (0.12) pH -0 (2.01)
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Figure 5.1: Aggregated representation of variable importance. The size of each variable name on
this “word cloud” is the mean of the normalized variable importance metric given by the LASSO,
BEF, RF, and ReliefF algorithms as seen on table @

The coding of missing values into binary variables also provides interesting results.
For instance, it is known that hypocalcaemia is linked to very poor outcomes in critically-
ill patients [82] and in particular in patients with sepsis [314]. Of all electrolytes, only the
presence of a Ca?* reading during the first 24 hours (reflecting the suspicion of Ca** de-

rangement) was found to be associated with severity (positively). Similarly, the presence

of at least one lArteriaI Blood Gas (ABGj reading such as PaCO, or SaO, was also found to

relate positively to severity. Finally, results from microbiology indicating the presence of
some resistant agents, Enterococus Faecium [108] and the well known meticillin-resistant
Staphylococcus aureus (MRSA) [275], were also found to increase severity.

In addition to the importance of missing values found in blood tests, missing val-
ues also reveal the importance of interventions (prior and during the ICU stay) in the
prognosis of sepsis. The presence of by-pass surgery and any number of grafts prior
to admission were associated with decreased severity, which certainly relates to the less
severe group of post cardiac surgery patients. Similarly, the presence of some interven-
tions during the first 24 hours was also found to relate to severity: lactate ringers fluids,
intubation, insulin, and sedatives; of these, only intubation was found to be positively
correlated with severity. The role of insulin in the treatment of sepsis is somewhat con-
troversial: an in-vitro study demonstrated sepsis-induced insulin-resistance in a murine
model [121] while the use of intensive insulin therapy was later discouraged in a popu-

lation of patients with severe sepsis [46]. These findings however stress the importance
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of intervention variables during the first 24 hours of ICU admission and challenge the
hypothesis that the data collected in this time window can be used to build models for
benchmarking purposes.

The contribution of a non-linear combination of variables was also found to be bene-
ficial. First, the integration (sum of) of treatments over the period considered contributes
to the model as with lactate ringers and insulin. Only two other non-linear indices con-
tributed significantly (p < 0.05 in the LASSO model): BUN to creatinine ratio and shock
index. In terms of severity scores, APS and SOFA contributed equally to the model and
should be included in the future analysis (they are not part of the group all).

Finally, the identification of features of interest from the most complete subgroup
(all) with different modelling techniques revealed some interesting commonalities and
variations. First of all there is a consistent group of variables which came out top: SAPS-],
age, hepatic failure, urine output, and temperature. Bilirubin blood level and respiratory
indices also play an important role, which is consistent with findings reported in the
literature, as presented in section . Metastatic cancer and hepatic failure were the
only two comorbidities consistently selected by different techniques. To summarize, a
data-driven approach, which is not dependent on prior known biology, enabled us to

select the best predictors for inclusion in our model.

5.6 Conclusion

The previous chapters suggested that the customization of a model's parameters to a
specific population improves the overall performance when using the clinical covariates
included in APACHE-IV. In this chapter we explored the potential of a second level of cus-
tomization: the addition of novel covariates to build the model. First, all available clinical
observations were used to derive the model. Then, different subgroups of variables were
added: non-linear combinations of clinical covariates (including existing severity scores)

and missing values. To deal with such large sets of variables and identify important
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clinical predictors in each subgroup, different estimations of variable relevance were in-
troduced for each machine learning technique implemented. Again, the simpler model
(LASSO) compared advantageously to more complex techniques (RF, BEF, SVM) that did
not improve the estimation of a patient’s severity. Taken independently or together, each
group of covariates contributed positively to the model highlighting the importance of

some variables with potentially meaningful clinical implications.
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Chapter 6

Feature selection and parameter pruning

using a genetic algorithm

6.1 Introduction

In the preceding chapters we have seen that the problem of outcome prediction in the
is complicated by the large number of available covariates and the limited num-
ber of observations in existing databases. Nonetheless previous results have also built a
strong rationale for the use of objective variable selection rather than one based purely
on expert knowledge. The machine learning community has addressed the problem of
feature selection with encouraging results despite a slight predominance of filter tech-
niques such as ReliefF and that seem less optimal and elegant than wrapper tech-
niques such as . In addition to this, there is much evidence that grid searches for
the identification of model hyperparameters are not an optimal solution, from the point
of view of both performance and computational cost [28]. To illustrate this, the use of
suboptimal pruning technique (grid-search) and filter feature selection technique (Reli-
efF) for optimization possibly account for the relatively low performance reported
in chapter@] (AUC of 74.3%). Consequently, a global framework for parameter pruning

and feature selection may improve the performance of these techniques.
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There is a broad variety of heuristic algorithms for optimization, which could poten-
tially serve as a global framework for this task. In particular, nature offers numerous
examples of how the optimization of global functions using distributed and local intel-
ligence: ant colonies for the search and processing of food sources [79]; various swarm
organizations such as fishes, bees, and birds [149]; and social spiders that use a series of
local rules to build massive webs [71]. From these, a whole variety of bio-inspired tech-

niques have been created, most of which are massively distributed. For instance,

Swarm Optimization (PSO) [154] consists of a swarm composed of particles representing

a given combination of parameters in the search space. After random initialization, par-
ticles are iteratively moved through the search space at random and according to local
(position and direction of neighbours) and global rules (centre of mass of the swarm).
These rules are inspired by swarm movements in nature and are defined with respect to
an objective or fitness function that has to be optimized. Eventually, the process con-

verges to a global solution.

A benetic Algorithm (GA)I is a heuristic optimization algorithm that mimics the mech-

anisms of duplication and natural selection. It is initialized with random ‘individ-
uals’ (also called genotypes constituting a binary vector which defines which subset of
variables will be used). The performance of each individual is estimated with a fitness
function (measuring how well an individual, or given subset of variables, discriminates
and calibrates in a prediction task). The initial (random) choice of individuals is likely to
be sub-optimal, and an iterative process of ‘natural selection’ is used to converge to a
stable population of suitable individuals. At each iteration, a percentage of the best indi-
viduals bred to generate offspring (the new generation), to whom selection and breeding
is subsequently applied. The best individuals are cloned (to ensure that the best indi-
vidual in the next generation is at least as good as in the previous one), and the poorest
performing individuals are removed from the “breeding cycle”. Eventually, this evolu-
tionary process selects the most adapted subset of variables with respect to the given

fitness function [106, 137, 205]. This technique has been successfully applied to variable
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selection [308] and in particular to biomedical and clinical datasets [315, 144].

This chapter describes the concept of in more detail and presents their imple-
mentation in this work. In particular, different fitness functions are introduced to tackle
the problem of combined feature selection and parameter pruning introduced above. All
experiments presented in this chapter use exactly the same three-fold cross-validation
procedures as in the previous chapters. The data have also been normalized as described
by equation with special care given at every cross-validation level not to input in-

formation derived from the validation set.

6.2 Description of Genetic Algorithm

6.2.1 A brief introduction to Genetic Algorithms

The terminology of , like their mechanism, is largely inspired by biology and will be
described here to ease the understanding of the following sections. In particular, table

El! lists the parameters, indices and notations that will be used throughout this chapter.

Table 6.1: List of parameters used to describe principles of Genetic Algorithms in this section.

Parameter Index Maximum value Notation

Patient i N
Variable j P X2l
Bootstrap b B
Generation k S
Individual l R I,k
Gene m Q

Individual In the context of a binary @ like the one described in this work, genotypes

are binary vectors and will be denoted by 7;. They are also referred to as individuals since
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different bits (or groups of bits, i.e. genes) code for a specific parameter. For instance,
as illustrated in Figure El] a binary gene 7, of length one, can code whether or not
a certain variable is included in the model described by the genotype. Alternatively,
another gene of a longer length can code a parameter’s value after conversion from

binary to decimal values.

Variables Parameter

001010100000010101 0010
sy —»070000100010010100 1110'—|—i>14
000010001001000010 0000
011010100011000101 0001
A A

m=1 m=22

Figure 6.1: This shows an example of a population with R = 4 genotypes of length Q) = 22. The
genes located m = 1 to 18 code for variable selection so that genotype s, selects variable 2 with
location m = 2 set to w2 = 1 (yellow). The gene located from m = 19 to 22 codes for a parameter
that is then converted to decimal: in blue o9 99 = 14.

Population The genotypes constitute the lines of a matrix, denoted I1. This constitutes
the “population” as it is composed of several individuals. Further in this section, we will
see that are iterative algorithms and a population will consequently also be referred
to as a generation. At each generation, the best individuals with respect to a fitness
function will be paired up and bred to create a new generation (i.e. the offspring). Over
generations, the performance of the fitness function will be increased to finally select

genotypes (combination of variables and parameters) that offer the best performance.

6.2.2 Initialization

The first population, TI?, is a random population of R genotypes. In this work, genes

coding for variable selection are initialized with a Bernoulli distribution with the mean ar-
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bitrarily set to p = Niyqgining * P(Non— surviving) /10) where Ny,qining denotes the number
of observations in the training set and P(Non—surviving) the probability of a patient not
surviving on this set. This initialization ensures that, on average, genotypes select about
one variable per 10 positive occurrences of the event (in-hospital mortality), thereby en-
suring a favourable number of cases to variables ratio. On the other hand, genes coding
for parameters are drawn from a Bernoulli distribution with the mean arbitrarily chosen

as p = 0.3; this parameter however was not found to influence the algorithm behaviour.

6.2.3 Iteration

GENERATION #k

Variables
0110010 ——> 0110010 %,
| 1000101 N
€| 0101001 2 Ty,
S| 1101001 S N N
() et |:">_: ;
= DATA i3 3
2 =] 2
o s =
GENERATION #k+1 1 .
.__i m
1000101 || 4
1101001 [TN_Elitism
0111010 p N
0100011 ] 1000101 12.4
1101001 15.6
BREEDING 0101001 21.6 N .
0110010 33.24 €an o
Log-likelihood
N /

Figure 6.2: Description of iteration k of the Genetic Algorithm. Each row (genotype/individual) is
evaluated as follows: (1) features indicated by the binary genotype are extracted from the data set;
(2) during a bootstrapping procedure the performance of the subset of variables is estimated on
different validation sets; finally (3) the new generation TI***1) is created as detailed in figure @

Each generation II®), starting from initialization, is then evaluated as described in
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figure . For each genotype:

k)

1. The subset of features indicated by each genotype 7rl( is extracted from the dataset,

which incidentally reduces the dimensionality;

2. Model parameters are derived for each genotype, I, with a specific mapping func-

tion ® that covers a desired range for the parameter; for example, if the parameter

bin2dec(myp,)

m Where bin2dec

belongs to [0, 1] it will be coded as: p = ®(m,,) =
denotes the function converting a binary sequence into a real number so that for
instance, bin2dec(101) = 1 x 22+ 0x 2! +1 x 2° = 9), m indicates the parameter’s in-
dices (location in genotypes) and the denominator represents the highest possible

value coded;

3. Each model is then trained with the selected variables and parameters during a
bootstrapping procedure, as introduced in section . The output of each
model trained is then used to evaluate a fitness function that reveals how well

the combination of variables and parameters is performing on “unseen” data as

detailed in ;

4. Finally, the population is ordered with respect to the fitness function and bred as

explained in section .

6.2.3.1 Fitness function

Most machine learning techniques have to be controlled to avoid overfitting (see sec-
tions and [1]) and a general rule is that the more complex the model, the more
likely the overfitting is to occur. To prevent the optimization process from iteratively se-
lecting more and more complex solutions (by increasing the number of selected variables
for instance) and thus overfitting the training data, two strategies can be implemented:
(1) an additional cross-validation layer can be added to optimize the out-of-sample per-
formance or (2) a penalty term can be added to the fitness function. The first solution

comes with several limitations that will be further detailed while the second brings us
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back to the choice of an arbitrary hyperparameter: the weight of the “shrinkage” coeffi-
cient. To conclude, depending on its nature, the fitness function can be estimated on the
entire training set or on the validation set should any additional cross-validation layer
be implemented at this level.

If so, for each training set b, the performance of the subset of variables is estimated

as follows:
1. Model parameters 5®) are fitted to the training data;

2. The probability of a patient dying 7® is then estimated for all the cases in the

validation set;

3. Finally, the performance of the genotype on the validation set x® can be

validation

taken as the log-likelihood (equation @) even though any other metric of perfor-
mance can possibly be considered.
6.2.3.2 Breeding

The breeding process is detailed in figure @ It shows that a child population is com-

posed of:
« 10% of the best genotypes from the parent population (3b);

« 90% mutated offspring (3a), which were created during a three-step process, that

mimics DNA replication:

3a-i genotypes falling into the best 45% of the parent population are randomly paired

up;

3a-ii selected pairs of parents are crossed over at random locations, creating two chil-

dren;

3a-iii finally, children undergo random mutation of 20% of their genotypes.
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Figure 6.3: Genotypes in the k' population are sorted by descending log-likelihood on validation
set. The first 10% of genotypes are directly passed down to the next generation (Elitism, 3b). The
first 45% are bred: (3a-i) genotypes are randomly paired up; (3a-ii) pairs of parents are crossed-
over at random positions to create 2 offspring; finally (3a-iii), a random 20% of children’s genotypes
are mutated (bits are flipped). Eventually, the (k + 1) generation is composed of 10% of the best
genotypes from the previous population and 90% mutated offspring.
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The parameters in this section were initially set to values previously used in literature
[308] and subsequently tuned. However, the algorithm was not found to be sensitive to

them.

