
 
 

 

 

 

This thesis has been submitted in fulfilment of the requirements for a 

postgraduate degree (e. g. PhD, MPhil, DClinPsychol) at the University of 

Edinburgh. Please note the following terms and conditions of use: 

• This work is protected by copyright and other intellectual property rights, 

which are retained by the thesis author, unless otherwise stated. 

• A copy can be downloaded for personal non-commercial research or 

study, without prior permission or charge. 

• This thesis cannot be reproduced or quoted extensively from without 

first obtaining permission in writing from the author. 

• The content must not be changed in any way or sold commercially in 

any format or medium without the formal permission of the author. 

• When referring to this work, full bibliographic details including the 

author, title, awarding institution and date of the thesis must be given.



Modelling and Predicting Medical Outcomes

for Intensive Care Patients via Network

Mechanisms and Machine Learning

Jorge Alejandro Gaete Villegas

Doctor of Philosophy

Artificial Intelligence Applications Institute

School of Informatics

University of Edinburgh

2024





Abstract
The intensive care unit (ICU) provides critical life support to a diverse group of patients

with varying care needs, medical background, and demographics. This heterogeneity

significantly increases the complexity of care, impacting the assessment of patients,

the efficacy of treatments, and ultimately, the medical outcomes of these patients. To

support medical decisions, ICU patients are constantly monitored, making available a

wealth of patient information.

Recent work has extensively explored the application of machine learning to lever-

age this data to support decision-making in the ICU. However, challenges related to the

quality of ICU data, patient heterogeneity, and the integration of medical and computer

science knowledge create a gap between machine learning research and its practical

implementation in critical care.

In this thesis, we introduce an innovative approach that combines a network repre-

sentation of clinical data with non-parametric community detection in networks. With

this method, we aim to complement and enhance existing models, addressing the afore-

mentioned challenges related to ICU care.

We apply our approach to two tasks in the ICU: the identification of multimorbidity

profiles for patients and in-hospital mortality prediction. Through these two studies

we concretely present the challenges to the application of machine learning, show

the limitations of existing approaches, and present the methodological benefits of our

approach.

Our results highlight several advantages of our approach over existing methods.

Firstly, the network representation of patients along with community detection, reveals

statistically robust network structures that mitigate the impact of missing data. Sec-

ondly, our approach captures elements of heterogeneity, such as ethnicity and age, and

automatically incorporates them into our clustering and prediction models. Third, the

hierarchical structure of our approach offers flexibility to accommodate and adapt to

varying levels of available data. Fourth, the non-parametric nature of our approach

eliminates the need for complex parameter selection. Finally, the network representa-

tion of data offers a visual and more intuitive delivery of our models.

In this way, our work represents a step forward in the use of networks and machine

learning methods to enhance decision-making support in the ICU in consideration of

its complexity. Future directions outlined in this thesis involve enriching clinical data

representation, exploring network reconstruction for mortality prediction, and incor-

porating medical knowledge to augment model interpretability.
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Lay Summary

In the intensive care unit (ICU), where patients receive critical life support, provid-

ing effective care is challenging due to the diverse needs, medical backgrounds, and

demographics of patients. To aid in decision-making, patient data is continuously mon-

itored, offering a wealth of information. While machine learning has been explored to

assist in ICU decision-making, challenges like data quality and patient diversity hinder

practical implementation.

This thesis introduces a novel approach that combines network representation of

clinical data with community detection to enhance existing models and address ICU

care challenges. The method is applied to two ICU tasks: identifying patient mul-

timorbidity profiles and predicting in-hospital mortality. Through these studies, the

limitations of existing methods are highlighted, and the benefits of the proposed ap-

proach are demonstrated.

The results showcase several advantages: the robust network representation miti-

gates the impact of missing, captures heterogeneity factors like ethnicity and age on

mortality, offers flexibility to adapt to varying availability of data, eliminates complex

parameter selection, and provides a visually intuitive model delivery.

This work represents progress in leveraging networks and machine learning to sup-

port decision-making in the complex ICU environment. Future research directions

include refining data representation, exploring network reconstruction for mortality

prediction, and enhancing model interpretability with medical knowledge.
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Chapter 1

Introduction

The intensive care unit (ICU) provides life-critical support to a wide spectrum of pa-

tients, ranging from accident victims to individuals with chronic conditions, who span

various age groups and can have multiple pre-existing conditions. This heterogeneity

significantly increases the complexity of care, impacting the assessment of patients, the

efficacy of treatments, and ultimately, the medical outcomes of patients (Forte et al.,

2019).

