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Abstract

In the intensive care unit (ICU), the importance of glycaemic control for the survival of criti-
cally ill patients has been demonstrated, as a result of the common occurrence of stress-induced
hyperglycaemia. While the main actor of this glycaemic control is insulin, another important
component for critically ill patients is the nutritional support. Historically, the paradigm of clin-
ical nutrition has often relied on standardised recommendations (a "one-size-fits-all" approach),
but the concept of personalised nutrition has recently emerged, aiming to tailor the caloric intake
to the evolving metabolic state and tolerance of each individual patient.

In this context, the Stochastic TARgeted (STAR) protocol embodies this shift toward highly
personalised management. Designed as a combination of physiological and stochastic models
clinically validated for glycaemic control, STAR continuously evaluates patient-specific insulin
sensitivity. By employing stochastic forecasting to anticipate future patient evolutions, the al-
gorithm recommends a combination of insulin and nutrition. This approach optimises caloric
delivery for each patient while ensuring the maintenance of strict normoglycaemia, thereby
illustrating a specific approach for personalised nutrition in critical care.

The objective of this work is to causally evaluate the impact of several standardised nutritional
strategies (such as the ESPEN guidelines or aggressive early feeding) compared to the unre-
stricted and adaptive management of the STAR protocol. While conducting a randomised con-
trolled trial is the gold standard to answer such causal questions, this study uses observational
data. Utilising retrospective clinical data, several challenges have to be overcome, such as the
verification of the identifiability conditions inherent to all causal inference studies. However,
the main concern arises from the lack of randomisation encountered in observational studies.

Consequently, the methodology of this work is rooted in the rigorous Target Trial Emulation
framework. Regarding the statistical methods, the parametric g-formula was implemented to
model these interventions while adjusting for baseline and time-varying confounders and ac-
counting for competing events.

The results demonstrate that restricting the STAR protocol to strictly follow international guide-
lines (formulated by the ESPEN) offers no significant advantage over the unrestricted STAR
protocol, thereby validating the efficacy and safety of the unrestricted STAR protocol. Fur-
thermore, the study confirms the clinical risks associated with an early high-nutrition strategy,
which led to an increase in mortality at both the ICU and hospital levels. Finally, a compre-
hensive analysis of the starvation scenario highlighted the mathematical limitations of causal
inference algorithms when faced with a lack of longitudinal data (positivity violations), under-
scoring the importance of rigorous clinical interpretation when applying predictive models.
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Chapter 1

Introduction

Critically ill patients often exhibit stress-induced hyperglycaemia, with 50% to 80% of inten-
sive care unit (ICU) patients experiencing this pattern. As a result, glycaemic control (GC),
which can be achieved through insulin therapy, was clinically demonstrated to be essential for
patients’ outcomes. Given the complexity of GC and its paramount importance, the additional
complexity arising from the nutrition component’s route, amount, and timing led to classical
recommendations in which nutritional intakes were set to static values. However, recent ad-
vancements in the knowledge of the metabolic response to stress as well as methods to quantify
it have turned intensive care nutrition into a subject of extensive studies, sparking interest in
personalised nutrition therapies.

In this context, the Stochastic TARgeted (STAR) GC framework is a clinically validated ap-
proach that implements tight glycaemic control using the combination of physiologic and stochas-
tic models to identify a key parameter, insulin sensitivity (SI), and forecast its evolution as well
as the evolution of blood glucose (BG) levels under different combinations of insulin and nu-
trition levels.Therefore, the STAR framework estimates the maximum amount of nutritional
intake while limiting the risk of departures from normoglycaemia.

The aim of this master thesis is to characterise the nutrition provided by STAR and compare it
to clinically motivated nutrition therapies regarding mortality rates. While the gold standard to
answer such questions would require conducting a randomised clinical trial, time, ethical, and
financial limitations led to revisit the approach and to consider using real-world data. Neverthe-
less, using real-world data to infer causal effects comes with different challenges that necessitate
the use of extensive statistical methods.

To guide the reader through the methodological steps of this causal evaluation, the manuscript
is organised into different chapters ranging from theoretical concepts to statistical applications.

First, Chapter 2 explores the theoretical background, involving glucose homeostasis, the meta-
bolic responses to critical illness, and the role of nutrition in the intensive care unit. Building
upon this background, Chapter 3 details the model-based, patient-specific logic of the Stochastic
Targeted protocol, focusing on how SI is leveraged to guide metabolic and nutritional decisions,
as well as a description of how the caloric goal is set. The comprehensive presentation of the
mathematical foundations of causal inference is then presented in Chapter 4, which defines the
state-of-the-art framework used when conducting causal inference problems with observational
data, called target trial emulation, the three identifiability conditions, and standard observational
biases.

The application to the practical study begins with Chapter 5, which applies the target trial em-
ulation theory of Chapter 4 to the observational data, explicitly defining the filtering workflow,
baseline and time-varying confounders, and the principles of the parametric g-formula. Follow-
ing this setup, Chapter 6 outlines the several steps necessary to build and validate the statistical
models, by constructing the Directed Acyclic Graph (DAG), assessing the specification of the

1



newly constructed models, and testing identifiability assumptions such as positivity and con-
sistency. Chapter 7 then confronts the mathematical results with clinical realities, examining
unadjusted naïve distributions before highlighting the adjusted survival curves and the method-
ological limits of model extrapolation. Finally, Chapter 8 critically reviews the potential impacts
of unmeasured confounding using E-values, and addresses the temporal data gaps between pro-
tocol cessation and clinical outcomes before concluding this work in Chapter 9.
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Chapter 2

Background

The purpose of this chapter is to provide the necessary background on nutrition in the intensive
care unit (ICU), starting with a quick reminder of glucose homeostasis before developing the
state of the art regarding nutrition in critically ill patients.

2.1 Glucose homeostasis
Glucose is the energy source of most cells and one of the most abundant biological molecules
[1]. The concentration of glucose in the blood is called glycaemia.

To ensure normal body function, the human body requires controlled glucose levels. This home-
ostasis results from an interplay of various hormones and neuropeptides released mainly from
the brain, pancreas, liver, intestine, as well as adipose and muscle tissues [2]. Among the ele-
ments of this sophisticated network, the pancreas plays a central role [3]. Indeed, the endocrine
cells of the pancreas, clustered together and forming the so-called islets of Langerhans, include
five different cell types releasing various hormones : glucagon-producing α-cells, which repre-
sent 15 − 20% of the total islet cells; amylin, C-peptide, and insulin-producing β-cells, which
account for 65 − 80% of the total cells; pancreatic polypeptide (PP)-producing γ-cells, which
comprise 3−5% of the total islet cells; somatostatin-producing δ-cells, which constitute 3−10%
of the total cells; and ghrelin-producing ϵ-cells, which comprise < 1% of the total islet cells [2].

Thanks to these hormones, particularly insulin and glucagon, the pancreas regulates blood glu-
cose levels to maintain them within the acceptable range [2]. This process is enabled by the
antagonistic actions of insulin and glucagon (see Figure 2.1) :

• When blood glucose levels are low, glucagon is released from the α-cells to promote hep-
atic glycogenolysis as well as hepatic and renal gluconeogenesis, i.e. catabolic processes,
to increase blood glucose levels by promoting endogenous glucose production [2].

• When blood glucose levels are high, insulin secretion from the β-cells is stimulated. This
freshly secreted insulin then docks to its receptor on muscle and adipose tissues, which
triggers the uptake of glucose by these tissues and lowers blood glucose levels. Addi-
tionally, insulin promotes glycogenesis, glycolysis, lipogenesis, and the incorporation of
amino acids into proteins, i.e. anabolic processes [2]. Finally, insulin also reduces gluco-
neogenesis by downregulating this synthesis pathway [3].

Disturbances in the interplay of the hormones and peptides involved may lead to metabolic
disorders such as diabetes mellitus (DM) [1, 2, 4]. Note that aside from the pancreas, liver, and
muscle and adipose tissues, the entire regulatory system also includes other organs as the brain
and the guts and comprises other signalling molecules [2].

Normoglycaemia, i.e. normal blood glucose levels, can be defined as the range 4 mmol/L −
6 mmol/L (72 mg/dL − 108 mg/dL) [2]. Note that the values of normoglycaemia are not

3



2.2. METABOLIC CONSEQUENCES OF STRESS IN CRITICALLY ILL PATIENTS

Figure 2.1: Illustration of the antagonistic actions of glucagon and insulin to maintain blood
glucose homeostasis [2].

universal [5], with other authors defining it, for instance, as the range 4.4mmol/L−6.1mmol/L
[6]. Departure from normoglycaemia is either called hypoglycaemia or hyperglycaemia:

• Hypoglycaemia refers to blood glucose levels below normoglycaemia, with moderate hy-
poglycaemia defined as BG < 3.3mmol/L and severe hypoglycaemia as BG < 2mmol/L
[5, 6]. Hypoglycaemia can result in cardiovascular complications, such as cardiac ar-
rhythmias and ischaemia, alongside neurological damage including cognitive decline and
dementia [5].

• Hyperglycaemia is the opposite situation with BG levels above normoglycaemia, with
moderate hyperglycaemia defined as the range 6.1 − 10 mmol/L and severe hypergly-
caemia as BG > 10 mmol/L [6]. Hyperglycaemia is associated with a wide range of con-
sequences, among which oxidative stress and endothelial dysfunction, a pro-coagulant
state severely impairing tissue perfusion, an impairment of immune cell function lead-
ing to an increased susceptibility to severe infections, delayed wound healing, and an
increased risk of acute kidney injury and subsequent multi-organ failure [7].

2.2 Metabolic consequences of stress in critically ill patients
First conceptualised in 1847 by von Helmholtz, energy metabolism is a cornerstone of physi-
ological function and has been the subject of extensive studies ever since [8]. The purpose of
energy metabolism is to balance the storage of energy and synthesis of molecules (anabolism)
with energy release (catabolism) [9]. To that end, energy metabolism comprises a series of
sophisticated biochemical pathways transforming nutrients into adenosine triphosphate (ATP),
the primary source of energy for the cells [8]. Those pathways include glycolysis, oxidative
phosphorylation (OXPHOS), and fatty acids oxidation (FAO). Hence, the regulation in these
pathways is essential for supporting cellular homeostasis and ensuring the optimal behaviour
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of organs and tissues, whereas dysregulation in energy metabolism directly contributes to the
pathogenesis of various disorders [8].

Notably, carbohydrate and lipid metabolisms account for over 90% of the body’s energy re-
quirements, with glucose metabolism alone being the primary energy-producing pathway in the
body as it contributes to 50 − 70% of the total energy supply [8].

Critical illness is associated with a rearrangement of this fine-tuned balance [10]. Considered
adaptive, this response is driven by an increased activation of the nervous system and release
pituitary hormones and inflammatory mediators [11]. Consequently, a state of anabolic resis-
tance emerges, alongside a modification of the pathways for energy production to promote the
use of alternatives substrates: though triggered to increase the availability of energy substrates,
these mechanisms lead to a significant catabolic state and loss of muscular mass [11].

2.2.1 Stress-induced hyperglycaemia (SIH)
For patients in the ICU, a commonly observed pattern is stress-induced hyperglycaemia (SIH),
especially during the first 48 hours after admission [7]. It occurs in at least 50% of patients
admitted to intensive care, including patients without previous history of diabetes [7]. It is an
adaptive neuroendocrine and immune response to physiological stress that aims to increase the
availability of metabolic substrates to struggling organs during acute illness [12, 13]. This state
is associated with elevated blood glucose levels in addition to insulin resistance resulting from
several mechanisms [7].

Stress leads to an overproduction of cortisol, which promotes hepatic gluconeogenesis and
glycogenolysis [7, 12]. In addition, cortisol enhances the activity of pancreatic α-cells that
produce glucagon, hence decreasing the released insulin [7].

Stress also leads to the production of pro-inflammatory cytokines like interleukin 1(IL-1), in-
terleukin 6 (IL-6) and tumor necrosis factor-α (TNF-α). This results in an increase in insulin
resistance and also suppresses insulin production [7, 14]. Moreover, hyperglycaemia itself leads
to elevated IL-6 levels in the blood, creating a positive feedback to the production of cortisol
since IL-6 promotes the secretion of cortisol [7, 12].

The above description of stress-induced hyperglycaemia supports its self-sustaining nature. As
a result, the prolonged state of hyperglycaemia increases the risk of infection, alters coagulation,
impairs endothelial function, upregulates inflammatory cytokines and renders patients prone to
cardiac arrhythmias [7, 15]. Stress-induced hyperglycaemia is also associated with increased
risk of critical illness polyneuropathy (CIP), with 30% of critically ill patients experiencing SIH
exhibiting symptoms of CIP [16]. While the pathogenesis of CIP is not completely understood,
the release of cytokines is thought to be a cause [16]. Consequently, patients with CIP undergo
longer mechanical ventilation periods and longer ICU stays [16]. Hence, stress-induced hyper-
glycaemia has been proved to worsen length of hospital stay and mortality [15], highlighting
the need to implement glycaemic control (GC) in the ICU in order to break this vicious cycle
[13, 14].

Glycaemic control can be achieved through intravenous (IV) insulin therapy, considered as a
standard of care for hyperglycaemia management in the ICU [4, 7]. It consists in an infusion
of IV insulin when blood glucose levels cross a limit [12, 17]. This infusion of insulin pro-
vides a solution to recover from hyperglycaemic crises and is associated with a decrease in
pro-inflammatory cytokines and stress markers levels, highlighting the anti-inflammatory ef-
fects of GC [12, 15]. However, glycaemic control also needs to prevent hypoglycaemia and to
limit glucose variability as they have been demonstrated to lead to poor outcomes [1, 18, 19].

5



2.3. THE ROLE OF NUTRITION IN THE ICU

Figure 2.2: Evolution of the metabolic response to acute illness over time [9].

2.2.2 Metabolic phases of critically ill patients
The previous section introduced the perturbations of the metabolic balance resulting from stress
in critically ill patients and its clinical manifestation as stress-induced hyperglycaemia. Those
perturbations can be classified into three distinct phases that the patient undergo in the ICU.
Those steps, illustrated in Figure 2.2 with their metabolic implications, are respectively the
early phase, the late phase, and the recovery phase [9, 20].

The early phase, starting at the admission at the ICU resulting from a hyperacute phase of
hemodynamic instability [21], is characterised by a highly conserved adaptative resistance to
anabolic signals, particularly regarding insulin [20]. Insulin resistance in the peripheral tissues
and the resulting state of hyperglycaemia is meant to promote glucose availability toward vital
organs, which is desirable during the first hours of critical illness [9, 20]. However, this state
of insulin resistance can persist in the late and recovery phases and might evolve into type 2
diabetes [20].

The late phase is associated with important muscle wasting (i.e, changes in body composition)
alongside the resolution of the metabolic instabilities, reflecting the beginning of the metabolic
balance’s restoration [9, 21]. Furthermore, the recovery phase is characterised by either the
improvement and restoration of the anabolic processes, or the persistent inflammatory/catabolic
state resulting in a prolonged hospitalisation [9, 21].

2.3 The role of nutrition in the ICU
In this section, the state of the art regarding the optimal amount of nutrition in the intensive care
unit is presented, in addition to the implications of discrepancies from the nutrition needs on
clinical outcomes. This section first starts from classical recommendations before shifting to
more personalised protocols.

The primary objective of clinical nutrition in the ICU is to provide adequate energy and protein
intake to attenuate the metabolic response to stress, preserve lean body mass, and support im-
mune function [21, 22]. Notably, the amount, route, and timing have to be fine-tuned in order
to avoid two situations with deleterious effects on the outcomes : overfeeding and underfeeding
[23, 10].
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Figure 2.3: Mechanical and metabolic consequences of overfeeding in the ICU [23].

Overfeeding occurs when energy and nutrient delivery exceeds the patient’s metabolic demands
[23]. In the ICU, overfeeding is associated with a spectrum of adverse complications, which can
be categorised into mechanical issues and excesses in proteins, lipids, and carbohydrates, the
last three representing metabolic issues (see Figure 2.3) [23]. Notable metabolic consequences
include hyperglycaemia, hypertriglyceridaemia, hepatic steatosis, azotaemia, and hypercapnia
[23, 24, 25]. Clinically, these consequences translate into delayed weaning from mechanical
ventilation, prolonged ICU stay, and increased mortality [23, 24, 26].

Conversely, underfeeding is generally defined as an energy intake below 70% of the patient’s
measured or estimated metabolic needs [10, 21]. Prolonged underfeeding exacerbates malnu-
trition and has been shown to increase infection rates, organ failure, and hospital length of stay,
while also prolonging mechanical ventilation and ultimately increasing overall mortality [24,
26].

The two preferred routes of delivery for ICU nutrition are the enteral and parenteral routes.
Enteral nutrition (EN) corresponds to a nutrition therapy administered via a tube or stoma into
the intestinal tract distal to the oral cavity [27]. On the other hand, parenteral nutrition (PN)
is characterised by the direct intravenous (IV) administration of the essential macronutrients,
micronutrients, and fluids into the systemic circulation, therefore bypassing the enteral route
[23, 27].

2.3.1 International nutrition guidelines
Although the need and the importance of nutritional support for critically ill patients in the In-
tensive Care Unit (ICU) is well-established given the numerous clinical evidence provided in
the above sections, the consolidation of expert viewpoints is essential to establish standardised
protocols and resolve conflicting paradigms of the field. To that end, international conventions,
notably by the European Society for Clinical Nutrition and Metabolism (ESPEN) and the Amer-
ican Society for Parenteral and Enteral Nutrition (ASPEN) propose several guidelines arising
from studies and discussions between experts, highlighting the diversity of opinions in this area,
partly attributed to the lack of scientific evidence supporting a singular approach [22, 28]. Con-
sequently, these guidelines propose a comprehensive set of recommendations, each associated
with a consensus level reflecting once more the diversity of opinions. The purpose of this sec-
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tion is therefore to summarise those propositions, focusing on the most unanimously approved
ones.

First, regarding the initiation of nutrition, the ESPEN guidelines state that "in critically ill
adults, early EN, i.e. within 48 hours, shall be initiated rather than early PN" [21, 28]. This
is a major conclusion from the guidelines since it is one of the rare recommendations provid-
ing a precise time indication: the best timing to initiate EN is within 48 hours [28]. Note that
the recommendation of preferring EN to PN is widely accepted, though the guidelines explic-
itly specify that in the situation where EN is contraindicated, PN should be used and is not
associated with worsen outcomes [22].

Subsequently, in connection with the amount of nutrition to be provided, it is indicated that
"to avoid overfeeding, early full EN and early full PN shall not be used in critically ill adults
but should be prescribed within 3 to 7 days" [21]. This claim is supplemented by two other
recommendations stating that hypocaloric nutrition (< 70% of the nutrition target) should be
administered in the early phase of acute illness and after the third day, the caloric intake can be
increased up to 80 − 100% of this nutrition target (commonly called caloric goal)[21]. How-
ever, there is still debate regarding the amount of EN that should be delivered and about how
long to wait after admission before reaching energy target, some experts stating that reaching
the energy target should wait until the fourth day while others state that it depends on the pa-
tient’s metabolic profile [28]. This diversity of opinions is likely to be the result of the different
phases undergone by the patients illustrated in Figure 2.4: while hypocaloric nutrition should
be administered in the early phase, all three phases of critical illness have variable durations
between individuals, making the elaboration of a general rule challenging [21, 28].

Figure 2.4: Description of different phases endured by critically ill patients [21].

The previous recommendations can be summarised into a few simple instructions as illustrated
in Table 2.1

Phase of the recommendation Guideline

Early period Hypocaloric nutrition: < 70% of the nutrition target

Early period Initiation of EN within 48 hours

Late period Increase of the nutrition towards the caloric goal

Table 2.1: Summary of the calorific recommendations enumerated by the ESPEN and ASPEN
standards [21, 22].
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Figure 2.5: Temporal trajectory of energy consumption and production during the first days of
critical illness, illustrating the risk of overfeeding from early full feeding [24].

While these previous recommendations stipulate nutrition limits during the different metabolic
phases of critically ill patients, a specification of the caloric target has not been provided yet.
In the guidelines, it is recommended to determine this energy expenditure (EE) using indirect
calorimetry (IC) [21, 22], as this non-invasive technique is considered to be the gold standard
for measuring energy expenditure [24].

Indeed, an accurate evaluation of the patient’s energetic needs is important in order to avoid the
deleterious effect of both underfeeding and overfeeding [24]. To that end, indirect calorimetry
measures resting energy expenditure (REE) in ventilated and spontaneously breathing patients
simply through an analysis of respiratory gases [24]. In the situation where indirect calorime-
try is not available, the ESPEN guidelines state that "the evaluation of EE can be conducted
using V O2 (oxygen consumption) from pulmonary arterial catheter or V CO2 (carbon dioxide
production) derived from the ventilator is possible" for mechanically ventilated patients [21].

However, it is important to understand that the measured EE reflects the total energy consumed
by the body, not necessarily the amount of exogenous nutrition that needs to be provided: for
instance, during the early phase of critical illness, the body generates a significant amount of
endogenous energy through stress-induced catabolism [24]. Therefore, matching 100% of the
measured EE with exogenous nutrition during this period would clearly lead to overfeeding (see
Figure 2.5). Note that Figure 2.5 also highlights that a certain amount of endogenous glucose
production can be maintained for many days in the sickest individuals, even during exogenous
feeding. This dynamic nature of EE and endogenous glucose production explains why ESPEN
guidelines recommend hypocaloric feeding (below 70%) initially, with a gradual increase as the
endogenous energy production wanes in the late phase.

So far, the most common method to measure EE is through predictive equations since they allow
a rapid calculation of REE using anthropometric data [24]. However, these simple estimates are
also associated with a poorer precision, leading to overfeeding and underfeeding [21, 22, 24].
If predictive equations are used to determine EE, the ESPEN guidelines recommend to use
hypocaloric nutrition during the first week [21]. Also note that large observational series have
observed that the optimal caloric load is 80% of the predicted energy needs [21]. However, the
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simplest option in this case is to consider the classical range of 20 − 25 kcal/kg/day for adult
patients as the target caloric goal [21, 24].

Note that while the previous recommendations focus on the caloric intake received by the pa-
tients, the guidelines also provide recommendations specific to the protein content. For instance,
the ESPEN guidelines advise a protein target of 1.3g/kg/day during critical illness and that the
target should be reached progressively [21]. Indeed, though it might be tempting to consider
energy and protein collectively, energy and protein might not change in parallel way: a too
large delivery of energy could lead to overfeeding, hence to deleterious consequences, while
increased protein delivery might be beneficial in critically ill patients due to the marked prote-
olysis and muscle loss associated with critical illness [21]. However, due to the lack of clinical
evidence from randomised clinical trials to refine results from observational studies in addition
to the unavailability of universally validated protein needs measurement methods, the impact of
low/high protein diet on mortality has not been demonstrated yet [21, 28].

2.3.2 Towards personalised nutrition therapy
The previous sections provided the general framework of nutrition therapy in critically ill in-
dividuals, leaving room for clinician preferences when it comes to defining a precise protocol.
Indeed, those recommendations propose rules for caloric intakes during the ICU stay (see Table
2.1) based on trials and on knowledge of the metabolic implications of each phase of critical
illness [21]. Hence, they arise from population-level conclusions without ensuring that these
are the best protocols for each individual in the population.

In practice, many randomised controlled trials (RCTs) have targeted the effects of different
nutrition strategies on ICU patients and highlighted differences in effectiveness between those
interventions [25]. This "elusive paradox" might be due to the heterogeneity of treatment effects
and the lack of useful markers that reflect individual patient responses to nutrition interventions
[25, 29]. Potential sources of inter-individual differences in response to treatment include a
wide range of factors, from genetic background to prognostic factors [25, 29].

Consequently, the goal of personalised nutrition, supported by expert recommendations, is to
identify predictive and prognostic markers to detect patients who are the most likely to benefit
from nutrition support [25, 29]. For example, baseline genetic factors can influence metabolism,
immune, and inflammatory responses to critical illness, hence can influence the response to nu-
trition intake [25]. Moreover, dietary components can alter gene expression, changing protein
levels and metabolite composition, i.e., nutritional interventions can interrupt or restore home-
ostasis [29].