6.2.3.3 Stopping criterion

The maximum number of generations was set to K = 200 and, in order to prevent the
selected variables from overfitting to the splits of the data chosen in the bootstrap proce-
dure, an early stopping criterion was defined from consecutive log-likelihood estimates
l; and [; as:

bito = < 0.001 (6.1)
li+10

6.3 Different approaches to GA optimization

6.3.1 Feature selection for logistic regression
6.3.1.1 Rationale

In section we have seen the added value of a feature selection technique being
carried out prior to any model generation. In particular the LASSO model offers an
efficient wrapping technique that optimizes the selected features as well as their co-
efficients. In practice however it requires the identification of a parameter o that was
introduced in equation . This parameter essentially defines the amount of shrink-
age to be applied to the model, which is equal to a when « = 0. The identification
of this parameter usually involves a unidimensional line-search that optimizes cost func-
tion (log-likelihood) with or without the use of a cross-validation procedure. All together,
this introduces additional parameters: choice of a cost function, use and type of cross-
validation scheme as well as its parameters. All of these potentially reduce the potential
repeatability of the study.

Alternatively, adequate implementations of the @ could iteratively identify the sub-
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set of variables that maximizes the probability of the dataset given the proposed model
(log-likelihood). This approach offers two important advantages: first, the @ can opti-
mize the log-likelihood rather than a parsimonious version of the asin , which
may be found to be more sensitive to outliers; second, no hyperparameter («) is required
because the number of selected variables is automatically driven solely by the variation
in out-of-sample performance. Consequently, the GA with such a fitness function should
provide results that are at least as good as that provided by . This first implemen-
tation of the GA therefore has two objectives: to validate the GA implementation and to

estimate the potential benefits of this approach compared with the LASSO.

6.3.1.2 Fitness function for logistic regression

The fitness function is evaluated during two randomly selected 8-fold validation pro-
cedures. At the end of this procedure 16 different models including exactly the same
subset of features will be evaluated using different training data. Each observation is
used exactly 14 times for training and exactly twice for validation. Besides, variations
of these parameters (number of folds and repetitions) were not found to influence the
performance even though they had a direct impact on the computational cost (this will
be further discussed later). All genomes from the same generation are evaluated on the
same folds, which are randomly sampled at each generation. This is meant to prevent the
overfitting to some specific data split with respect to the selected variables. Finally, for
each training set b in the bootstrap procedure, the performance of the subset of variables

is estimated as follows:

1. logistic regression 5 parameters are fitted with equation @ to the training set

Xtraining;

2. probability of death is then estimated on the validation set x® with ) =

validation
(5", Xy

val

) where 7 denotes here the logistic function defined in equation B.2
3. finally, the performance of the genotype on this validation data is taken as the
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log-likelihood described in equation @

Finally, the score given to the j™ subset of variables is computed from all validation

values:

logL(B| X)) =

—
HMm

Yoo =y -8 X)) + u"w (B xi®) | (6.2)

i€validation(?)
6.3.1.3 Types of models

Some variables are expected to be very similar: minimum and maximum values of a fea-
ture over some period of time, chronic health conditions extracted with different tech-
niques (ICD-9 versus NLP extraction from discharge summaries). Consequently, it is ex-
pected that the algorithm will select varying solutions across different runs. In addition
to the stochastic nature of the algorithm, the selection of random folds for the evaluation
of each genotype introduces another layer of variability. To capture this variability and
estimate the consistency, the GA will be run 20 times. At the end of each run, the best
individual from the last generation will be kept. From these runs, 4 different models will

be extracted and evaluated:

« Best: the model that offers the best cross-validated performance of all genotypes;

 Averaged: the next three models are based on a variable importance metric, simply
defined by the number of times a feature is included at the end of a run; as such, the
GA transforms into a filter feature selection technique. The best ranking features

are included in models of varying dimensions:

— CV: the features are included one-by-one and a five-fold validation procedure
is used to estimate the out-of-sample performance (log-likelihood) for selec-

tion of the optimal size;

— Max: the maximum size of all selected genotypes (the best ranking in the last

generation) is used;

— Median: the median size of all selected genotypes is used.
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6.3.2 Parsimonious model inspired by automatic relevance determi-

nation

Despite its interesting properties, the aforementioned GA framework for the optimization
of log-likelihood during feature selection has a drawback: the different levels of cross-
validation required to estimate the out-of-sample performance and prevent over-fitting.
These introduce a source of variability in the results and impair the overall repeatabil-
ity. Another disadvantage is the fact that each cross-validation layer further reduces the
available data left for training. Ideally this should be avoided for such a data-constrained
problem. In addition to this, each cross-validation layer multiplies the number of mod-
els to be fitted for the estimation of a single genotype, thereby dramatically increasing
the computational cost. These are an incentives to implement a cost-function offering
parsimony on a single fold.

Bayesian statistics provide an excellent framework for model comparison, which has
been detailed at length by MacKay [186], and in particular in his work on @ (188,
187]. The model comparison is achieved using a two-level inference framework: the first
defines the most likely parameters given the data, while the second infers the most likely
model (architecture) given the data.

Let us first introduce the posterior probability of a model’s assumptions, #, given the
data D:

P(H|D) < P(D|H)P(H) (6.3)

The Evidence for the data P(D|H) in equation EB] can be marginalized as follows:
P(DIM) = [ P(DIS H)P(3[H)a5 64

where (3 are the parameters of our model. Assuming that the posterior P(5|D,H)
P(D|B,H)P(5|H) has a strong peak at the most probable parameters 3,p, we can esti-

mate the evidence by the height of the integrand’s peak times its width o (see figures
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in MacKay et al. [188]):
P(D|H) = P(D|pup, H) x P(Bup|H) X oD (6.5)

The first term of equation @ is the best fit likelihood that can be estimated from
equation @ The second term only depends on the probability density function for
the parameters (i.e. the “priors”, our initial hypothesis on the model). The width of the
parameters given the data (the posterior o4p), can be estimated from the Hessian A
(or the inverse of the covariance matrix) as ogp = det_l/Q(A/Qw) [188] where det(A)
denotes the determinant of matrix A. We implemented the following fitness function on
the GA, where [, is the fitness function defined in equation :

Pkj

fitness; = 1+ log (H P(Bi|H) x
1=1

_> 66
det(A/2m)

Equation @ will favour simple models with good generalization over complex models
at equivalent performance, which naturally embodies the concept of Occam's razor [36].
More precisely, a model including a high number of variables will probably overfit and
show a high log-likelihood /; that will be tempered by a lower posterior of the parameters

o8p = m. At the same time, between two models including the same number of
features the @ will favour the model best optimizing the log-likelihood of the model,
the prior of the parameters, and the posteriors ogp.

The main advantage of this technique is that the whole of the available data (train-
ing and validation sets) can be dedicated to variable selection without the need for any
cross-validation procedure. This means that there is a single solution to a well-defined
problem. However, it is most likely that the heuristic will not consistently identify this
unique solution given the large dimension of the searching space and the model will be
run 20 times to capture this variability. At the end of each run, the best individual from

the last generation will be kept and three different models can be built as in the previous

section:
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« Best: the first model is the one that offers the best cross-validated performance of

all of the best genotypes;
« Mode: the exact subset of features that is most often selected (if any);

« CV, Max, and, Median are defined as in the previous model.

6.3.3 Feature selection and parameter pruning for support vector ma-

chines
6.3.3.1 Previous work on SVM parameter optimization and feature selection

were introduced in section . The optimization of the hyperparameters for
(kernel type and coefficient, dimension) is still an active field of research. Grid search
[138, 296] is very commonly usually used for the optimization of the parameters but
suffers from two obvious drawbacks: if the grid interval is too small then the search is
computationally too intense and if the interval is too coarse then the optimization is
likely to be suboptimal. In addition to this, there is no guarantee that the identified
hyperparameters remain optimal for different subsets of features, which constitutes a
rationale for simultaneous feature selection and the parameter optimization. have
previously been used for parameter optimization [216, 306] and feature selection
[181, 95]. To the best of our knowledge, the first attempt to simultaneously optimize

parameters and select features was made by Lin et al. [183] who used

lAnneaIing (SAj. IGASI have also successfully been applied to this problem [140] showing

better performance over the traditional grid search. However, the fitness function used
in this work required the choice of new parameters to prevent overfitting. On the con-
trary, the approach chosen here is to rely on cross-validation strategies to adequately
tune model complexity (number of features included, kernels coefficients and slack vari-
able). Previous results presented in section showed that the combination of C-SVM
with kernel seemed optimal, both in terms of computational cost and performance.

Consequently, this is the architecture that was chosen to be optimized here.

157



6.3.3.2 Description of the fitness function

The slack variable C' and the o parameters were coded on nine bits with the 7 function
defined as follows

bin2dec(mm,)
50 10

T:m— 2 (6.7)

so that all possible values were log-distributed between 272 and 2° which conveniently
covers the area of best performance for both parameters according to the grid-search
carried out in section while keeping away from computationally expensive areas
of the search-space also identified in that section.

The initialisation of the population was similar to that previously described for the
part of the genotype that relates to feature selection. The 18-bit-long coding for the hy-
perparameters was simply initialized with a random Bernoulli distribution with the mean
arbitrarily set to u = 0.3; this parameter was not found to be sensitive. After initialization,
the evolution process was carried out as detailed above, independently of the segment
type (variable or parameter). Finally, the genotype evaluation (combination of subset of
variables and hyperparameters) was carried out with the fitness function presented in
equation @ Unlike previous studies, the GA was only run once; the best performing in-
dividual in the last generation was selected and the model was finally fitted to the entire

training set using features and parameters indicated by this genotype.

6.4 Results

The performance achieved by the different implementations of the GA is presented in
table @ which reports similar metrics of performance as seen in the previous chapters
and on the very same folds. A column has been added to the table in order to indicate the
size (humber of included variables) of each model. This is meant to show the variations
in model size with respect to model performance, which are implicitly included in the
@ fitness function.

The best model performance as defined by the Nil was reached by the

Q
2
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Table 6.2: Results provided by different implementation of the GA sorted by decreasing perfor-
mance: Automatic relevance determination (ARD), Support vector machine (SVM), and Logistid
regression (LR) .
Fitness Model Model NI AUROC SMR
function selection size
ARD MaxSize 34 333.1+48.2 80.0+£0.6 0.99+0.10
ARD MedSize 26 3348+7.0 79.4+0.7 0.98+0.11
SVM Best 100 3379+6.1 80.0+0.3 0.99+4+0.09
ARD Cross-validated 60 33754154 80.3+1.0 0.96+0.12
ARD Best 32 341.0+7.6 79.1£0.6 0.96+0.11
ARD mode 13 341.1+7.0 78.0£0.9 0.95+0.11
LR Cross-validated 69 341.8+10.8 80.7£1.1 0.97+0.11
LR MaxSize 40 3529+13.1 80.6+0.1 0.99+0.07
LR MedSize 36 3545+124 80.3+0.1 0.98+0.08
LR BestModel 40 357.2+324 79.1+2.2 0.974+0.05

|Re|evance Determinatior{ (IARIj) model of larger size amongst all 50 runs of the GA. This

model had a NIl of 333.1 £ 8.2 and an AUROC of 80.0 £ 0.7% with a model size of k =
34. This model did not offer a statistically significant difference to the other top five
models of this table with any of the metrics presented in section . Interestingly, the
model with the second best performance only included k£ = 26 variables and showed
good performance NI = 334.8 +7.0. The model based on the logistic regression fitness
function seemed less likely to have generated the data according to the likelihood values.
However, the model of the largest size (k = 66), whose dimension was identified thanks
to an additional level of cross-validation, offered the best discriminatory power (AUC =
80.8+1.1). The SVM-based model did not offer the best performance (NIl = 337.9+6.1,
AUC = 80.0 £ 0.3) but compared advantageously to previous occurrences of a similar
SVM model (C-SVM with RBF) trained on the same subset of variables, as presented in
section (NIl = 377.0 + 3.4, AUC = 74.3 + 0.8).

Figure @ illustrates the convergence of the different versions of the GA across all
runs. While both LR and SVM (in black and green, respectively) are estimated on 2 x 8

folds in order to prevent overfitting, the ARD (in blue) is estimated on the same unique
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training set, which is why the blue dots show a clear positive offset in performance. The
difference in performance between the figures seen in this figure and those in table @ is
due to the process of external validation: the cross-validated results in green and black
in figure @ are indeed closer to the real performance on unseen data than the results

generated on the training set (blue dots).
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Figure 6.4: This figure shows the evolution of the fitness function over the generations (x-axis) for
the logistic regression (LR, black), automatic relevance determination (ARD, blue), and the support
vector machine (SVM, green).

The computational cost of the different approaches is presented in table @ that
shows for each technique, the number of runs planned, and the average number of
iterations per run. The worst technique in terms of computational cost was the SVM-
based fitness function that required more than 20 minutes per iteration amounting to
more than 3 hours per run and per fold. Second, the LR-based fitness function was
estimated to take 20.8 + 7.2s per iteration, which amounted to an estimated 60 minutes
per run on each fold. Finally, the ARD-based fitness function was found to be the fastest
technique with an average iteration taking roughly 1 second making it faster than the
SVM approach by three orders of magnitude.

Finally, figure @ shows the iterative feature selection process averaged across all
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Table 6.3: This table presents the computational time for different versions of the GA with the
number of independent runs, the average number of iterations per run and the associated time in
seconds. All results are presented with the median and quartiles when relevant.