To support decision-making in the ICU, patient conditions are continuously mon-

itored. A wealth of data is generated as a result, offering opportunities to improve

patient care. This abundance of data has driven research into applying machine learn-

ing to enhance specialized and timely attention in the ICU (Johnson et al., 2016b).

However, the quality of ICU data, heterogeneity of patients, and integration of med-

ical and computer science knowledge create challenges for the effective use of machine

learning in the ICU. Our work addresses these challenges by leveraging network-based

data representation and models and focuses on the following research questions:

• RQ1: How can we improve the robustness of machine learning models over

missing and sparse ICU data?

• RQ2: How can we enhance machine learning models to incorporate the hetero-

geneity of ICU patients?

• RQ3: How can we leverage available ICU data to simplify the training and

validation of machine learning models?

In this chapter, we review the various challenges in more detail, their impact on the

use of machine learning in the ICU, and their relevance to our research questions. We

then present our approach and its benefits, followed by an outline of the rest of the thesis.
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2 Chapter 1. Introduction

1.1 Challenges in applying machine learning in the ICU

Current literature extensively explores the use of machine learning for medical decision

support in the ICU. Particularly, prediction and clustering methods have shown success

in use cases such as patient risk assessment and multimorbidity profiling. However, the

characteristics of ICU data, the diversity of patients, and the complexities of bridging

machine learning models and medical requirements pose challenges for the use of

machine learning. This section explores these challenges and their implications for the

reliability and effective use of machine learning in the ICU.

1.1.1 Missing, sparse and erroneous data in the ICU.

Data captured in the ICU has the main goal of enhancing patient care rather than retro-

spective analysis (Johnson et al., 2016b). This poses a challenge as data might not be

suitable or ideal for the application of machine learning algorithms (Ghassemi et al.,

2020). Dealing with this issues is fundamental as it can significantly impact the quality

and validity of machine learning models, analyses and findings.

A first source of concern is erroneous data, which refers to values that inaccurately

reflect true measurements due to errors in measurement, recording, or processing .

This is usual in the ICU, as readings can be affected by interventions. For example,

elevated potassium levels may result of medical interventions rather than linked to the

patient’s actual health state (Johnson et al., 2016b).

Missing data is a significant concern often overlooked in ICU literature (Vesin

et al., 2013). It occurs when intended data points are absent from datasets (Johnson

et al., 2016b). This issue is typically categorized into three types: missing completely

at random, where data absence is unrelated to other variables; missing at random,

where data absence relates to observed variables; and missing not at random, where

data is systematically missing. All types have the potential to diminish model perfor-

mance (Sterne et al., 2009). In Chapter 5, we address this by presenting a mortality

prediction model capable of handling missing data without requiring imputation.

The sparsity of data poses another significant challenge in the ICU, particularly

for clustering methods. Sparse data refers to datasets with many zero or null entries,

indicating infrequent occurrences of certain measurements or interactions within the

dataset. Clinical data shows high dimensionality due to the wide range of possible

conditions, but often sparse within individual patients due to the limited number of co-

occurring conditions (Barnett et al., 2012b). As we discuss in Section 2.2, traditional
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clustering algorithms struggle to effectively handle sparse data, potentially hindering

the unveiling of clinically relevant patient subgroups.

Related work tackles data issues employing various strategies, mostly stemming

from statistical tools in consideration of the specific case of missing data. For data

missing at random, researchers rely on other features to draw relationships between

the missing values and the available data. For example, patient clustering has been

proposed to impute missing data based on the average value observed in other patients

clustered together (Venugopalan et al., 2019). In cases where the data is missing not

at random, and the missing data depends on other missing values, related work makes

use of mixture models to uncover latent, non-observable, variables to rely on and con-

duct imputation (Michiels et al., 2002). While useful, these approaches bring an extra

burden to the application of machine learning in the ICU.

To tackle these challenges, our work on RQ1 seeks to develop machine learning

methods capable of directly handling erroneous, missing, and sparse ICU data. By do-

ing so, we aim to enhance the performance and reliability of machine learning models,

contributing to improved decision-making in critical care.