In contrast to generalised recommendations, personalised nutrition relies on recognising inter-
individual baseline differences in addition to sequential clinical metrics that reflect the progres-
sion of critical illness [25, 29]. Hence, personalised nutritional delivery can be dynamically
adjusted to align as accurately as possible with the patient’s true metabolic state [25]. This field
focusing on small molecules in urine, saliva, blood, and tissues to identify nutrition biomarkers
is referred to as metabolomics [29]. The purpose of personalised nutrition can therefore be sum-
marised into the idea of determining the "metabolic trajectory" of individual patients, achieved
through the serial monitoring of dynamic clinical biomarkers, some already recommended by
international guidelines such as inflammatory indices (e.g., C-reactive protein), nitrogen bal-
ance, and insulin requirements [21, 25]. By systematically tracking these metrics, clinicians
could identify the critical physiological shift from the stress-induced catabolic state to an an-
abolic one: this real-time evaluation could provide a clear signal of metabolic readiness, guiding
the optimal timing and dosage for progressing towards the full nutritional target [25, 29].
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From a practical point of view, indirect calorimetry and/or the assessment of body composition
using modalities such as bioimpedance analysis, ultrasound, CT, or MRI have been developed
to optimise goal-directed nutrition by providing precise insights about a patient’s body compo-
sition [25]. Furthermore, a detailed list of the available nutrition biomarkers associated with
inflammation, metabolism, or organ injury, is provided in the Appendix A (see Table A.1).
However, while these biomarkers hold important prognostic value and can theoretically signal
"metabolic readiness", their physiological dynamics in critically ill patients remain highly com-
plex [25]. Crucially, their specific kinetic changes from nutritional interventions have not been
completely elucidated yet [25].
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Chapter 3

The STAR protocol

The Stochastic TARgeted (STAR) glycaemic control framework is a clinically validated and
effective model-based ICU GC protocol that uniquely maintains normoglycaemia, targeting the
4.4 − 8.0 mmol/L range (79 − 144 mg/dL), by modulating both insulin and nutrition provision
[30, 31]. More accurately, the protocol maximises the control and nutritional delivery while
ensuring that the risk of BG < 4.4 mmol/L never crosses a maximum value of 5% [30, 32].

Introduced in the early 2010s in Christchurch, New Zealand, this glycaemic control protocol is
the evolution of the SPRINT protocol, which successfully reduced organ failure and mortality
using a patient-specific table-based approach titrating insulin and nutrition [32, 33]. Yet, this
protocol lacked flexibility and was associated with a clinical burden larger than expected (even
though still acceptable) [32]. As stated in the previous Chapter, the need for such precise gly-
caemic control protocols is the consequence of stress-induced hyperglycaemia experienced by
many critically-ill patients, resulting in both hyperglycaemia and hypoglycaemia, both proven
to be associated with higher mortality and morbidity in the ICU [4, 31, 32]. Moreover, com-
pared to classical insulin-only glycaemic control protocols, protocols tuning both insulin and
nutrition result in a better percentage of time spent in the targeted range of blood glucose levels
[34]. STAR has now been the standard of care in Christchurch Hospital ICU, New Zealand, and
in the Kálmán Pándy Hospital ICU, Gyula, Hungary, since 2011 [30].

The framework of the STAR protocol can be divided into four main steps that are illustrated in
Figure 3.2.

First, the data collected during the current time interval are fed into the physiological model, the
Intensive Control Insulin-Nutrition-Glucose (ICING) model [35], to identify the only unknown
parameter of the equations using integral-based parameter fitting: the insulin sensitivity (SI)
[31]. This physiological model is illustrated in Figure 3.1. It comprises a set of differential
equations describing glucose and pharmacodynamics for three compartments: blood glucose
(G), plasma insulin (I), and interstitial insulin (Q). In this set of differential equations, the only
unknown parameter is the insulin sensitivity, all the other parameters being known or estimated
from population data [4]. The equations as well as the set of known parameters are provided in
the Appendix B.

Second, this current value of insulin sensitivity, in parallel with its historical data, are fed to
the stochastic model. This model predicts future values of SI and provides the 5th and 95th
percentiles of these predictions [4, 36, 37].

Third, these predicted values of insulin sensitivity and the corresponding percentiles are given
to the physiological model to predict future blood glucose values and percentiles under a set of
hypothetical combinations of insulin and nutrition values [4, 36, 37].

Finally, based on the 5th and 95th percentiles of the predicted BG levels, the optimal combina-
tion is chosen to ensure a maximum risk of 5% of glycaemia under 4.4mmol/L and a maximum
provision of nutrition [4, 36, 37].
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Figure 3.1: Representation of the different components of the ICING physiological model
describing the glucose-insulin dynamics [4].

While the term "personalised" nutrition commonly refers to nutrition deliveries based on differ-
ent biomarker measurements to evaluate the patient’s metabolic state (previously referred to as
the "metabolic trajectory" in Section 2.3.2) [25, 38], STAR uses the physiological model as an
indirect way to evaluate the metabolic needs of the patient through insulin sensitivity in combi-
nation with a stochastic model to infer on the evolution of these later needs [4, 31]. Therefore,
the protocol takes into account both inter-patient variability through the physiological model,
and intra-patient variability with the stochastic model [4].

To set the caloric goal (also called goal feed, GF), the protocol uses the guidelines from the
American College of Chest Physicians (ACCP) [31, 39], resulting into a caloric target of
25 kcal/kg/day. However, since the patients of the Christchurch ICU are not weighted, this
goal is approximated, first assuming that each patient weighs 80 kg, and then adjusting it de-
pending on the patient’s profile according to the following formula [31] :

A · F · G · 80 · 25 = kcal Goal/Day (3.1)

In Equation 3.1, the coefficients A, F , and G correspond respectively to the age, the frame
size, and the gender of the individuals. The values of these coefficients are set according to the
conditions of Table 3.1:

Frame size Small Medium Large

F 0.9 1.0 1.1

Age ≤ 39 40 − 49 60 − 79 ≥ 80

A 1.1 1.0 0.9 0.8

Gender Male Female

G 1.0 0.8

Table 3.1: Adjustment coefficients (F , A, G) based on frame size, age, and gender used to
determine the goal feed [31].
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However, in practice, this targeted caloric intake is not always reachable because of the satu-
ration of the insulin effect on blood glucose [31]. Indeed, the design of STAR limits insulin at
a maximum rate of 6 U/h (with h = hour) and maximum changes of 3 U/h except unlimited
decreases to 0U/h [4, 32]. As a result, nutritional intake has to be restricted for highly insulino-
resistant patients and/or periods of time in order to ensure limited increases in glycaemia. The
design of the protocol emphasises on the 30 − 100% range of the goal feed, with maximum
changes of ±20% in nutrition, but enables the nutrition to be turned off for clinical reasons,
leaving only insulin to regulate blood glucose levels [4, 32]. These limits on both insulin and
nutrition ensure robustness to clinically observed sensor assay errors or failure, and provides
another rationale of why STAR maximises the nutrition [32].

Figure 3.2: Illustration of the four steps underlying the decision-making process of the STAR
glycaemic control protocol [4].
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Chapter 4

Target trial emulation framework

4.1 Using observational data for causal inference
When conducting an experiment aiming to answer a causal question, the gold standard method
requires conducting a strictly defined randomised controlled trial (RCT) [40]. Indeed, by ran-
domly distributing the patients into the groups, their characteristics are balanced, hence any dif-
ferences in the outcome can be attributed to the intervention of interest [40, 41]. Furthermore,
generalisability, i.e., the act of extending the conclusions of the trial to a larger population,
is ensured provided that the volunteering participants are similar to the target population for
whom the treatment will be used in the future [40]. However, RCTs are sometimes not feasible,
ethical, or timely [42, 43].

In such cases, observational studies have become valuable alternatives and rapidly gained in
popularity [44]. These studies can be intentionally designed as prospective observational co-
horts, where patients are actively followed over time to gather specific data without experi-
mental intervention. Alternatively, researchers can leverage the vast amounts of real-world data
routinely collected during everyday medical practice for retrospective analysis [44]. Ultimately,
whether utilising specifically designed cohorts or exploiting existing datasets, researchers take
advantage of these observational data to answer causal questions regarding the safety or effec-
tiveness of a treatment [42].

Harnessing observation data to answer causal inference questions has been increasingly used
during the past decades [44] and can be seen as the result of two factors. First, the modernisation
of medicine led to equipment that made it possible to store not only patients’ characteristics,
through the implementation of Electronic Health Records (EHR) [45], but also the medications
that the patients received during their hospital stay [44]. Secondly, the recent examples of
the Covid-19 pandemic highlighted the urgency for the hospitals to infer on the most effective
treatment in the shortest possible time, making observational trials attractive compared to RCTs
[46, 47]. These newly available databases thus form a gold mine for data analysts, providing
them data that, if correctly used, make it possible to either question protocols implemented
in some hospitals or compare treatment strategies without conducting a time-consuming and
expensive RCT [42].

Aside from those a priori advantages, some clinicians are still refractory about conclusions
arising from observation studies, partly because past observational studies relied on flawed
designs, poorly described the methods they used, and provided few rationales regarding the
implications and limitations of the results [44, 47, 48]. Additionally, those studies rely on
key assumptions often implicitly accepted because hardly testable, which legitimately creates
suspicion [49]. Those assumptions are referred to as identifiability assumptions and are three in
number:

• Exchangeability, stating that the conditional probability of receiving each treatment value is
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exclusively dependent on a set of measured covariates L [49].
• Positivity, stating that the probability of being assigned each treatment value conditional on

L is greater than zero, i.e., positive [49].
• Consistency, implying that the treatment values of interest reflect well-defined interventions

that, in turn, correspond to the versions of treatment in the data [49].

Also, even when verified, identifying causal effects still require to overcome three challenges
that have long been poorly accounted for in past studies using flawed designs and analyses [44,
50]:

• The confounding bias, that is, failing to account for all the prognostic factors that influence
both the treatment and the outcome.

• Competing events, occurrences that prevent the primary event of interest from happening.
• The immortal time bias, that is, erroneously including a period of follow-up during which a

patient could not possibly have experienced the outcome.

The identifiability conditions as well as the mentioned challenges will be detailed in Sections
4.3.2 and 4.3.3.

Target trial emulation has recently emerged as a systematic approach to design and conduct ob-
servational studies aiming to answer causal effect-related questions [44, 48]. Nevertheless, the
principles and benefits of target trial emulation may remain poorly understood and unfamiliar to
numerous readers [44]. The whole point of the approach is to first define the ideal randomised
controlled trial that would be conducted in a situation without restrictions and then emulate
this trial using observational data [41, 43, 51]. This ideal randomised clinical trial is called the
target trial, hence the approach is referred to as Target Trial Emulation.

In this chapter, the theoretical aspects of the target trial emulation framework are presented, in
association with the underlying challenges and solutions, following the Transparent Reporting
of Observational Studies Emulating a Target Trial (TARGET) guidelines [48, 51].

4.2 The target trial
As stated before, the target trial emulation is a framework for designing and analysing obser-
vational data that aims to estimate the causal effect of interventions. For each causal question,
one can imagine the randomised trial that could have been conducted to answer that question
[47]. This target trial should be explicitly specified in a target trial protocol, which includes
the following components: the eligibility criteria, treatment strategies, treatment assignment,
outcomes, start and end of follow-up, causal contrast, and statistical analysis plan [43, 44, 52].
Defining the target trial and its detailed protocol is the first step in the the target trial emulation.
A summarised description of each element is provided in Table 4.1.

The eligibility criteria define the target population, i.e. the population to which the results of the
study apply [51]. Therefore, these criteria can include both inclusive and exclusive conditions
[53]. In order to have a sufficiently large number of patients, the inclusion criteria should not be
too restrictive [46, 53], while at the same time being specific enough to ensure that the treatment
evaluation is clinically relevant for a target population [46].

Treatment strategies encompass two key elements : the intervention (point, static, or dynamic)
and the comparator (e.g., standard-of-care), where the intervention should reflect real-world
clinical protocols, ensuring that the conclusions of the study are informative for clinical or
policy decision-making [42, 46].
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Treatment assignment contains a description of the methods to assign the eligible patients to a
treatment strategy [44]. While this process is clearly randomised in the target trial, observational
studies likely rely on the observed data to decide between the treatment for each patient, hence
do not use a random process [44, 46]. This will later be referred to as confounding in next
sections.

A description of the outcomes includes how and when they would be measured or assessed in
the target trial during the follow-up [44, 51]. The follow-up settings delimit the study period.
The start of follow-up typically aligns with the time an individual meets the eligibility criteria
and is randomly assigned to a treatment strategy (defined as time zero, t0) and ends at the
occurrence of the outcome or other events such as end of the study or loss of follow-up [44, 51].

Regarding the causal contrast, two different effects can be estimated. On one hand, the intention-
to-treat effect refers to the effect of being assigned to a treatment strategy, independently of
whether the patient adhered to their assigned treatment after baseline [46, 49]. On the other
hand, the per-protocol effect refers to the treatment effect that would be observed under com-
plete adherence to the treatment strategy [46, 49].

Taken all together, the target population, the treatment strategies, the outcome, the follow-up
period, and the causal contrast define the so-called causal estimand i.e. the causal quantity
(typically, an effect) that would be estimated to answer a causal question of interest [41, 51].

Finally, the statistical analysis specifies which methods were used to estimate each causal esti-
mand [44]. Regarding this analysis, the reporting of results traditionally relies on two distinct
metrics: risks or hazards. The fundamental difference is as follows: at time k, the risk is the
probability that an individual experiences the event (e.g., death) by time k, while the hazard is
the occurrence probability at time k conditional upon the subset of individuals who have not
experienced the outcome up to time k − 1 [49].

According to Hernán and Robins[49], using hazards to draw conclusions in causal inference is
not optimal for two reasons.
First, the above definition of hazards supports the idea that they vary over time, hence the hazard
ratios, i.e., the ratio of hazards between the treated and untreated, generally does too (the ratio
evaluated at time k may differ from the one evaluated at time k + 1). However, many published
survival analyses report a single hazard ratio, which is usually the consequence of fitting a Cox
proportional hazards model that enforces a constant hazard ratio by ignoring time interactions.
Consequently, the reported hazard ratio is a weighted average of the k-specific hazard ratios,
complicating the causal interpretation of this metric.
Second, even if time-specific hazard ratios are calculated, their causal interpretation remains
not straightforward as a result of an inherent selection bias. Indeed, imagine a treatment that
eliminates all high-risk patients by time k. Therefore, the hazard ratio at time k + 1 is likely
to be less than 1 (hence reflecting an artificial favourable effect of the treatment) because the
surviving individuals in the treated group at time k + 1 will consist only of the most robust
patients, even though the treatment is clearly not beneficial.

Because of these two properties of hazard ratios, risks are the preferred and recommended
choice for presenting causal treatment effects [49]. More accurately, two metrics are often used
to present the results under two distinct settings: risk differences, and risk ratios.

4.3 Target trial emulation
After defining the target trial, the second step involves specifying the components of the emu-
lated trial. More accurately, it consists of describing of how each component of the target trial
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Protocol element Description

Eligibility criteria A list of conditions that need to be met to join the study.

Treatment strategies A description of the treatments that the eligible patients will
receive. These treatments can either be static or dynamic.

Treatment assignment How the eligible patients are assigned to a treatment.

Outcomes The events measured during the study.

Start and End of follow-up The specification of the start and the end of the follow-up
period.

Causal contrast A description of the causal estimand of interest. It can be
the intention-to-treat effect or per-protocol effect.

Statistical analysis A description of the statistical analysis methods that will be
used to estimate the causal estimand.

Table 4.1: Key components and descriptions of the target trial protocol.

of Table 4.1 is transposed to the observational data [51]. While this conceptual mapping can
be synthesised using the same structure as in Table 4.1, a successful emulation extends beyond
this mere specification. Given the theoretical purpose of this section, the detailed, point-by-
point component mapping will be reserved for the practical application of Chapter 5. Instead,
the following sections will focus on the methodological foundations required for a valid em-
ulation: starting with the essential identifiability conditions (exchangeability, positivity, and
consistency), inherent to all studies answering causal questions, before detailing the method-
ological challenges specific to observational studies (confounding bias, competing events, and
immortal time bias) and the statistical solutions proposed to overcome them.

4.3.1 The Counterfactual Framework: Causation vs. Association
For the description of these concepts, let’s first introduce different essential variables in the
context of causal inference using the mathematical formalism of Hernán and Robins [49]. First,
let Y be the dichotomous outcome and A a dichotomous treatment. Classically, Y = 0 and
Y = 1 represent respectively survival and death, while A = 0 and A = 1 represent respectively
untreated and treated. Since these variables can take different values for different patients, they
can be referred to as random variables.

Then, Y a=i is the outcome variable that would have been observed if the individual had received
a treatment a = i, with i ∈ {0, 1}. Therefore, at the individual-level, the treatment A has a
causal effect on the outcome if, for the individual,

Y a=1 ̸= Y a=0 (4.1)

, where Y a=1 and Y a=0 are called counterfactual outcomes. The "counterfactual" adjective is
meant to underline that a practical dataset only contains one of the counterfactual outcomes
depending on the treatment actually received by the individual. Consequently, in general,
individual-level causal effects cannot be identified. Instead, attention is paid to identifying
average effects, i.e., at the population-level.

An average causal effect of treatment A on outcome Y is present if, in the population of interest,

P (Y a=0 = 1) ̸= P (Y a=1 = 1) (4.2)
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Figure 4.1: Illustration of the difference between causation and association [49].

(P referring to a probability). Using expectations (E), the definition of the average causal effect
can be rewritten as

E(Y a=0] ̸= E[Y a=1) (4.3)

Note that this definition applies to both dichotomous and non-dichotomous outcomes. Also,
the absence of an average causal effect does not imply the absence of individual causal effects
[49]. However, while average causal effects can sometimes be identified from the data (using
Equation 4.2 or 4.3), individual causal effect cannot.

Since in practice, real data only contain one counterfactual outcome because each individual
receives one treatment A = 0 or A = 1. Therefore, the direct computation of average causal
effects is impossible. Instead, real data enable the computation of conditional probabilities,
referred to as associational measures. For example,

P (Y = 1|A = 1)

represents the risk of death among the treated individuals.
From this, the treatment A and the outcome Y are said to be associated (or dependent) if the
risk of death in the treated and the untreated is not equal, i.e,

P (Y = 1|A = 1) ̸= P (Y = 1|A = 0) or E(Y |A = 1) ̸= E(Y |A = 0) (4.4)

This highlights the difference between the goal of the study, that is, the identification of causal
effects, and the associational effects actually computed using the data, as illustrated in Figure
4.1.

4.3.2 Identifiability conditions
In ideal RCTs, the treatment effect can be identified and quantified from the data due to the
random assignment to the different groups. In such trials, this is often summarised by the
following adage : "Association is causation" [49]. On the other hand, in observational data,
treatment assignment is not random and is highly influenced by prognostic factors (called con-
founders). Therefore, the associational risk is very unlikely to reflect a causal effect. Instead,
causal inference from observational studies revolves around the assumption that, conditional on
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the prognostic factors, the observational dataset can be used to emulate the ideal randomised
study [49]. Formally, this can be done if three conditions hold: Exchangeability, Positivity,
Consistency.

Exchangeability

Formally, exchangeability can be conceptualised as follows: "Exchangeability implies that the
risk of death in one group would have been the same as the risk of death in another group if the
individuals in the first group had received the same treatment as in the other group" [49]. That
is,

P (Y a = 1|A = 1) = P (Y a = 1|A = 0) = P (Y a = 1) (4.5)

for both a = 1 and a = 0. Since the counterfactual risk under the treatment value a is the same
in the groups defined by the actual treatment received A, an equivalent definition of exchange-
ability states that the counterfactual outcome Y a and the actual treatment A are independent
(⊥⊥), i.e.

Y a ⊥⊥ A for all a (4.6)

Regarding observational studies, it is clear that this concept of ’unconditional’ exchangeabil-
ity rarely applies to them. Indeed, as stated before, the main difference between observational
studies and ideal randomised studies is the lack of randomisation in the treatment assignment
process of the former: the assignment to a treatment level relies on clinician’s judgment based
on the available information on the patient’s state [41, 50]. Consequently, the exchangeability
assumption does not hold by design in such studies [49]. Those variables influencing the clini-
cian’s opinion, hence having an impact on both the treatment and the outcome, are referred to as
confounders [46]. The bias that they introduce and the methods to address it will be described
in Sections 4.3.3 and 4.3.4.

Let L be those confounders. In observational studies, the distribution of these outcome pre-
dictors will generally vary between the different treatment groups, leading to the violation of
the (unconditional) exchangeability [49]. However, it is reasonable to believe that within strata
defined by the values of L, the treatment groups are (unconditionally) exchangeable. Formally,
the counterfactual risk under each treatment level P (Y a = 1) is the same among the treated
(A = 1) and the untreated (A = 0) given that they are in the same strata defined by the values
of L [49]:

P (Y a = 1|A = 1, L = l) = P (Y a = 1|A = 0, L = l) (4.7)

, for all a and all l. Equation 4.7 defines the concept of conditional exchangeability, which is
commonly written as

Y a ⊥⊥ A|L (4.8)

Under conditional exchangeability, it is possible, using methods that will be discussed in Sec-
tion 4.3.4, to compute the same effect measures as under marginal exchangeability. However,
a legitimate question would concern the assessment of whether L are the only outcome predic-
tors unequally distributed among the treatment groups. Unfortunately, this question cannot be
answered [49, 50]. It is assumed that the expert knowledge is sufficient in collecting enough
data about outcome predictors. Therefore, it is good practice to provide a comprehensive list of
the assumed confounders used in the study [51].

Positivity

The assumption of positivity refers to the concept of observing treatment levels varying within
covariate strata, or in other words, that the probability of receiving a treatment cannot be 0 or 1
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in any patient subgroups defined by the combinations of covariate values [45, 54] :

P (A = a|L = l) > 0 (4.9)

for all values of l with P (L = l) ̸= 0 in the population of interest [49]. From a theoretical
point of view, violations of positivity have two different causes. First, it might be theoretically
impossible for individuals with precise covariate values to be attributed a given treatment [49,
54]. Hence, this source of non-positivity can not be managed by increasing the sample size. This
issue is referred to as structural violations [45]. Second, actual or near-violations of positivity
can emerge in finite samples simply due to sampling chance, hence this type of violation is
referred to as practical or random. While commonly associated with small or moderate sample
size, these random positivity violations also frequently occur in moderate to large samples when
the treatment is continuous or multi-level or when the covariate adjustment set is large and/or
comprises continuous or multi-level variables [49, 54].

Therefore, positivity violations occur when certain subgroups rarely or never receive certain
levels of the treatment of interest. The resulting data sparsity may increase the bias with or
without increasing the variance depending on the statistical instabilities induced by the vio-
lations [54]. While less acknowledged than the bias resulting from an incomplete control of
confounding, the consequences of violations or near-violations of positivity on the validity of
the causal inference are not to be underestimated [45, 49, 54].

Another way of considering positivity is through the concept of overlap, as overlap regions
are defined by outcome predictor values that are shared across the different treatment values
[45]. One way to assess overlap, especially in studies comprising multiple covariates with some
of them being continuous, reflecting a curse of dimensionality, is with propensity scores, i.e.
the probability of receiving the treatment conditional on the covariates [45]. In the context
of a continuous treatment, the classical propensity score can be extended to the generalised
propensity score (GPS), that is, the conditional probability density of a treatment a given the
covariates r(a|l) = fA|L(a|l), with l as the covariates [45, 55].

Consistency

Consistency bridges the gap between theoretical counterfactual outcome and the observed data.
Formally, it states that an individual’s observed outcome Y is equal to the counterfactual out-
come Y a if he actually received treatment a [49]. In other words, if A = a, then Y = Y a [56].
Consistency can be divided into two requirements [49]:

• A precise definition of the counterfactual outcomes Y a via a detailed description of the
superscript a [57].

• The linkage of the counterfactual outcomes to the observed outcomes.

The first component refers to the need for precise descriptions of the interventions to avoid
situations where different clinicians conduct slightly distinct versions of the treatment [57].
Consequently, problems arise if different treatment versions have different causal effects. If
the treatment values a are not well-defined, then the counterfactual outcomes Y a are not well-
defined, which in turn means that the causal effect P (Y a=1) − P (Y a=0) is not well-defined
[49]. As with the exchangeability condition, it is unfortunately not possible to assess the proper
specification of the interventions a [49].

Then, to preserve the link between the counterfactual outcome Y a and the observed outcome Y ,
it is essential that only individuals receiving treatment version a = 1 are considered as treated
individuals (A = 1) in the analysis, and similarly for the untreated. This implies that in order
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to compute the causal effect P (Y a=1) − P (Y a=0) from observational data, data in which some
individuals received treatment values consistent with a = 1 and a = 0 are required [49]. Being
able to describe a well-defined intervention a is not helpful if the intervention cannot be linked
to the observed data, that is, if it cannot be reasonably assumed that the equality Y a = Y holds
for at least some individuals [49].

4.3.3 Methodological challenges of the target trial emulation framework
Obviously, emulating a target trial comes with major challenges. The classical emulation theory
highlights three main challenges to consider: confounding bias, competing events, and immortal
time bias [46].

Confounding bias

Confounding, a direct consequence of the lack of randomisation, is usually the main concern of
analysts when conducting a target trial emulation [45]. Formally, confounding occurs when a
variable influences both the outcome and the received treatment, thereby creating a non-causal
association [46, 50]. For example, if obesity is a common cause of both receiving the treatment
and mortality, then not adjusting for this confounder will likely lead to a biased estimate of
the treatment effect, artificially making the treatment appear harmful when its apparent risk is
simply driven by the baseline severity of the obese patients.