GA type Runs (#) Iterations (#) Time per iteration (s)

LR 5 82 (44 - 87) 20.8 (18.7 - 26.9)
ARD 50 67 (54 - 84) 1.0(0.8-1.2)
SVM 1 96 (N.A) 1207.4 (N.A))

runs for the LR and @ genetic algorithm.

6.5 Discussion

Intuitively, one can assume that the performance of a GA largely depends on the chosen
fitness function. Different techniques optimizing the exact same criteria, should reason-
ably provide an equivalent solution. For instance, it is expected that a GA using a fitness
function based on Mutual Information would not outperform Joint Mutual Information
(JMI) based techniques [307]. In this chapter it was hypothesized that the NI cost func-
tion optimized by the GA with a logistic regression model may offer several advantages
over LASSO. First, the NIl may prove more robust to outliers than a penalized version
of the least-square cost function implemented in LASSO. Then, the automatic determi-
nation of the model dimensionality from the out-of-sample performance removes the
need for an additional hyperparameter to quantify the amount of shrinkage, which may
have some additional benefits. Despite a slight gain in performance provided by the GA
approach for all performance metrics (Nlipasso = 337.8 6.7 and Nllgy = 341.8 £10.8),
no statistically significant difference could be established (/DI = 0.03 and p;p; = 0.32).
Yet, this result confirms the successful optimization of the fitness function with the GA
(results are equivalent to those of LASSO) and consequently gives a basis for further im-
provements to the GA framework. The positive results given by the @ version of the

@ are also encouraging even though the modest gain in performance may not neces-
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Figure 6.5: This figures plots the average evolutions of genomes during consecutive iterations of
the algorithm. In the background is shown the average number of selections in shades of grey with
the corresponding colour map on the right-hand side of the figure. The total number of iterations
depended on the activation of an early-stop criterion and all GA runs were therefore aligned to the
last generation on the right of the plot. The blue line represents the number of GA runs considered
at every iteration (x-axis) for the averaging starting from 1 on the left to the total number of runs on
the right. The black line represents the average number of selected variables (y-axis) at the given
generation with the 25" and 75 percentiles shown as dashed lines.



sarily justify the added computational cost when compared to the .

Evolution of top-performing subset of genomes for SVM GA
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Figure 6.6: Evolution of genomes across generations. (TOP) The best genome of each generation
(s binary coded (black for selected and white for not-selected) and the resulting model size is indi-
cated in blue. The y-axis therefore indicates the feature number (for binary coded selection) and
the number of features included in the model. (BOTTOM) Evolution of genes coding for the hyper-
parameters from 1 to 8 for C and 9 to 19 for o together with their respective interpreted values in
green and red, respectively.

Traditional SVM modelling techniques involve a filter feature selection technique fol-
lowed by a rudimentary grid-search for the identification of hyperparameters. In this
chapter it was hypothesized that the joint optimization of a feature subset and hyperpa-
rameters (C' and ) would increase model performance. This was confirmed to a limited
extent on this dataset since all metrics consistently improved with this framework even
though no statistical significance could be observed. To improve the understanding of
this phenomenon, the evolution of the best feature subset and parameters across dif-
ferent generations is plotted in figure @ In this figure, the y-axis indicates the feature
number (for binary coded selection) and the number of features included in the model
(for the model size in blue). The convergence for the feature selection process is indi-
cated by the stratified aspect of the second-half of the plot (right) from the 50™ iteration

onwards while the blue line (model dimension) levels out. The optimal model dimension-
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ality selected by the GA without the need for an additional hyperparameter was therefore
slightly below 100 features. The bottom of the figure shows the simultaneous evolution
of the genes binary coding for the hyperparameters and their interpreted values (o in
red and C in green). The joint observation of both halves of this figure reveals abrupt
changes in the values of parameters at each important modification of the feature sub-
set. This phenomenon supports the joint optimization of the feature subset and the
hyperparameters.

The comparison of different computational costs presented in table @ clearly dis-
courages the use of the SVM-based fitness function. The dramatic increase in processing
time is not balanced by any improvement in model fit or discriminatory power. On the
contrary, the ARD-based fitness function offers the best model fit of all and jointly pro-
vides the lowest computational cost. Clearly, the use of any cross-validation procedure
implemented to constrain model size and prevent overfitting certainly impairs speed.
For instance, LR and SVM-based fitness functions require every model to be fitted and
applied 5 x 10 times in order to estimate out-of-sample performance. A second factor
of importance could be the convergence properties of a given fitness function that are
influenced by the activation of the early-stopping criterion presented in section .
From the data presented in table however, no statistically significant variation of it-
eration number was found between the techniques with the use of a non-parametric
Wilcoxon rank-sum test (for all pair-wise comparisons p > 0.1). Finally, the difference in
computational cost may also be explained by various additional parameters: training set
size, the number of features, and the type and performance of optimization technique
(iterative versus closed form).

Interestingly, the simplest model was a logistic regression model including only 13
variables in a prediction rule described by equation 6.8 below (all coefficients were found
to be statistically significant with p < 0.01). These are the most significant clinical covari-
ates according to the optimization rule (ARD, equation @) and therefore deserve special

attention. First of all, existing severity scores (SOFA, APS, and Van Walraven) account for
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a large part of the selected variables. On the one hand, this reveals the positive contribu-
tion of score aggregation, the coefficients of which were derived from external databases.
On the other hand, this impairs the apparent simplicity of the model by requiring the col-
lection of additional clinical covariates. Then, the absence of mechanical ventilation and
the amount of lactate Ringers administered to the patient were both found to be nega-
tively related to the adverse outcome, suggesting (i) a beneficial effect of this treatment
or (ii) the presence of strong confounding factors potentially related to the baseline risk
of the populations to whom such treatments are given. For instance, lactate ringers could
be preferably administered to cardiac ICU patients for whom the overall mortality rate is
much lower (see table @). Similarly, two (pulmonary failure and depression) were
found to be negatively related to the outcome, possibly for equivalent reasons. Surpris-
ingly, Ethnicity was selected in its categorical version rather than the dummy-coded one
(Ethnicityl sBlack, Ethnicityl sCaucasian, ...), while the categories were attributed ran-
domly as follows: African (1), Caucasian (2), Asian (3), Hispanic (4), other (5). The weight
identified for this categorical variable was consistently positive suggesting that different
ethnicities react to sepsis-induced hypotension in such a way that severity is somehow
related to the random ordering given above. However, because social status is not coded
in the database and is closely related to some ethnicities in the US, the interpretation of
such a finding is difficult. Having said this, it was earlier reported that patients of African
descent may have an overall lower severity of sepsis [6], which seems to corroborate this
result. In terms of physiological variables, unsurprisingly the minimum lactate value, the
total urine volume, the minimum respiratory rate, and the mean temperature over the
first 24 hours following admission to the ICU were also selected as strong predictors of
mortality. Less obvious is the presence of the WBC standard deviation (o) in this score:

the greater the variation the healthier the patient.
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m(x) = — 1.20 + 0.46 x SOFAFs + 0.37 x Lactateyin — 0.37 x Uriney
+0.35 x APSfirst + 0.32 x Mech. Vent.s~ 4 0.29 x Van Walravengi;
+ 0.29 x Resp. Ratey;;, — 0.27 x Ringerss~ — 0.26 x Temp.,,
— 0.25 x Depression — 0.20 x Surgical Unit — 0.20 x Pulmonary

+0.20 x Ethnicity — 0.19 x WBC, (6.8)

Finally, additional benefits of the GA approach may also include the optimization of

particular fitness functions for which:

1. no analytical solution can be found or at the cost of constraining assumptions such
as one on the type of distribution for the parameters or variables (Gaussian or

normal hypothesis);

2. where gradient descent or sequential elimination techniques are likely to fail given:

1) the large size of the search space and 2) the presence of local minima.

Conclusion

In summary we found marginal but convincing evidence of the potential of GA frame-
works for feature selection subsequent to parameter pruning. The SVM-based GA model
did not seem to provide superior performance but compared well to earlier instances of
SVM models (filter feature selection and grid search) suggesting a potential benefit that
may be demonstrated on a larger database. Having said this, the large computational
cost associated with this modest gain in accuracy did not seem favourable. Finally, the
most interesting implementation of the GA was that using an ARD-inspired fitness func-
tion. In fact, there is a clear rationale for optimizing a criteria providing a parsimonious
model without the need for additional cross-validation layers. This decreases the com-

putational cost and discards the associated source of variability in the results.
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Chapter 7

Adding dynamic information from
clinical data to the prediction of

mortality

Introduction

We have seen in previous chapters that different levels of customization improve the ac-
curacy of outcome prediction: recalibration; adjustment of covariate weights; inclusion
of more representative covariates; and potentially the use of more advanced modelling
techniques, including heuristic search algorithms such as genetic algorithms. These im-
provements have raised the performance of the predictive rule to improved calibration
levels (py, > 0.05) and acceptable discriminatory levels (AU ROC > 80%). Yet it is clear
that these rules are still not good enough to be applied at the individual level [293]. In the
absence of larger cohorts or additional covariates, alternative approaches to data mod-
elling need to be investigated. While the purpose of this work is to estimate patients’
severity, we hypothesize that the dynamic information contained in the physiological
trends may bring additional information.

Dynamic comes from "power” in Greek (durvauio, dunamis) and is used today by
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physical scientists to describe “a process or a system characterized by constant change,
activity, or progress”. According to this definition, nature is essentially dynamic and phys-
iology (the study of vital functions) is one of its most complicated mechanisms charac-
terised by constant change, activity, or progress witnessed at every level of life, from the
variation of ionic concentrations in a cell to the size of species populations.

Certainly the study of dynamics should reflect vital functions and may correspond to
the severity of a disease. For instance, the evolution of a patient is condition over time
may contain valuable information: two patients with a mortality score of x on day 2 af-
ter admission might have followed different paths (recovery versus disease progression),
which may relate to actual severity. In addition to this, we hypothesize that these trends
may be of particular interest with respect to endogenous and exogenous impulses. An
endogenous impulse is defined here as a sudden and important change in physiology:
cardiac arrest and shock (as defined in section @) are two good examples of this. The
drop in blood pressure occurring during shock is believed to trigger a series of physi-
ological reactions, including the acceleration of heart rate and respiration via activation
of the sympathetic system. Capturing this reaction may relate to the patient’s overall
physiology and therefore improve any estimation of severity. Similarly, an exogenous
impulse is defined by a sudden and important physiological change induced by an ex-
ternal intervention. Every intervention in the ICU potentially meets this definition and
different degrees of response can usually be observed, we believe, in relation to some
outcome. For instance, patients who are challenged with fluids have a typical haemo-
dynamic response (increased blood pressure) that potentially vanishes while the patient
deteriorates. Capturing the degree of a patient’s response to the intervention will cer-
tainly reflect some aspects of their physiology that are not necessarily accounted for in
traditional models of severity. To conclude, the change in approach suggested in this
chapter promotes dynamic (rather than static) modelling to capture variations in sever-
ity over time, possibly with respect to specific internal and external events. Interestingly,

septic shock offers an ideal framework for the exploration of such a hypothesis. Indeed,
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both the internal events (hypotension and shock) and the treatments (vasopressors and
fluid) occur in a well-defined sequence that triggers highly standardized protocols for
the management of the condition. This hypothesis is therefore tested on the data set
presented in this work and the results are compared with the approaches presented pre-

viously.

7.1 Exploring the added value of dynamic information to

improve the prediction of mortality

7.1.1 Comparison technique

In order to explore the potential benefit of dynamic information for the prediction of
mortality, different datasets can be extracted and processed. The same machine learn-
ing techniques (for extraction of feature importance and prediction rule) can be applied
to these different datasets, including those presumably capturing variations in patient
physiology over time. Finally, the resulting performance metric associated with each
dataset was assumed to reflect the predictive power captured by it as it is described
below.

The choice of machine learning technique used for comparison of the datasets is
based on both theoretical and practical considerations, leading to the use of LASSO.
First of all, the LASSO benefits from a strong theoretical background, which provides
strong arguments in favour of the validity of the technique. Last but not least, the much
greater computational times of —based models, , and also support the use
of the LASSO for this comparison.

Consequently, the baseline for all comparisons is the LASSO model presented in sec-
tion that was derived from the extended set of features collected during the first
24 hours following admission to the ICU. The comparison with the new models can be

carried out with the statistical techniques presented in section , notably the @ Very
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specific care is given to the time line of the analysis ensuring that the studies compare
information derived from exactly the same period of time with respect to the hypoten-
sive episode for every patient. The relation between the time of the prediction and the

model performance will then be developed in section below.

7.1.2 Description of the datasets

The hypothesis presented in this chapter is two fold: (1) the evolution of patients’ physi-
ology may estimate their severity in a more accurate way than static data; (2) the patient's
response to endogenous and exogenous physiological impulses may improve this pre-
diction further. The first hypothesis can easily be explored within the traditional time
window (the first 24 hours), even though the typical sampling rates of some clinical vari-
ables (once a day) may require a slightly larger time window (first two days). The second
hypothesis however needs the analysis to be carried out at the time of physiological de-
rangement, which requires the static comparison of data extracted over the same period
of time with respect to the hypotensive episode.