1.1.2 Handling patient heterogeneity in the ICU

The ICU population is highly diverse due to their wide array of medical conditions,

demographics, ongoing treatments, and admission causes. This heterogeneity can lead

to varying medical outcomes, such as mortality, between seemingly similar patients

receiving identical treatments (Forte et al., 2019). To tackle the heterogeneity, the

identification of homogeneous groups of patients comes as a natural strategy. Re-

cent literature has leveraged machine learning to identify clinically relevant groups

of patients with acute respiratory distress syndrome (Reddy et al., 2020) and similar

long-term disease profiles in the ICU (Zador et al., 2019).

However, the presence of heterogeneity poses challenges to the use of machine

learning. It limits the available data for training machine learning models as sam-

ples are subdivided into more specific cohorts (Maslove et al., 2017). Furthermore,

the heterogeneity of patients can conceal differences in outcome prevalence and data

imbalance among patient cohorts in the whole population.

Related work addressing the need to account for heterogeneity often splits data into

patient cohorts using clinical knowledge before analysis. Closely related to our work

in the chapter 5, we can find how previous work aims to calibrate mortality predic-
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tive models to specific populations. One example is the creation of a mortality index

(SAPS, discussed in Section 2.1.4) where different indices were developed for popu-

lations of different ethnicities (e.g. Australasia, Central and South America, Eastern

Europe). Another example can be found in the use of networks to describe the co-

occurrence of clinical conditions for sex-specific cohorts (Kalgotra et al., 2017). While

considering the heterogeneity of patients, this approach limits the data-driven discov-

ery of new elements of homogeneity and effectively reduces the amount of available

data for training models by splitting them into smaller samples.

To address the challenges related to patient heterogeneity, our work on RQ2 aims

to develop models capable of identifying and incorporating relevant dimensions of

homogeneity amongst patients. By doing so, we seek to maximize the use of existing

data while accounting for the diversity within the ICU population.

1.1.3 Integrating medical and machine learning knowledge

The use of machine learning to leverage large data collections to gain new insights into

patients’ conditions has been widely explored in literature. Clustering techniques such

as K-meas and LCA (see Section 2.2) have been used to identify groups of patients

with similar mental (Trevithick et al., 2015) or co-occurring conditions Zador et al.

(2019). Other predictive models such as xg-boost have been used to model mortality

for ICU patients (El-Manzalawy et al., 2021).

In these cases, machine learning is used to account for complex relationships be-

tween clinical variables and integrate medical knowledge to effectively support medi-

cal experts (Johnson et al., 2016b). However, these models do not always align directly

with the characteristics of the ICU context. Therefore the use of machine learning re-

quires specialized knowledge, which can be challenging in the clinical environment

where access to machine learning expertise is limited (Callahan and Shah, 2017).

One of the challenges of applying machine learning in the ICU is aligning med-

ical data with the statistical assumptions of the models. For example, methods such

as agglomerative clustering (see Section 2.2) typically assume normal distributions of

features, finding clusters with spherical shapes where data points are roughly equidis-

tant from a central point. This is limiting because clinical data can form clusters with

irregular shapes due to complex relationships between clinical features. These assump-

tions need to be considered to accurately reflect clinical reality Busija et al. (2019).

Another challenge involves hyperparameterization in various machine-learning ap-
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Table 1.1: Illustration of our approach in the context of this thesis. We include a mapping

to the main chapters treating each element.

proaches. Widely used methods such as K-means clustering models require previous

knowledge of the number of patient clusters present in the population. While heuristics

exist to assist parameter selection, there is no consensus as to how to do model selec-

tion in a principled way (Raykov et al., 2016). Additionally, imposing the number of

clusters can restrict the method’s ability to discover novel and unexpected insights.

Our work on RQ3 aims to tackle the challenges stemming from the technicalities

involved in the application of machine learning within the ICU. By leveraging non-

parametric statistical models we expect to lift some of the complexities involved in the

training and validation of machine learning. By doing so, our goal is to facilitate the

practical use of machine learning models in the ICU context.