Confounders can be visualised using a directed acyclic graph (DAG) [49, 58]. A DAG is a
graphical model whose nodes represent random variables, connected by directed edges such
that there are no directed cycles [49]. In the context of causal inference, the absence of an
arrow from one node to another implies the absence of a direct causal effect relative to the other
variables on the graph. The necessary assumption linking the causal structure represented by
the DAG to the data obtained in a study is referred to as the causal Markov assumption, stating
that, conditional on its direct causes, a variable is independent of any variable for which it is not
a cause [49]. An illustrative DAG is proposed in Figure 4.3.

In a DAG, confounding is associated with an open backdoor path from the outcome to the
treatment [49, 50, 59]. Formally, a backdoor path is a path A ← L → Y that links treatment
A and outcome Y by a common cause L [49]. If this path did not exist, then the only causal
path between treatment and outcome would be A → Y : the associational risk difference
P (Y = 1|A = 1) − P (Y = 1|A = 0) would be equal to the causal risk difference P (Y a=1 =
1) − P (Y a=0 = 1). Nonetheless, in the presence of confounders L, there is a second source of
association between A and Y .

Therefore, while adjusting for the confounders is essential (see Figure 4.2.A), as it blocks the
causal path between A and Y that included L, overadjustment can lead to biases [50, 59]. Figure
4.2 illustrates different situations of overadjustment in a case study assessing whether thiazides,
a common antihypertensive medication, increase the risk of dental caries [50]. Indeed, adjusting
for the wrong type of variable alters the structural flow of causality:

• Mediation (Figure 4.2.B): A mediator is a variable that lies on the causal pathway be-
tween the treatment and the outcome [49]. For example, xerostomia (dry mouth) is a
mechanism by which thiazides may cause caries. Hence, adjusting for a mediator (here
xerostomia) artificially blocks the causal path, thereby obscuring the total causal effect of
the treatment [50].

• Collider bias (Figure 4.2.C): A collider is a common effect of two variables. In a DAG, a
path containing a collider is naturally blocked, meaning it does not transmit association.
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However, conditioning on a collider inadvertently unblocks the path, inducing a spurious
association between the treatment and the outcome [49, 50]. In the example of Figure
4.2.C, if the use of thiazide increases the risk of diabetes, and a high-sugar diet also
increases diabetes risk, then diabetes is a collider. Adjusting for diabetes would induce a
non-causal association between thiazides and diet (and subsequently caries).

• Selection bias (Figure 4.2.D): Structurally similar to collider bias, selection bias occurs
when the analysis conditions on a common effect of the treatment and the outcome. For
instance, if the study design restricted the analysis only to patients who visit the dentist
regularly, this might introduce a bias: thiazide causes dry mouth, which prompts den-
tal visits, but caries also prompt dental visits. Hence, conditioning on dental visits (the
collider) creates a false association between thiazides and caries even if none exists [50].

Figure 4.2: Illustration of confounding in DAGs and the different biases induced by
overadjustment in a special case evaluating whether thiazides, a common antihypertensive

medication, increase the risk of dental caries[50].

Competing event

A competing event is defined as an event that precludes the occurrence or observation of the
primary event of interest or drastically changes the probability of occurrence of this other event
[46, 60]. For example, in studies assessing treatment effect on time to hospital discharge, death
is a competing event because it precludes the event of hospital discharge. Conversely, in stud-
ies assessing treatment effect on hospital mortality, discharge is a competing event because is
fundamentally changes the probability of death since discharged patients are usually in a better
shape than hospitalised patients [46]. An overlooked competing event will impact the inference
because if this competing event is not explicitly specified, the most commonly used statistical
analysis method to assess time-to-event outcomes is the Kaplan-Meier estimator [46], which
labels the individuals leaving the study before the end of follow-up without experiencing the
outcome as "censored observations" [61]. Consequently, these patients are considered to have
the same probability of experiencing the outcome during the remainder of the study as those
still present [61].
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Immortal time bias

An immortal time refers to a time period during which the outcome of interest cannot occur
[46, 59]. In observational studies, this bias emanates from a mismatch between the assessment
of the eligibility criteria, the start of follow-up and the treatment assignment [43, 46, 52]. More
specifically, it corresponds to a situation in which the determination of an individual’s treatment
at time zero would require information from the future [59]. To illustrate it, consider the fol-
lowing example: a study focused on the effect of a treatment on hospital death in which the
follow-up starts at hospital admission. If an individual is considered treated when receiving the
treatment within a period of a few days, then the patients must remain alive during this period.
However, those experiencing the outcome before they could receive the treatment might inval-
idate the conclusions of the study if classified in the control group since they could have been
treated if they had not died. Therefore, this could potentially lead to an overestimation of the
treatment effect.

4.3.4 Proposed solution to overcome the challenges

Confounding bias: the G-methods and the g-formula

Methods to adjust for confounders L can be divided into 2 categories [49]:

• G-methods, comprising standardisation, inverse probability (IP) weighting, and g-estimation.
These methods exploit conditional exchangeability given L to estimate the causal effect
of A on Y in the entire population or any subset of it.

• Stratification-based methods, including stratification and matching. They also exploit
conditional exchangeability given L but to estimate the causal effect between A and Y in
subsets of the entire population defined by L.

Given the number of methods, a comprehensive description of all of them would be out of the
scope of this section, but has been carried out by Hernán and Robins [49]. Moreover, since the
purpose of this section is to provide the necessary background prior to the practical study, it
seems reasonable to focus on the methods used in real-live studies with sequential data. Indeed,
while the previous mathematics were useful to introduce the terminologies specific the theory
of emulated trials, it did not properly represent real-world situations.

In practice, both treatment A and confounders L are usually time-varying, and time-varying
confounders might be influenced by prior exposure (A). This influence of A on future values of
L is called treatment-confounder feedback (see Figure 4.3) [49, 57]. In this case, stratification-
based methods, computing the effect estimate in strata of the population defined by the values
of L, are of no use because they would induce selection bias [49, 57]. Hence, the G-methods
are the methods of choice in situations with treatment-confounder feedback.

All G-methods aim to estimate the average causal effect, which is mathematically defined by
the g-formula. From a theoretical point of view, the g-formula is a mere generalisation of
standardisation [57]. Therefore, a very simple representation of the g-formula to compute the
effect of a treatment would consist in decomposing of the effect among all the combinations of
the confounders L:

P (Y a = 1) =
X

l

P (Y = 1|A = a, L = l)P (L = l) (4.10)

To get to this formula in the context of longitudinal data, let’s first introduce new notations to
take into account the longitudinal nature of the data. Let k be the time index, with k = 0, 1, ..., K
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Figure 4.3: Illustration time-varying treatment and confounders with treatment-confounder
feedback using a DAG [49].

and K the end of follow-up. Overbars are used to denote the history of the treatment or con-
founders: Ak = (A0, A1, ..., Ak), Lk = (L0, L1, ..., Lk). Let Ck be the indicator of censoring at
time k. The convention is that the order of observed data is (Lk, Ak, Ck+1, Yk+1) [56]. Then, a
treatment strategy is a rule that assigns a treatment at each time k from an intervention distri-
bution f int(ak|Yk = Ck = 0, lk, ak−1) [56]. The treatment strategy can either be deterministic
if the intervention distribution f int(ak|Yk = Ck = 0, lk, aj−1) only has 0 or 1 as values, or ran-
dom. For deterministic strategies, the convention is to denote these as g, with ag

k = gk(ak−1, lk)
the value of A assigned at time k under g. Note that deterministic strategies can further be di-
vided into static and dynamic strategies depending on whether or not the value of the treatment
depends on past covariates [49, 56].

Provided that the identifiability conditions introduced in Section 4.3.2 are met, then the risk
by time K if all individuals were treated according to f int(ak|Yk = Ck = 0, lk, ak−1) can be
estimated from the observed data using the g-formula, an expectation weighted by the joint
density of covariates [56]:

X
∀ aK−1

X
lK−1

KX
k=1

P (Yk = 1 | Yk−1 = Ck = 0, Lk−1 = lk−1, Ak−1 = ak−1)

×
k−1Y
s=0

h
P (Ys = 0 | Ys−1 = Cs = 0, Ls−1 = ls−1, As−1 = as−1)

× f(ls | Ys = Cs = 0, ls−1, as−1) · f int(as | Ys = Cs = 0, ls−1, as−1)
i

(4.11)

Note that in Equation 4.11, the confounders are assumed to be discrete (if continuous, the sums
would be replaced by integrals). For a deterministic treatment strategy g, this can be simplified
into

E(Y g
K) =

X
∀lJ−1

KX
k=1

P (Yk = 1|Yk−1 = Ck = 0, Lj−1 = lj−1, Aj−1 = ag
j−1)

×
j−1Y
s=0

P (Ys = 1|Ys−1 = Cs = 0, Ls−1 = ls−1, As−1 = ag
s−1)f(ls|Ys = Cs = 0, ls−1, ag

s−1)

(4.12)

If there is a small number of binary or discrete confounders and few follow-up visits, the g-
formula can be estimated non-parametrically by computing the empirical probabilities of the
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outcome and covariates within every possible combination of the confounder strata [49]. How-
ever, in realistic scenarios, data are often highly dimensional. As the number of variables in-
creases, the number of strata quickly exceeds the sample size, inevitably leading to empty cells
where empirical probabilities are undefined [49]. In such cases, one must supplement the data
with a model. This requires making parametric assumptions (e.g., using regression models) that
impose restrictions on the conditional mean functions, effectively smoothing the data across
strata to resolve these positivity issues and allow estimation even for unobserved confounder
combinations [49, 56].

In this situation, the G-method based on standardisation and parametric assumtions, also called
the parametric g-formula was proven to result in a more efficient estimator compared to the
inverse probability weighting (at the cost of correct modelling assumptions) [56, 62, 63]. There-
fore, the parametric g-formula has become the reference method to adjust for confounding in
the situation of time-varying variables.

Note that the identifiability conditions of Section 4.3.2 can be extended to longitudinal studies.
More specifically, the assumption of conditional exchangeability is now referred to as sequen-
tially conditional exchangeability as it implies to verify the previously defined condition of
exchangeability at each discrete time of the study [49, 56, 57].

Competing events

The first thing to do to avoid the bias induced by an overlooked competing event is to properly
define the causal question. Indeed, the way the competing event is considered leads to different
treatment effects, so the statistician needs to know the question of interest [46, 63]. A competing
event can be addressed in two different ways:

• If the competing event is considered to be a censoring event, or in other words that the
censoring due to the occurrence of the competing event is non-informative about the
outcome, the causal effect correspond to the effect of the treatment in the situation where
the competing event never occurs and is called marginal effect in the literature [46]. The
weighted Kaplan-Meier estimator is then used to estimate treatment effect [61, 63].

• However, when both the primary and competing event are of interest, the causal effect is
called the total effect and the Aalen-Johansen estimator or any method incorporating the
competing event as an outcome of interest is a potential method to estimate it [46, 63].

Immortal time bias

During the past two decades, caution was paid to handle immortal time bias in observational
studies, with different tools being available [52]. Among those techniques, the clone-censor-
weight is particularly interesting because it successfully eliminates the bias while maintaining
the target trial emulation framework [43, 46, 48, 52].

The approach consists in three steps (see Figure 4.4) :

• Clone. The first step consists in cloning the target population in each treatment strategy
of interest [43, 52]. Therefore, at baseline, both measured and unmeasured confounders
are perfectly balanced between the groups [52].

• Censor. Then, the follow-up time of each person-clone is censored when they deviate
from their assigned treatment strategy [43, 52]. This is called artificial censoring to
emphasise on the difference between this type of censoring and censoring due to loss of
follow-up, with the former enabling an individual to contribute to the risk of more than
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one treatment group during time intervals in which the data are consistent with multiple
groups [43, 52].

• Weight. The last step consists in weighting the uncensored patients according to their
inverse probability of remaining uncensored up to a given time interval [43, 52]. Un-
stabilised time-varying inverse-probability of censoring weights (IPCW) is calculated as
follows :

IPCWk =
kY

k=0

1

Pr(Ck = 0|V0, Lk−1, Ct−1 = 0)

Using stabilised weights can reduce the influence of extreme weights that could otherwise
introduce bias in the results. Indeed, stabilised weights consist in the same calculation
except that the numerator of the weights are calculated using the probability of remaining
uncensored, either marginally, or conditional on only baseline covariates [52].

Figure 4.4: Illustration of the Clone-Censoring-Weight approach to mitigates immortal time
bias in an example of a study evaluating the effects of hydroxychloroquine (HCQ) in

hospitalised patients with COVID-19. [46].

4.3.5 Sensitivity analysis
As stated before, an essential assumption underlying the emulation of a target trial concerns
the conditional exchangeability, or in other words the assumption that there is no unmeasured
confounding [49]. Consequently, unmeasured confounding is a threat to the validity of the
inference conducted using observational data. In order to provide a rationale regarding this bias
and help readers understand how the potential threats to study validity have been addressed, it is
good practice to conduct a sensitivity analysis, either including outcome or population control,
or quantitative bias analysis [51].

While traditional statistical metrics such as the p-value are widely understood and routinely used
to evaluate random error (i.e., the probability of the observed data under the null hypothesis),
they provide no information regarding the susceptibility of the results to biases like unmeasured
confounding [64]. In this context, quantitative bias analysis is carried out using the concept of
E-value introduced by VanderWeele and Ding [64]. In most observational studies, confidence
intervals are used to quantify statistical uncertainty while the E-value is employed to assess the
sensitivity of the estimates to potential hidden biases.

Formally, ’the E-value is the minimum strength of association, on the risk ratio scale, that an
unmeasured confounder would need to have with both the treatment and outcome, conditional
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on the measured covariates, to explain away a treatment–outcome association’ [64]. For clarity,
the two risk ratio scales embedded in the definition of the E-value can be described as follows
[64]:

• a first risk ratio for the outcome, that reflects the maximum risk comparing any two cate-
gories of the unmeasured confounders (within either treatment groups), conditionally on
the measured confounders.

• a second metric reflecting the maximum imbalanced repartition of the unmeasured con-
founders among the treatment groups, with adjustment already done for the measured
confounders.

In practice, a large E-value implies that a substantially strong unmeasured confounder would be
required to negate the study’s conclusions, thereby strengthening confidence in the results [64].
The methods to compute the E-value from risk ratios (RR) are illustrated in Table 4.2.

Estimate or CI, by
Direction of Risk Ratio Computation of the E-Value

RR > 1
Estimate E-value = RR +

p
RR × (RR − 1)

CI If LL ≤ 1, then E-value = 1

If LL > 1, then E-value = LL +
p

LL × (LL − 1)

RR < 1
Estimate Let RR∗ = 1/RR

E-value = RR∗ +
p

RR∗ × (RR∗ − 1)
CI If UL ≥ 1, then E-value = 1

If UL < 1, then let UL∗ = 1/UL and
E-value = UL∗ +

p
UL∗ × (UL∗ − 1)

CI = confidence interval, LL = lower limit of the CI; RR = risk ratio; RR∗ = inverse of RR;
UL = upper limit of the CI; UL∗ = inverse of UL.

Table 4.2: Framework for calculating the E-value from risk ratios [64].
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Chapter 5

Methodology

Now that the theoretical background presented in the previous chapters is set, this Chapter
focuses on the detailed explanation of the methods used in the target trial emulation of interest.
To that end, a short introduction of the practical case is provided, followed by the description
of the methods. For clarity, transparency, and robustness, the rest of the document will be
articulated to adhere as closely as possible to the TARGET guidelines [48, 51].

5.1 Introduction to the practical case and the research ques-
tion

As stated in Chapter 3, STAR is primarily a model-based glycaemic control protocol that in-
herently provides personalised nutrition guidance. By combining physiological and stochastic
models, it leverages insulin sensitivity as a key biomarker to dynamically adjust both insulin
doses and nutritional inputs. Yet, this personalised nutrition therapy is slightly different from
the prevailing paradigm in personalised nutrition that evaluates the patient’s metabolic state
from the measurement of a myriad of biomarkers (see Section 2.3.2)[25, 29]. Instead, STAR
estimates the metabolic state of the patient from their SI and uses as goal feed an adjustment
rule applied to the conventional 25 kcal/kg/day (see Equation 3.1).

While STAR has undergone numerous studies regarding the consequences of this protocol on
BG values, the impact of nutrition provided through STAR has not been the subject of extensive
studies yet [31]. Therefore, the primary objective of this study is to assess the clinical validity
and safety profile of the caloric intake provided by STAR’s nutritional therapy. In other words,
the goal is to position STAR within the current clinical literature by emulating alternative nutri-
tional protocols, evaluating whether its model-based adjustments result in a mortality risk that
is comparable to or lower than standardised guidelines.

The investigation is conducted using observational data, hence the purpose of the analysis is
to emulate the target trials corresponding to nutrition protocols to compare them with STAR’s
following the target trial emulation framework to ensure the methodological robustness of the
results.

5.2 Target trial specification
The main step when conducting a target trial emulation consists in carefully specifying the tar-
get and the emulated trials. This section describes each component of these trials according to
the TARGET guidelines: the eligibility criteria, the treatment strategies, the treatment assign-
ment, the follow-up period, the outcomes, the causal contrast, and the statistical analysis. The
summary of the approach is provided in Table 5.3.
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5.2. TARGET TRIAL SPECIFICATION

5.2.1 Eligibility criteria
This study investigates the impact of the caloric intake provided under the STAR protocol on
mortality in critically ill adult patients. Thus, the causal question dictates the eligibility criteria
of the target trial. Regarding the emulation, additional exclusion criteria arise from a meticu-
lous inspection of the observational dataset to ensure an adequate quality of the data used for
the inference. A distinct characteristic of the STAR dataset is its organisation into episodes.
Rather than aggregating data by patient, each file contains longitudinal information for a sin-
gle continuous period under the protocol. Therefore, there might be multiple episodes for the
hospital stay of one patient.

The complete cohort consists of 1, 972 episodes of 1, 293 adult patients admitted to the Christ-
church Hospital ICU, New Zealand, from April 2019 to December 2024. To ensure the rele-
vance of the conclusions emerging from the statistical study, a sequential filtering process was
applied to define the target population.

First, the initial cohort contained virtual patients, i.e., patients that were artificially constructed
to evaluate the performance of STAR. Consequently, these 95 episodes were excluded to restrict
the analysis to real-world clinical data.

Then, the patients with missing data (for instance, with GF set to 0 kcal/day or no BG mea-
surement in the file), accounting for 80 episodes, were excluded since completeness of data is a
fundamental requirement for the analysis.

Finally, the fact that the total cohort contained 1, 972 episodes from 1, 293 distinct patients
demonstrates that a single patient can undergo different periods under the STAR protocol dur-
ing the same hospital stay, and because the study of interest of this work is about the influence
of nutrition on mortality, it is important to be careful in the way the different episodes of gly-
caemic control of the same patient are considered. Indeed, the international recommendations
of Section 2.3.1 put the emphasis on the temporality of the nutrition that is administered, hence
taking into account all the episodes independently would lead to a biased conclusion because
the nutritional intake at the beginning of the second episode might depend on the nutrition his-
tory of the first episode. To prevent any structural bias arising from this dependency, it was
decided to keep the first episode of each hospital stay, hence 570 supplementary episodes were
excluded.

However, it is common for the protocol to be paused for procedures such as CT scans or surg-
eries. Consequently, when the patient is back, the restart of STAR is registered as a new episode
of glycaemic control. Therefore, only retaining the very first episode might lead to an inference
carried out based on incomplete data. Figure 5.1 illustrates the distribution of the time lapses
between the subsequent episodes of each patient. From this, one can note that the large majority
of these episodes are less than 24 hours apart. To conduct the study on data as informative as
possible and to be clinically coherent, it was chosen to merge subsequent episodes if the time
lapse between them did not exceed 6 hours. From a clinical point of view, the design of STAR
authorises measurement intervals of 1, 2, or 3 hours when BG is within the 72–117 mg/dL target
range, provided that there is no forecasted risk of low BG [4, 32]. On the other hand, interna-
tional guidelines for hospital and intensive care glycaemic management, such as the American
Diabetes Association (ADA) Standards of Care, advise that even for stabilised patients, blood
glucose monitoring intervals must never exceed a maximum of 6 hours to ensure basic safety
[65]. Therefore, a gap of less than 6 hours between recorded episodes can be assumed to be
brief (e.g., for a transport or a bedside procedure), meaning that the treatment sequence can be
considered continuous.

Applying those successive layers of filtering to the initial cohort as illustrated in Fig 5.2, the
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target population is reduced to 1, 227 episodes from 1, 203 different adult patients.

Figure 5.1: Histogram of the time lapses between the
subsequent episodes of each patient.

Figure 5.2: Target population
selection framework for the emulated

trial.

5.2.2 Treatment strategies
Before a proper presentation of the interventions of interest in this study, it is necessary to define
how the treatment variable is operationalised. The treatment administered is the daily caloric
intake delivered to the patient, calculated as the sum of both enteral and parenteral nutrition.
Rather than using absolute values (in kcal/day), this daily caloric component is expressed rel-
ative to the patient-specific goal feed defined in Equation 3.1. Consequently, the nutritional
treatment will be defined as a percentage of this caloric target (%GF).

Different nutrition strategies will be investigated throughout the study in order to address the re-
search question: Does the personalised caloric intake delivered through the STAR protocol
result in favourable mortality rates compared to standardised guidelines?

First, the main analysis is to investigate the impact on mortality if the STAR protocol were
restricted to the ESPEN recommendations, summarised in Table 2.4. Indeed, as stated before,
those recommendations propose general guidelines which, motivated by findings from various
clinical trials, are designed to best fit the average metabolic needs across a broad population
[21]. Conversely, STAR dynamically adjusts nutrition based on real-time evaluation of each
patient’s specific needs through insulin sensitivity. A proposed translation of the ESPEN guide-
lines can be formulated as follows and illustrated in Figure 5.3:

• During the first 3 days, limit the caloric intake to 70% GF.

• To ensure the initiation of the nutrition within 48 hours, set the minimum caloric intake
of the first two days at 20% GF and 40% GF, respectively. Then, the minimum of caloric
intake on the third day is set at 60% GF.

• From day 4 onwards, the nutrition minimum is set to 70% GF.
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Figure 5.3: Translation of the ESPEN guidelines into an implemented intervention.

Next, it might be interesting to explore the effect of either high or low nutrition on mortality.
While starvation is clearly associated with a nutritional set to 0% GF, the amount of nutrition
regarding the ’high nutrition’ protocol is yet to be defined. Using a conclusion from a large
observational study presented in the ESPEN guidelines stating that the optimal caloric load as-
sociated with the lowest mortality is around 80% of the GF determined by predictive equations
[21], this ’high nutrition’ intervention can then be formulated by a nutrition intake set at least at
80% GF.
Since these interventions are not promoted by general guidelines as high nutrition would trans-
late into, at least, early overfeeding, and starvation would translate into underfeeding, these "ex-
treme" cases serve as "proof-of-concept" interventions: an increased mortality resulting from
any of these protocols would provide confidence into the results of the approach.

Finally, one last protocol is interesting since it arises from conclusions of a previous study. This
study highlighted an intervention associated with an optimal mortality that consisted of setting
the nutrition to 80% of the GF, excluding the first two feeding days [24]. This means that no
caloric intakes are enforced for the first two days, probably because this period is associated
with metabolic instabilities (see Section 2.2.2), with the aim of letting clinical judgment guide
the initiation of nutrition. The different interventions considered in this study are summarised
in Table 5.1.

Treatment strategy Description

ESPEN Progressive increase in the caloric intake during
the first 3 days (see Figure 5.3).

Starvation Caloric intake set to 0% GF.

High nutrition Caloric intake set to a minimum of 80% GF.

Day-3 80% Unconstrained caloric intake during the first
two days, then 80% GF onwards.

Table 5.1: Summary of the interventions of interest for the practical case.
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5.2.3 Assignment procedure
In the case of the target trial, the assignment to one treatment is clearly randomised. On the
other hand, in this observational dataset, the data contain routine data of the utilisation of STAR,
hence they do not translate an idea of comparing any nutrition protocol. Therefore, the nutrition
received by the patient is not random.

Indeed, recall that the particularity of the STAR protocol is its ability to identify the maximal
amount of nutrition that a patient is able to receive while limiting the risk of departures from
normoglycaemia based on the estimation of the SI. Additionally, while the treatment value is
highly dependent on patient characteristics, the protocol is also subject to clinician judgment
because STAR only suggests a combination of nutrition/insulin that the clinician is free to adapt.
Based on the dynamic nature of the study, the treatment assignment likely depends on both
baseline and time-varying confounders that will require adjustment. These chosen confounders
are summarised in Table 5.2.

Given the information available in the data, the following baseline confounders were selected:
the APACHE III score, age, gender, initial BG, diabetic status (no diabetes, type 1 diabetes,
or type 2 diabetes), operative status (operative or non-operative), and the frame size (small,
medium, or large).