Figure iil] represents the different analyses presented in this chapter. The first study
evaluates the benefit of splitting the traditional first 24-hour time-window (Model D1)
into two 12-hour segments (Model D1 — A1) in order to capture patients’ physiological
trends over this time window and thereby estimate the potential additional predictive
value. Then, to account for relatively low sampling rates (typically once a day), the study
is repeated using two segments of 24 hours each (Model D1D2 — A,4) which are com-
pared to the first 2 days as a single block of data (Model D1D2). The second study
investigates more specifically data surrounding the hypotensive episodes. To do this,
three time-windows are considered: the data before the hypotensive episode, during
it, and afterwards, from which different models are computed as detailed on figure |7:1|:
HE — PRE, HE — POST, HE — OVER, and HE — A,. Different window length sur-
rounding the hypotensive episode are finally explored: 7 = 12, 16, 20, and 24 hours.

On each time-window and for each covariate, data statistics are extracted such as
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Fiiure 7.1: An example of arterial blood pressure (in plain: and dashed: and

BPs,«01id in dashed) time-series from admission showing an occurrence of a hypotensive episode
(HE). With respect to this event as well as admission time, different epochs are extracted to estimate
the benefit of dynamic information. In shades of grey (white, pale, dark) are seen three different
studies with the baseline models printed in bold: D1, D1D2, and HE — OV ER. The inclusion of
dynamic information is represented by a black arrow.
minimum, median, maximum value, and standard deviation in a similar way to that pre-
sented in the previous chapters. For the first two studies (Models DX — A.), dynamic
information is simply extracted by looking at the difference between the median of the

first and second time window. For instance, the evolution of the heart rate over the

hypotensive episode is considered to be:
AHR=HR(12<t<24)— HR(0 <t < 12) (7.1)

where HR(t, < t < t;) denotes the median value of = between t, and ¢,. For the
second study, dynamic information will be incorporated in a slightly more complex way
to account for the variation in length of the hypotensive episode. More precisely for a

given variable (HR), the slope defined by the closest available sample on each side of the
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hypotensive episode is used to characterize the dynamic response as follows:

Post =First [HR(tofpset >t > toffset + 7))
Pre =Last [H R(tonset — 7 >t > tonset)]
AHR Post — Pre

= (7.2)

At toffset—)First - tLaSt—>onset

where “Post” denotes the first chronologically available value after ¢, or Not A Numbet

if not found before tq + 7 with 7 = 24 hours; to_,first is the associated time-stamp.
Similarly, “Pre” denotes the closest available value before ¢ (@ if not found after ¢, —
7) and t1ast_,0 the associated time-stamp. With the definition in equation @ dynamic
information is simply incorporated with the gradient of the variable (here HR) calculated
from the start to the end of the hypotensive episode.

Finally, the sizes of the different feature subsets included for the analysis are pre-
sented in table IZII showing dimensions that are substantially larger than those seen in
previous chapters. This table only displays unique features; for instance minimum, me-
dian, and maximum values computed over 24 hours for a feature typically sampled daily
were discarded. Similarly, features from which more than 99.95% of observations had
identical values were automatically removed from the analysis (this corresponds to 10
unique observations on the 2,143 patients in this dataset). These two rules were en-
forced because: (1) redundant features are likely to harm the feature selection process
and (2) the different levels of cross-validation impose a minimum number of values avail-
able per feature for the correct identification of variable weights. After such filters, the
feature subset for the dynamic model HE — A, still included more than one thousand

distinct features.
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Table 7.1: List of the different models evaluated showing model size (number of free parameters)
as well as the relative contribution of different temporal segments: admission, before (PRE), during
(PER), and after (POST) the hypotensive episode. DELTA denotes the variable meant to capture
the dynamic information as detailed in section . The numbers given in this table indicate
how many variables are considered prior to model design (before feature selection), other features
showing perfect redundancy are discarded. The numbers in brackets indicate how many of these
are coding for the absence of a value (missing value binary flag).

Model Admission PRE PER POST DELTA TOTAL

HE-PRE 140 (40) 330 (162) 470 (202)
HE-POST 140 (40) 308 (146) 448 (186)
HE-OVER 140 (40) 388 (177) 528 (217)

HE-A, 140 (40) 330 (162) 72(28) 308 (146) 159 (80) 1009 (456)

7.1.3 Results

The comparison of the performance of the different models is presented in table .
First and foremost, the dynamic models over the first day (D1 — Aj,) and first two days
(D1D2— As,) clearly outperform static models over the same time period (D1 and D1D2,
respectively), showing a statistically significant difference (IDI = 3.51 and IDI = 2.46
with both p;p; < 0.05). The second study however could not reveal any statistically
significant difference to support the superiority of the dynamic approach (Model HE —
A,y) when compared to modelling on data extracted from the same time window (Model
HE — OV ER). Yet these two models incorporating data surrounding the hypotensive
episode (HE — OVER and HE — A) did significantly better than a model considering
only data after the offset of the hypotensive episode (IDI = 1.5 and p;p; = 0.04).

The thirty most important features identified with LASSO on different subsets of vari-
ables are presented in table @ for the best performing models in each study. The fea-
tures selected for the “static” models are fairly consistent with what would be expected
for such a population (patients with infection, SIRS, organ failure and shock) as well as
with the findings reported in section . In the dynamic model D1D2 — Ay, Tem-

perature was included over D1 and D2 and the increase in bicarbonates (HCO3 [Ay,])

173



Table 7.2: Performance of models built from different feature subsets. The final model dimension
determined by the LASSO procedure on the entire dataset is shown together with different metric
of cross-validated performance (3-fold): negative likelihood (NLl), area under the receiver operating

curve (AUROC), and standardized mortality ratio (SMR).

Model Dimension NIl AUROC SMR

HE — Ay, 145 299.246.2 85.6+0.9 1.03+0.08
HE — Aq 101 303.9415.7 85.3+1.2 1.02+0.10
HE — OVERy, 112 304.5+145 85.3+1.2 1.01+0.02
HE — A 175 304.6+£16.0 85.1+1.3 1.00+0.10
HE — A, 165 306.3+139 85.0+1.0 1.01+0.14
HE — POST 99 311.04+98 84.24+41.3 1.01+0.11
D1D2 — Ay 97 321.84104 82.7+0.9 0.96+0.05
D1 — Ay 135 323.14+115 82.54+0.7 0.94+0.09
HE — PRE 99 326.9+31.2 83.1+1.6 0.95+0.09
D1D2 86 3374470 81.04+1.1 0.95+0.11
D1 101 347.64+139 80.1+1.5 0.94+0.05

directly related to an increase in severity. Similarly, in model HE — A, the initiation
of renal replacement therapy (RTT Agr) was found to relate to a worse outcome while
the identification of blood infection over the hypotensive episode (Blood infection Ay k)
increased chances of survival.

The selection of variables such as “presence of bypass surgery” in the different models
reveals the important contribution of cardiac surgery patients in this population. Elective
surgery patients tend to have a much lower severity than other patients and thereby
constitute a very specific population. In particular, patients constitute a homo-
geneous group of patients admitted to the where the overall in-hospital mortality
is just 8.4% (See table 2.2). We included these patients on the basis that they may de-
velop infection and sepsis during their ICU stay as a consequence of the invasive surgical
procedure. These patients constitute a tenth of the final cohort, 3.4% of all patients,
and had a mortality rate of 12.3% against 31.4% in non-surgical patients. Arguably, the
difference in severity between these two groups could not entirely be explained by dif-

ferent levels of patient monitoring and care. Therefore it has to be considered that some
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Table 7.3: Thirty most important variables selected by the LASSO for 4 models representing the
dynamic model and its baseline over the same period of time.

Model D1D2

Model D1D2 — Ay,

Model HE — OVER

Model HE — Ay,

Temperature — 1 (-0.30)
Urine - >~ (-0.26)

Age (0.23)

APS First (0.23)

Eye Open -y (-0.22)
Lactate — Min (0.18)

No Bypass (0.17)

WBC — Min (0.17)

Resp. Rate — 11 (0.15)
Shock Index — i (0.15)
pH [MV] (-0.14)

FiO; — o (-0.14)

BUN - Min (0.13)

No Intubation (-0.13)
Urine — 11 (-0.11)

No Ringers (0.11)

Neuro SOFA - Min (0.09)
ABP4;,, — Max (-0.09)

INR — 1 (0.09)

Glucose -y (0.09)

Blood infection — 1 (0.08)
Double Product — 1 (0.08)
SpO, — u (-0.08)

INR — Max (0.08)

Hem. SOFA — Min (0.07)
Chloride — 11 (-0.07)

Na - Min (0.07)

CO - Max (-0.07)
Sedatives - 3~ (-0.07)
No 5% Dextrose (0.06)

Age (0.28)

No. Met. Cancer (-0.27)
No Hep. Failure (-0.23)
SAPS-I First (0.21)

SOFA [D1] - Min (0.21)
No Bypass [D1] (0.15)
Elective admission (-0.15)
No Cirrhosis (-0.12)

No Mech. Vent. (-0.12)
APS [D2] - Max (0.12)
Age [MV] (0.12)

Ethnicity (0.11)
Temperature [D1] - x (-0.11)
HCO3 [Ay] (-0.11)
Surgical ICU (-0.11)

Urine [D1] - " (-0.10)
Depression (-0.10)
Glucose [D2] -y (0.10)
SOFA [D1] - 1 (0.09)

No Enterococcus Sp. [D2] (-0.09)

Eye Open [D2] (-0.09)
Lactate [D1] — Min (0.09)

pH [D1] - o (0.08)

Shock Index [D2] — 1 (0.08)
HE Length (0.08)
Temperature [D2] — p (-0.08)
Ringers [D1] - " (-0.08)
Ringers [A,4] (0.08)

Resp. Rate [D2] - 1 (0.07)
Van Walraven [D1] — 1 (0.07)

Age (0.34)

No Met. Cancer (-0.32)
SOFA [OVER] — 11 (0.31)
No Bypass [OVER] (0.28)
Van Walraven (0.27)
Urine [OVER] - > (-0.27)
Eye Open [OVER] - p (-0.26)
No Hep. Failure (-0.22)
Elective admission (-0.21)
APS [OVER] — Max (0.20)
No Cirrhosis (-0.20)

BUN/Creat. [OVER] — Min (0.20)
Temperature [OVER] — p (-0.16)

Age [MV] (0.16)

ALP [OVER] — Min (0.12)
Lactate [OVER] — Min (0.11)
SpO, [OVER] [MV] (0.11)

No Pseudo. Monas. Aer. [OVER] (-0.11)

Depression (-0.11)

APS [OVER] - 1 (0.10)

No Sedatives [OVER] (0.10)
WBC [OVER] - Min (0.10)
HE Length (0.10)

Ethnicity (0.10)

Surgical ICU (-0.09)

No Lymphoma (-0.09)

INR [OVER] - 1 (0.09)

No Ringers [OVER] (0.09)

Motor Resp. [OVER] — Max (-0.09)

FiO, [OVER] — Min (0.08)

Age (0.33)
No Met. Cancer (-0.31)
SOFA [PRE] — 1 (0.24)

Shock Index [POST] - (0.23)

Urine [POST] -3~ (-0.23)
No Hep. Failure (-0.22)
Eye Open [POST] - p (-0.20)

Temperature [POST] — p (-0.16)

No Ringers [PRE] (0.16)
No Cirrhosis (-0.16)
Elective admission (-0.15)
SOFA [POST] — Max (0.14)
Age [MV] (0.13)

RTT [Ayg] (0.12)

No Graft (0.12)

Blood infection [Ayg] (-0.11)
SOFA [POST] - 1 (0.09)
APS [PRE] - 1 (0.08)

FiO, [POST] — Min (0.07)
Ethnicity (0.07)

Glucose [PRE] - ¢ (0.07)
GCS [POST] - Max (-0.07)
INR [POST] - 1 (0.07)
Depression (-0.07)

MAP [POST] - Min (-0.07)
Surgical ICU (-0.06)

SpO, [POST] — 1 (-0.06)
SAPS-I First (0.06)

APS [POST] — Max (0.06)
ALP [POST] — Min (0.06)
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of these patients might be artefacts of the method chosen for the cohort identification.
First, the model H E — A, was re-trained on all non— patients and subsequently ap-
plied to all cardiac surgery patients. Interestingly, the model showed good discriminatory
power with an AUC of 82.1% suggesting that a severity model derived from non-surgical
sepsis patient could adequately discriminate survivors from non-survivors in a popula-
tion of surgical patients thought to have sepsis-induced hypotension. Conversely, the
model could not achieve good calibration and overestimated mortality with an of
1.27. A first explanation for this results is that the baseline risk is different for these two
sub-populations (different mortality rates). The model using the entire population will
account for this by including variables such as “presence of bypass surgery” and offer
good calibration, while the model trained without these patients could not. Finally, the
drop in discriminatory power observed when the model is applied to cardiac surgery
patients (from 85.6% to 82.1%) may also indicate the presence of patients wrongly se-
lected by the cohort identification technique. In order to estimate the potential impact
of these patients on the model, all models described in table [/.3 were retrained using
only the non- patients. Table @ shows the selected variables for this population.
It indicates that over 90% of the top-thirty predictors present in table 7.3 are also found
in this table and removed features obviously include the ones that are specific to
patients (“No Bypass”). To conclude, these results highlight the drawbacks of any cohort
identification techniques in general and the one chosen in particular. Simultaneously,
they also strengthen the degree of confidence one might have in the findings provided
in this chapter by showing that a variation in the study population yield to a marginal
modification of the result.

Finally, a closer look at the models’ performance with respect to prediction time re-
veals that models developed from “late” data with respect to admission time seem to
perform better. This is illustrated with the performance of the following models that
were of steadily increasing accuracy: D1, D1D2, HE — PRE, and HE — POST. Yet, the

superiority of H E'— A5 which makes a prediction 12 hours ahead of HE — POST as well
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Table 7.4: Thirty most important variables selected by the LASSO for 4 models representing the
dynamic model and its baseline over the same period of time using only patients who did not
undergo cardiac surgery.