1.2 Our approach

In our work, we combine network science and non-parametric techniques to explore

answers to our research questions and address ICU-specific challenges. Our approach

is composed at its core of three pillars: Network-based representation of patient data,

network science to unveil robust structures within this network and a non-parametric

Bayesian approach for a data-driven definition of our models. In this section, we briefly

introduce each of these elements.

1.2.1 Network-based modelling

The use of tabular data to represent patients and their clinical features is common for

current clustering and prediction models used in the ICU (see Sections 2.2 and 2.4).
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While this representation aligns with the structure and format of medical records, it can

struggle to naturally describe the complexities of the relationships between patients and

their features (Doreian et al., 2019). In contrast, the use of network representations of

medical data offers the advantage of directly encoding complex dependency relation-

ships between features e.g. it can encode the impact of cellular components on other

cells across organs (Barabási et al., 2011). We believe that this benefit can extend to

the ICU, where the heterogeneity of patients leads to intricate relationships between

patients. Additionally, the graphical nature of networks provides a more intuitive rep-

resentation for understanding the data (Vellido, 2020a).

1.2.2 Use of network science

Network science aims to discover structures, patterns and behaviours within complex

networks with a focus on the relationships between its components (Newman, 2018).

A first benefit of network science models is their resilience to missing data, since the

absence of links between some nodes does not necessarily disrupt the overall connec-

tivity patterns observed in the network (Barabási, 2013). The focus on relationships

allows network science models for community detection to detect cluster structures

even when data is sparse and when communities are relatively small compared to the

overall population (Peixoto, 2017). Furthermore, these models offer a natural visual

representation in networks. As discussed in Chapters 4 and 5, this allows for graphi-

cal visualisation of the inferred models, enhancing their intuitive presentation (Vellido,

2020a)

1.2.3 Use of non-parametric methods.

A common element across machine learning methods is the need for complex model

training and selection steps. This is expressed in various ways, for instance, the need to

determine the expected number of groups in clustering algorithms (see Sections 2.2) or

the optimal number of trees in a predictive ensemble method (see Section 2.4). From a

computer science standpoint, these decisions are not straightforward and involve sig-

nificant technical work. However, driving these decisions from a purely medical per-

spective can limit the potential contributions of data-driven insights to medical knowl-

edge. The use of non-parametric methods to analyse network structures, discussed

in Section 2.3.3, allows us to automate the selection of models with a data-driven

and statistically principled approach. Recent literature has emphasized the advantages
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of non-parametric Bayesian approaches in addressing the intricacies of modelling in

healthcare contexts (Johnson et al., 2016b).

1.3 Opportunities for machine learning in the ICU

Existing literature discusses many promising opportunities for the effective use of ma-

chine learning, such as the diagnosis and treatment of patients (Ghassemi et al., 2020),

the integration of multiple medical data sources (Johnson et al., 2016b), and the ad-

vancements in personalized medicine (Hu et al., 2016). However, the challenges of the

ICU discussed in Section 1.1, limit the use of machine learning within that setting.

In this section, we introduce two relevant tasks in the ICU, which will serve as con-

crete examples to highlight the limitations of current approaches and to demonstrate

the effectiveness of our approaches in answering our research questions. These tasks

will be covered in more detail in Chapters 4 and 5.

Table 1.2: ICU Challenges to the application of machine learning and their implications

on relevant ICU tasks.

1.3.1 Multimorbidity profiling in the ICU

With an ageing global population, the ICU faces an increasing number of patients

with one or more co-occurring long-term health conditions, known as multimorbidity

(Barnett et al., 2012a). This growing phenomenon means additional risk factors for

patients and challenges to care providers due to increased diversity in the ICU-admitted

population. Consequently, the identification of patient groups with similar conditions,

known as multimorbidity profiles, has become increasingly important (Busija et al.,
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2019). Detecting these multimorbidity profiles is crucial for tailoring the treatment of

patients and increasing the effectiveness of care, optimizing resource allocation, and

improving risk assessment (Prados-Torres et al., 2014).

However, applying machine learning to this task comes with various challenges.