For instance, the APACHE (Acute Physiology and Chronic Health Evaluation) III score [66]
is based on 17 physiologic variables including 12 basic variables, urine output in the first 24
hours, blood urea nitrogen, albumin, bilirubin, and glucose. It also takes into account age
and seven chronic diseases (acquired immunodeficiency, liver failure, lymphoma, metastasis,
leukemia, immune injury, and liver cirrhosis) [66]. Consequelty, the APACHE score is likely to
be linked with both the nutrition and the outcome, as it has been reported that a 5-point increase
in APACHE III score correlates with an increase in mortality [66]. In other words, the APACHE
III score is likely to be a confounder for this study.

The other baseline confounders are motivated by their impact on metabolism or their conse-
quences on the caloric intake provided by STAR. Indeed, the age, gender, initial BG, diabetic
status, and frame size have an impact on glucose metabolism that is reflected by their influence
on the computed GF (gender, age, frame size) or directly on glucose metabolism (diabetic sta-
tus, initial BG). On the other hand, operative patients are known to have on average shorter GC
episodes and as a result, clinicians sometimes choose not to initiate nutrition for that period of
time.

Furthermore, the time-varying confounders were chosen to be the daily average BG and BG
variability. They are motivated by previous demonstrations of the importance of normogly-
caemia and glucose variability on the outcome [18, 32].

5.2.4 Outcomes
To have a comprehensive understanding of the results in their dedicated section, it is essential
to understand the clinical outcomes. As previously stated, the investigation focuses on the
impact of the nutrition received under STAR on mortality, either at ICU discharge or Hospital
discharge, hence the outcomes of interest are ICU mortality and Hospital mortality.

Consequently, applying the same reasoning as in a classical survival trial would result in stating
that the outcome is "death" (either in the ICU or in the Hospital) with a competing event corre-
sponding to discharge (from either the ICU or hospital). This competing event arises from the
fact that in a survival study, it might be expected that data would be collected until the end of
the follow-up (defined in Section 5.2.5) or the occurrence of the outcome (death). Nevertheless,
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Confounder Type Variable Data Type (Units)

Baseline APACHE III score Discrete (points)

(Measured at t0) Age Discrete (years)

Gender Binary (male / female)

Initial Blood Glucose (BG) Continuous (mmol/L)

Diabetic status Categorical (none, diabetic, type 2)

Operative status Binary (operative / non-operative)

Frame size Categorical (small, medium, large)

Time-varying Daily Blood Glucose (BG) Continuous (mmol/L)

(Updated daily) Daily BG variability Continuous (mmol/L)

Table 5.2: Classification of the baseline and time-varying confounders that require adjustment
in the observational trial.

in this study, data collection might also end because the patient exits the protocol alive before
the end of the follow-up period, and since the end of data collection precludes the occurrence
of the outcome, this perfectly falls into the definition of a competing event (see Section 4.3.3).

However, a subtlety in the data lies in the slight difference between the end of the protocol and
the occurrence of the outcome. Indeed, as illustrated in Figure 5.4, for both outcomes, the end
of the protocol, i.e., the end of data collection, does not necessarily match the occurrence of the
outcome. Regarding Figure 5.4a, this means that the end of STAR does not always imply ICU
exit (dead or alive). The shift to larger time differences regarding Hospital mortality is less of a
surprise since a patient exiting the protocol is likely to stay in observation outside the ICU for a
few hours/days before leaving the Hospital.

Methodologically, this temporal gap does not compromise the integrity of the causal inference:
this period reflects the natural clinical trajectory of patient recovery. Because the causal esti-
mand focuses on the effect of the nutritional strategy applied during the phases of critical illness
of the ICU stay, the subsequent unmonitored transition period prior to discharge is an expected
and clinically sound component of the natural follow-up course. Nevertheless, this unobserved
interval introduces a "black box" regarding post-protocol events, as discussed in Section 8.2.

(a) ICU discharge vs Protocol end. (b) Hospital discharge vs Protocol end.

Figure 5.4: Distribution of time differences between discharge and protocol end.

These outcomes will be evaluated in the target population as well as in subgroups to investigate
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how the effects of the different protocols translate into population subgroups. These subgroups
are defined by baseline covariate values as follows:

• Operative status: Operative vs. Non-operative patients.

• Gender: Male vs. Female patients.

• Diabetic status: Non-diabetic, Type 2 diabetic, and overall Diabetic patients.

• Frame size: Small, Medium, and Large frame size patients.

5.2.5 Follow-up period
Defining the follow-up period requires explicitly specifying time zero (t0) and the end of the
observation window. In this study, the follow-up starts at the beginning of the GC protocol, i.e.
the initiation of STAR.

To define the study time, Figure 5.5 illustrates the evolution of the target population size as well
as the mortality rates. While in an ideal case the population size would remain almost constant
so that the study time could be chosen based in the sole researcher decision to fit their prior
clinical knowledge in the context of the study, an observational study is limited by the reality
of the dataset. In this study, taking into account this trade-off between the sample size (that has
to be as large as possible to produce statistically powerful results) and the completeness of the
outcome (the mortality rate), it was chosen to restrict the study to the first 10 days under the
protocol. Indeed, on Day 10, 49 of the 1, 227 initial episodes remain and the ICU and Hospital
mortality rates are respectively at 14.99% and 19.15%. Since the ICU and Hospital mortality
rates in the target population are respectively 15.48% and 19.72% (corresponding to the last
points of Figure 5.5), it seems reasonable to believe that restricting the study to the first 10 days
under the protocol captures almost all the information embedded in the target population.

Figure 5.5: Evolution of the target population size and cumulative mortality rates.

5.2.6 Causal contrast
Because the causal question aims to evaluate the sustained effect of adhering to a dynamic nutri-
tional strategy throughout the protocol, rather than the mere effect of being initially assigned to
it at baseline, the causal contrast of interest in this study is the per-protocol effect. This estimand
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targets the hypothetical scenario where all patients strictly adhere to their assigned nutritional
protocol without deviation across the entire follow-up period.

5.2.7 Statistical analysis
The statistical analysis of the target trial, estimating the risks (ICU and Hospital mortality) under
the different nutrition protocols is relatively straightforward. Because randomisation ensures
exchangeability between the treatment groups, no complex statistical adjustment for confound-
ing is required. However, as previously established, patient discharge acts as a competing event
for ICU or hospital mortality and the censoring induced by this competing event is informative,
i.e., a discharged patient is not subjected to the outcome because he is in a better state than the
ones still under GC. In such settings, relying on the traditional Kaplan-Meier estimator would
artificially overestimate the risk of death (see Section 4.3.3). Therefore, the statistical analysis
plan of the ideal target trial specifies the use of the Aalen-Johansen estimator, as it includes the
competing event in the outcomes of interests as stated in Section 4.3.4.

To emulate the per-protocol effect of the target trial, Section 4.3.4 demonstrated that the para-
metric g-formula is the most appropriate method to adjust for both the baseline and time-
varying confounders under the assumption of conditional exchangeability. Recall that the para-
metric g-formula aims to estimate the causal effect under a deterministic protocol g through the
G-formula (see Equation 4.12), and the overall risk in the target population (see Equation 4.11).

It is worth noting that while the target estimand of Equation 4.11 is conventionally presented
using summation operators (Σ) following standard causal inference notations for discrete vari-
ables, the present study involves continuous variables for both the confounders (e.g., initial BG,
daily BG) and the nutritional intervention variable (percentage of caloric target). Consequently,
in this continuous setting, these summations formally translate into multidimensional integrals
over the joint distribution of the continuous covariate and treatment spaces. Therefore, Equation
4.11 and 4.12 become respectively

E(YK) =

Z
AK−1

Z
LK−1

KX
k=1

P (Yk = 1 | Yk−1 = Ck = 0, Lk−1 = lk−1, Ak−1 = ak−1)

×
k−1Y
s=0

h
P (Ys = 0 | Ys−1 = Cs = 0, Ls−1 = ls−1, As−1 = as−1)

× f(ls | Ys = Cs = 0, ls−1, as−1) · f int(as | Ys = Cs = 0, ls−1, as−1)
i
dlk−1dak−1

(5.1)

and

E(Y g
K) =

Z
LK−1

KX
k=1

P (Yk = 1|Yk−1 = Ck = 0, Lk−1 = lk−1, Ak−1 = ag
k−1)

×
k−1Y
s=0

P (Ys = 1|Ys−1 = Cs = 0, Ls−1 = ls−1, As−1 = ag
s−1)

f(ls|Ys = Cs = 0, ls−1, ag
s−1)dlk−1

(5.2)

,where L refers to the confounders of Table 5.2 in this study.

Consequently, evaluating such high-dimensional integrals analytically is mathematically in-
tractable as empirical probability densities in Equations 5.1 and 5.2 are undefined. There-
fore, one must rely on parametric assumptions to compute the effect estimates, hence using
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the parametric g-formula. Conceptually, the framework to compute the parametric estimates is
composed of three main steps [56, 57].

The first step corresponds to the probability modelling. The dataset, organised following the
person-time format (i.e. each row corresponds to the covariate information of one time step) is
used to fit pooled models for the different probability densities required to compute Equation
5.1. More accurately, (a) a pooled model is fitted for the conditional distribution of each con-
founder on Lk at time k as a function of k, past treatment, and confounder history based on the
samples who are alive and uncensored at k. (b) Two other logistic regression models are fitted
respectively for the probability of the outcomes and the competing event by time k as a function
of k, past treatment, and confounder history based on the samples who are alive and uncensored
at k. Furthermore, since the method relies on models to estimate causal effects, it is essential
to perform a quality control of those models. This quality control is called model specification
assessment and will be discussed in details in Section 6.2. Yet, to perform it, a pooled model
for treatment at each time point k as a function of past treatment and covariate history to the
samples who are uncensored at k is fitted.
In summary, this initial step parametrises the dynamics of the cohort by fitting four distinct
types of models: one for the time-varying confounders, one for the treatment assignment, one
for the outcome, and one for the competing event.

Then, step two consists of Monte-Carlo simulations. Using the fitted models for the time-
varying confounders, the treatment, the outcomes, and the competing event from the first step,
m = 1, 2, ...., n simulations are conducted to approximate the sums/integrals by sampling base-
line confounders at time k = 0 from the observed values. These simulations are conducted
under two different situations. On the one hand, for each treatment protocol, the models com-
pute the dynamics values of the covariates, and replace the simulated treatment value with the
treatment value that should be assigned according to the intervention of interest. On the other
hand, similar simulations are performed without assigning a treatment value. The data arising
from this second setting define the so-called Natural course: since there is no intervention on
the treatment, the values of the different covariates, outcomes, and competing event, obtained
from the parametric models and baseline covariates drawn from the target population, should
match the ones of the initial dataset. Again, these later results will be used to assess model
specification in Section 6.2.

Finally, the third step corresponds to the effect estimations. Using the results from the Monte-
Carlo simulations, the average cumulative probability of the outcomes in each setting (Natural
course and interventions) are estimated, using the Aasen-Johansen estimator due to the presence
of this "discharge" competing event [63]. The computation of the risk differences (i.e. the
difference between the risk of one intervention compared to another) and the risk ratios (i.e.
the ratio of the risk of one intervention compared to another) between the effect estimates of
each intervention and the Natural course finally provides the necessary materials to draw causal
conclusions.

To conclude, in order to obtain confidence intervals for either the risk differences or risk ratios,
the steps 1-3 can be repeated using B bootstrap samples [57]. A bootstrap sample is constructed
by randomly sampling N times, with replacement, from the original data points x1, x2, . . . , xN

(where x1, x2, . . . , xN are here the GC episodes of the target population) [67].

5.3 Concluding remark
Throughout this chapter, a detailed description of the components relative to the target trial and
the emulation was provided following the target trial emulation framework. To provide a con-

37



5.3. CONCLUDING REMARK

cise overview of the methodology developed throughout these sections, Table 5.3 synthesises
each core component of the target trial alongside its observational emulation counterpart.

Component Target trial Target trial emulation

Eligibility Inclusion criteria:
• Adult (> 18 years old)
• Admitted in the ICU of

Christchurch hospital (New
Zealand)

Additional exclusion criteria:
• Episode coming from a virtual

patient
• Complete data
• Not the first episode spent on the

protocol

Treatment strategies
• ESPEN guidelines
• Starvation (caloric intake at 0 %

GF)
• High nutrition (caloric intake ≥

80 % GF)
• Day-3 onwards 80 % GF
Control: STAR protocol (Natural
course)

Same as in the target trial

Assignment proce-
dure

Random Based on clinician judgment and
confounders.
Baseline confounders:
• APACHE III score
• Age
• Gender
• Initial BG
• Diabetic status
• Operative status
• Frame size
Time-varying confounders:
• Daily average glucose
• Daily glucose variability

Outcomes
• ICU mortality (in the total popu-

lation + in defined subgroups)
• Hospital mortality
• Competing event: discharge

• ICU mortality (in the total popu-
lation + in defined subgroups)

• Hospital mortality
• Competing event: discharge

Follow-up period Starts at randomisation and stops at
the end of the protocol or occur-
rence of the outcome.

Starts at the beginning of the proto-
col and stops after 10 days under the
protocol or occurrence of the out-
come.

Causal contrast Per-protocol effect Per-protocol effect

Statistical analysis Survival analysis with competing
event. Aalen-Johansen estimator
to estimate the cumulative risk in
the complete population and sub-
groups.

Adjustment of the confounders
through the parametric g-formula,
taking into account the competing
event. Risk estimation using the
Aalen-Johansen estimator.

Table 5.3: Summary of the target trial emulation framework to evaluate the performance of the
nutrition provided by STAR on mortality.
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Chapter 6

Parametric g-formula specification

The purpose of this chapter is to bridge the methodological framework of the study presented
in Chapter 5 and the results in Chapter 7. More specifically, this chapter focuses on the im-
plementation of the parametric g-formula through the specification and the assessment of the
probability models underlying the method. Also, this chapter explores the Positivity and Con-
sistency conditions to confirm the feasibility of the approach as well as the relevance of the
interventions defined in Table 5.1. Regarding the implementation, the gfoRmula R package,
partly developed by Miguel A. Hernán, was used [68].

6.1 Model specification
The first step in the implementation of the parametric g-formula consists in the specification of
the probability models for the time-varying variables. The confounders, either baseline or time-
varying, were presented in Table 5.2. Following the reasoning of Section 4.3.3, confounding can
be represented using a DAG. To that end, Figure 6.1 illustrates the assumed causality between
the different variables at two time steps k and k + 1. The reasoning behind this DAG was the
following:

• The baseline confounders have an influence on all the variables, namely the time-varying
confounders (daily BG and BG variability), the treatment (the daily caloric intake), the
outcomes (either ICU mortality or Hospital mortality), and the competing event (the dis-
charge from the follow-up). This is in agreement with the formal definition of a con-
founder stating that it is a variable that has an influence on both the treatment and the
outcome.

• Regarding the time-varying confounders, they are assumed to be influenced by the base-
line confounders. Moreover, from a clinical point of view, it is straightforward to believe
that the status of an individual at time k is directly influenced by its state in time k − 1.
For example, it is reasonable to believe that the average BG in day k depends on the aver-
age BG in day k − 1. Consequently, the time-varying confounders are dependent on their
prior values.

• Furthermore, the treatment variable, here the daily nutrition represented by the average
share of GF received each day, is dependent on its prior value (for the same reason stated
previously for the time-varying coufounders), the baseline confounders, and the prior
value of the time-varying confounders. For example, the average BG during Day 1 in-
fluences the caloric intake that can be provided to the patient on Day 2. Finally, there is
one last essential assumed direct causal effect between the nutrition and the time-varying
confounders. Indeed, while nutrition is influenced by the prior value of the time-varying
confounders, the nutrition at time k also influences the time-varying confounders at time
k. This last assumption was introduced in Section 4.3.4 as the treatment-confounder feed-
back (also recall that this feedback was a rationale for the use of the parametric g-formula
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to adjust for confounding).

• Finally, to highlight the global nature of the outcome and competing event, they are as-
sumed to depend on all the previously mentioned variables: the baseline confounders and
the current value and complete history of the time-varying confounders and nutrition.

Baseline Confounders
Age, Gender, APACHE III, Initial BG, Operative status, Diabetic status, Frame size

Nutritionk−1

BGk−1

BG-variabilityk−1

Nutritionk

BGk

BG-variabilityk

Dischargek

Outcomek

Nutritionk+1

BGk+1

BG-variabilityk+1

Dischargek+1

Outcomek+1

Figure 6.1: Directed Acyclic Graph (DAG) illustrating the longitudinal causal structure. Node
colors represent variables roles: blue for the treatment variable (Nutrition), teal for
time-varying confounders (BG and BG-variability), orange for the competing event

(Discharge), and red for the outcomes (ICU or Hospital mortality). Dashed gray arrows
represent the influence of baseline confounders (L0) to enhance overall readability of the

graph.

After constructing the DAG, the mathematical models must be developed. Properly defining the
probability models of the parametric g-formula implies translating the DAG of Figure 6.1 into
mathematical rules and detailing the functional forms of the variables in the models [51]. While
these models are provided in Table 6.1, a few comments can be added to ensure a comprehensive
overview.

When using the gfoRmula package, it is essential to specify a parameter covtype indicating the
assumed distribution of each time-varying variable (i.e., all the variables requiring a model),
which in turn defines how the parameters of those functions are estimated and how variable
values are simulated during the Monte-Carlo simulations [68]. This corresponds to the "Distri-
bution assumption" column in Table 6.1.

For both the outcome and the competing event, i.e., variables that take values of either 0 or
1 at each time step, it is straightforward to classify them as binary. As a result, the algorithm
proceeds by estimating the conditional probability (the mean) of the variable at each time, based
on the logistic models fitted in the first step of the framework. Then, the specific values of these
variables for the simulated episodes are generated at each time k by sampling from a Bernoulli
distribution, using this estimated conditional probability as the parameter [68].
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Variable Distribution assumption Transformation Independent variables used in model

Time varying covariates:

Nutrition (Ak) Bounded Normal None Ak−1, V 1k−1, V 12
k−1, V 2k−1, Lbase, time, interaction

L1 & V 1k−1, interaction L2 & V 1k−1

Blood Glucose (V 1k) Bounded Normal None Ak, V 1k−1, Lbase, interaction Ak & L5, interaction
V 1k−1 & L5

BG Variability (V 2k) Bounded Normal None Ak, V 1k, Lbase, interaction Ak & L5, interaction V 1k

& L5

Outcome & competing event models:

Outcome (Yk) Binary None Ak, Ak, V 1k, V 1k−1, V 1k, V 2k, Lbase, interaction
V 2k & time

Discharge (Ck) Binary None Ak, Ak, V 1k, V 1k−1, V 1k, V 2k, Lbase, interaction
V 2k & time

Table 6.1: Specification of the parametric models used for the implementation of the
parametric g-formula .

Note: Lbase refers to the complete set of baseline covariates (L1 =APACHE III score, L2 = Age, L3 = Gender,
L4 = Initial BG, L5 = Diabetic status, L6 = Operative status, L7 = Frame size), outcome = ICU mortality or
Hospital mortality.

For the continuous time-varying variables, i.e., the nutrition and the time-varying confounders,
their assumed distributions were set to "bounded normal". In this case, the observed variables
are first standardised to the interval [0, 1] by subtracting the minimum and dividing by the range.
Afterwards, the mean of the standardised covariates is estimated using their respective models.
Then, their values are simulated at each time k by sampling from a normal distribution with
a mean equal to this estimated conditional mean and a variance given by the residual mean
squared error from the model fit [68]. The simulated standardised values are then transformed
back to the original scale, and generated values that fall outside the observed range are set to
the minimum or maximum of this range [68].

To satisfy these distributional assumptions, some approaches can consist of applying transfor-
mations as square roots or cubic functions to the variables [62, 69]. In order to keep the mod-
elling approach as simple as possible to reduce the computational burden and the modelling
assumptions, no transformations were applied to the previous variables. Nevertheless, it could
be considered if the model specification (that will be presented hereafter) highlights spurious
results.

Furthermore, the models in Table 6.1 contain some interactions, i.e., the models contain some
multiplicative terms between variables to highlight that some of these variables do not only
influence a model independently of the others but interact with other variables. For instance, in
the outcome models, it is assumed that BG variability interacts with time. This reflects the idea
that BG variability has a growing influence on the outcome as time passes.

6.2 Model specification assessment
When adjusting for confounding using the parametric g-formula, the key characteristics of the
approach lie in the modelling assumptions that were explicitly or implicitly drawn. Indeed, each
term of the model translates an assumed causal effect while the lack of a variable in a model
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6.2. MODEL SPECIFICATION ASSESSMENT

assumes the independence from this variable. However, the reason for using mathematical mod-
els is precisely because of the complexity of the confounders and/or the treatment that renders
impossible the estimations of the probability densities of Equation 5.1 empirically. Instead, the
approach relies on parametric extrapolation using the models built by exploiting the informa-
tion available in the entire target population [49]. In this context, the specification of the models
refers to all these explicit or implicit assumptions translated to the mathematical rules of Table
6.1.

Therefore, to produce valid results, the parametric g-formula depends on both the identifiability
conditions (even though some of them are untestable), and on a correct specification of the
parametric models [49, 70]. The purpose of this section is to assess the specification of the
previously presented models.

As stated in Section 5.2.7, the algorithm underlying the parametric g-formula package [68]
comprises the procedure to assess model specification: during the Monte-Carlo simulations,
baseline confounders are sampled from the target population and the models can be used to
simulate the dynamics of the Monte-Carlo simulations without assigning a treatment value.
As a result, these simulations are designed to replicate the same dynamics as the episode in
the target population from whom the baseline confounders were sampled. In this setting, the
simulations are said to estimate the Natural course [57, 68, 70]. Therefore, comparing the
Natural course obtained non-parametrically (or in other words, merely through the observation
of the target population) with the Natural Course simulated via the parametric g-formula is the
method of choice to assess model specification [57, 70].

Nevertheless, after defining the models, the utilisation of the parametric g-formula to carry out
the assessment of the model specification requires setting two parameters introduced in the
presentation of the algorithm in Section 5.2.7: the number of Monte-Carlo simulations and the
number of bootstrap samples [68].

To choose the values of these two parameters, a sequential approach was carried. First, the
influence of the Monte-Carlo simulations was investigated, setting the number of bootstrap
samples to an artificial value of 10 to keep the computational burden under control. Then, when
the number of Monte-Carlo simulations is set, the convergence analysis with the number of
bootstrap samples will be investigated. Note that these steps are performed on the entire target
population: the specification into the subgroups will be assessed using the parameters chosen
for the target population for simplicity.

Table 6.2 illustrates the results with the number of simulations ranging from 1, 227 (the size of
the target population) to 20, 000, with 10 bootstrap samples. For clarity, the emphasis is put on
the outcome models. However, Section C.1 of the Appendix illustrates the results for all the
models under the considered set of Nsim values. From Table 6.2, the mean errors (ME) values
indicate small oscillations around the non-parametric values of the outcomes. Note also that
this oscillations seem to reduce when the number of simulations exceed 15, 000. Nevertheless,
to reduce the computational burden and keep the computation times reasonable during the con-
vergence analysis with the bootstrap samples, Nsim = 5, 000 is retained to further explore the
influence of bootstrapping on the specification.

Subsequently, Table 6.3 summarises the convergence of the specification of the models with
an increasing bootstrapping (again, see Appendix C.2 for the detailed figures in each setting).
Based on the parametric estimation of the outcomes at the end of follow-up and the convergence
of width of the confidence intervals, 100 bootstrap samples seem to be a reasonable choice.
While 120 bootstrap samples lead to slightly more accurate results, the fact that the confidence
intervals had already converged and in order to limit the computational burden, 100 bootstrap
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ICU Mortality Hospital Mortality

Nsim
P Risk (%)
at Day 10

NP Risk (%)
at Day 10 ME (%) P Risk (%)

at Day 10
NP Risk (%)

at Day 10 ME (%) CT (s)

1,227 14.74 15.01 -0.20 19.58 19.17 0.29 87

2,000 15.42 15.01 0.37 19.39 19.17 0.20 103

3,000 15.29 15.01 0.29 19.38 19.17 0.25 119

5,000 14.61 15.01 -0.36 18.68 19.17 -0.35 174

10,000 15.61 15.01 0.49 19.92 19.17 0.60 278

15,000 14.82 15.01 -0.09 18.97 19.17 -0.17 372

20,000 14.73 15.01 -0.21 18.96 19.17 -0.21 455

Table 6.2: Step 1: Hyperparameter tuning for the number of Monte Carlo simulations (Nsim)
with a fixed bootstrap (B = 10).

Note: Nsim = number of Monte-Carlo simulations, P = Parametric (P), NP = Non-Parametric (NP), CT =
Computation time. The Mean Error (ME) averages the directional differences between the parametric and
non-parametric cumulative risk curves across the 10-day follow-up. Because the estimated curves do not cross,
the ME accurately captures the systematic bias of the parametric models without the risk of error cancellation.

samples were retained.