Model D1D2 Model HE — Ay, Model D1D2 — Ay, Model HE — —OVER
Age (-0.30) Met. Cancer (0.30 Age (0.31) Age (0.35)
APS First (0.24) Age (0.30 Met. Cancer (0.31) Met. Cancer (0.35)

Urine - >~ (-0.24)

Eye Open -y (-0.23)
Lactate — Min (0.19)
Hep. SOFA — Min (0.19)
WBC - Min (0.19)

pH [MV] (-0.17)

Resp. Rate — 1 (0.17)
Shock Index — y (0.15)
CO - Max (-0.13)

Hem. SOFA -1 (0.13)
FiO2 - ¢ (-0.13)

BUN - Min (0.12)
Ringers (-0.12)

Urine — Min (-0.12)
Intub. (0.11)
NeuroSOFA — Min (0.10)
INR — Max (0.10)

)
)
)
)
)
Shock Index [POST] —  (0.21)
)
)
)
)
)

APS [POST] - Max (0.25
Eye Open [POST] - 1 (-0.23
Urine [POST] -} (-0.23

BUN/Creat. [OVER] — Min (0.17

SOFA [PRE] - 1 (0.17

Temperature [POST] -y (-0.16

Elective admission (-0.16
Hep. Failure (0.16

SOFA [POST] — Max (0.15)
Cirrhosis (0.15

Age [MV] (0.13

Pseudo. Monas. Aer. [OVER] (0.10

Glucose [PRE] - & (0.09
Ringers [PRE] (-0.08

Ethnicity (0.07

SOFA [D1] — Min (0.29)
SAPS-I — First (0.29)

Hep. Failure (0.20)

APS [D2] — Max (0.18)
Cirrhosis (0.16)

Elective admission (-0.16)
Age [MV] (0.13)

Mech. Vent. (0.13)
Ethnicity (0.13)

Ringers [D1] (-0.13)
Glucose [D2] - 1 (0.12)
Surgical ICU (-0.12)
Depression (-0.11)

PaCo, A (-0.11)
Enterococcus SP [D2] (0.10)
Eye Open [D2] - x (-0.10)
HCO3 A (-0.10)

Van Walraven (0.32)
Urine - >~ (-0.28)

Eye Open — . (-0.27)

APS — Max (0.25)
BUN/Creat. — Min (0.22)
Elective admission (-0.21)
Cirrhosis (0.20)

Hep. Failure (0.20)

SOFA — 11 (0.20)
Temperature — 1 (-0.17)
Age [MV] (0.17)
Sedatives (-0.15)

Pseudo. Monas. Aer. (0.13)
SpO, [MV] (0.12)

Lactate — Min (0.12)

Eye Open — Min (-0.11)
WBC - Min (0.11)

DP - 1 (0.10) Lymphoma (0.07
SpO, — 1 (-0.10) Mech. Vent. (0.07
Na — Min (0.09) Motor Response [OVER] — Max (-0.06

Temperature [D1] -y (-0.10)
Temperature [D2] - 1 (-0.10)
Bilirubin A (0.10)

CO - Max (-0.11)
HE Length — Min (0.09)

)
)
)
)
)
MAP [POST] — Min (-0.07)
)
)
)
) Surgical ICU (-0.09)

Glucose -y (0.09)

Hem. SOFA - Min (0.09)
INR - 1 (0.08)

Sedatives — 3~ (-0.08)
PaCO, [MV] (-0.07)
Blood infection (-0.07)
Platelets — o (0.07)
Chloride — 11 (-0.07)

Glucose [PER] — A (0.06)
SpO, [POST] — 1 (-0.06)
Surgical ICU (-0.06)
SOFA [POST] - 11 (0.06)
Depression (-0.06)
)

)

)

Pressors [PER] - A [MV] (-0.06,

FiO, [POST] - Min (0.06

NI ABPgi, [OVER] [MV] (0.06

CVP [D2] [MV] (0.09)
Lactate [D1] — Min (0.09)
Urine A [MV] (0.08)
Bilirubin [D2] — Max (0.08)
SOFA A (0.08)
Lymphoma (0.08)

pH [D1] - o (0.08)

Urine [D1] - > (-0.08)

Lymphoma (0.09)
Ethnicity (0.09)
Depression (-0.09)
pH [OVER] - o (0.09)

BUN/Creat. [OVER] - o (-0.09)

Mech. Vent. (0.08)

Motor Response [OVER] — Max (-0.08)
Hep. SOFA [OVER] - o (-0.08)
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as HE — OV ER may indicates the presence of additional predictive factors. The next
section therefore studies the relation between the temporal proximity to the outcome

and the model performance in a more controlled setting.

Intubation

SAPS ength  infection
Rate Walraven
SOFAFallurewsc Uriné Sedatives |[NR

MechC|rr oSIS

rerss g oo | ACtALE
Age MV Op"""“ngersmar.af

Lymphoma Pseudo Vent Enterococcus

FeEee D2 APS o

Electlve
ur |calwﬂl
Tempera ure mlssmrgl Cancer
ICU RespEyes 02 Glucose
HepShock FIO2 Met

Figure 7.2: Aggregated representation of variable importance. The size of each variable name on
this "word cloud" is the number of occurrence of each word listed on table

7.2 Relation between model accuracy and proximity to the

outcome

The work presented in this chapter uses data extracted from time windows (see Figure
@) that go beyond the traditional first 24 hours following admission to the ICU. In this
context, it is of particular interest to assess how much of the observed improvement
can be imputed to the temporal proximity with the outcome. In fact, it is generally well
accepted amongst clinicians that prediction of a clinical event improves the closer one
is to the event. Indeed, most clinical events are defined with simple rules and thresholds
on physiological variables that can directly be captured from the data. Consequently,
the closer in time to the event, the more accurate its prediction bound to be. Such a
statement follows common sense and seems difficult to challenge.

However, reviewing works that looked at the prediction of hypotensive episodes in
the database present evidence that this may not always be the case. The prob-

lem is presented in figure @ which represents a hypotensive episode with a predictive
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Figure 7.3: This figure shows the Hypotension Despite Fluid Resuscitation (HDFR) as defined in
Shavdia [255], the time gap considered T, (that can be 30, 90, 120, 180 or 240 minutes) and the
different values extracted from each piece of physiological data (only ABPs,, plotted here): values
at T1, T2 and T3 as well as the differences between T1-T2 and T3-T2

window. First, in a population of septic patients, Shavdia [255] found that predictions
made 120 minutes ahead of the hypotensive episodes were more specific than predic-
tions made only 30 minutes prior to the event (Speisomin = 96% and Spesomin = 87%,
respectively at roughly equivalent AUROCY of around 95%). Second, on a more general

ICU population Ghassemi [104] reported similarly counter-intuitive results and reasoned

as follows:

the time stamping accuracy near adverse events is degraded due to staff workload;

there exists a specific pattern occurring two hours before the hypotensive episode

allowing for better prediction at this time;

« patients’ physiology is less stable shortly before the hypotensive episodes, poten-

tially leading to incoherent predictions;

« staff intervention increases while patients reaches the threshold of hypotension,

increasing the level of noise in the data.

Such a finding however is rare. On the contrary, Lee and Mark [175] worked on a
very similar problem and used additional features including wavelet coefficients derived
from vital signs. Their results did not corroborate the findings described above and

model performance was, as expected, decreasing monotonically from the onset of the
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Figure 7.4: (LEFT)Different time-window used for building estimates of severity over the first three
days following admission to the ICU. (RIGHT) On the same time scale (days) is displayed the his-
togram of time of in-hospital death. For the sake of convenience the x-axis is log transformed from
the first event indicated by a double slash sign (6.3 days). The y-axis on the right-hand side of the
figure indicate the number of patients counted in each bin.

hypotensive episode. Last but not least, these results obtained during the prediction of
the onset of a hypotensive episode may not necessarily replicate on a dataset aiming at

the prediction of mortality. In section , the relation between the temporal proximity

to the outcome (in-hospital mortality) and the performance is therefore explored.

7.2.1 Comparison of models temporally closer to death

In-hospital mortality was predicted with all available physiological variables (k = 220)
over a 24-hour time window. This time window was moved hour by hour from admission
time (¢, = 0) to two days after admission (¢, = 48). All patients dying within the first 72
hours after admission (n = 152) were discarded from this study leaving n = 2003 patients
for the analysis including n = 469 non-survivors (23.4%). The model used to make the
predictions was the . In order to estimate the out-of-sample performance at each
prediction time, a k; = 3-fold cross-validation procedure was implemented in this sec-
tion, using the very same fold as in previous chapters. In total there were m = 3x49 = 147
models M, trained for which nearly three hundred thousand individual predictions were
made.

The first experiment simply compares the at different times ¢, after admis-

sion. The next two experiments concentrate on non-survivors for whom the interval
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between the prediction time and the event (death) can be computed (since there is an
occurrence of the event, unlike for the survivors). In the second experiment, the non-
survivors are split into two groups of equal size according to the time separating the
prediction from death. At each prediction time described in figure @ the operating
point is identified from the complete validation set (including survivors) and applied to
non-survivors falling into the same fold to compute specificity. In the last experiment
the relation between the residuals (¢; = y; — ;) and the time interval between prediction
and death is studied: for each non-survivor, k = 48 predictions made at different times
were analysed. For each experiment, the performance metric (, specificity, and
residuals for experiments 1, 2, and 3 respectively) is used as a regression variable within
a linear multivariate model including time from prediction to the adverse event, rate of

missing data, and fold number (coded as binary dummy variable).

7.2.2 Results

A statistically significant relation between time and , specificity, and the residuals
was found. For the first study, figure @ shows the regression line of against
time that was associated with a statistically significant coefficient (p < 0.001). Figure @
shows the regression analysis between time and specificity for the two groups (defined
by the median time to death) with different intervals between prediction time and death,
which varies from 6.3 to 17.2 days in the first group (n = 234) and from 17.3 to 148.8
days in the second (n = 234). The group that is most distant in time from the event
does not show a statistically significant temporal coefficient (p = 0.66) in the regression,
while the coefficient was found to be highly significant (p < 0.001) in the group including
non-survivors that were closer in time to death.

Figure @ plots the evolution of residuals in non-survivors against the interval be-
tween modelling time to predicted event (death). The residuals were used as a depen-
dent variable in a linear multivariate analysis using the rate of missing data (respectively

7. and 7, in the training and validation sets used to generate the prediction) and the
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Figure 7.5: Evolution of AUROC for models using data in 24-hour time window starting at different
times after admission (x-axis). The plot show the results on three validation sets of size n = 671
(blue), 655 (green), and 665 (red). A linear regression is fitted to the data (black line) and the p-value
associated with the time coefficient is statistically significant (Prob(3/c) = p < 0.001) where 8 and
o denote the parameter value and its variance, respectively.

time to death ¢, as independent variables. The final relation used was

€; =0.23 — 0.014¢4 4 0.0167;, — 0.027, (7.3)

and the respective p-values (Prob(f/c)) were p; < 0.001, p,, = 0.09, and p,, = 0.01.
The rate of missing data was consistent across prediction time and was found to be
0.23 (0.18 — 0.29) for both the training and validation sets. However, only the rate of
missing data in the validation set 7, was found to be statistically significantly related to

the residuals, while only a trend could be observed on the training set 7.

7.3 Discussion

In this study, the focus on dynamic variables introduced a novel approach to the de-
velopment of a hospital mortality prediction algorithm. In the first study, the dynamic

information was extracted from physiological trends identified over the first two days
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Figure 7.6: Evolution of specificity (ability to identify non-survivors) on validation set for models
using data for 24-hour time window starting at different times after admission (x-axis). The non-
survivors were split into two groups of equivalent size with respect to the time separating the time
of admission from the adverse event (death): from 6 to 17.2 days (blue, n = 234) and from 17.2
to 148.8 days (green, n = 234). Regression lines are fitted to both groups showing a statistically
significant relation between the specificity and time only for the first group (p < 0.001 and p = 0.66).
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Figure 7.7: Residual values for non-survivors (n = 469) in validation sets in relation to the in-
terval between prediction time and death (x-axis). The predictions were made at different times
after admission for each individual so that each patient is represented by k = 48 different data
points separated by one hour. The regression line shows a statistically significant relation between
residuals and time to the prediction (p < 0.001).

following admission to the ICU. Then, it was hypothesized that patient response to both
endogenous (hypotension) and exogenous (treatment) impulses may describe health
status better than static information. For this reason, the second study focused on data
surrounding a hypotensive episode, during which both hypotension and treatment were
present.

Current prognostic scoring systems often predict similar outcomes for patients with
the same comorbidities, severity of physiologic injury, and degree of organ dysfunc-
tion. In clinical practice, there is often wide inter-individual variability in outcome even
when subjects fall within the same risk strata according to ICU admission scoring systems
such as APACHE-IV. This may be because an important predictor of outcome, the indi-
vidual's physiologic reserve [30], is not captured in these scoring systems. Physiologic
reserve may account for the difference in clinical outcome for two patients with identi-
cal mortality risks (as traditionally defined by age, severity of illness and comorbidities)

and treatment may have. Bion [30] places a large emphasis on the importance of cel-
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lular processes in response to stress and oxygen delivery as the major determinant of
this physiologic reserve, which is thought to vary between patients because of genetic
differences.