Firstly, is the intrinsic sparsity of morbidity data. While the number of possible mor-

bidities can reach up to 30 (Elixhauser et al., 1998), depending on the definitions used,

each patient typically presents only a limited number (Barnett et al., 2012a). This

sparsity poses challenges for current clustering methods in finding meaningful and/or

unbiased clusters. Secondly, although medical literature indicates that both the types

and number of conditions influence a patient’s condition, existing work often fails

to consider these factors simultaneously. While more morbidities generally increase

mortality risk (Busija et al., 2019), some work finds single morbidities more impactful

than multiple combined ones. For example, the Elixhauser Index shows that a solid

tumor alone has a greater impact on mortality risk than the combined presence of al-

cohol abuse and liver disease (Elixhauser et al., 1998). Lastly, model training process

involves complexities, particularly in determining parameters such as the optimal num-

ber of profiles. As discussed in Section 2.2, current methods rely on heuristics which

may not consistently yield meaningful or replicable results (Raykov et al., 2016).

In Chapter 4 we explore multimorbidity profiles in a study cohort extracted from

the MIMIC-III dataset, itself presented in Chapter 3. We identify these profiles via

common methods in literature and contrast them to the results obtained using our

approach. By doing this we explore how our community detection approach yields

clustering results that successfully tackle the challenges presented above.

1.3.2 Mortality prediction in the ICU

Predicting mortality in the ICU is another critical task where machine learning presents

great potential (Johnson et al., 2016b; Ghassemi et al., 2020). Accurate mortality pre-

diction enables early intervention and also plays a pivotal role in resource allocation,

optimizing patient care, and enhancing risk assessment (Vincent and Moreno, 2010).

However, applying machine learning to this task presents its own challenges. Firstly,

imbalances in medical outcomes, such as mortality, can result in biased prediction

models. Secondly, the diversity among ICU patients poses a challenge to create machine-

learning models able to account for all cohorts of patients. For example, underrep-

resented cohorts have a smaller sample size in the population, affecting the training
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of predictive models on these groups. Additionally, the interpretability of machine

learning models is crucial in clinical decision-making, and striking the right balance

between model complexity and interpretability is a challenge.

In Chapter 5, we look into mortality prediction in the context of the ICU, leveraging

validated medical knowledge, community detection techniques and machine learning

to develop a hierarchical mortality prediction models. By doing so, we address the

challenges posed by ICU data using an adaptable approach to predicting mortality for

ICU patients.

1.4 Thesis outline

In the next chapters, we extensively examine the application of our approach in the

ICU context and its effectiveness in answering our research questions. In Chapter 2,

we introduce various healthcare concepts that are both recurrent in our work and fun-

damental to understanding the context of the dataset and results. In the same chapter,

we introduce relevant clustering algorithms in the healthcare domain and contrast them

to the use of community detection in networks. In particular, we examine the hierar-

chical stochastic block modelling, as an alternative to traditional clustering. Chapter

3 introduces the MIMIC-III dataset, the database used throughout this research, and

presents the process followed to extract our study cohorts.

In Chapters 4 and 5 we detail our approach to addressing multimorbidity profiling

and mortality risk prediction, respectively. In Chapter 4, we present a novel applica-

tion of community detection for multimorbidity profiling in the ICU. This approach

offers significant advantages such as the simplification of the model construction via

the automatic selections of the model parameters, the incorporation of a complex mix

of dense and sparse features in multimorbidity profiles, and a layered profile structure

that provides a more detailed description of multimorbidity groups. In Chapter 5, we

build on the advantages of hSBM to transform SAPS-II features, a mortality risk score,

into a simplified input space which we leverage to build a hierarchical mortality pre-

diction model. This system presents advantages such as the lack of patient information

imputation, adaptability to varying availability of data, and a more stable behaviour

across a different cohort of patients. In Chapter 6, we summarize our contributions,

examine some limitations and post future research avenues.





Chapter 2

Background

The Intensive Care Unit is a challenging environment combining a situation with

critically-ill patients requiring immediate life-saving care with the need to allocate

limited human and technical resources. In this environment, patients are continuously

monitored, generating a wealth of data, which constitutes a valuable source of infor-

mation that can assist medical staff in assessing the condition of patients, deciding on

resource allocation, supporting research efforts and evaluating the ICU performance.

Machine learning has emerged as an important tool to enhance the ability of health-

care professionals to provide care. Different classification and prediction methods have

been proposed to support different tasks in the ICU such as patient stratification and

prognosis. However, a disparity exists between machine learning models developed

for ICU predictions and the available ICU data, which primarily serves the purposes

of patient treatment and administrative management rather than machine learning re-

search.