As a result, the computational parameters are 5,000 Monte-Carlo simulations and 100 boot-
strap samples. Figure 6.2 illustrates the comparison of the Natural course between the non-
parametric and parametric approaches in the target population with these parameter values.
Even though the theory related to model specification assessment does not provide specific
metrics to conclude about the specification of the models [70], interpreting these results using
the clinical signification of the different variables is sufficient to conclude in a satisfactory spec-
ification. Indeed, the critical variable being the outcomes and more accurately the mortalities in
the target population, i.e., the cumulative probabilities evaluated at the end of follow-up, ICU
mortality and Hospital mortality are associated with differences of respectively −0.08% and
0.04% compared to the non-parametric natural course at this point. Also note from Figure 6.2
that the other variables are also relatively well estimated using the mathematical models.

Finally, Table 6.4 contains the condensed results of the model specification in each sub-group
(see Appendix C.3 for the detailed figures). From this table, the overall performance of the
models in the sub-groups is also demonstrated, with poorer performances in the small frame size
subgroup, which is the subgroup containing the fewest episodes (see Table 7.1 in the Results
and discussion chapter).

6.3 Positivity check-up
Recall from Section 4.3.2 that the condition of positivity refers to the concept that the probability
of receiving a treatment value cannot be 0 or 1 in any patient subgroups defined by confounder
combinations.

Applied to this practical case, positivity requires that in Equation 4.11, f int(as | Ys = Cs =
0, ls−1, as−1) > 0 (with s the time index s = 1, ..., K and K the follow-up period) for all
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6.3. POSITIVITY CHECK-UP

ICU Mortality Hospital Mortality

Nboot
P Risk (%)
at Day 10

NP Risk (%)
at Day 10 CI width (%) P Risk (%)

at Day 10
NP Risk (%)

at Day 10 CI width (%) CT (s)

2 14.05 15.01 1.06 18.82 19.17 0.44 32

5 15.20 15.01 2.73 19.90 19.17 1.69 95

10 14.39 15.01 3.72 18.50 19.17 4.42 171

20 14.77 15.01 3.69 18.86 19.17 4.23 329

50 14.61 15.01 3.98 18.74 19.17 4.73 791

75 14.82 15.01 4.11 18.98 19.17 4.78 1104

100 14.93 15.01 4.11 19.13 19.17 4.58 1432

120 14.98 15.01 4.073 19.20 19.17 4.62 1803

Table 6.3: Step 2: Hyperparameter tuning for the number of bootstrap samples (Nboot) with
Nsim = 5000.

Note: Nboot = number of bootstrap samples, P = Parametric (P), NP = Non-Parametric (NP), CT = Computation
time. The Mean Error (ME) averages the directional differences between the parametric and non-parametric
cumulative risk curves across the 10-day follow-up. Because the estimated curves do not cross, the ME accurately
captures the systematic bias of the parametric models without the risk of error cancellation.

ICU Mortality Hospital Mortality

Sub-group Observed Risk (%)
(NP)

Relative Bias
(%)

Observed Risk (%)
(NP)

Relative Bias
(%)

Surgical Status
Non-operative 20.48 -2.55 26.03 -2.32
Operative 8.54 4.69 11.03 5.51

Sex
Male 12.62 1.77 16.89 1.15
Female 19.80 -3.61 23.72 -2.06

Diabetes Status
Non-diabetics 16.64 -0.25 20.55 0.88
Diabetics 12.91 -1.10 17.07 -1.80
Type 2 diabetics 12.95 -1.72 17.46 -2.39

Feeding Size
Small FS 18.88 13.57 25.17 11.25
Medium FS 15.50 -4.76 20.10 -4.07
Large FS 13.32 -0.53 16.33 0.35

Table 6.4: Performance of the parametric g-formula models across patient subgroups, with the
risks evaluated at the end of follow-up.

Note: NP = Non-Parametric. Relative bias is calculated as the difference between the parametric and
non-parametric risk, divided by the non-parametric risk. A positive value indicates an overestimation by the
parametric model.

as present in the population. In other words, at each time, all the treatment values must be
possible for all confounder combinations. Note the small but essential nuance between ∀as

and ∀a: positivity is about a good distribution, among the different confounder combinations,
of the treatment values present in the observational data at time s for all s, not about a good
distribution, at each time, of all possible values of a.
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Figure 6.2: Comparison of the Natural course estimated non-parametrically and parametrically
from the models of the parametric g-formula with 100 Bootstrap samples and 5, 000

Monte-Carlo simulations.

Given the continuous nature of the treatment and some confounders, strictly verifying this con-
dition is not feasible. However, relying on the concept of overlap using generalised propensity
scores (GPS) (see Section 4.3.2), i.e., the overlap of probability density functions, provides a
proxy to investigate the condition.

Therefore, the method to assess positivity was the following. First, the nutritional content for
each day is divided into quartiles so that the positivity assessment focuses on comparing how
these quartiles are distributed across the target population. Then, due to the curse of dimension-
ality arising from the infinite possible confounder combinations, a global value was required to
summarised each combination in the dataset. To do so, the nutrition model of the parametric
g-formula was used (see Table 6.1) to map the combinations of confounders into a quantitative
value (here, the average nutrition received given the confounders). Consequently, comparing
the densities of this quantitative value among the quartiles at each day provides a visual way to
explore how is nutrition distributed among the different profiles.

From Figure 6.3, illustrating the distribution of GPS in the quartiles during the follow-up pe-
riod, one can conclude in an overall verification of the sequential positivity condition. Indeed,
the densities of the quartiles overlap for most of the days (except maybe for Day 2 and 3),
reflecting the adherence to the assumption: for most days, the patients of different quartiles
have close densities regarding the expected nutrition that would have been assigned to them on
average, confirming the variability of the treatments in the subgroups defined by the patients’
characteristics. Note that the boxplot version of Figure 6.3 is available in the Appendix C.4.
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Figure 6.3: Densities of the generalised propensity score (the average nutrition received given
the confounders) separately in each quartile of the nutrition for each day of the follow-up.

6.4 Consistency check-up
After assessing that nutrition spreads among confounder combinations, it is essential to investi-
gate the proper nutrition content during follow-up in the target population. Indeed, recall from
Section 4.3.2 that in order to identify the causal effect of an intervention on one outcome, at
least some individual have to follow this intervention. As defined in Table 5.1, the interventions
of interest in this study are:

• Resticting STAR to the ESPEN guidelines.

• Starvation (0% of GF).

• High nutrition (minimum 80% of GF).

• Free nutrition for 2 days, then 80% of GF onwards.

To investigate this, Figure 6.4 illustrates the densities of the nutrition content during the follow-
up period. From this plot, the relevance of each intervention can be commented.

Regarding the ESPEN recommendations and the setting of nutrition at 80% GF from the third
day onwards, the nutrition content seems to encompass a lot of nutrition profiles close to these
interventions, in view of the large density values in the close neighbourhood of these interven-
tions. As a results, consistency is likely to be verified. On the other hand, while many episodes
have no nutrition during the first two days, this amount drastically decreases during the follow-
up and only a few episodes have received no nutrition from the third day onwards. Therefore,
the effect estimate for starvation will only be based on model extrapolation, hence likely caus-
ing bias, and the conclusion for this intervention will be difficult to justify and prone to bias
[49].

Furthermore, regarding the intervention with high nutrition, the prevalence of this nutrition
protocol rapidly increases, even though they are only present in moderate quantities at the first
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day. Therefore, this intervention is likely to be consistent but will require special attention when
drawing conclusions from it.
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Figure 6.4: Probability densities of the observed nutrition content (% GF) during the follow-up
period, evaluated against the interventions of interest.

6.5 Concluding remark
With the design of the target trial emulation, DAG relations, and models underlying the para-
metric g-formula established and fully motivated, the design foundation necessary to address
the causal question (does the personalised caloric intake delivered through the STAR protocol
result in favourable mortality rates compared to standardised guidelines ?) is now complete.
Moving forward, Chapter 7 will then focus on the utilisation of the parametric g-formula under
the different interventions to produce and discuss the results obtained via this method.
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Chapter 7

Results and Discussion

In this chapter, the results of the statistical analysis are presented and discussed, starting from
an in-depth analysis of target population data and the biased associations resulting from the
observational data to further emphasise on the need for statistical adjustment methods. Then,
the results of the parametric g-formula, adjusting for the confounding bias, are presented. Also,
the discussion provides critical assessment of the relevance of these results, before conducting
the subgroup analysis.

7.1 Target population characteristics during follow-up
Following the application of the eligibility criteria, outcomes, and follow-up period of the target
trial emulation, Table 7.1 illustrates the dynamic evolution of the target population, which con-
sists of the real-world STAR clinical episodes from Christchurch Hospital, New Zealand. More
accurately, this table tracks the variations of the sample size, cumulative outcome probabilities,
and baseline confounders, during the 10-days follow-up period.

For clarity, note that the sample size reported for each day represents the number of episodes
present at the beginning of that day. For instance, 404 corresponds to the number of episodes
at the beginning of the fourth day, while 202 episodes remain at the end of that fourth day (and
consequently the number of episodes at the beginning of the fifth day). The evolution of the
sample size follows the observation of Figure 5.5: the target population rapidly decreases during
the follow-up, from 1, 227 initial episodes to only 49 at Day 10. Combined with the cumulative
ICU and hospital mortalities of respectively 15.00% and 19.15% at Day 10, these metrics high-
light the crucial prevalence of discharge (i.e., the competing event) in the results. Indeed, in the
target population, the median duration of the protocol is 2 days, with an interquartile range of
[1.0-3.0] days. This rapid turnover is consistent with the findings of Stewart et al. [30], who re-
ported that the median time spent under the protocol is well below the 10-day follow-up period
(1.9 [0.9 − 3.5] days) in their study population.

Regarding the composition of the population during follow-up, several notable changes occur,
namely for the operative status, the diabetic status, and the frame size. First, the proportion of
operative patients undergoes a 10 % decrease during the follow-up. This suggests that surgical
patients generally undergo shorter GC episodes than medical patients.

Conversely, the share of Type 2 diabetic patients steadily increases by more than 10% over the
follow-up (from 37.90% to 48.98%). This enrichment indicates that diabetic individuals tend
to necessitate longer periods of GC, making them over-represented in the late-stage population
compared to the initial one.

Finally, the distribution of frame size undergoes the most significant changes. While the pro-
portion of medium frame size patients drops by almost 20% during follow-up, the large frame
size group increases symmetrically by 20% to reach 61.22% by Day 10.

48



7.1.
TA

R
G

E
T

PO
PU

L
A

T
IO

N
C

H
A

R
A

C
T

E
R

IST
IC

S
D

U
R

IN
G

FO
L

L
O

W
-U

P

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 Day 9 Day 10

# Episodes 1227 707 404 272 202 146 112 85 62 49

Cumulative ICU mortality (%) 6.03 9.94 11.65 12.96 13.61 13.94 14.51 14.75 14.91 15.00

Cumulative Hospital mortality (%) 7.66 12.71 14.75 16.22 17.11 17.60 18.34 18.74 19.07 19.15

Age (years), Median [IQR]
65

[55-72]
64

[53-71]
63

[53-71]
63

[53-70]
63

[53-70]
62

[52-70]
61

[51-70]
61

[52-70]
61

[51-70]
61

[50-70]

Apache III score, Median [IQR]
68

[52-90]
70

[54-91]
70

[54-90]
70

[55-93]
70

[54-90]
70

[54-94]
76

[57-94]
70

[56-97]
70

[55-97]
68

[54-99]

Initial BG [mmol/L] 11.50 [9.70-13.90]
11.50

[9.80-13.95]
11.30

[9.60-13.93]
11.50

[9.70-13.93]
11.50

[9.90-14.65]
11.65

[9.90-14.70]
12.00

[9.88-14.72]
11.90

[9.90-14.80]
11.80

[9.90-14.65]
12.10

[10.30-15.70]

Male (%) 66.67 64.92 65.10 67.28 66.34 63.01 64.29 65.88 66.13 67.35

Operative status (%) 45.80 39.18 36.39 34.56 36.14 34.25 34.82 32.94 37.10 36.73

Diabetics (%) 43.69 41.02 41.34 41.17 41.58 42.47 45.54 45.88 50.00 53.06

Type 2 diabetics (%) 37.90 35.79 35.40 35.66 36.63 36.99 39.29 42.35 46.77 48.98

Small frame size (%) 11.65 9.76 8.91 6.99 6.93 6.16 7.14 8.24 8.06 10.20

Medium frame size (%) 47.84 44.13 45.79 47.43 46.53 43.84 41.07 38.82 33.87 28.57

Large frame size (%) 40.51 46.11 45.30 45.59 46.53 50.00 51.79 52.94 58.06 61.22

Note: IQR = InterQuartile Range.

Table 7.1: Evolution of the target population characteristics over the follow-up period (from Days 1 to Day 10).
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7.1. TARGET POPULATION CHARACTERISTICS DURING FOLLOW-UP

7.1.1 Inspection of subgroup outcomes and nutrition
Table 7.2 provides additional information regarding the outcomes and the nutrition received
among the subgroups during the protocol. For instance, focusing on the surgical status, the
median caloric intake in episodes from non-operative patients on the first day of STAR (45%
GF) is significantly higher than that observed in operative episodes (0% GF). Note that this
difference is only present during the first day under protocol: operative and non-operative pa-
tients who remain under the protocol on Day 5 and Day 10 receive comparable caloric amounts.
Similar differences can be observed in gender, diabetes status, and frame size, respectively. In-
deed, during the first day under STAR, male patients receive lower initial caloric targets than
female patients, diabetic individuals (including Type 2) exhibit lower Day 1 intakes compared
to non-diabetic ones, and an inverse relationship is observed for frame size, where larger patient
profiles are systematically prescribed lower relative percentages of their GF during the protocol.

Furthermore, the fact that each subgroup exhibits a different nutrition trajectory and end of
follow-up mortalities is in line with the nature of the variables defining these groups. Recall
that these variables, namely the surgical status, gender, diabetes status, and frame size, were
assumed to be baseline confounders. Therefore according to the definition of a confounder
provided in Section 4.3.3, a confounder is associated with both the treatment and the outcome,
which is clearly observed in Table 7.2.

Overall, these dynamic changes in the target population’s composition support the choice to use
the parametric g-formula. Indeed, it relies on dynamic modelling, while a static baseline adjust-
ment would fail to capture the evolving profile of the patients and their nutritional trajectories.

Mortality* (%) Observed Nutrition (% GF), Median [IQR]

Sub-group ICU Hospital Day 1 Day 5 Day 10

Target population 15.00% 19.15% 7.0 [0.0–74.0] 91.0 [61.0–100.0] 84.0 [66.0–100.0]

Surgical Status
Non-operative 20.45% 26.02% 45.0 [0.0–87.0] 91.0 [61.0–100.0] 84.0 [66.5–100.0]
Operative 8.54% 11.03% 0.0 [0.0–36.8] 90.0 [59.0–100.0] 87.0 [53.0–99.8]

Gender
Male 12.59% 16.87% 0.0 [0.0–64.0] 89.5 [52.5–100.0] 86.0 [68.0–100.0]
Female 19.80% 23.72% 27.0 [0.0–85.0] 92.5 [80.0–100.0] 79.0 [42.8–100.0]

Diabetes Status
Non-diabetics 16.64% 20.55% 40.0 [0.0–88.0] 98.0 [77.0–100.0] 84.0 [67.9–100.0]
Diabetics 12.87% 17.35% 0.0 [0.0–39.0] 73.0 [50.2–100.0] 83.0 [52.5–100.0]
Type 2 diabetics 12.90% 17.42% 0.0 [0.0–30.0] 72.5 [52.0–100.0] 83.0 [61.5–100.0]

Frame Size
Small FS 18.88% 25.17% 41.0 [0.0–91.5] 100.0 [84.5–108.2] 86.0 [74.0–93.0]
Medium FS 15.50% 20.10% 16.0 [0.0–83.0] 98.0 [71.2–100.0] 100.0 [80.2–122.8]
Large FS 13.28% 16.30% 0.0 [0.0–57.0] 84.0 [50.3–100.0] 79.0 [44.3–97.8]

Table 7.2: Mortality rates and actual nutritional practices across patient subgroups.
Note: *: The mortality is evaluated at the end of follow-up (Day 10)
IQR = Interquartile Range; FS = Frame Size. Nutrition is expressed as the percentage of the caloric goal feed
achieved by the patient on the specified day of their ICU stay. Subgroup sample sizes are detailed on the first day
of Table 7.1.
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7.2. UNADJUSTED RESULTS

7.2 Unadjusted results
Since the rationale for using the parametric g-formula is due to bias arising from the presence
of the confounders of Table 5.2, an illustrative result to be compared with the ones the next
section would be to compute the unadjusted probabilities of the outcomes, also referred to as
naïve estimates. More precisely, the objective of this section is to classify the data into cate-
gories corresponding to the interventions of interest summarised in Table 5.1 to then compute
the cumulative risks during the follow-up period. While these unadjusted results provide an
initial overview of the data, they merely reflect statistical associations rather than causal effects.
Because treatments were not randomly assigned, these estimates are inherently flawed by con-
founding (as detailed in Table 5.2). Consequently, drawing clinical conclusions from these raw
results would be misleading. Instead, their sole purpose in this study is to serve as a baseline:
comparing these biased observational estimates to the adjusted results of the next section will
illustrate the magnitude of the confounding bias and demonstrate the utility of the parametric
g-formula.

Because the observational data only contain information about episodes under the STAR pro-
tocol, these episodes do not strictly follow one of the interventions of Section 5.2.2: the reality
is more chaotic. Nevertheless, in order to have insights into unadjusted risks, distances in the
form of absolute means errors (AME) were computed between each episode and each interven-
tion. Because interventions such as ’Starvation’ and ’Day-3 80% GF’ might overlap for the
first 2 days, episodes were allowed to be categorised into multiple interventions provided that
the AME remains under a reasonable threshold of 15%. As a result, among the 1, 227 initial
episodes, 1, 044 episodes were associated with a treatment strategy and mapped 1, 873 times.

Table 7.3 summarises the characteristics resulting from this assignment to treatment strategies.
Regarding the number of episodes, fewer followed the high nutrition strategy compared to the
other interventions. This is consistent with both the decision-making process of STAR and the
conclusions from international recommendations. On the one hand, as stated previously, STAR
aims to achieve tight glycaemic control by identifying SI and provides the maximum amount
of nutrition that each patient can bear accordingly. On the other hand, knowing the risk of
overfeeding due to metabolic instabilities, especially during the early phase, the international
guidelines do not recommend administering high caloric amounts during the first days of critical
illness. Consequently, only the few patients for which STAR identified the possibility for a high
caloric intake followed this treatment strategy.

Despite the number of patients, the main differences between the populations of each treatment
strategy lie in the proportion of operative and diabetic patients. More accurately, the ’Starvation’
and ’Day-3 80%’ groups have 59.49% and 50.00% of operative patients, respectively, compared
to 29.64% and 35.9% for the ’ESPEN’ and ’High nutrition’ groups. Moreover, the high nutrition
group contains the lowest proportion of diabetic patients (14.1%) compared for instance to the
49.66% of diabetic patients in the starvation group, who are likely less prone to withstand
normoglycaemia after large caloric intakes.

In addition, Figure 7.1 illustrates the cumulative risk curves of both outcomes under the differ-
ent treatment strategies. Compared to the results of the complete target population (the Natural
course), setting the nutrition to 0% GF is the treatment strategy associated with the lowest mor-
talities. Consequently, a flawed conclusion from this observational study would claim that the
best practice would be to withhold nutrition from ICU patients. From a clinical point of view,
this is obviously inconsistent with the known effects of underfeeding, especially compared to
the clinically validated ESPEN strategy. Also, note that the cumulative risk curves of ’Star-
vation’ and ’Day-3 80%’ are almost flat from Day 2 onwards. This artifact, arising from the
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evolution of these group sizes during follow-up, is addressed in Sections 7.4.3 and 7.4.4.

Characteristics (Day 1) ESPEN High nutrition (>80%) Starvation Day-3 80%

Episodes (N) 361 78 590 844

Age (years) 64.00 [52.00 ; 72.00] 63.00 [46.25 ; 69.00] 67.00 [59.00 ; 73.00] 66.00 [56.00 ; 73.00]

Apache III score 73.00 [55.00 ; 93.00] 67.00 [55.00 ; 83.50] 64.00 [49.00 ; 86.00] 67.50 [51.00 ; 90.00]

Initial BG (mmol/L) 11.00 [9.40 ; 12.90] 10.30 [9.00 ; 11.97] 11.90 [10.10 ; 14.70] 11.50 [9.80 ; 13.80]

Male (%) 59.0 78.21 69.83 67.89

Operative status (%) 29.64 35.9 59.49 50.0

Diabetics (%) 27.98 14.1 22.98 44.19

Type 2 diabetics (%) 22.71 14.1 49.66 38.63

Small frame size (%) 15.24 7.69 11.19 12.80

Medium frame size (%) 52.35 56.41 46.44 49.17

Large frame size (%) 32.41 35.9 42.37 38.03

Follow-up characteristics

Protocol duration (days) 2.0 [1.0 ; 4.0] 2.0 [1.0 ; 5.0] 1.0 [1.0 ; 2.0] 1.0 [1.0 ; 2.0]

Outcomes (End of Follow-up)*

ICU mortality rate (%) 19.39 16.67 13.05 14.93

Hospital mortality rate (%) 25.76 21.79 15.42 19.19

Table 7.3: Baseline characteristics (at Day 1) and cumulative mortalities across nutritional
strategy groups.

Note: Regarding Age, Apache III score, Initial BG, and protocol duration, the values are structured as median
[IQR]. IQR = InterQuartile Range. *Outcomes represent Day 10 mortality, except for the "Starvation" and "Day-3
80%" groups where follow-up data end at Day 9.
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(a) ICU mortality.
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(b) Hospital mortality.

Figure 7.1: Unadjusted cumulative probabilities of the outcomes under the different treatment
strategies, computed using the Aalen-Johansen estimator.
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7.3 Causal effects in the target population
This section presents the conclusions arising from the parametric g-formula for estimating the
causal effect under each treatment strategy in the target population. To that end, Table 7.4
contains the risk ratios and risks differences at the end of follow-up comparing each intervention
to the Natural course, and Figure 7.2 illustrates the cumulative risk curves of both outcomes
under each intervention. Recall that the Natural course refers to the observed mortality rates in
the dataset, i.e., the performance of STAR. A discussion regarding the relevance of these results
will further be conducted in Section 7.4.

From Table 7.4, the adjustments performed by the parametric g-formula lead to the following
conclusions:

• The restriction of STAR to fit to the ESPEN guidelines results in a slightly increased risk
for both ICU and Hospital mortality, as it is associated with an average risk ratio of 1.02
for both outcomes and a risk difference of +0.36% for ICU mortality and +0.39% for
Hospital mortality. Yet, none of these differences are statistically significant since the
95% confidence intervals of the risk differences systematically include 0%.

• Not providing any nutrition to the patients translates into a −1.29% risk difference com-
pared to the Natural course for ICU mortality and −2.77% for Hospital mortality. Note
that even if these risk differences are less pronounced than in the unadjusted case (−1.95%
for ICU mortality and −3.73% for Hospital mortality), it remains in contradiction with
the clinical reality of the adverse effects of underfeeding on patient outcomes. Therefore,
these results require a more detailed analysis that will be conducted in Section 7.4.3.

• High nutrition delivery is associated with an increase of +0.92% in ICU mortality and
+2.45% in Hospital mortality. While this result specific to ICU mortality is again con-
cerned with a lack of statistical significance, the overall trend, reflected by the point esti-
mates, supports positive risk differences. These results seem relevant with the clinically
demonstrated adverse effect of overfeeding on the outcome, but the lack of statistical
significance requires special attention when discussing this result.

• Finally, setting the nutrition to 80% GF from Day 3 after giving the system freedom for
the first two days results in the smallest risk differences, with +0.20% for ICU mortality
and +0.22% for Hospital mortality, yet again non-significant. This illustrates that when
STAR is unconstrained during the initial phase of the ICU (associated with metabolic
instability), the outcomes are relatively similar if STAR is continued or if on average 80%
GF is given daily for the rest of the protocol.

7.4 Discussion
The adjusted results in the target population of Table 7.4 were overall satisfactory and clinically
meaningful. Yet, a careful discussion is necessary to shed light on several ambiguous points
and draw relevant causal conclusions.

7.4.1 Adjusted vs. Unadjusted Estimates
To contextualise the causal estimates, it is instructive to visually compare the unadjusted risk
curves with the adjusted results obtained via the parametric g-formula, as illustrated in Figure
7.3 (the corresponding analysis for hospital mortality is provided in Appendix D). This com-
parison highlights significant shifts in the estimated risks, particularly for the ’ESPEN’ strategy
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Outcome & Interventions Risk* (%, 95% CI) Risk Ratio (95% CI) Risk Difference (%, 95% CI)

ICU Mortality

Natural course 14.93 [12.55 , 17.70] 1.00 0.00

ESPEN 15.30 [12.84 , 17.47] 1.02 [0.96 , 1.09] 0.36 [-0.54 , 1.23]

Starvation 13.62 [10.43 , 16.67] 0.91 [0.76 ; 1.07] -1.29 [-3.33 , 1.11]

High nutrition 15.81 [13.14 , 18.75] 1.06 [0.91 , 1.19] 0.92 [-1.29 , 2.83]

Day-3 80% 15.09 [12.62 , 17.44] 1.01 [0.98 , 1.05] 0.20 [-0.27 , 0.68]

Hospital Mortality

Natural course 19.13 [16.61 , 21.84] 1.00 0.00

ESPEN 19.52 [16.78 ; 21.97] 1.02 [0.96 , 1.09] 0.39 [-0.71 ; 1.61]

Starvation 16.36 [13.29 , 19.63] 0.86 [0.74 , 0.97] -2.77 [-5.01 , -0.52]

High nutrition 21.59 [17.63 , 24.93] 1.13 [1.00 , 1.26] 2.45 [-0.01 , 4.56]

Day-3 80% 19.35 [16.59 , 21.97] 1.01 [0.98 , 1.04] 0.22 [-0.39 , 0.83]

Note : *The risks are evaluated ot the end of follow-up, CI = Confidence Interval. The risk ratios and risk differ-
ences are computed comparing the intervention of interest to the natural course.