Prior studies have attempted to measure aspects of the physiologic reserve. For ex-
ample, Vallet et al. [278] demonstrated that in a uniform population of patients with
sepsis and normal lactate levels, survivors had an increase in oxygen delivery in response
to dobutamine; this finding was subsequently validated by Rhodes et al. [239]. Identi-
fication of subjects with relative adrenal insufficiency with the corticotropin stimulation
test may capture another aspect of physiologic reserve [14]. The latter is likely to be
dependent on the complex interplay between an individual’s genetic background [133]
and the physiologic insult. It is possible that after controlling for comorbidities, severity
of insult and treatment, the dynamic variables surrounding a hypotensive event may al-
low us to determine the contribution of an individual’s physiologic reserve to prognosis,
thus allowing better individual (as opposed to group) predictions of hospital mortality
in patients with septic shock.

The different models presented in this section strengthen the importance of some
admission variables that were identified in previous chapters: age, elective admission,
bypass surgery, as well as some (metastatic cancer, hepatic failure, depression, and
cirrhosis). During the process of de-identification, age was removed for any patients
older than 90 years old, which explains why Age [MV] is so closely related to severity.

Again, depression was found to be associated with an overall lower severity. Potential

confounders such as treatments for chronic depression Eerotonin—norepinephrine reup-l

ltake inhibitor (SNRI)I and Eelective serotonin reuptake inhibitors (SSRIj were extracted

from the patients’ discharge summary and included in the study without changing the
results. Other physiological variables also confirmed their relation to severity: cumulative
sum of urine, temperature, lactate, SpO,, glucose, and FiO,, which altogether seem very
consistent with the population studied. In addition to this, the presence of two micro-

organisms was also found to be associated with an increased severity: Enteroccocus Sp.
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and Pseudo. Monas. Aerus, that were previously related to worst outcome in such a pop-
ulation [6, 60, 225]. Interestingly, the presence of blood infection over the first two days
was detrimental, while its identification over the hypotensive episode seemed beneficial.

Severity scores used for benchmarking are restricted to data collected in the first
twenty four hours in an attempt to not incorporate local practice and therefore best re-
flect patient physiological condition at admission. By definition then, these scores do
not incorporate any information related to treatments or interventions. However, we
have seen in section 5.3.3 that the inclusion of such co-variates over the first twenty-four
hours improved the score accuracy. This result clearly indicate that treatment actions
during the first day in the ICU influences prognosis. Because the patient physiology is
strongly influenced by external intervention, it does not seem reasonable to assume that
the worst value of a physiological covariate over the first day is independent of local
practice. For instance, a lower diastolic blood pressure reading over a day tells very little
without information related to the fluid balance and the potential use of vasopressor
medication. By definition, the study presented here incorporates information over time-
periods where a patient’s physiology is strongly influenced by therapy and it seemed
necessary to account for it by including variables reflecting interventions. Interestingly,
not all treatment were found to be associated with a worst outcome: for instance, pa-
tients undergoing bypass surgery, or who were administered ringers or dextrose had
a lower severity. Conversely, sedation, mechanical ventilation and intubation were as
expected associated with a higher risk of dying.

The incorporation of dynamic information into the models was three-fold: (i) the
inclusion of a A variable as defined by equations |7:1| and , (i1) the selection of variable
standard deviation (o), and (ii¢) the selection of the same variable extracted at different
times. For instance, in the first study (Model D1D2— A,,), the rise in bicarbonates (HCO;
[As,]) between day one and two seemed beneficial, and the increase in volume of Ringers
saline solution administered (Ringers [As,]) clearly indicated a worst outcome. Then, in

(i7) the standard deviation of pH over the first day (pH [D1] — o) was found to be related
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to severity and finally, (ii7) the mean temperature was incorporated into the model over
day 1 and day 2. These findings only report the most important variables identified by
LASSO and displayed in table @ and illustrate the mechanisms at stake for the k& ~ 70
variables left in the model. Dynamic components clearly account for the statistically
significant gain in performance observed, while the data collected to build Model D1D2
were strictly collected over the same period.

During the second study (Model HE — A,,;), dynamic components were equally rep-
resented within the most relevant features identified by LASSO. In particular, the onset of
immediately after the first hypotensive episode (RTT [Ay g]) possibly identifies renal
failure that is subsequent to lack of perfusion, which may thereby adequately reflect pa-
tients’ physiologic reserve. Similarly, the variation of glucose during the day preceding
the onset of the hypotensive episode (Glucose [PRE] — o) was associated with a worst
outcome, which possibly reflects metabolic pathways and perhaps indirectly physiologic
reserve. Likewise, SOFA was selected before and after the event showing the indepen-
dent contribution of this variable taken around the hypotensive episode. The fact that
the addition of these dynamic components did not translate into a statistically signifi-
cant improvement in predictive performance certainly has many origins. Amongst them,
the rise in performance induced by the temporal proximity with the outcome (demon-
strated in this chapter) has possibly hindered the identification of an effect that could be

statistically significant on a population of such a size.

Conclusion

The objective of this chapter was to estimate the potential benefit of a shift in approach
toward the estimation of patient’s severity in the from static models (at a point in
time) to dynamic models (looking at fluctuations in the physiology). Firstly, the evolution
of physiological variables over time was investigated. Then, the evolution of a patient'’s

physiology over specific internal (hypotension) and external (treatment) events was ex-
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amined.

Results suggest that incorporating the evolution of some variables rather than their
absolute value is beneficial to model performance. This benefit was clearly demonstrated
by the increased discriminatory power of models D1 — A, and D1D2 — Ay, over D1 and
D1Dz2, respectively. Models incorporating data surrounding the hypotensive episode
that were much closer in time to the outcome (i.e. death) all presented increased per-
formance. In that context the potential benefit of the dynamic approach could not be
demonstrated in a way with statistical significance. Finally, the relation between tempo-
ral proximity to the outcome and model performance was illustrated in different studies
all confirming the presence of such a mechanism.

Life can be defined as “a process or system characterized by constant change, activ-
ity or progress”, which is the exact definition of dynamic. Paradoxically, homoeostasis
— the process by which system constants such as temperature are preserved — is itself a
dynamic phenomenon because it is the result of numerous positive and negative regu-
lation loops associated with different time constants. This non-explicit dynamic nature
of homoeostasis has certainly contributed to the fact that early approaches toward the
estimation of life functions (and inversely the severity of a disease) were initially based
on static data analysis. Another plausible cause lies in the data collection burden that
dramatically constrained (and still does to some extend) the progress of medical science.
Thankfully, the MIMIC-II database unlocked this barrier and finally allowed the in-depth

exploration of such hypothesis, revealing the potential of this approach.
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Chapter 8

Conclusion

8.1 Thesis overview

In chapter E] we introduced sepsis as the second largest killer in after coronary dis-
ease (it was associated with an estimated cost of $17b every year in the US). We then
presented what is currently known about the underlying mechanisms of sepsis revealing
a complex entanglement of physiological responses triggered by the presence of ex-
ternal agents and leading to several degrees of physiological dysfunction: alteration of
micro-circulation, haemodynamic shock, and multiple organ failure. Despite this knowl-
edge, sepsis and its complications remain only partly understood. In fact, what is known
about sepsis has evolved over past decades, translating into significant changes in its
definition.

The aim of this work was to improve the estimation of severity in a population of
patients with sepsis and hypotension. This was done with two main objectives: (1) gain
understanding of the underlying pathophysiological processes and (2) raise the overall
performance in estimating the risk of in-hospital mortality in order to make such tools
usable at bedside. In order to do so, a cohort was identified from the database

(v2.26), which contains the data of more than thirty thousand patients admitted to the

l[CUi at BIDMd between 2001 and 2008. As described in chapter , the cohort was com-
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posed of 2,143 adult patients with sepsis (according to the Angus et al. [6] definition),
hypotension, and treatments for it (fluids and pressors).
Traditionally the estimation of a patient’s severity in the is achieved through mor-

tality prediction models, which link a binomial outcome (often in-hospital mortality) to

an ensemble of explanatory variables. IAPACHE and SAPY are two common approaches

towards mortality prediction that exist in different versions as detailed in chapter @: they

include [Chronic Health Condition| (CHQ), demographics, admission data and physiologi-

cal status derived from the first 24 hours after admission to the . The implementation
of state-of-the-art models validated the superiority of the fourth version of APACHE
(NIl = 385.8 and AUROC = 71.15%) while its performance on our cohort is found to
be on the lower side of what was found in the literature. A first level of customization
consisted in identifying new coefficients for the model that were derived from our cohort
data and leading to a slight statistically significant improvement in discriminatory power
(AUROC =173.3%, IDI = 2.3, prp; = 0.04).

In order to improve on this performance, the use of advanced machine learning tech-
nique was suggested and implemented in chapter @]z and @ were chosen for their
non-linear properties and because they represent of state-of-the-art machine learning
techniques. Consequently, the gain provided with respect to logistic regression, the
method of choice in mortality prediction models, could be evaluated, only showing a
slight improvement for @ that was not found to be statistically significant (NIl = 371.2,
AUROC = 74.4%, all p > 0.05). In addition to this a shift in approach was suggested
from expert-driven selection of variables to objective feature selection techniques: the
and ReliefF algorithms were described and implemented. The offered
the best performance with a statistically significant improvement against logistic regres-
sion (Nl = 369.4, AUROC = 75.1%, IDI = 1.7, p;p; = 0.05). Finally, the top-two
strategies presented at the latest scientific challenge aiming at mortality prediction on

a similar dataset from the MIMIC-I] database were also implemented and compared:
the cascaded— and the . The algorithm offered a greater improvement in
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discriminatory power than but had an overall lower performance (NIl = 374.4,
AUROC = 176.16%, IDI = 3.6, p;p; = 0.01).

The use of machine learning techniques demonstrated a benefit over the use of lo-
gistic regression on the subset of variables initially used to build APACHE-IV model. Yet,
as presented in chapter @ the added value of nearly five thousand variables available in
the database still remained unexplored. Furthermore, additional features that
are derived from these variables might equally contribute to the model: for example,
non-linear combinations of physiological variables including existing severity scores and
binary-coded variables to indicate the presence of a missing value. Given the favourable
balance between complexity, computational cost and performance, the LASSO algorithm
was seen as the best tool to carry out this study. The addition of all available covariates
(not restricting the study to those identified by the APACHE or SAPS groups) statisti-
cally significantly boosted the performance (NIl = 348.7, AUROC = 78.9%, IDI = 4.1,
prpr < 0.01). The addition of physiologically meaningful non-linear combinations of
variables, existing severity scores, and binary-coded missing values all further improved
the model performance independently as well as when used together (k = 414 variables,
NIl = 337.8, AUROC = 80.4%). Finally, to address the potential limitations of the LASSO
framework, all the aforementioned machine learning techniques were applied to this new
subset of variables showing at best equivalent performance.

Physiological processes are believed to be intrinsically non-linear and the superiority
of the LASSO algorithm over more complex non-linear approaches remains unexplained,
yet in line with the literature. One hypothesis suggested is that the two-step procedure
for feature selection and model fitting is suboptimal. Instead a framework allowing si-
multaneous feature selection and parameter pruning was investigated and implemented
with a @ in chapter B Different fitness functions to be optimized through the @ frame-
work enabled the exploration of different hypotheses, which all eventually led to equiv-
alent performance. The first fitness function was a simple log-likelihood function meant

to select the most relevant subset of features in a way similar to that of the LASSO. It
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achieved similar performance (NIl = 341.8 and AU ROC' = 80.8%), thereby validating the
overall framework. The second @ implemented a fitness function inspired by @ that
was meant to embed the concept of Occam'’s razor and therefore automatically identify
the optimal model size. This framework offered the best performance of all (k=34
variables, NIl = 333.1, AUROC = 80.04%) at a very attractive computational cost. Fi-
nally, the SVM-based fitness function did not achieve the best performance (NIl = 337.9,
AUROC = 80.0%) but compared advantageously to previous occurrences of a similar
SVM model. Yet, the marginal benefit presented by the @ framework on this dataset
does not seem to justify the increase in complexity and computational cost.

The models presented in this work together with the studies surrounding their design
led to the identification of previously reported markers of severity in sepsis, severe sep-
sis, and septic shock: age, metastatic cancer, chronic liver disease, acute kidney and lung
dysfunction, lactate levels, count, and more. Additional variables such as the time
to the first hypotensive episode, the amount of insulin given, the use of sedatives, the
ethnicity, and the presence of chronic depression for example may be the substrate for
the generation of new hypotheses. In terms of clinical use, none of the models presented
so far could reasonably be deployed at the bedside even though the accepted threshold
of usability (AU ROC' > 80%) was met. In a last attempt to further improve model perfor-
mance, a final change in paradigm was suggested: rather than looking at physiological
data over a static time-window (“the first 24 hours"), the model should incorporate dy-
namic information. To capture this dynamic information two studies were carried out. In
the first study, models derived with the algorithm from the first 24 and 48-hour
time-windows were compared with dynamic models derived over the same period of
time with respect to admission to the . The dynamic models simply consisted of two
consecutive time-windows between which a simple difference was computed and used
as an independent feature. The two dynamic models offered very similar performance
(NIl = 321.8 and AUROC' = 82.7%) and were both found to be superior to the “static”

model computed over the same time period with respect to admission (/DI = 3.51 and
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IDI = 2.46 with both p;p; < 0.05). In an attempt to capture physiological response to
the hypotension and the treatment given for it, the second study was carried out in a
similar way but with time-windows centred around the hypotensive episode. Because of
temporal proximity with the outcome, the model developed with a single time-window
spread over the hypotensive episode gave significantly better performance (VI = 304.5
and AUROC = 85.3%). With respect to this baseline, the dynamic model could however
not demonstrate a statistically significant improvement (NIl = 299.2, AUROC = 85.6%,
IDI = 0.2, prp; = 0.42).