In our work, we aim to bridge this gap by making use of various elements from the

machine learning and healthcare domains. In this chapter, we introduce these concepts,

which we later apply in the construction of models that integrate healthcare knowledge

while addressing the challenges of the ICU setting. We start by presenting healthcare

concepts relevant to our work and their derivation in current healthcare datasets. Then

we introduce some of the machine learning algorithms commonly used in healthcare

research. We follow this with the introduction of community detection in networks

as complimentary to the traditional machine learning approaches. Finally, we discuss

widely used metrics used for model evaluation in the healthcare domain.

11
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2.1 Healthcare concepts relevant to our research

In this section, we introduce concepts from the healthcare domain that are relevant to

our work. We start by presenting the International Classification of Diseases, a widely

used convention to describe patients conditions. Based on this classification we in-

troduce the Charlson and Elixhauser classification of patient´s long-term conditions,

known as comorbidities. Finally, we introduce Severity of Illness Scores, which are

numeric systems designed to asses a patient’s condition based on specific clinical vari-

ables such as temperature or heat rate.

2.1.1 International Classification of Diseases.

A first challenge in patient monitoring is agreeing on medical terminology, includ-

ing diagnoses and treatments. The International Classification of Diseases (ICD) is

a standardized coding system aimed at tackling this issue. It is used to classify and

describe medical conditions, diseases, injuries and other health-related issues such as

interventions and medication (NCHS, 1980).

We focus on the ICD-9 version in our research, despite the latest version being

ICD-10. This is because the Medical Information Mart for Intensive Care III dataset

(MIMIC-III), fundamental for our work and presented in Chapter 3), employs this

version. The ICD-9 utilizes up to 6 digits to describe a patient diagnosis (e.g. ICD 140:

Malignant neoplasm of the lip) including details of a wide variety of signs, symptoms,

abnormal findings, complaints, social circumstances, and external causes of injury or

disease (e.g. ICD 140.6: Malignant neoplasm of the commissure of the lip).

It is worth noticing that while advantageous for medical research (Cui et al., 2018;

Zador et al., 2019), the ICD is designed for administrative purposes mainly. Nonethe-

less, it remains a valuable and widely utilized tool for algorithmically computing vari-

ous healthcare-related concepts (Johnson et al., 2018), such as sepsis and comorbidities

presented in the next section.

2.1.2 Charlson and Elixhauser Comorbidities indices

Patients admitted to hospitals can suffer chronic conditions prior to their presentation

(Johnson et al., 2018). Such conditions, known as comorbidities, are disorders unre-

lated to the primary reason for hospitalization that can have a significant impact on

the precision of patient assessment, the efficacy of treatment, and medical outcomes



2.1. Healthcare concepts relevant to our research 13

Table 2.1: Elixhauser comorbidity index and score. All comorbidities are listed along

with their score indicating their impact on a patient’s mortality probability.

(Charlson et al., 1987; Elixhauser et al., 1998). Multimorbidity, or the presence of

multiple comorbidities (Barnett et al., 2012b), is a significant factor contributing not

only to a higher likelihood of adverse medical outcomes but to an increased resource

utilization (Forte et al., 2019; Reddy et al., 2020; Busija et al., 2019).

These indices, relying mostly on medical consensus, group patient diagnoses (as

ICD-9 codes) into clinically relevant groups, known as comorbidity indices. Since

these indices are defined using the ICD coding system, they can be calculated with

administrative data and creating a standard that facilitates their study across different

electronic health record. The Elixhauser index lists 31 comorbidities, while the Charl-

son index comprises 18. Beyond offering a detailed account of comorbidities, both

indices provide a systematic approach to calculate a patient’s mortality risk. This in-

volves summing up the scores corresponding to the contribution of each comorbidity

to provide an overall risk mortality scores. Tables 2.1 and 2.2 present the Elixhauser

and Charlson scores respectively.

We take advantage of these indices due to their widespread use and relevance in

healthcare research (Austin et al., 2015; Johnson et al., 2018; Charlson et al., 2022).

We will employ them to identify multimorbidity profiles using traditional machine

learning methods as described in Section 4.2.2 and community detection as covered in

Section 4.2.4. Additionally, we provide a detailed description of these indices in our

study cohort in Chapter 3.
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Table 2.2: Charlson comorbidity index and score. All comorbidities are listed along with

their score indicating their impact on a patient’s mortality probability.