Table 7.4: Causal effects of nutritional strategies on ICU and Hospital mortality estimated via
the parametric g-formula in the target population.
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(a) ICU mortality.
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(b) Hospital mortality.

Figure 7.2: Adjusted cumulative probabilities of the outcomes under the different treatment
strategies, computed using the Aalen-Johansen estimator.

curve, which moves towards the Natural course curve.

In the unadjusted analysis, the ’ESPEN-like’ progressive nutrition strategy was associated with
the highest mortality rates (see Figure 7.1). However, from a theoretical point of view, the
’ESPEN-like’ nutrition is motivated by an international consortium of clinicians, hence obtain-
ing higher mortality rates for this intervention was paradoxical compared, for instance, to static
strategies like ’High nutrition’, which carry inherent risks of early overfeeding.

This unadjusted discrepancy is a classic consequence of confounding. Indeed, Table 7.3 shows
that the ESPEN group was the one with the highest median Apache III score (73.00) and recall
from Section 5.2.3 that it was demonstrated that a 5-point increase in APACHE score corre-
lates with an increase in mortality. Therefore, the ESPEN group in the target population likely
contained patients in an overall worst medical condition, requiring a gradual increase in nu-
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trition intake, hence with a higher risk of mortality. Consequently, this baseline imbalance in
confounders demonstrates that unadjusted estimates can falsely classify a clinically consistent
protocol as harmful, highlighting the necessity of adjusting for confounding to isolate the true
causal effect.

Note that rather than treating the Natural course as an absolute target to approach, these shifts
demonstrate the benefit of using algorithms adjusting for the confounders on the causal conclu-
sions: the adjustment procedure leverages the dependencies between patient status and treat-
ment assignment, isolating the the independent impact of each treatment strategy on the out-
comes. This confirms that relying solely on unadjusted observational associations would lead
to heavily biased clinical conclusions.

High nutrition Day-3 80%
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Figure 7.3: Comparison of the unadjusted and adjusted cumulative probabilities of ICU
mortality under the different treatment strategies, obtained using the Aalen-Johansen estimator.

7.4.2 The Danger of Early Overfeeding and the Protective Role of STAR
A critical clinical finding emerges when comparing the result of the ’High Nutrition’ strategy
(minimum 80% goal feed) with the ’Day-3 80%’ strategy. The ’High Nutrition’ approach is
associated with higher mortality risks, which is consistent with the well-documented clinical
dangers of early overfeeding during the acute, metabolically unstable phase of critical illness.

In contrast, the ’Day-3 80%’ strategy, which allows the STAR protocol full autonomy during
the first 48 hours before enforcing the 80% target, results in a mortality risk hardly different
from the Natural Course (here again, the risk difference is not statistically significant, yet the
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point estimate slightly advocates for the Natural course). This contrast demonstrates a strength
of STAR: it successfully manages the most unpredictable metabolic period associated with dra-
matic metabolic instability (the early phase) by naturally withholding aggressive feeding for
patients unable to tolerate it, thereby avoiding the detrimental effects of overfeeding, while
ensuring adequate nutritional targets are reached once the patients stabilise.

7.4.3 The ’Starvation’ Paradox: Extrapolation and Model Misspecifica-
tion

Furthermore, the ’Starvation’ strategy (0% GF) yielded an artificially protective effect. From a
clinical perspective, this result is unexpected, as withholding nutrition for 10 days would induce
severe underfeeding and muscle wasting and ultimately increased mortalities (see Section 2.3).
The results of this intervention on ICU mortality and the competing event are illustrated in
Figure 7.4. This paradoxical conclusion can instead be viewed from a data structure and model
limitations point of view.
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(b) Cumulative competing event probability.

Figure 7.4: Results of the parametric g-formula on the target population under starvation (0%
GF), compared to the Natural course.

First, the unadjusted data reveal that the initially unfed population predominantly consisted of
operative patients. For these patients, the ICU is often a short and transient step (e.g., immediate
post-operative recovery) before rapid discharge to standard care, during which clinicians seem
to deliberately withhold enteral or parenteral nutrition and let STAR titrate insulin to enforce
normoglycaemia. To investigate this, the evolution of the group size as well as the number
of operative episodes are provided in Table 7.5. Indeed, while the ’Starvation’ group initially
consists in 590 episodes (which gives a priori a lot of confidence in to relevance of the treatment
strategy and its resulting conclusions), only 59 are still under the protocol at the end of the
second day, and 22 at the end of the third day, each time with a majority of operative patients.
Also note that no patients stays for 10 days under this treatment, as the last episode ends during
the ninth day. Ultimately, there are hardly no patients in the dataset who remain unfed beyond
day 3, which explains the flat-looking cumulative risk curves of Figure 7.1. Consequently,
simulating a 10-day starvation period forces the model to extrapolate into a data-sparse region,
yielding to positivity and consistency violations.

Second, the result of the extrapolation artifact is likely compounded by model misspecification.
Indeed, The models for the outcomes and competing event did not include an interaction term
between the operative status and nutrition, while Table 7.2 highlighted the clinical reality of
operative patients. Without this term, the algorithm seems to falsely attributes the ’fast-track’
survival benefit of early discharge merely to the lack of nutrition, without consideration of the
specific patient’s profile. Consequently, this led to the protective effect of starvation in the
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Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 Day 9 Day 10

# Episodes 590 216 59 22 11 5 3 1 1 0

# Operative 351 120 34 10 5 2 1 1 1 0

Table 7.5: Evolution of the ’Starvation’ group of the target population during the follow-up
period.

result of the parametric g-formula. Figure 7.4b illustrates this situation, where Starvation yields
a dramatic increase of the competing event probability, meaning that the models ’learned’ that
starvation leads to a quicker exit of STAR alive. Note that in Figure 7.4a, the ICU mortality
under starvation during the first three days is slightly above the natural course. This is likely
due to the fact that aside from operative patients, the few patients in the worst shape and highest
risk of mortality are also poorly fed since their underlying metabolic instability does not allow
them to tolerate nutrition. Hence the model associated the starvation of these patients with a
higher mortality.

To investigate on the extend to which the omission of this interaction term influenced the results,
a sensitivity analysis was conducted by adding this interaction term between the operative status
and nutrition to the models for the outcomes and the competing event of Table 6.1, yielding the
results of Table 7.6. In this Table, one notices that adding the interaction term results in a shift
of the risk difference from −1.29% to −0.45% for ICU mortality and from −2.77% to −2.09%
for Hospital mortality. The shift to values closer to 0% is in line with the assumed consequence
of the absence of the interaction term stated just above. However, the fact that the values of
the risk differences remain negative even after this change likely reflects the fundamental lack
of prolonged starvation data in the target population, meaning that simulating this strategy will
inevitably rely on mathematical extrapolation and result in clinically unrealistic results.

Crucially, this sensitivity analysis can also be used to demonstrate the robustness of the other
findings. Indeed, Table 7.6 contains the comparisons of the risk differences between the two
model settings and under the treatment strategies. Hence, regarding the interventions other than
starvation, the shift caused by the implementation of the interaction term does not change the
conclusions drawn in Section 7.3. The most dramatic change occurs for the ’High nutrition’
strategy that undergoes a +0.3% change in its risk differences compared to the previous model
setting. Rather than destabilising the model, this actually reinforces the strength of the adverse
effect of overfeeding on the outcomes. Therefore, it seems reasonable to retain the first model
setting to preserve the causal conclusions of the previous sections.

7.4.4 Are the other strategies relevant ?
In Section 7.4.3, the paradoxical survival benefit observed under the ’Starvation’ strategy prompted
a deep methodological review, ultimately revealing data sparsity and extrapolation artifacts is-
sues. To ensure methodological rigour, the same critical assessment should be applied to the
remaining interventions. Accepting clinically plausible results without verifying the underlying
data support would compromise the objectivity of the analysis. To investigate potential positiv-
ity violations across all strategies, Table 7.7 contains the longitudinal sample size evolution of
each treatment group.

The ’ESPEN’ strategy demonstrates the most robust and balanced longitudinal support. While
the absolute number of episodes inevitably decreases over time, the retention is proportional
to the overall target population decay (e.g., maintaining 18 out of 49 total patients at Day 10).
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Outcome & Interventions ’Old models’ Risk Difference (%, 95% CI) ’New models’ Risk Difference (%, 95% CI)

ICU Mortality

Natural course 0.00 0.00

ESPEN 0.36 [-0.54 , 1.23] 0.47 [-0.40 , 1.35]

Starvation -1.29 [-3.33 , 1.11] -0.45 [-2.54 , 1.74]

High nutrition 0.92 [-1.29 , 2.83] 1.23 [-1.20 , 3.43]

Day-3 80% 0.20 [-0.27 , 0.68] 0.18 [-0.25 , 0.63]

Hospital Mortality

Natural course 0.00 0.00

ESPEN 0.39 [-0.71 ; 1.61] 0.49 [-0.58 , 1.57]

Starvation -2.77 [-5.01 , -0.52] -2.09 [-4.62 , 0.64]

High nutrition 2.45 [-0.01 , 4.56] 2.76 [0.25 , 5.58]

Day-3 80% 0.22 [-0.39 , 0.83] 0.20 [-0.31 , 0.87]

Note : CI = Confidence Interval. The risk differences are computed comparing the intervention of interest to the
natural course.

Table 7.6: Comparison of the risk differences between the ’Old models’ of Table 6.1 and the
’New models’ adding the interaction term between operative status and nutrition.

This similar episode decays as in the target population advocates that the model’s estimates for
the ’ESPEN’ strategy rely on solid statistical power in view of the available data, making them
reliable results for causal comparison against the unrestricted STAR protocol.

Conversely, the ’High nutrition’ strategy highlights distinct data limitations. This group starts
with a significantly low sample size (78 episodes on Day 1), which is clinically consistent with
the STAR protocol’s cautious approach when it comes to high feeding. Although the estimated
increase in mortality under this strategy aligns with the known dangers of overfeeding, the spar-
sity of the data warrants caution. An additional methodological consequence of this low initial
sample size to the overall risk of model extrapolation relates to the bootstrapping procedure
used to compute the confidence intervals. Indeed, in a sparse dataset, some bootstrap sam-
ples may entirely lack highly-fed patients, depriving the model of the necessary information to
accurately estimate the treatment effect, thereby forcing it into extrapolation. This risk of pos-
itivity/consistency violations likely explains why the causal estimates for the ’High nutrition’
strategy were more sensitive to model respecification (i.e., the inclusion of the interaction term)
than the other interventions. The plausible use of extrapolation might also be a reason why the
risk difference confidence intervals of Table 7.4 were much wider in the case of ’High nutri-
tion’ ([−1.20, 3.43]% for ICU mortality) compared, for instance, to ’ESPEN’ ([−0.40, 1.35]%
for ICU mortality).

Finally, the ’Day-3 80%’ strategy presents a unique structural challenge. While it begins with
a massive group (844 episodes), this is merely an artifact of the protocol allowing unrestricted
STAR management during the first 48 hours, thereby automatically including all the episodes
lasting less than three days. By Day 3, when the strict 80% nutritional threshold is enforced, the
group size drops to only 21 episodes (which explains the observed flat cumulative risks curves
of Figure 7.1), while Table 7.7 indicates that the target population contains 404 episodes lasting
at least three days. This indicates that very few patients under standard STAR naturally receive
80% nutrition by the third day. Consequently, for the remainder of the follow-up, this strategy
operates with few data, similarly to the ’High nutrition’ approach. While the resulting causal
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estimates (showing no significant harm compared to the Natural Course) are clinically sensible,
acknowledging this underlying sparsity is crucial. It highlights that even clinically plausible
findings in causal inference can be susceptible to positivity/consistency issues when evaluating
interventions that occur only rarely in the available data.

Number of episodes

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 Day 9 Day 10

Target population 1227 707 404 272 202 146 112 85 62 49

ESPEN 361 233 134 95 69 54 43 33 23 18

Starvation 590 216 59 22 11 5 3 1 1 0

High nutrition 78 57 37 25 21 14 10 7 5 2

Day-3 80% 844 324 21 11 8 6 4 2 1 0

Table 7.7: Evolution of the treatment strategy groups of the target population during the
follow-up period.

7.4.5 Take-home message: the effectiveness of personalised nutrition (STAR
vs. ESPEN)

The adjusted results for the ESPEN-bounded strategy align closely with the Natural Course,
which represents the unrestricted clinical practice under the STAR protocol. Figure 7.5 illus-
trates the cumulative ICU mortality under the Natural course and the ESPEN-bounded strategy.
While the risk difference in Table 7.4 is not statistically significant, the point estimates favour
the Natural Course. It is important to recall that the simulated ESPEN intervention acts merely
as a boundary restriction on the existing STAR framework rather than a fundamentally different
protocol setting the nutrition intake to deterministic values. Yet, this slight trend advocating for
the Natural Course suggests that the personalised nutrition provided by the unrestricted STAR
protocol performs at least as well as, if not marginally better than, this protocol restricted to
rigid international standardised guidelines.

7.5 Subgroup analysis
Now that the results have been presented and discussed for the target population, notably lead-
ing to a robustness assessment through a slightly modified model, it is time to go further and
investigate how these results translate into the subgroups defined in Section 5.2.4. Given that the
previous discussion highlighted the ESPEN-like intervention to be the only treatment strategy
for which statistical robustness is highly plausible, Tables 7.8 and 7.9 illustrate the subgroup
analysis for this intervention in ICU and Hospital mortality.

As observed in Tables 7.8 and 7.9, the subgroup analysis reveals consistency in the causal
estimates across all predefined patient profiles. Across these subgroups, including operative
status (operative vs. non-operative), gender, diabetic status, and frame size, the risk differences
(RD) reflect the same phenomenon as for the target population, with point estimates ranging
from +0.10% to +0.82% for both ICU and Hospital mortalities. Most importantly, the 95%
confidence intervals for the risk differences (RD) systematically cross zero, and the risk ratio
(RR) intervals all encompass 1.00, translating the statistical non-significance of the former point
estimates.
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Figure 7.5: Results of the parametric g-formula on the target population to estimate the
cumulative ICU mortality under ESPEN, compared to the Natural course.

Consequently, this indicates an absence of heterogeneity in the treatment effects between the
ESPEN guidelines and the unrestricted Natural Course. For instance, whether evaluating non-
operative patients or surgical admissions, the safety profile of both strategies remains statisti-
cally indistinguishable. Similarly, pre-existing metabolic conditions (such as Type 2 diabetes)
do not induce a differential response to this nutritional strategy. Clinically, this uniform lack of
significant difference is a robust validation of the STAR protocol. It demonstrates that STAR’s
personalised approach naturally regulates nutritional delivery in a way that is universally as safe
as enforcing strict and standardised ESPEN limits, regardless of the patient’s specific character-
istics.

However, note that the results are less robust in the small frame size group, with a wider 95%
CI for the risk difference for both outcomes compared to the other subgroups. This is due to
the low number of small frame size episodes in the target population (only 11% of the tar-
get population, see Table 7.1). This might partly be explained by the bootstrap sampling and
positivity/consistency issues set out in Section 7.4.4. Ultimately, this led to a poorer model
specification for this subgroup as previously illustrated in Table 6.4.
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Subgroups (n) Natural course (%) ESPEN (%) RD (%) RR

Estimate [95% CI] Estimate [95% CI] Estimate [95% CI] Estimate [95% CI]

Target population (1227) 14.94 [12.55 , 17.47] 15.30 [12.84 , 17.47] 0.36 [-0.54 , 1.23] 1.02 [0.96 , 1.09]

Surgical Status

Non-operative (665) 19.98 [16.90 , 23.67] 20.34 [16.72 , 23.63] 0.36 [-0.95 , 1.47] 1.02 [0.95 , 1.07]

Operative (562) 8.95 [6.79 , 11.68] 9.31 [7.26 , 12.01] 0.36 [-0.62 , 1.56] 1.04 [0.93 , 1.20]

Gender

Male (818) 12.86 [10.32 , 15.19] 13.22 [10.50 , 15.62] 0.36 [-0.58 , 1.41] 1.03 [0.96 , 1.11]

Female (409) 19.10 [15.46 , 22.97] 19.46 [15.41 , 23.15] 0.36 [-1.26 , 1.74] 1.02 [0.94 , 1.10]

Diabetic Status

Diabetic (536) 12.77 [10.03 , 15.30] 13.16 [10.11 , 15.85] 0.40 [-0.91 , 1.41] 1.03 [0.93 , 1.12]

Type 2 diabetic (465) 12.72 [9.50 , 15.65] 13.11 [9.77 , 16.42] 0.39 [-1.07 , 1.49] 1.03 [0.93 , 1.12]

Non-diabetic (691) 16.62 [13.65 , 19.51] 16.96 [14.44 , 19.67] 0.34 [-0.72 , 1.59] 1.02 [0.96 , 1.10]

Frame Size

Small (143) 21.56 [13.64 , 30.01] 22.25 [14.02 , 29.61] 0.69 [-2.11 , 3.27] 1.03 [0.91 , 1.16]

Medium (587) 14.81 [11.66 , 18.15] 15.26 [11.93 , 18.66] 0.45 [-0.81 , 1.68] 1.03 [0.95 , 1.12]

Large (497) 13.21 [10.21 , 15.91] 13.38 [10.21 , 16.31] 0.17 [-0.90 , 1.36] 1.01 [0.94 , 1.10]

Table 7.8: Results of the parametric g-formula to evaluate the effect of ESPEN guidelines on
ICU mortality.

Subgroups (n) Natural course (%) ESPEN (%) RD (%) RR

Estimate [95% CI] Estimate [95% CI] Estimate [95% CI] Estimate [95% CI]

Target population (1227) 19.13 [16.61 , 21.84] 19.52 [16.80 , 21.97] 0.39 [-0.71 , 1.61] 1.02 [0.96 , 1.09]

Surgical Status

Non-operative (665) 25.43 [21.82 , 29.48] 25.66 [22.16 , 29.33] 0.23 [-1.11 , 1.55] 1.01 [0.95 , 1.06]

Operative (562) 11.64 [8.91 , 15.10] 12.21 [9.39 , 15.16] 0.58 [-0.76 , 1.91] 1.05 [0.95 , 1.19]

Gender

Male (818) 17.09 [14.39 , 20.03] 17.58 [14.77 , 20.29] 0.49 [-0.67 , 1.82] 1.03 [0.96 , 1.12]

Female (409) 23.23 [19.05 , 26.74] 23.40 [19.67 , 27.60] 0.18 [-1.37 , 1.70] 1.01 [0.94 , 1.08]

Diabetic Status

Diabetic (536) 17.07 [13.43 , 20.24] 17.84 [14.23 , 21.32] 0.78 [-0.64 , 2.46] 1.05 [0.96 , 1.14]

Type 2 diabetic (465) 17.04 [13.42 , 20.91] 17.86 [14.21 , 21.58] 0.82 [-0.76 , 2.62] 1.05 [0.96 , 1.16]

Non-diabetic (691) 20.73 [17.72 , 24.10] 20.82 [17.87 , 24.42] 0.10 [-1.16 , 1.42] 1.01 [0.94 , 1.07]

Frame Size

Small (143) 28.15 [21.17 , 35.88] 28.48 [20.60 , 35.28] 0.32 [-2.29 , 2.68] 1.01 [0.92 , 1.10]

Medium (587) 19.28 [15.48 , 22.41] 19.70 [15.37 , 22.73] 0.41 [-1.28 , 1.67] 1.02 [0.93 , 1.09]

Large (497) 16.39 [12.72 , 20.12] 16.72 [13.40 , 19.80] 0.38 [-0.86 , 1.82] 1.02 [0.95 , 1.11]

Table 7.9: Results of the parametric g-formula to evaluate the effect of ESPEN guidelines on
Hospital mortality.

Note: n = number of episodes.
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Chapter 8

Study limitations and future perspectives

This chapter aims at closing the work by presenting some limitations that have to be taken into
account when interpreting the study as well as perspectives for future works organised into ideas
to expand this study’s implications. After that, Chapter 9 will conclude the work by enumerating
the strong results and implications of this work.

8.1 The threat of unmeasured confounding
As stated in Section 4.3.2, the identifiability of a causal inference study relies on three condi-
tions, among which is the exchangeability condition, and more accurately conditional exchange-
ability in the context of observational studies. While it is not feasible to properly investigate if
this condition holds in practice, the conduct of the study implicitly assumes that the confounders
listed in Table 5.2, which were adjusted for using the parametric g-formula are the only sources
for the lack of randomisation. In other words, one assumes that no unmeasured confounding
would impact the causal conclusions [49].

As introduced in Section 4.3.5, the concept of E-value is a useful tool to provide insights about
the strength that unmeasured confounders would need to explain away a treatment-outcome
association. To that end, Figure 8.1 illustrates the risk ratios (RR) in each subgroup and both
outcomes with 95% CIs under the ’ESPEN-like’ intervention.

While the classical paradigm of the E-value is to use it in order to quantify the necessary strength
of unmeasured confounders to make the 95% CI of the risk ratio include 1.00, which is referred
to as the null hypothesis, it is also possible to use the E-value to quantify the strength of un-
measured confounders required for the RR to reach a chosen value [64]. Since in this practical
study, the ESPEN-restricted intervention already consists of null estimates (see Figure 8.1), this
alternative application is more relevant. Indeed, from Figure 8.1 and the previously presented re-
sults, restricting STAR to an ’ESPEN-like’ nutrition support resulted in point estimates slightly
in favour of STAR, yet not statistically significant as the 95% CI of the RR includes 1.00.

Consequently, informative results would be, for instance, to compute the E-values necessary to
set the upper bound of the CIs at 1.00, i.e., to produce a statistically significant proof that STAR
is deleterious compared to the ESPEN-restricted strategy. Following the formula of Table 4.2,
the resulting E-values are presented in Table 8.1. From this table, the E-values range from 1.31
to 1.74. This means that in order to invert the interpretation of the results in at least one group
(here, the non-operative episodes), an unmeasured confounder that increases the risk of both
receiving the ESPEN-restricted treatment and experiencing the outcome (more accurately, the
Hospital mortality in this precise case) by a factor of 1.31 could do so, but weaker confounding
could not.

To be correctly interpreted, the context around this value has to be taken into account. Indeed,
this study already adjusts for many confounders, hence the presence of unmeasured confounders
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8.1. THE THREAT OF UNMEASURED CONFOUNDING

with such strong associations is far from being guaranteed as it has to be independent of the
already measured ones. Also note that this value of 1.31 does not mean that an important
unmeasured confounder would inevitably explain away the conclusions, since doing so implies
the strong associations pointing in this particular direction (an unmeasured confounder could
instead emphasise the previous observations by further accentuating the benefit of STAR).

Nevertheless, this study remains likely subjected to some degree of unmeasured confounding.
For instance, the dataset does not contain measurements of either the SOFA score (Sequential
Organ Failure Assessment), which can be seen as a sequential version of the APACHE score
[71], or the status regarding mechanical ventilation [72], even though both have been demon-
strated to be strong outcome predictors. Given that Table 7.3 highlighted the unbalanced distri-
bution of the APACHE III score among the nutrition groups, it would be reasonable to believe
that the SOFA score, known for its association with the outcome, is also unbalanced among the
treatment groups.

Also, reflecting on the adjusted confounders of Table 5.2, these were mainly chosen for their
relevance to patients’ metabolism. Therefore, since the SOFA score and the mechanical venti-
lation status are also informative about the overall state of the patients, this makes them likely
confounders. However, whether these missing clinical markers could exert a 1.31-fold effect
on both treatment assignment and the outcomes over and above what is already captured would
require a dedicated study.

(a) Illustration of the risk ratios of ICU mortality
in the different subgroups.

(b) Illustration of the risk ratios of Hospital
mortality in the different subgroups.