We have shown using this database that expert knowledge provides worse results
than an objective selection of clinical covariates based on specific feature selection tech-
niques [191]. However, experts have presumably been exposed to a much larger sample
of patients, practices, services and hospitals. It is therefore reasonable to assume that
they can identify a representative subset of variables more reliably than any algorithms
derived from the data collected in one hospital. In other words, expert knowledge may
reflect practice variation and case-mix, while the database simply cannot offer this. There
is one way to answer this question: collect similar data from different centres and com-
pare the two approaches. Whatever the results of this experiment, the data will then
be available globally to capture the geographical and practice variation between insti-
tutions by means of the same objective techniques. In addition to this, the presence of
international data may even cover domains of expertise rarely covered by a single clin-
ician, since international exchanges are unfortunately too short or too rare. Similarly,
the storage and analysis of historical data may capture cyclic or sporadic events (such
as seasonal flu or epidemics) to which a young, or even more experienced practitioner,
may not necessarily have been exposed. Finally, the small changes in incidence for dif-
ferent diseases may also be incorporated into such a model whereas clinicians may not

immediately capture the increasing importance of a novel co-variate.
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8.2 Future work

8.2.1 Feature extraction from waveforms

response to environment changes is mediated by the that plays a central role in
the mediation of the inflammatory response to infections as described in section .
In particular, it has long been demonstrated that “short”- and “long”-term variabilities
relate to the vagal and sympathetic function of the , respectively. Increased variabil-
ity has been associated with a faster recovery in a wide range of patients [47], includ-
ing critically-ill patients and those with sepsis [98]. Similarly, decreased variability has
been consistently associated with worse outcome during sepsis in adults [165, 21, 58],

neonates [170] and animal models [90]. Most published work on the topic concentrate

on Heart Rate Variability (H RVj analysis [267] that derives several features from time

series in order to estimate relative activation in different frequency bands believed to
be related to specific functions of the . Because such metrics can theoretically be
derived from any bedside recording, they have been widely studied in a wide range
of critically ill patients. Most recently, Riordan et al. [242] related the loss of heart rate

complexity to mortality in a cohort of 2,178 trauma patients regardless of severity of

injury. In this work, the heart rate complexity was estimated with |Mu|ti—ScaIe Entropyl

[69], a technique from the field of information theory, over a period of six hours

directly following admission to the ward. These results were corroborated in 12 haemor-
rhage pigs by Batchinsky et al. [23] who subsequently confirmed the results in 31 trauma
patients showing consistency of findings with records as short as ten minutes long.

In addition to the clinical data that is stored in MIMIC-II, the Physionet platform also
offers high-resolution physiological records in the waveform database (version
3) [248]. This database must be distinguished from the clinical database (version 2.6)
even though a partial match between records and patients can be established so
that about 10% of the patients present in the clinical database can be linked to one or

more physiological waveform record. Each record contains one or more raw waveforms
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that are directly extracted from the bedside monitors with a typical sampling frequency
of 256Hz and a resolution of 12 bits although different combinations are also frequently
found. A record is defined by its starting date (approximately matching the randomly
shifted admission dates in the clinical database), its length and a few fields describing
the signals recorded. Types of waveforms present in the database include: , ,
, , as well as other less common signals such as , which were all introduced
in section . Alternatively, records can contain a minute-by-minute time-series, such
as heart rate derived from the raw . These trends however contain processing that is
specific to the bedside monitor (like filtering and artefact rejection) and it is usually as-
sumed to be safer if the heart rate time-series is derived directly from the high-resolution
waveforms [63].

Extracting high-temporal resolution data from the waveform database re-
quires a match to a specific : the waveform database provides each record with a
subject ID and a time-stamp indicating the beginning of the record. This time-stamp is
assumed to be readjusted to the admission date that was randomly shifted during the
process of de-identification. Each record can therefore be related to an stay after the
examination of admission and discharge dates and times. Yet, this process can be com-
plicated by several factors. Firstly, monitor clocks are rarely synchronized exactly with the
and delays can reach up to an hour during energy saving times. In addition to this, it
is not infrequent to have the bedside monitor fitted to a patient in the operation theatre
or in a different service potentially hours before the patient’'s admission to the . From
the 4,897 waveform records available in the current version of the waveform database
(v3.1), 4,762 records (97.2%) started within a day of an stay. From these, 321 records
(6.7%) started before admission with an average difference of 4.4 hours. Finally, map-
ping the subset of patients described in section with the matched subset of records
leads to the identification of 218 waveforms with an average length of 2.5 (1.0—5.1) days.
Similarly, 239 numeric records with a length greater than five hours could be matched to

our population from 5,2666 records (containing trends extracted from the bedside
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Figure 8.1: Tachogram for patient 2064 showing different HR estimations: State-of-the-art (green),
bespoke QRS detector (red) and that extracted from the bedside monitor (red). Episodes of arrhyth-
mia are characterized by two extra bands at about 100ms below and above the average RR line. The
lower bands reflects premature beats (probably, Premature Ventricular Contraction or PVC), while
the upper band is associated with a subsequent compensatory pause. These events are missed by
the EP-Limited detector (green) and possibly filtered out by the bedside monitor algorithms (red).
monitor) with an average length of 2.8 (1.1 — 5.3) days. The population of patients who
had at least one matched record had worst outcomes (in-hospital mortality of 28.3%)
than the general population and they all had strictly positive scores. This finding is
consistent with the fact that a population invasively monitored is usually more severely
ill.

The first step before deriving features from ECG waveforms is to adequately identify
the R peaks; a process largely complicated in the by movement artefact as well
as physiological derangement. For instance figure @ shows an example where the T-

wave is larger in amplitude than the R-wave, which is unusual. Figure shows the

comparison of three different QRS detectors: the first one (red) is the second-by-second
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trend generated by the monitor; the second (green) is an open-source QRS detector I

that was initially based on the detector provided with the Waveform Database (WFDB)

Physionet toolbox [199, 107]; the third (blue) is a bespoke QRS detector inspired by
Pan and Tompkins [217], Hamilton [117] and subsequently modified to benefit from the
offline nature of the analysis. Different Signal Quality Indices (SQI) can also be derived
from the high-resolution ECG time-series. [267] and complexity (MSE) analysis can
then translate these signals (RR and SQI) into features in order to investigate their relation
to patients’ severity.

Early results on this data suggest that complexity measures derived from ECG in the
ICU do contain discriminatory information about patient severity [192]. Features derived
from the HRV analysis seemed to offer greater predictive power than those obtained
with MSE. In both cases however, these complexity metrics used in combination with an
existing severity score (APACHE-IV) showed an improvement that was not found to be
statistically significant. Interestingly, complexity measures derived from the SQI did also
show discriminatory power, possibly reflecting the level of intervention or sedation. Such
work and similar approaches [208] should be continued in order to develop the predictive
potential of the most commonly available non-invasive monitoring modality. In order to
allow this, modern data collection systems must be developed so that large amount of

high-resolution data can be routinely collected and linked to clinical information.

8.2.2 Towards the digital ICU

ICU spending represents an estimated 1% of GDP in developed countries [219, 115, 116]
steadily increasing as a result of population ageing. In the context of growing economic
stresses, the pressure on healthcare is such that delivery of critical care must be rational-
ized. A fact well recognized by seasoned intensivists is the information gap that exists in
critical care practice, i.e. the absence of evidence to guide most decisions, which is ironic
given the "data overload” in the . The intensivist often comes out empty-handed from

LEP-Limited available at www.eplimited.com
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a search for a relevant prospective randomized controlled trial (PRCT), the gold standard
in evidence-based medicine, although fewer than 15% of them end with a clear benefit
[214]. In addition to this, an estimated 70% of interventions in the ICU are based on
marginal evidence at best [288]. The paradox characterized by the data-overload and
the lack of evidence is clearly exacerbated when it comes to making real-time bedside
decisions. Tools now exist to direct this real-time deluge of data to a cloud infrastructure
in order to facilitate decision making at bedside.

Few attempts have been made to adequately exploit the data produced during pa-
tients’ stay in the ICU. General severity scores (APACHE, SAPS) [313, 201, 204] represent
such attempts. Additionally, companies like Cerner [167] routinely collect equivalent
data on a daily basis all around the world. These attempts however still lack the sort
of temporal granularity necessary to capture individual variation in the response to a
physiologic insult for improved risk-benefit calculation and outcome prediction. In fact,
the MIMIC-II database is unique in capturing such highly granular ICU data [248] and we
hope that this work has demonstrated its potential in tackling the aforementioned para-
dox. Unfortunately MIMIC-II only captures about 40,000 unique patients from a single
centre.

The Paris hospital trust (AP-HP) has initiated the development of an integrated in-
formation system across 37 hospitals that cover 1.2 million admissions per annum. This
system will soon encompass more than fifty ICUs. The implemented AP-HP Electronic
Healthcare Record (EHR) handles high-granularity data including minute-by-minute changes
in heamodynamics, waveforms and other physiologic signals as well as time-stamped
treatments and their dosage, e.g. fluids, blood products, medications, procedures. If the
AP-HP project is noticeable by its size and level of progress, similar projects are mush-
rooming all over the world and in particular in Europe. Together with emerging tech-
nologies for storage and analysis of “Big Data”, there is a unique opportunity to change
the paradigm of medical knowledge acquisition and revolutionize clinical practice in the

ICU.
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The intensive collection of ICU data will allow the transfer of clinical events to com-
puter science researchers paving the way for the validation of clinical concepts. Addi-
tionally, the outcome of research on retrospective data will undoubtedly raise worthwhile
hypotheses ahead of costly and potentially harmful human trials [129]. This is not an ar-
gument for replacing the existing paradigm for evidence generation () but rather to
support and complement it.

The exploitation of such an infrastructure will require multidisciplinary research and
the development of innovative solutions in the fields of massive data integration, knowl-
edge extraction, decision support, intensive computation and simulation in order to
achieve a learning health system and a system that continuously uses health care data
to answer important questions that matter to patients and their health care providers.

The objective of such a project is therefore to develop and deploy a health information
technology platform fuelled with high-resolution ICU data in order to generate evidence
and drive the delivery of optimal care at the bedside in ICUs. In particular, it could target

the following applications:
« Pharmacovigilance with existing unsupervised algorithms for novelty-detection;

« Early warning system for hypoperfusion, infection and cardiac events [303, 304];

Early stopping system for mechanical ventilation, sedation, vasopressor therapy,

and antibiotics [34];

Intervention benefit estimator for red blood cells transfusion and blood sample

withdrawals [61];
« Drug dosage recommendation capturing heterogeneity of treatment effect [166].

To summarize, massive amounts of clinical data will soon be available for real-time
analysis thanks to efforts made at leading clinical institutions. Novel technological devel-
opments in the field of big data allow the storage and analysis of such data in real-time,

paving the way for revolutionary applications. Given the cost of our critical care system
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(1% of GDP and steadily increasing) as well as the lack of rationality that characterizes
its delivery (1 in 7 positive RCT, 70% of interventions relying on weak evidence), the col-
lection, de-identification and dissemination of this data offers a promising approach for

the next medical revolution in critical care.

8.3 Conclusion

To conclude, starting from the traditional severity scores, different levels of customiza-
tion were implemented : calibration coefficients, model coefficients, and an initial subset
of features. After the customization of existing approaches, which proved beneficial, new
modelling techniques were introduced, the extraction of data collected after the first 24
hours and the incorporation of dynamic information. Interestingly, the gain in perfor-
mance did not necessarily come from the use of more sophisticated techniques. In fact
the most important model improvement came from (1) the use of additional covariates
and their transform and (2) the use of data subsequent to ICU admission. That being
said, the use of sophisticated algorithms combined with a data-driven approach to fea-
ture selection was found to be a viable approach to outcome modelling in patients with
sepsis and hypotension. While further studies on additional ICU populations are needed
to validate this approach and these findings, this study demonstrates that such an ap-
proach has the potential to provide better predictions of hospital mortality, highlighting
the role that clinical data mining will increasingly play in both knowledge generation and

the way medicine is practised.
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MIMIC-II Multi-parameter Intelligent Monitor-
%g in Intensive Care IL. ﬂ @9@

i’ i’ r r

MODS_ Multiple Organ Dysfunction Syndrome.

i’

MSE Multi-Scale Entropy. @

Na Sodium. @

NLL Negative Log Likelihood. @
NN Neural Network. @

NO Nitric Oxide. §

NRI Net Reclassification Improvement. @ @

PaO, Partial Arterial pressure of Os. @

PaO,/FiO, Ratio of partial pressure of arterial
O- to the fraction of inspired O,.

Pattern Recognition Pattern Recognition. @

PG PeptidoGlycan. E]

RBF Radial Basis Function. @, @,

ROC Receiver Operating Characteristic. @
RT Regression Tree. @

SA Simulated Annealing.
SAPS Simplified Acute Physiology Score. ﬂ @

d

SE Standard Error. @ @
SEV Systolic Ejection Volume. @

SIRS Systemic Inflammatory Response Syn-
drome. @ B @

SOFA Sepsis-related Organ Failure Assess-
ment.