2.1.3 Sepsis and its computation from medical records

Sepsis is defined as a life-threatening organ dysfunction caused by a dysregulated host

response to infection (Johnson et al., 2018). This is a major and costly condition, linked

to an increase in the mortality rate of patients in hospital (Angus et al., 2001). The

study of sepsis is an important area of research, as predicting its onset and evaluating

the effects of treatments can be of benefit to a patient’s survival (Reddy et al., 2020;

Seymour et al., 2019).

Of particular interest is the impact of sepsis on mortality, leading to the construction

of tools to detect its onset on patients (Vincent et al., 1996b; Davies and Hagen, 1997)

and to assess its impact on patients with multiple long-term conditions (Zador et al.,

2019; Popoola et al., 2021). This makes sepsis a relevant element to our study of

mortality in Chapter 4.

Unfortunately, the onset of sepsis is not typically documented in clinical records

as it is difficult to capture (Johnson et al., 2018; Angus et al., 2001). One approach to

this is to compute it retrospectively using the medical records of patients at discharge.

A common algorithm to identify sepsis using ICD-9 coded information follows 3 cri-

teria (Angus et al., 2001): explicit coding, the concurrent presence of infection (bacte-

rial/fungal) and organ dysfunction, or if the patient shows infection (bacterial/fungal)

and is under mechanical ventilation. This criterion has been validated (Iwashyna et al.,

2014) and algorithmically implemented in the MIMIC-III database (Johnson et al.,

2016d).
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The Angus definition of sepsis represents a reasonable attempt to reconstruct the

onset of sepsis from administrative data (Iwashyna et al., 2014). However, it has limi-

tations. Coding accuracy and inconsistent practices may lead to incorrect assessments

of sepsis onset (Johnson et al., 2016a). A significant limitation is the lack of physio-

logical variables and the broad sepsis definition in the Angus criteria, which can lead

to misclassification. For instance, organ dysfunction might not be related to infection,

thus missing the sepsis onset (Cohen et al., 2015). Overall, methods using adminis-

trative data to reconstruct sepsis are effective for identifying healthy patients but have

moderate sensitivity (Cohen et al., 2015).

2.1.4 Severity of illness scores

Severity of illness scores are systems designed to quantify the severity of a patient’s

condition. They are actively used in the prediction of medical outcomes, especially

in intensive care (Vincent et al., 1996a; Johnson et al., 2013a). These scores map a

series of clinical variables into a single numerical value to reflect the overall condition

of a patient (El-Manzalawy et al., 2021). Besides assisting physicians, they are used

for risk stratification in medical research, such as patient groups comparison in clinical

trials (Johnson et al., 2018).

Their simplicity and transparency make these scores widely used in ICU settings

(Zador et al., 2019; Johnson et al., 2013b). We thus use these as benchmarks for

our work on mortality prediction in Chapter 5. In the current chapter, we focus on

five widely used scores both in research and clinical settings: SOFA, SIRS, APS-III,

OASIS and SAPS-II (El-Manzalawy et al., 2021; Strand et al., 2009; Kong et al., 2020;

Moreno and Apolone, 1997).

The development of these scoring systems involves a series of steps. Firstly, a

number of clinical variables are selected to use as predictors for the patient’s condi-

tion. Researchers combine medical expertise, statistical analysis and machine learning

to achieve an optimal selection of these variables. In cases such as SOFA (Vincent

et al., 1996b), SAPS-II (Le Gall et al., 1993) and APS-III (Zimmerman et al., 2006)

this process is mostly driven by medical consensus, while in others, such as for OASIS

(Johnson et al., 2013a), it is assisted by machine learning in the form of a genetic algo-

rithm that is used to select features from a pool of candidates. An essential character-

istic of this stage is the reliance on medical knowledge to define clinically meaningful

variables.
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Figure 2.1: Computing the OASIS score and mortality risk. The patient’s clinical vari-

ables are discretized and assigned a subscore according to the OASIS scoring system.

These subscores are summed up to provide a severity score, of 23 in this example, and

a mortality probability based on this score, of 0.037 in this example.