Figure 8.1: Forrest plots of the risk ratios under ESPEN in the different subgroups.
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8.2. THE THREAT OF THE TIME LAPSES BETWEEN THE END OF FOLLOW-UP AND
THE OUTCOMES

ICU Mortality Hospital Mortality

Subgroups Risk Ratio (95% CI) E-value Risk Ratio (95% CI) E-value

Target population 1.02 [0.96 , 1.09] 1.40 1.02 [0.96 , 1.09] 1.40

Operative Status

Non-operative 1.02 [0.95 , 1.07] 1.34 1.01 [0.95 , 1.06] 1.31

Operative 1.04 [0.93 , 1.20] 1.68 1.05 [0.95 , 1.19] 1.67

Gender

Male 1.03 [0.96 , 1.11] 1.46 1.03 [0.96 , 1.12] 1.49

Female 1.02 [0.94 , 1.10] 1.43 1.01 [0.94 , 1.08] 1.40

Diabetic Status

Diabetic 1.03 [0.93 , 1.12] 1.48 1.05 [0.96 , 1.14] 1.54

Type 2 diabetic 1.03 [0.93 , 1.12] 1.49 1.05 [0.96 , 1.16] 1.59

Non-diabetic 1.02 [0.96 , 1.10] 1.43 1.01 [0.94 , 1.07] 1.34

Frame Size

Small 1.03 [0.91 , 1.16] 1.59 1.01 [0.92 , 1.10] 1.43

Medium 1.03 [0.95 , 1.12] 1.49 1.02 [0.93 , 1.09] 1.40

Large 1.01 [0.92 , 1.10] 1.49 1.02 [0.95 , 1.11] 1.46

Note: CI = Confidence Interval. The risk ratios and risk differences were computed comparing the intervention of
interest to the natural course.

Table 8.1: Estimated risk ratios (RR) and E-values computed to produce statistical evidence
that the ESPEN-like intervention is beneficial compared to STAR.

8.2 The threat of the time lapses between the end of follow-up
and the outcomes

Recall from Section 5.2.4 the slight, but notable, nuance regarding the outcomes of this study:
while the follow-up period consists of the period under STAR, the outcome is not required to
occur when the protocol is ended. This paradox was illustrated in Figure 5.4, demonstrating
that the end of the protocol coincides with the time of ICU (or Hospital) exit only for a subset
of the episodes.

Consequently, because covariate measurements are discontinued at the end of the protocol while
outcome tracking extends further, the emulation cannot capture any post-protocol variables or
clinical complications. From a practical point of view, this does not impact the meaning of the
causal question, as the latter explicitly focuses on the influence of the caloric intake provided by
STAR on mortality rates. However, the limitation caused by this ’black box’ is that it blurs the
mechanisms leading to the outcomes, regardless of whether they are the direct consequence of
the protocol or unobserved clinical interventions. Using the theoretical background of Section
4.3.3, and more precisely the part related to DAGs, the missing information caused by this
’black box’ concerns possible mediators between the protocol and the outcomes. Crucially,
DAG theory explicitly states that the mediators must not be adjusted for, thereby validating the
integrity of the estimates despite the lack of post-protocol data.
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8.3. CLINICAL AND ECONOMIC IMPACTS OF THE ESTIMATED RISK
DIFFERENCES

8.3 Clinical and economic impacts of the estimated risk dif-
ferences

When evaluating the point estimates comparing the unrestricted STAR protocol to the progres-
sive ESPEN strategy, the recorded risk differences may appear negligible at first glance, hover-
ing below 1%. However, when scaled to the level of an hospital network, a seemingly negligible
variation of 0.5 % to 1 % in mortality can translate into dozens of preventable deaths annually
and non-negligible savings. Indeed, even though this service only treats a small proportion of
patients, it still accounts for up to 20% of total hospital expenditures, making the ICU one of the
most expensive part of the hospital to operate [73]. Therefore, even small percentage savings in
ICU expenses are significant.

From a health-economics point of view, this financial and clinical relief could be explained
by two main reasons. First, it addresses the incremental cost associated with non-surviving
ICU episodes [74]. Second, providing a dynamically personalised nutritional trajectory tailored
to individual metabolic tolerances, rather than enforcing rigid, population-level values, might
clinically expect to reduce the incidence of metabolic complications, and potentially shortening
the patient’s length of stay (LOS). A reduced ICU or hospital LOS represents an important
driver for cost savings and bed liquidity [74].

Nevertheless, a comprehensive economic analysis remains outside the scope of this work and
warrants a dedicated investigation.

Conversely, a statistical result must be taken into account when interpreting these findings.
While the counterfactual point estimates slightly advocate for the unconstrained STAR protocol
over an ESPEN-like restriction, the corresponding 95 % CIs consistently encompassed the null
causal effect. It could therefore be argued that emphasising the large-scale institutional bene-
fits of a 0.5 % risk divergence stands in partial contradiction with the lack of strict statistical
significance.

Consequently, rather than establishing definitive economic implications, these calculated trends
should be interpreted as hypothesis-generating signals. They support for the necessity of larger
multi-centric analysis to hopefully achieve the statistical power required to narrow the confi-
dence intervals and clarify the clinical and economic impacts of the results.
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Chapter 9

Conclusion

In the intensive care unit, critically ill patients frequently exhibit stress-induced hyperglycaemia,
a metabolic response that has driven the necessity for tight glycaemic control. Traditionally,
this management has relied on insulin therapy as the primary tool to counteract elevated blood
glucose levels. However, a question emerges regarding the role of the accompanying nutri-
tional support. While the classical paradigm has long depended on standard recommendations
proposed by international guidelines, designed at the population-level with standard nutrition
levels, the contemporary paradigm shifts towards personalised therapies in which the metabolic
state of each patient is evaluated to provide an adapted amount of nutrition. In this context,
the Stochastic TARgeted (STAR) framework continuously identifies the patient-specific insulin
sensitivity and used it to determine the combination of insulin and nutrition delivery to enforce
strict normoglycaemia while maximising caloric delivery.

In consequence, this master thesis’s objective was to position STAR protocol against clinically
relevant nutrition approaches to answer a causal question: does the personalised caloric intake
delivered through the STAR protocol result in favourable mortality rates compared to
standardised guidelines ? The subtlety of this work lay in the use of observational, hence not
randomised, data. To resolve this question in the presence of these longitudinal observational
data, the study was diligently rooted in the Target Trial Emulation (TTE) framework. By first
explicitly specifying an idealised randomised trial, this approach provides a rigorous roadmap
to emulate this trial while preventing the biases inherent to the non-random nature of the data.

Nevertheless, emulating a clinical trial from retrospective real-world data introduces major
methodological challenges, among which the confounding bias arising from the lack of treat-
ment randomisation. To overcome this hurdle, the parametric g-formula was implemented,
leveraging the identifiability conditions (conditional exchangeability, positivity, and consis-
tency) to adjust for baseline and time-varying confounders at the cost of parametric modelling
assumptions. Furthermore, because early discharge from the protocol acts as an informative
competing event that precludes the observation of the outcome, the estimation framework in-
corporated the non-parametric Aalen-Johansen estimator to prevent the overestimation of the
cumulative risks.

The causal estimates generated through this methodology provided the core take-home message
of this study: restricting the operational flexibility of the STAR protocol to strictly comply
with progressive international guidelines (ESPEN) offers no statistically significant advantage
in reducing either ICU or hospital mortality. This uniform lack of risk differences, replicated
across all predefined subgroups, serves as a robust validation of the protocol. It demonstrates
that STAR’s indirect monitoring of metabolic tolerance via SI naturally regulates nutritional
delivery in a manner that is as safe as enforcing strict, standardised ESPEN boundaries that act
regardless of the patient’s specific characteristics.

Additionally, the counterfactual results successfully identified the clinical risks associated with
acute overfeeding, displaying a trend towards increased mortality under the ’High nutrition’
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strategy.

Ultimately, this work supports the therapeutic efficacy of the STAR protocol’s nutritional guid-
ance, demonstrating that this personalised nutrition therapy provides safe amounts of energy
deliveries to critically ill adult patients.

67



Appendix A

List of the available nutrition biomarkers [25]

Table A.1: Narrative Overview About Available Biomarkers to Guide Nutrition Support in Critically Ill Patients [25].

Biomarker Description Limitations Major Findings

CRP Marker of inflammation Slow kinetics

Unspecific to inflammation
and infectious events

CRP (> 100 mg/dL) identified in hospitalised patients that
did not benefit from an intense nutritional intervention.

The presence of inflammation in the context of many acute or
chronic diseases complicates the assessment of the status
based on blood levels.

Albumin,
pre-albumin

Negative acute phase protein

Traditionally used to assess
nutritional status

Long half time

Influenced by several other
factors (e.g., liver function)

Albumin and pre-albumin failed to identify patients that
benefit from nutrition.

Increases in pre-albumin can indicate a reduction in catabolic
activity and a shift toward an anabolic state. . Pre-albumin,
although influenced by inflammation, is also used to monitor
nutritional status and recovery

Following in the next page
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Table A.1 – Continued

Biomarker Description Limitations Major Findings

IL-6 Marker of inflammation

Rapidly acts as both a
pro-inflammatory cytokine
and an anti-inflammatory
myokine

Limited availability

Measurements are costly

Anti-inflammatory strategies have been demonstrated to
reduce IL-6 levels.

With adequate nutrition, the IL-6 response to exercise is
attenuated as skeletal muscle adapts to training.

IL-6 levels identified those patients who were most likely to
benefit if their nutritional needs were met (Nutrition Risk in
Critically ill score).

Nitrogen loss Indicator for
nitrogen/protein loss

Collection of urine over
6–24 hr

Is estimated by urine urea,
which makesup 80% of
urinary nitrogen (the other
20% being nitrogen as
urinary ammonia)

Intense and complex
methodological efforts
needed

Relevance to clinical
outcomes unclear

Reflects a valid biological response mechanism related to
nutritional interventions.

Effects on outcomes have not yet been demonstrated in the
critically ill

ESPEN guidelines recommend its use to guide protein intake,
whereas the evidence is limited.

Blood urea End product of the
breakdown of nitrogen
compounds

Influenced by: 1) quality, 2)
protein content in diet, and
3) time after feeding

In the absence of renal dysfunction, increased urea
concentrations result from increased hepatic production
(catabolic or exogenous supply).

Following in the next page
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Table A.1 – Continued

Biomarker Description Limitations Major Findings

Triglycerides Fats circulating in the blood Preexisting metabolic
diseases may influence
findings

Chronic hypertriglyceridemia is associated with development
of kidney diseases

In the case of hypertriglyceridemia, a reduction in fat intake is
recommended until concentrations < 200 mg/dL are reached.

In the ICU, levels should be measured frequently during
parenteral fat administration. If triglyceride levels are
persistently high, reducing carbohydrate intake may make
sense

Phosphate Biological functions in
energy metabolism

Causes of hypophosphatemia
are controversial

Levels < 0.65 mmol/L: check for refeeding syndrome.

Progressive feeding should occur carefully and stepwise in
case of low levels.

Blood glucose High insulin doses can be a
surrogate for anabolic
resistance to nutrition

Influenced by critical illness
and diabetes

High insulin requirements can reflect metabolic intolerance to
the administered nutrition support.

Adjust caloric intake in accordance to insulin requirements.

i-FABP Released when enterocyte
integrity is lost

Not part of clinical routine Sensitive marker for intestinal ischaemia and feeding
intolerance.

D-la D-la is produced by colonic
bacteria such as Escherichia
coli

Not part of clinical routine Biomarker for barrier function (sensitivity 90%) for diagnosis
of intestinal ischaemia.

Following in the next page
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Table A.1 – Continued

Biomarker Description Limitations Major Findings

Citrulline Enterocyte function Not part of clinical routine Biomarker of reduced enterocyte function, indicating the
development of gut insufficiency and potential feeding
intolerance.

Concentration < 10 µmol/L associated with increased
mortality.

3-Methylhistidine Proteolysis of myofibrils Not part of clinical routine Reliable marker for muscular degradation and skeletal
muscle protein breakdown.

Urea-to-
creatinine ratio

To assess the protein
catabolism

Increased urea levels often
caused by impaired renal
function

Marker of catabolism; helps determine the appropriate time
to increase protein/caloric intake.

< 20: reduced protein catabolism (malnutrition, liver
dysfunction), relatively low protein intake, and/or impaired
GFR. 20–35: normal. > 35: increased protein catabolism or
low muscle mass.

Abbreviations: CRP = C-reactive protein, D-la = D-lactate, GFR = glomerular filtration rate, i-FABP = intestinal fatty acid-binding protein, IL-6 =
interleukin-6, MNT = medical nutrition therapy.
The present tables are a narrative review of existing biomarkers that are used in clinical practice or that are of increasing interest. The limited availability
of fast and reliable measures of catabolism represents a major barrier for routine monitoring of metabolic responsiveness and "readiness to feed" in clinical
practice.
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Appendix B

Intensive Control Insulin-Nutrition-Glucose
(ICING) model [4, 35]

The equations of the model are :

Ġ = −pG · G(t) − SI · G(t)
Q(t)

1 + αG · Q(t)
+

P (t) + EGP − CNS

VG

(B.1)

İ = −nK · I(t) − nL
I(t)

1 + αI · I(t)
− nI(I(t) − Q(t)) +

uex(t)

VI

+ (1 − xL)
uen(G)

VI

(B.2)

Q̇ = nI(I(t) − Q(t)) − nc
Q(t)

1 + αGQ(t)
(B.3)

, where G, I , and Q correspond respectively to the glucose, the plasma insulin, and the intersti-
tial insulin. The parameters of these equations are in Table B.1.

Parameter Value Description

pG 0.006 min−1 Non-insulin mediated glucose clearance
αG 1/65 (0.015) l/mU Saturation of insulin-mediated glucose uptake

EGP 1.16 mmol/min Endogenous Glucose Production (hepatic)
CNS 0.3 mmol/min Glucose uptake by Central Nervous System

VG 13.3 L Glucose distribution volume
nK 0.0542 min−1 Kidney clearance of insulin
nL 0.1578 min−1 Liver clearance of insulin
αI 1.7 × 10−3 l/mU Saturation of hepatic insulin clearance
nI 0.006 min−1 Insulin diffusion between plasma and intersti-

tium
nC 0.006 min−1 Cellular degradation of internalised insulin
xL 0.67 Fractional first pass hepatic insulin clearance

from portal vein
VI 4.0 L Insulin distribution volume

uex(t) mU/min Exogenous insulin
uen(G) [16.7 − 266.7] mU/min Endogenous insulin

Table B.1: Parameters for the glucose-insulin model.
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Appendix C

Specification depending on the number of
the Monte-Carlo simulations and bootstrap
samples

C.1 Monte-Carlo simulations
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(a) With 1227 Monte-Carlo simulations.
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(b) With 2000 Monte-Carlo simulations.

Figure C.1: Specification assessment depending on the number of Monte-Carlo simulations,
with 10 bootstrap samples (1/4).

73



C.1. MONTE-CARLO SIMULATIONS
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(c) With 3000 Monte-Carlo simulations.
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(d) With 5000 Monte-Carlo simulations.

Figure C.1: Specification assessment depending on the number of Monte-Carlo simulations,
with 10 bootstrap samples (2/4).
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(e) With 10000 Monte-Carlo simulations.
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(f) With 15000 Monte-Carlo simulations.

Figure C.1: Specification assessment depending on the number of Monte-Carlo simulations,
with 10 bootstrap samples (3/4).
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(g) With 20000 Monte-Carlo simulations.

Figure C.1: Specification assessment depending on the number of Monte-Carlo simulations,
with 10 bootstrap samples (4/4).
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C.2. BOOTSTRAP SAMPLES

C.2 Bootstrap samples
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(a) With 2 bootstrap samples.
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(b) With 5 bootstrap samples.

Figure C.2: Specification assessment depending on the number of bootstrap samples, with
5000 Monte-Carlo simulations (1/4).
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(c) With 10 bootstrap samples.
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(d) With 20 bootstrap samples.

Figure C.2: Specification assessment depending on the number of bootstrap samples, with
5000 Monte-Carlo simulations (2/4).
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(e) With 50 bootstrap samples.
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(f) With 75 bootstrap samples.

Figure C.2: Specification assessment depending on the number of bootstrap samples, with
5000 Monte-Carlo simulations (3/4).
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C.3. SUB-GROUPS SPECIFICATION ASSESSMENT
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(g) With 100 bootstrap samples.
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(h) With 120 bootstrap samples.

Figure C.2: Specification assessment depending on the number of bootstrap samples, with
5000 Monte-Carlo simulations (4/4).

C.3 Sub-groups specification assessment
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(a) Non-operative episodes.
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(b) Operative episodes.

Figure C.3: Specification assessment in subgroups (1/5).
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C.3. SUB-GROUPS SPECIFICATION ASSESSMENT
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(c) Male episodes.
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(d) Female episodes.

Figure C.3: Specification assessment in subgroups (2/5).
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(e) Diabetic episodes.
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(f) Type 2 diabetic episodes.

Figure C.3: Specification assessment in subgroups (3/5).
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(g) Non-diabetic episodes.
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(h) Small frame size episodes.

Figure C.3: Specification assessment in subgroups (4/5).
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(i) Medium frame size episodes.
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(j) Large frame size episodes.

Figure C.3: Specification assessment in subgroups (5/5).

C.4 Positivity assessment
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Figure C.4: Boxplots of the densities of the propensity score separately in each quartile of the
nutrition given each day.
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Appendix D

Target population results
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Figure D.1: Comparison of the unadjusted and adjusted cumulative probabilities of Hospital
mortality under the different treatment strategies, obtained using the Aalen-Johansen estimator.
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Artificial intelligence usage disclaimer

To ensure academic integrity and transparency, I wanted to provide a small disclaimer about
the use of the artificial intelligence throughout this master thesis. From my perspective, it is
essential to indicate that the use of AI in this work has never been dedicated to carry out a
reflection with the aim of executing a task or providing answers.

Instead, AI was strictly used for grammatical or lexical purposes regarding the writing of this
work. As far as the coding part is concerned, Gemini was used to accommodate to the R coding
language that I never used prior to this work. Therefore, Gemini was useful to understand
the specificities of this coding language, but again was never used as a problem-solving tool
or for high-level conceptual and critical analyses: all reflections, scientific interpretations, and
conclusions reflect entirely my work.

80



References

[1] Ele Ferrannini and Marta Seghieri. “Overview of Glucose Homeostasis”. In: Endocrinol-
ogy (2018). DOI: 10.1007/978-3-319-45015-5. URL: https://doi.org/1
0.1007/978-3-319-45015-5.

[2] Pia V Röder et al. “Pancreatic regulation of glucose homeostasis”. In: Experimental
&amp; Molecular Medicine 48 (2016), e219–e219. DOI: 10.1038/emm.2016.6.
URL: https://doi.org/10.1038/emm.2016.6.

[3] Ashutosh Ojha et al. “Current perspective on the role of insulin and glucagon in the patho-
genesis and treatment of type 2 diabetes mellitus”. In: Clinical Pharmacology: Advances
and Applications Volume 11 (2019), pp. 57–65. DOI: 10.2147/CPAA.S202614.
URL: https://doi.org/10.2147/cpaa.s202614.

[4] Vincent Uyttendaele. “Patient-Specific Metabolic Variability and Precision Glycaemic
Control in Critical Care”. PhD thesis. University of Liege, University of Canterbury,
2020.

[5] Stephanie A. Amiel. “The consequences of hypoglycaemia”. In: Diabetologia 64 (2021),
pp. 963–970. DOI: 10.1007/s00125-020-05366-3. URL: https://doi.org
/10.1007/s00125-020-05366-3.

[6] Sophie Penning. “Tight Glycaemic Control: Model-based methods to answer critical
questions about this controversial therapy”. PhD thesis. University of Liege, 2014.

[7] Deepanjali Vedantam et al. “Stress-Induced Hyperglycemia: Consequences and Manage-
ment”. In: Cureus (2022). DOI: 10.7759/cureus.26714. URL: https://doi.o
rg/10.7759/cureus.26714.

[8] Hui Liu et al. “Energy metabolism in health and diseases”. In: Signal Transduction and
Targeted Therapy 10 (2025). DOI: 10.1038/s41392-025-02141-x. URL: https
://doi.org/10.1038/s41392-025-02141-x.

[9] Raphael Mottale et al. “The metabolic response to stress in critical illness: updated review
on the pathophysiological mechanisms, consequences, and therapeutic implications”. In:
Annals of Intensive Care 15 (2025), p. 174. DOI: 10.1186/s13613-025-01588-z.
URL: https://doi.org/10.1186/s13613-025-01588-z.

[10] Oana A Tatucu-Babet and Emma J Ridley. “How much underfeeding can the critically
ill adult patient tolerate?” In: Journal of Intensive Medicine 2 (2022), pp. 69–77. DOI:
10.1016/j.jointm.2022.01.002. URL: https://doi.org/10.1016/j
.jointm.2022.01.002.

[11] Yaseen M. Arabi, Annika Reintam Blaser, and Jean-Charles Preiser. “Less is more in
nutrition: critically ill patients are starving but not hungry”. In: Intensive Care Medicine
45 (2019), pp. 1629–1631. DOI: 10.1007/s00134-019-05765-0. URL: https:
//doi.org/10.1007/s00134-019-05765-0.

[12] Simon Mifsud, Emma L Schembri, and Mark Gruppetta. “Stress-induced hypergly-
caemia”. In: British Journal of Hospital Medicine 79 (2018), pp. 634–639. DOI:
10.12968/hmed.2018.79.11.634. URL: https://doi.org/10.12968/h
med.2018.79.11.634.

[13] Kathleen M Dungan, Susan S Braithwaite, and Jean-Charles Preiser. “Stress hypergly-
caemia”. In: The Lancet 373 (2009), pp. 1798–1807. DOI: 10.1016/S0140-6736(0
9)60553-5. URL: https://doi.org/10.1016/s0140-6736(09)60553-5
.

81

https://doi.org/10.1007/978-3-319-45015-5
https://doi.org/10.1007/978-3-319-45015-5
https://doi.org/10.1007/978-3-319-45015-5
https://doi.org/10.1038/emm.2016.6
https://doi.org/10.1038/emm.2016.6
https://doi.org/10.2147/CPAA.S202614
https://doi.org/10.2147/cpaa.s202614
https://doi.org/10.1007/s00125-020-05366-3
https://doi.org/10.1007/s00125-020-05366-3
https://doi.org/10.1007/s00125-020-05366-3
https://doi.org/10.7759/cureus.26714
https://doi.org/10.7759/cureus.26714
https://doi.org/10.7759/cureus.26714
https://doi.org/10.1038/s41392-025-02141-x
https://doi.org/10.1038/s41392-025-02141-x
https://doi.org/10.1038/s41392-025-02141-x
https://doi.org/10.1186/s13613-025-01588-z
https://doi.org/10.1186/s13613-025-01588-z
https://doi.org/10.1016/j.jointm.2022.01.002
https://doi.org/10.1016/j.jointm.2022.01.002
https://doi.org/10.1016/j.jointm.2022.01.002
https://doi.org/10.1007/s00134-019-05765-0
https://doi.org/10.1007/s00134-019-05765-0
https://doi.org/10.1007/s00134-019-05765-0
https://doi.org/10.12968/hmed.2018.79.11.634
https://doi.org/10.12968/hmed.2018.79.11.634
https://doi.org/10.12968/hmed.2018.79.11.634
https://doi.org/10.1016/S0140-6736(09)60553-5
https://doi.org/10.1016/S0140-6736(09)60553-5
https://doi.org/10.1016/s0140-6736(09)60553-5
https://doi.org/10.1016/s0140-6736(09)60553-5


[14] Meng-Wei Chang et al. “Stress-Induced and Diabetic Hyperglycemia Associated with
Higher Mortality among Intensive Care Unit Trauma Patients: Cross-Sectional Analysis
of the Propensity Score-Matched Population”. In: International Journal of Environmen-
tal Research and Public Health 15 (2018), p. 992. DOI: 10.3390/ijerph15050992.
URL: https://doi.org/10.3390/ijerph15050992.

[15] Nicole C. Dombrowski and Dennis G. Karounos. “Pathophysiology and management
strategies for hyperglycemia for patients with acute illness during and following a hospi-
tal stay”. In: Metabolism 62 (2013), pp. 326–336. DOI: 10.1016/j.metabol.2012
.07.020. URL: https://doi.org/10.1016/j.metabol.2012.07.020.

[16] Amina Godinjak et al. “Hyperglycemia in Critically Ill Patients: Management and Prog-
nosis”. In: Medical Archives 69 (2015), p. 157. DOI: 10.5455/medarh.2015.69.1
57-160. URL: https://doi.org/10.5455/medarh.2015.69.157-160.

[17] Samer Ellahham. “Insulin therapy in critically ill patients”. In: Vascular Health and Risk
Management (2010), p. 1089. DOI: 10.2147/VHRM.S14203. URL: https://doi
.org/10.2147/vhrm.s14203.

[18] Jeroen Hermanides et al. “Glucose variability is associated with intensive care unit mor-
tality*”. In: Critical Care Medicine 38 (2010), pp. 838–842. DOI: 10.1097/CCM.0b0
13e3181cc4be9. URL: https://doi.org/10.1097/ccm.0b013e3181cc4
be9.

[19] James S. Krinsley. “Glycemic variability: A strong independent predictor of mortality
in critically ill patients*”. In: Critical Care Medicine 36 (2008), pp. 3008–3013. DOI:
10.1097/CCM.0b013e31818b38d2. URL: https://doi.org/10.1097/cc
m.0b013e31818b38d2.