SpO. Arterial Oxygen Saturation. @
SQL Structured Query Language. @
SSE Sum Square Error. [7]

SVM Support Vector Machine. @ @ @

T-cell Thymus cell. E

TAT Turnaround Time. E

TLR Toll-Like Receptor. [

TN True Negative. @

TNF Tumour Necrosis Factor. EE

TP True Positive. @

WBC White Blood Cell. 4, B

225



Appendix A

Description of the variables

Table A.1: Description of tables and item IDs used for the extraction of treatments and intervention
in the Multi-parameter Intelligent Monitoring in the Intensive Care Il (MIMIC-II| database.

Fluid extraction details
Table: ioevents
Unique ID:  icustay ID
Value field:  volume
Unit Field: volumeuom
Time field: charttime
Item IDs

Coloids 232, 233, 246, 258, 342, 548, 662, 33, 1894, 1438, 2550, 4509, 4588, 3610, 2688,
2832, 2944, 2975, 4135, 6257, 6313, 5410, 5487, 623, 2551, 2731, 5019, 2349, 6564,
6729, 3237, 3317, 3353, 4203, 6170, 5152, 5403, 5426

Ringers 204, 219, 295, 324, 518, 106, 1030, 1225, 1322, 2350, 4521, 4571, 4654 ,
4915, 4815, 3672, 2600, 2615, 2759, 2978 , 6525, 4110, 4184, 5102, 6188,
5229,5284,5532,5642,6781,753,5859,4399, 4452, 6764 ,142, 1819, 1452
, 4099, 5548

Saline 194, 249, 423, 432, 438, 444, 448, 480, 512, 568, 631, 776, 811, 818, 850, 865, 1008,
1051, 1132, 1204, 1215, 1237, 1245, 1291, 1356, 1371, 1380, 1392, 1428, 1432,
1467, 1490, 1491, 1526, 1540, 1543, 1648, 1674, 1695, 1719, 1731, 1754, 1790,
1878, 1896, 1977, 2019, 2039, 2082, 2087, 2192, 2231, 2242, 2271, 2297, 2363,
2401, 2453, 2532, 2548, 2606, 2639, 2715, 2749, 2820, 2844, 3186, 3718, 3750,
3759, 3849, 3986, 4053, 4126, 4160, 4171, 4200, 4263, 4290, 4426, 4431, 4440,
4491, 4533, 4633, 4735, 4741, 4858, 4894, 4983, 5073, 5079, 5116, 5278, 5341,
5480, 5557, 5561, 5989, 6314, 6376, 6400, 6404, 6782, 6800

D5 Saline 214, 216, 297, 629, 706, 984, 1024, 1959, 1969, 1975, 1317, 1320, 1469, 5062, 5098,
3784, 4321, 4320, 5374, 4829, 3736, 154, 1604, 1826, 1935, 883, 299, 615, 4248,
5212
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Hypotonic 389, 542, 695, 781, 151, 180, 854, 936, 1230, 1261, 4496, 4792, 5975, 6584, 4239,
4439, 2290, 2354, 943, 1079, 1096, 1107, 1260, 5615
Medication extraction details
Table: medevents
Unique ID:  icustay ID
Value field: dose
Unit Field: doseuom
Time field: realtime
Item IDs
Insuline 45, 100, 310
Pressors 42,43, 44, 46, 47, 51, 119, 100, 120, 125, 127, 128, 306, 307, 309
Sedatives 124, 141, 118, 149, 150, 308, 163, 131, 167
Procedures extraction details
Table: procedureevents
Unique ID:  subject ID
Value field:  sequence_num
Unit Field: sequence_num
Time field:  proc_dt
Item IDs
MechVent 101729, 101781, 101782, 101783
RTT 100576, 100586, 100593, 100594, 100622, 100977
Graft 101647, 101648, 101649, 101700, 100458, 100159, 100161, 100462,
100463,100464, 100470
Bypass 100461, 100462, 100463, 100464
Intub 1100323, 100339, 100341, 101749, 101750, 101776, 101794, 101750

Abbreviations: MechVent, Mechanical ventilation; RRT, Renal replacement therapy; Bypass, By-
pass surgery; Intub, Inutbation.

227



Table A.2: This tab describes variables and define their abbreviation. Variables are recorded at
the time of admission (first six lines) or defined as the median value of 2-hours-long or 24-hours-
long time window. For the latter, variables names have been given the prefix DAY-. Variables are
preceded in this report by one of the following prefixes: PRE-, PER- and POST- indicating if the
measurement has been taken before, during or after the hypotensive event, respectively.

Variables Description Unit

AGE-Y Age at the time of admission. year

WEIGHT-FIRST Weight at the time of admission. kg

HEIGHT Height at the time of admission. cm

HE-LENGTH Length of the hypotensive event days

HE-ONSET-HOURS  Time from admission to onset of hypotensive event. hours

SAPSI-FIRST Automatically calculated —I score. -
Please refer to [ﬁ] for details.

Van Walraven Pre-computed score based on a 30 comorbidities recommanded by [E]. -
Please refer to [@] for details.

HR Heart Rate.

ABPS Ezstolic Arterial Blood Pressure (ABPsyqo ;I is the value of arterial blood pres- mmHg

sure at systole.

ABPD D'lstolic Arterial Blood Pressure (ABPpieoic] is the value of arterial blood mmHg
pressure at diastole.

ABPM is defined by 2/3 x ABP,y, + 1/3 mmHg
ABPy,.

BR Breathing Rate (BR]

SPO2 Arterial Oxygen Saturation (SpO-]. %

CvpP 5 mmHg

DAY-RESP atio_of partial pressure of arterial O, to the fraction of inspired O} mmHg/torr

i0,] gives information on the respiratory function.

DAY-GCS Glasgow Coma Scale (GCS]. -

DAY-TEMP Temperature. Celcius

DAY-ARTPH Arterial pH. -

DAY-BICARB Bicarbonate (HCO;) acts as an hydrogene buffer in the blood which main- mg/dL
tains a constant pH.

DAY-BUN is a measure of nitrogen in the blood in the form mg/dL
of urea that gives information about the renal function.

DAY-HEMATOCRIT Hematocrit is the proportion of blood volume occupied by red blood cells. %
Red cells are involved in oxygene transportation.

DAY-HBG Haemoglobin blood level. Haemoglobin is a protein involved in oxygene mg/L
transportation.

DAY-PLAT Platelets blood level. Platelets are involved in the cloating process. g/L

DAY-CA Calcium blood level. mg/dL

DAY-CL Chlorite blood level. mg/dL

DAY-CREAT Creatinine bood level. Creatinine is produced at a constant rate in the body : ng/dL
its increase usually indicates a damaged clearance mechanism which relates
kidney function

DAY-GLUC Glucose blood level. mg/dL

DAY-LACTAC Lactate blood level. Lactate is a by-product of anaerobic metabolism indica- mg/dL
tive of lack of adequate perfusion.

DAY-MG Magnesium blood level. mg/dL

DAY-P Phosphorus blood level. mg/dL

DAY-K Potatium blood level. mg/dL

DAY-NA Sodium blood level. mg/dL

DAY-WBC cellsin plasma. White cells or leukocytes are involved -
in the immune system response to danger signals.

DAY-BILI Bilirubin blood level. Bilirubin is the yellow product of heme catabolism that mg/dL
is mainly found in hemoglobin and which blood level is indicating of liver
unction.

DAY-ALT ALanine aminoTransferase (ALT] blood level related to liver function. u/L

DAY-INR nternational Normalized Ratio INRI is related to coagulation pathways. -

DAY-PACO2 Partial CO, arterial blood pressure. %

TOTALFLUIDVOL Total amount of fluid given to patient during HE LENGTH. mL

FLUIDRATE TOTALFLUIDVOL/HE LENGTH is the fluid rate of resuscitation during hy- mL/hours
potensive event.

PRESSORS Number of different pressors given to patient during the hypotensive event. -
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Table A.3: Description of item IDs used for the extraction of different variables

Table description

Table: chartevents labevents
Unique ID: icustay_id icustay_id
Item field: itemid itemid
Value field: valuelnum valuenum
Unit Field: valueluom valueuom
Time field: charttime charttime

Description Label Item IDs

Temperature Temp 676, 677

Diastolic BP (mmHg) NIDiasABP 6,455

Systolic BP (mmHg) NISysABP 6, 455

Mean BP (mmHg) NIMAP 456, 1149,751

Invasive Systolic BP (mmHg) SysABP 51

Invasive Diastolic BP (mmHg) DiasABP 51

Invasive Mean BP (mmHg) MAP 52

Heart Rate (/minute) HR 211

Respiration Rate (/minute) RespRate 615,618

FIO2 (%) FiO2 3420, 190, 3422, 3421

PH (-) pH 780, 1126, 4753, 3839, 4202, 865 50018

Partial Arterial pressure of O, (PaO,) (mmHg) Pa02 4203, 3785, 3837, 3838 50019

ﬂ (mmHg) PaCcO2 4201, 3784, 3835, 3836 50016

Sodium (mmEq) Na 837, 4195, 3726, 3803, 1536, 50159

Glucose (mg/dL) Glucose 1455, 807, 811, 3447, 1310, 3744, 3745, 1529, 1812, 2338, 2416 50006

Creatinine (mmEq) Creatinine 791, 3750,1525 50090

(mmEq) BUN 781, 1162, 5876, 3737

Albumin (mmEq) Albumin 772, 3066, 3727, 1521, 2358 50060
Bilirubin 5032, 5045, 4354, 5483, 5543, 4948, 848, 1538 50170
HCT 813 50383
WBC 861, 1127, 4200, 1542 50468
INR 815, 1530 50399

Potassium (mmEq) K 1535, 829 50149

Phosphorous (mmEq) P 50148

Magnesium (mmEq) Mg 821, 1532 50140

Lactate (mmEq) Lactate 818, 1531 50010

Chloride (mmEq) Chloride 788, 4193, 3747, 1523 50083

Calcium (mmEq) Calcium 1522, 3746, 786 50079

Platelets (-) Platelets 828, 3789, 6256

Haemoglobin Haemoglobin 814

Bicarbonates (mmEq) HCO;3 787, 3810

GC4 () GCS 198

Eye Open (-) EyeOpen 184"

Verbal response (-) VerbalResp 723°

Motor response (-) MotorResp 454"

Bapd-1 (- SAPSI 20001

Respiratory Bepsis-related Organ Failure Assessment (SOFA] (-) RespSOFA 20002

Hepatic SOFA HepSOFA 20003

Hemato FOFA HemSOFA 20004

Press Cardio FOFA(-) PrCardSOFA 20005

MAP Cardio BOFA (-) MaCardioSOFA 20006

Neuro -) NeuroSOFA 20007

Cardiac Output (L/min) cO 90, 89, 1601, 2112

CVH (mmHg) cvp 113, 3345, 1103

5p0 (%) Sp02 646, 6719

Arterial Oxygenation Saturation (SaO,) (%) Sa02 834,3609,4833,3495

Alkaline phosphatase (mmEq) ALP 3728 50061

Alanine transaminase (mmEq) ALT 769 50062

Aspartate transaminase (mmEq) AST 50073

Cholesterol (mmEq) Cholesterol 789,3748,1524 50085

Troponin-I (mmEq) Tropl 50188

Troponin-T (mmEq) TropT 50189

Rikers' scale (-) RikersScale 1337°

MechVent (-) MechVent 720,721,722

% indicates where value was taken from value2num instead of valuelnum,

b indicates that the value was taken f
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Table A.4: Description of the l@zmatt‘onal Classification of Diseases (/CDj—9 codes to extract some

Chronic Health Condition (CHC). Because codes are organized in a tree structure, a ‘%’ symbol

(following the oracle syntax) indicates that all the sub-codes are included.

Table description

Table: ICD9
Unique ID:  hadm_id
Item field: CODE
Value field: sequence
Description Label Item IDs
Hepatic Failure HepFail 570%"
AIDS AIDS 042%
Cirrhosis Cirrhosis 571%
Myeloma Myeloma  203.0%
Metcan Metcan 196.%, 197.%, 198.%, 199.%, 200.%, 201.%,

202.%, 203.%, 205.%, 208.%

® the ‘%" indicates that zero or more characters can come in place.
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Table A.5: Description of parameter used for the extraction of microbiology events. From the
microbiologyevents table, three fields are used to extract the organism, the site of sample collection,
and the antibiotic test interpretation: org_itemid, spec_itemid, and interpretation, respectively.

Table description

Table: Microbiologyevents
Unique ID: hadm_id
Item field: org_itemid
Value field: interpretation
Description Label Item IDs
Staph. Aur. Coag. Org_StaphAurCoag 80023
Enteroco. SP Org_EnterocoSP 80053
Staph. Coag. Org_StaphCoag 80155
E. Col.. Org_Ecoli 80002
Pseudo. Monas. Aeru. Org_PseudomonasAeru 80026
Klemsiel. Pneumo. Org_KlemsielPneumo 80004
Enteroco. Faecium Org_EnterocoFaecium 80168
Entero. Bact. Cloac. Org_EnteroBactCloac 80008

Table description

Table: Microbiologyevents
Unique ID: hadm_id
Item field: spec_itemid
Value field: interpretation
Description Label Item IDs
Sputum Site_sputum 70062
Swab Site_swab 70040, 70067, 70068, 70069, 70070,
70071, 70084, 70092
Urine Site_urine 70077,70078, 70079, 70080, 70081,
70082
Catheter Site_iv 70023
Blood Site_blood 70007,70011, 70012, 70012, 70013,

70014, 70015, 70016, 70017, 70049,
70052
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