[20] Ra’eesa Doola, Claire Dupuis, and Jean-Charles Preiser. “Nutrition support, carbohy-
drate feeding and insulin sensitivity in the critically ill patient: a complex relationship”.
In: Current Opinion in Clinical Nutrition &amp; Metabolic Care 27 (2024), pp. 350–
354. DOI: 10.1097/MCO.0000000000001039. URL: https://doi.org/10
.1097/mco.0000000000001039.

[21] Pierre Singer et al. “ESPEN guideline on clinical nutrition in the intensive care unit”. In:
Clinical Nutrition 38 (2019), pp. 48–79. DOI: 10.1016/j.clnu.2018.08.037.
URL: https://doi.org/10.1016/j.clnu.2018.08.037.

[22] Charlene Compher et al. “Guidelines for the provision of nutrition support therapy in the
adult critically ill patient: The American Society for Parenteral and Enteral Nutrition”.
In: Journal of Parenteral and Enteral Nutrition 46 (2022), pp. 12–41. DOI: 10.1002/j
pen.2267. URL: https://doi.org/10.1002/jpen.2267.

[23] Vlad-Dimitrie Cehan et al. “A New Perspective on Overfeeding in the Intensive Care
Unit (ICU): Challenges, Dangers and Prevention Methods”. In: Life 15 (2025), p. 828.
DOI: 10.3390/life15050828. URL: https://doi.org/10.3390/life15
050828.

[24] Marta Delsoglio et al. “Indirect Calorimetry in Clinical Practice”. In: Journal of Clinical
Medicine 8 (2019), p. 1387. DOI: 10.3390/jcm8091387. URL: https://doi.o
rg/10.3390/jcm8091387.

[25] Christian Stoppe et al. “Toward Precision in Nutrition Therapy”. In: Critical Care
Medicine 53 (2024), e429–e440. DOI: 10.1097/CCM.0000000000006537. URL:
https://doi.org/10.1097/ccm.0000000000006537.

[26] Michael P. Casaer et al. “Early versus Late Parenteral Nutrition in Critically Ill Adults”.
In: New England Journal of Medicine 365 (2011), pp. 506–517. DOI: 10.1056/NEJMo
a1102662. URL: https://doi.org/10.1056/nejmoa1102662.

82

https://doi.org/10.3390/ijerph15050992
https://doi.org/10.3390/ijerph15050992
https://doi.org/10.1016/j.metabol.2012.07.020
https://doi.org/10.1016/j.metabol.2012.07.020
https://doi.org/10.1016/j.metabol.2012.07.020
https://doi.org/10.5455/medarh.2015.69.157-160
https://doi.org/10.5455/medarh.2015.69.157-160
https://doi.org/10.5455/medarh.2015.69.157-160
https://doi.org/10.2147/VHRM.S14203
https://doi.org/10.2147/vhrm.s14203
https://doi.org/10.2147/vhrm.s14203
https://doi.org/10.1097/CCM.0b013e3181cc4be9
https://doi.org/10.1097/CCM.0b013e3181cc4be9
https://doi.org/10.1097/ccm.0b013e3181cc4be9
https://doi.org/10.1097/ccm.0b013e3181cc4be9
https://doi.org/10.1097/CCM.0b013e31818b38d2
https://doi.org/10.1097/ccm.0b013e31818b38d2
https://doi.org/10.1097/ccm.0b013e31818b38d2
https://doi.org/10.1097/MCO.0000000000001039
https://doi.org/10.1097/mco.0000000000001039
https://doi.org/10.1097/mco.0000000000001039
https://doi.org/10.1016/j.clnu.2018.08.037
https://doi.org/10.1016/j.clnu.2018.08.037
https://doi.org/10.1002/jpen.2267
https://doi.org/10.1002/jpen.2267
https://doi.org/10.1002/jpen.2267
https://doi.org/10.3390/life15050828
https://doi.org/10.3390/life15050828
https://doi.org/10.3390/life15050828
https://doi.org/10.3390/jcm8091387
https://doi.org/10.3390/jcm8091387
https://doi.org/10.3390/jcm8091387
https://doi.org/10.1097/CCM.0000000000006537
https://doi.org/10.1097/ccm.0000000000006537
https://doi.org/10.1056/NEJMoa1102662
https://doi.org/10.1056/NEJMoa1102662
https://doi.org/10.1056/nejmoa1102662


[27] T. Cederholm et al. “ESPEN guidelines on definitions and terminology of clinical nutri-
tion”. In: Clinical Nutrition 36 (2017), pp. 49–64. DOI: 10.1016/j.clnu.2016.0
9.004. URL: https://doi.org/10.1016/j.clnu.2016.09.004.

[28] Ronan Thibault et al. “Implementation of the ESPEN guideline on clinical nutrition in
the intensive care unit (ICU): It is time to move forward!” In: Clinical Nutrition ESPEN
57 (2023), pp. 318–330. DOI: 10.1016/j.clnesp.2023.06.033. URL: https:
//doi.org/10.1016/j.clnesp.2023.06.033.

[29] Mircea Stoian et al. “Personalized Nutrition Strategies for Patients in the Intensive Care
Unit: A Narrative Review on the Future of Critical Care Nutrition”. In: Nutrients 17
(2025), p. 1659. DOI: 10.3390/nu17101659. URL: https://doi.org/10.33
90/nu17101659.

[30] Kent W. Stewart et al. “Safety, efficacy and clinical generalization of the STAR protocol:
a retrospective analysis”. In: Annals of Intensive Care 6 (2016), p. 24. DOI: 10.1186
/s13613-016-0125-9. URL: https://doi.org/10.1186/s13613-016-
0125-9.

[31] Kent W. Stewart et al. “Nutrition delivery of a model-based ICU glycaemic control sys-
tem”. In: Annals of Intensive Care 8 (2018), p. 4. DOI: 10.1186/s13613-017-035
1-9. URL: https://doi.org/10.1186/s13613-017-0351-9.

[32] Alicia Evans et al. “Stochastic Targeted (STAR) Glycemic Control: Design, Safety, and
Performance”. In: Journal of Diabetes Science and Technology 6 (2012), pp. 102–115.
DOI: 10.1177/193229681200600113. URL: https://doi.org/10.1177
/193229681200600113.

[33] J. G. Chase et al. “Tight Glycemic Control in Intensive Care: From Engineering to Clini-
cal Practice Change”. In: IFMBE Proceedings. Springer Berlin Heidelberg, 2011, pp. 11–
14. DOI: 10.1007/978-3-642-23508-5_5. URL: https://doi.org/10.1
007/978-3-642-23508-5_5.

[34] Anna R. Hardy et al. “Comparison of modulated and clinically set nutrition protocol’s
for STAR”. In: IFAC-PapersOnLine 51 (2018), pp. 384–389. DOI: 10.1016/j.ifac
ol.2018.11.608. URL: https://doi.org/10.1016/j.ifacol.2018.11
.608.

[35] Jessica Lin et al. “A physiological Intensive Control Insulin-Nutrition-Glucose (ICING)
model validated in critically ill patients”. In: Computer Methods and Programs in
Biomedicine 102 (2011), pp. 192–205. DOI: 10.1016/j.cmpb.2010.12.008.
URL: https://doi.org/10.1016/j.cmpb.2010.12.008.

[36] J. Chase et al. “Model-Based Insulin and Nutrition Administration for Tight Glycaemic
Control in Critical Care”. In: Current Drug Delivery 4 (2007), pp. 283–296. DOI: 10.2
174/156720107782151223. URL: https://doi.org/10.2174/15672010
7782151223.

[37] Liam M. Fisk et al. “STAR Development and Protocol Comparison”. In: IEEE Transac-
tions on Biomedical Engineering 59 (2012), pp. 3357–3364. DOI: 10.1109/TBME.2
012.2214384. URL: https://doi.org/10.1109/tbme.2012.2214384.

[38] Paul E. Wischmeyer et al. “Personalized nutrition therapy in critical care: 10 expert rec-
ommendations”. In: Critical Care 27 (2023). DOI: 10.1186/s13054-023-04539
-x. URL: https://doi.org/10.1186/s13054-023-04539-x.

[39] Frank B Cerra et al. “Applied Nutrition in ICU Patients”. In: Chest 111 (1997), pp. 769–
778. DOI: 10.1378/chest.111.3.769. URL: https://doi.org/10.1378
/chest.111.3.769.

[40] E. Hariton and J. J. Locascio. “Randomised controlled trials - the gold standard for ef-
fectiveness research: Study design: randomised controlled trials”. In: BJOG: An Interna-

83

https://doi.org/10.1016/j.clnu.2016.09.004
https://doi.org/10.1016/j.clnu.2016.09.004
https://doi.org/10.1016/j.clnu.2016.09.004
https://doi.org/10.1016/j.clnesp.2023.06.033
https://doi.org/10.1016/j.clnesp.2023.06.033
https://doi.org/10.1016/j.clnesp.2023.06.033
https://doi.org/10.3390/nu17101659
https://doi.org/10.3390/nu17101659
https://doi.org/10.3390/nu17101659
https://doi.org/10.1186/s13613-016-0125-9
https://doi.org/10.1186/s13613-016-0125-9
https://doi.org/10.1186/s13613-016-0125-9
https://doi.org/10.1186/s13613-016-0125-9
https://doi.org/10.1186/s13613-017-0351-9
https://doi.org/10.1186/s13613-017-0351-9
https://doi.org/10.1186/s13613-017-0351-9
https://doi.org/10.1177/193229681200600113
https://doi.org/10.1177/193229681200600113
https://doi.org/10.1177/193229681200600113
https://doi.org/10.1007/978-3-642-23508-5_5
https://doi.org/10.1007/978-3-642-23508-5_5
https://doi.org/10.1007/978-3-642-23508-5_5
https://doi.org/10.1016/j.ifacol.2018.11.608
https://doi.org/10.1016/j.ifacol.2018.11.608
https://doi.org/10.1016/j.ifacol.2018.11.608
https://doi.org/10.1016/j.ifacol.2018.11.608
https://doi.org/10.1016/j.cmpb.2010.12.008
https://doi.org/10.1016/j.cmpb.2010.12.008
https://doi.org/10.2174/156720107782151223
https://doi.org/10.2174/156720107782151223
https://doi.org/10.2174/156720107782151223
https://doi.org/10.2174/156720107782151223
https://doi.org/10.1109/TBME.2012.2214384
https://doi.org/10.1109/TBME.2012.2214384
https://doi.org/10.1109/tbme.2012.2214384
https://doi.org/10.1186/s13054-023-04539-x
https://doi.org/10.1186/s13054-023-04539-x
https://doi.org/10.1186/s13054-023-04539-x
https://doi.org/10.1378/chest.111.3.769
https://doi.org/10.1378/chest.111.3.769
https://doi.org/10.1378/chest.111.3.769


tional Journal of Obstetrics & Gynaecology 125.13 (2018), p. 1716. DOI: 10.1111/1
471-0528.15199.

[41] M. A. Hernán, W. Wang, and D. E. Leaf. “Target Trial Emulation: A Framework for
Causal Inference From Observational Data”. In: JAMA 328.24 (2022), pp. 2446–2447.
DOI: 10.1001/jama.2022.21383.

[42] Miguel A. Hernán and James M. Robins. “Using Big Data to Emulate a Target Trial
When a Randomized Trial Is Not Available.” In: American Journal of Epidemiology 183
(2016), pp. 758–764. DOI: 10.1093/aje/kwv254. URL: https://doi.org/10
.1093/aje/kwv254.

[43] Charles E. Gaber et al. “De-Mystifying the Clone-Censor-Weight Method for Causal
Research Using Observational Data: A Primer for Cancer Researchers”. In: Cancer
Medicine 13 (2024). DOI: 10.1002/cam4.70461. URL: https://doi.org/10
.1002/cam4.70461.

[44] Edouard L. Fu. “Target Trial Emulation to Improve Causal Inference from Observational
Data: What, Why, and How?” In: Journal of the American Society of Nephrology 34
(2023), pp. 1305–1314. DOI: 10.1681/ASN.0000000000000152. URL: https:
//doi.org/10.1681/asn.0000000000000152.

[45] Yaqian Zhu et al. “Core concepts in pharmacoepidemiology: Violations of the positivity
assumption in the causal analysis of observational data: Consequences and statistical
approaches”. In: Pharmacoepidemiology and Drug Safety 30 (2021), pp. 1471–1485.
DOI: 10.1002/pds.5338. URL: https://doi.org/10.1002/pds.5338.

[46] Oksana Martinuka, Saskia le Cessie, and Martin Wolkewitz. “Target trial emulation
framework: mitigating methodological challenges and application in COVID-19 treat-
ment evaluation studies”. In: Clinical Microbiology and Infection 31 (2025), pp. 1475–
1483. DOI: 10.1016/j.cmi.2025.04.027. URL: https://doi.org/10.10
16/j.cmi.2025.04.027.

[47] Noémie Simon-Tillaux et al. “Conducting observational analyses with the target trial
emulation approach: a methodological systematic review”. In: BMJ Open 14 (2024),
e086595. DOI: 10.1136/bmjopen- 2024- 086595. URL: https://doi.or
g/10.1136/bmjopen-2024-086595.

[48] Y. Ren et al. “Design and Implementation of Observational Studies Emulating a Target
Trial”. In: JAMA Network Open (2026). DOI: 10.1001/jamanetworkopen.2025
.58262.

[49] Miguel A. Hernan and James M. Robins. Causal Inference : What if. Chapman &
Hall/CRC, 2019.

[50] Sebastian-Edgar Baumeister et al. “Target Trial Emulation in Observational Re-
search—Strengths, Limitations, and Methodological Considerations”. In: Journal of
Periodontal Research (2026). DOI: 10.1111/jre.70095. URL: https://doi.o
rg/10.1111/jre.70095.

[51] Aidan G. Cashin et al. “Transparent Reporting of Observational Studies Emulating a
Target Trial—The TARGET Statement”. In: JAMA 334.12 (2025), pp. 1084–1093. ISSN:
0098-7484. DOI: 10.1001/jama.2025.13350.

[52] Charles E. Gaber et al. “The Clone-Censor-Weight Method in Pharmacoepidemiologic
Research: Foundations and Methodological Implementation”. In: Current Epidemiology
Reports 11 (2024), pp. 164–174. DOI: 10.1007/s40471- 024- 00346- 2. URL:
https://doi.org/10.1007/s40471-024-00346-2.

[53] Kellyn Arnold et al. “Application of the target trial emulation framework to external
comparator studies”. In: Frontiers in Drug Safety and Regulation 4 (2024). DOI: 10.33
89/fdsfr.2024.1380568. URL: https://doi.org/10.3389/fdsfr.202
4.1380568.

84

https://doi.org/10.1111/1471-0528.15199
https://doi.org/10.1111/1471-0528.15199
https://doi.org/10.1001/jama.2022.21383
https://doi.org/10.1093/aje/kwv254
https://doi.org/10.1093/aje/kwv254
https://doi.org/10.1093/aje/kwv254
https://doi.org/10.1002/cam4.70461
https://doi.org/10.1002/cam4.70461
https://doi.org/10.1002/cam4.70461
https://doi.org/10.1681/ASN.0000000000000152
https://doi.org/10.1681/asn.0000000000000152
https://doi.org/10.1681/asn.0000000000000152
https://doi.org/10.1002/pds.5338
https://doi.org/10.1002/pds.5338
https://doi.org/10.1016/j.cmi.2025.04.027
https://doi.org/10.1016/j.cmi.2025.04.027
https://doi.org/10.1016/j.cmi.2025.04.027
https://doi.org/10.1136/bmjopen-2024-086595
https://doi.org/10.1136/bmjopen-2024-086595
https://doi.org/10.1136/bmjopen-2024-086595
https://doi.org/10.1001/jamanetworkopen.2025.58262
https://doi.org/10.1001/jamanetworkopen.2025.58262
https://doi.org/10.1111/jre.70095
https://doi.org/10.1111/jre.70095
https://doi.org/10.1111/jre.70095
https://doi.org/10.1001/jama.2025.13350
https://doi.org/10.1007/s40471-024-00346-2
https://doi.org/10.1007/s40471-024-00346-2
https://doi.org/10.3389/fdsfr.2024.1380568
https://doi.org/10.3389/fdsfr.2024.1380568
https://doi.org/10.3389/fdsfr.2024.1380568
https://doi.org/10.3389/fdsfr.2024.1380568


[54] Maya L Petersen et al. “Diagnosing and responding to violations in the positivity as-
sumption”. In: Statistical Methods in Medical Research 21 (2010), pp. 31–54. DOI: 10
.1177/0962280210386207. URL: https://doi.org/10.1177/09622802
10386207.

[55] Peter C Austin. “Assessing covariate balance when using the generalized propensity score
with quantitative or continuous exposures”. In: Statistical Methods in Medical Research
28 (2018), pp. 1365–1377. DOI: 10.1177/0962280218756159. URL: https://d
oi.org/10.1177/0962280218756159.

[56] Lan Wen et al. “Parametric g-formula implementations for causal survival analyses”. In:
Biometrics 77 (2020), pp. 740–753. DOI: 10.1111/biom.13321. URL: https://d
oi.org/10.1111/biom.13321.

[57] Alexander P. Keil et al. “The Parametric g-Formula for Time-to-event Data”. In: Epi-
demiology 25 (2014), pp. 889–897. DOI: 10 . 1097 / EDE . 0000000000000160.
URL: https://doi.org/10.1097/ede.0000000000000160.

[58] Johannes Textor et al. “Robust causal inference using directed acyclic graphs: the R pack-
age ‘dagitty’”. In: International Journal of Epidemiology (2017), dyw341. DOI: 10.10
93/ije/dyw341. URL: https://doi.org/10.1093/ije/dyw341.

[59] A. Gavoille et al. “Target trial emulation for causal inference using observational data in
neurology”. In: Revue Neurologique (2026). DOI: 10.1016/j.neurol.2026.03
.001. URL: https://doi.org/10.1016/j.neurol.2026.03.001.

[60] Jessica G. Young et al. “A causal framework for classical statistical estimands in failure-
time settings with competing events”. In: Statistics in Medicine 39 (2020), pp. 1199–
1236. DOI: 10.1002/sim.8471. URL: https://doi.org/10.1002/sim.84
71.

[61] Goel MK, Khanna P, and Kishore J. “Understanding survival analysis: Kaplan-Meier
estimate”. In: Int J Ayurveda Res (2010). DOI: 10.4103/0974-7788.76794.

[62] Jessica G. Young et al. “Comparative Effectiveness of Dynamic Treatment Regimes:
An Application of the Parametric G-Formula”. In: Statistics in Biosciences 3 (2011),
pp. 119–143. DOI: 10.1007/s12561-011-9040-7. URL: https://doi.org
/10.1007/s12561-011-9040-7.

[63] Jerzy Eisenberg-Guyot and Audrey Renson. “Competing classes confront competing
risks: unraveling mortality inequities with parametric g-computation”. In: American
Journal of Epidemiology 194 (2024), pp. 2440–2444. DOI: 10.1093/aje/kwae417.
URL: https://doi.org/10.1093/aje/kwae417.

[64] Tyler J. VanderWeele and Peng Ding. “Sensitivity Analysis in Observational Research:
Introducing the E-Value”. In: Annals of Internal Medicine 167 (2017), pp. 268–274. DOI:
10.7326/M16-2607. URL: https://doi.org/10.7326/m16-2607.

[65] American Diabetes Association Professional Practice Committee for Diabetes* et al. “16.
Diabetes Care in the Hospital: Standards of Care in Diabetes—2026”. In: Diabetes Care
49 (2025), S339–S355. DOI: 10.2337/dc26-S016. URL: https://doi.org/1
0.2337/dc26-s016.

[66] Sohyune Jeong. “Scoring Systems for the Patients of Intensive Care Unit”. In: Acute and
Critical Care 33.2 (2018), pp. 102–104. DOI: 10.4266/acc.2018.00185. URL:
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6849060/.

[67] Bradley Efron and R.J. Tibshirani. An Introduction to the Bootstrap. Chapman and
Hall/CRC, 1994. DOI: 10.1201/9780429246593. URL: https://doi.org/10
.1201/9780429246593.

[68] Sean McGrath et al. “gfoRmula: An R Package for Estimating the Effects of Sustained
Treatment Strategies via the Parametric g-formula”. In: Patterns 1 (2020), p. 100008.

85

https://doi.org/10.1177/0962280210386207
https://doi.org/10.1177/0962280210386207
https://doi.org/10.1177/0962280210386207
https://doi.org/10.1177/0962280210386207
https://doi.org/10.1177/0962280218756159
https://doi.org/10.1177/0962280218756159
https://doi.org/10.1177/0962280218756159
https://doi.org/10.1111/biom.13321
https://doi.org/10.1111/biom.13321
https://doi.org/10.1111/biom.13321
https://doi.org/10.1097/EDE.0000000000000160
https://doi.org/10.1097/ede.0000000000000160
https://doi.org/10.1093/ije/dyw341
https://doi.org/10.1093/ije/dyw341
https://doi.org/10.1093/ije/dyw341
https://doi.org/10.1016/j.neurol.2026.03.001
https://doi.org/10.1016/j.neurol.2026.03.001
https://doi.org/10.1016/j.neurol.2026.03.001
https://doi.org/10.1002/sim.8471
https://doi.org/10.1002/sim.8471
https://doi.org/10.1002/sim.8471
https://doi.org/10.4103/0974-7788.76794
https://doi.org/10.1007/s12561-011-9040-7
https://doi.org/10.1007/s12561-011-9040-7
https://doi.org/10.1007/s12561-011-9040-7
https://doi.org/10.1093/aje/kwae417
https://doi.org/10.1093/aje/kwae417
https://doi.org/10.7326/M16-2607
https://doi.org/10.7326/m16-2607
https://doi.org/10.2337/dc26-S016
https://doi.org/10.2337/dc26-s016
https://doi.org/10.2337/dc26-s016
https://doi.org/10.4266/acc.2018.00185
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6849060/
https://doi.org/10.1201/9780429246593
https://doi.org/10.1201/9780429246593
https://doi.org/10.1201/9780429246593


DOI: 10.1016/j.patter.2020.100008. URL: https://doi.org/10.101
6/j.patter.2020.100008.

[69] Sebastiaan Paul Blank et al. “Sodium bicarbonate administration for metabolic acidosis
in the intensive care unit: a target trial emulation”. In: Intensive Care Medicine 51 (2025),
pp. 1078–1086. DOI: 10.1007/s00134-025-07979-x. URL: https://doi.o
rg/10.1007/s00134-025-07979-x.

[70] Yu-Han Chiu et al. “Evaluating Model Specification When Using the Parametric G-
Formula in the Presence of Censoring”. In: American Journal of Epidemiology 192
(2023), pp. 1887–1895. DOI: 10.1093/aje/kwad143. URL: https://doi.o
rg/10.1093/aje/kwad143.

[71] Q Qiao et al. “Prediction of Outcome in Critically Ill Elderly Patients using APACHE II
and SOFA Scores”. In: Journal of International Medical Research 40 (2012), pp. 1114–
1121. DOI: 10.1177/147323001204000331. URL: https://doi.org/10.1
177/147323001204000331.

[72] S. Zhong, H. Yang, and Z. Zhao. “Mortality rate analysis of patients on invasive mechan-
ical ventilation in the intensive care unit on day 28”. In: Biomedical Reports 21.4 (Aug.
2024), p. 140. DOI: 10.3892/br.2024.1828.

[73] Fotios Tatsis et al. “Cost-Effectiveness in Critical Care: A Systematic Review of Empiri-
cal Evaluations”. In: Healthcare 13 (2025), p. 2783. DOI: 10.3390/healthcare13
212783. URL: https://doi.org/10.3390/healthcare13212783.

[74] Venkata Gosula and Seetharaman Hariharan. “Costs of Providing Intensive Care for
Adult Non-survivors in a Caribbean Teaching Hospital”. In: Cureus (2020). DOI: 10.7
759/cureus.12141. URL: https://doi.org/10.7759/cureus.12141.

86

https://doi.org/10.1016/j.patter.2020.100008
https://doi.org/10.1016/j.patter.2020.100008
https://doi.org/10.1016/j.patter.2020.100008
https://doi.org/10.1007/s00134-025-07979-x
https://doi.org/10.1007/s00134-025-07979-x
https://doi.org/10.1007/s00134-025-07979-x
https://doi.org/10.1093/aje/kwad143
https://doi.org/10.1093/aje/kwad143
https://doi.org/10.1093/aje/kwad143
https://doi.org/10.1177/147323001204000331
https://doi.org/10.1177/147323001204000331
https://doi.org/10.1177/147323001204000331
https://doi.org/10.3892/br.2024.1828
https://doi.org/10.3390/healthcare13212783
https://doi.org/10.3390/healthcare13212783
https://doi.org/10.3390/healthcare13212783
https://doi.org/10.7759/cureus.12141
https://doi.org/10.7759/cureus.12141
https://doi.org/10.7759/cureus.12141