In the second phase, the clinical variables are further categorized into specific

ranges, and corresponding weights are assigned to these ranges. The approach to

achieving this can vary widely between scoring systems. In some cases, this process

is purely based on medical knowledge, like for SOFA. In contrast, approaches such

as SAPS-II or APS-III employ statistical analysis, using multiple logistic regressions

and testing various models with different ranges to determine optimal weights. Al-

ternatively, particle swarm optimization is used in OASIS to test randomly assigned

weights to optimize the discriminatory power of the resulting model. Finally, models

such as SAPS-II, APS-III and OASIS provide a transformation function from severity

score to mortality probability.

Figure 2.1, we use OASIS to illustrate the usage of severity of illness scores, a

system that we will revisit in Chapter 5. In this figure, we show how a patient’s clinical

variables are mapped to their corresponding range and assign a subscore as defined

in OASIS (Johnson et al., 2013a). The OASIS score is calculated by adding all the

patient’s subscores, giving a score of 23 in the example provided in Figure 2.1. This

OASIS score can be further processed to obtain an in-hospital mortality probability,

which is 0.037 in our example. Among the scores considered in our work, only OASIS,

SAPS-II and APS-III provide a function to transform scores into mortality probability.

Below we introduce the severity scores that are further mentioned in Chapter 5. A

summary of their clinical variable is presented in Table 2.3.

OASIS (Oxford Acute Severity of Illness Score) (Johnson et al., 2013a): Pre-
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sented in Figure 2.1, is used to assess the severity of illness in patients over 18 years

old. It incorporates, within the first 24 hours of admission, patients information on

heart rate, mean arterial pressure, temperature, respiratory rate, urine output, pre-ICU

admission length of stay, neurological state (using the Glasgow Coma Score), and age,

plus the use of mechanical ventilator and admission type (elective/emergency). A mor-

tality probability as a function of the patient’s OASIS score is provided. The OASIS

scoring system presented in Figure 2.1.

SOFA (Sequential Organ Failure Assessment) (Vincent et al., 1996b): Used

to assess the severity of organ dysfunction in critically ill patients. It evaluates the

functioning of six organ systems: respiratory, coagulation, liver, renal, cardiovascular

and central nervous. Each system is scored on a scale from 0 to 4 based on the degree

of dysfunction using the information collected within the first 24 hours of admission.

We present the SOFA scoring system in Table A.1 in Appendix A.1.

SIRS (Systemic Inflammatory Response Syndrome) (Davies and Hagen, 1997):
Used to identify systemic inflammation in response to various conditions, such as in-

fection, trauma, or other inflammatory processes. It evaluates four criteria within the

first 24 hours of admission: abnormal body temperature (either fever or hypothermia),

abnormal heart rate, abnormal respiratory rate, and abnormal white blood cell count.

The SIRS scoring system is presented in Table A.2 in Appendix A.1

SAPS-II (Simplified Acute Physiology Score II) (Le Gall et al., 1993): SAPS-II

is used to predict the mortality risk of critically ill patients within the first 24 hours

of their admission to an intensive care unit (ICU). It considers various physiological

and clinical parameters, such as age, chronic health conditions, and laboratory values,

to provide a mortality risk estimate. SAPS-II is valuable for guiding treatment deci-

sions and assessing ICU performance. The transformation from SAPS-II to a mortality

probability is provided as part of the scoring system. The SAPS-II clinical variables

and subscores is presented in Table 5.1 in Chapter 5.

APS-III (Acute Physiology Score III) (Zimmerman et al., 2006): This scoring

system is part of the APACHE-II system, and it is used to assess the severity of illness

in critically ill patients. It evaluates twelve physiological parameters, such as heart rate,

blood pressure, temperature, and laboratory values, to provide a numerical score that

reflects the patient’s overall condition. A mortality probability function is provided.

the APS-III system is presented Table A.3 in Appendix A.1
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Table 2.3: Clinical variables assessed in the SAPS-II, SOFA, SIRS, APS-III, and OASIS

severity scores, along with the percentage of missing data for each variable. Variables

are grouped according to the assessment goal and marked with a check under the

respective severity score if they are included in that score’s assessment criteria.
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2.2 Clustering methods.

Identifying homogeneous groups of patients is critical for dealing with the diversity of

ICU patients. Clustering is the unsupervised process of discovering groups of similar

objects (Jain et al., 1999), such that objects within each cluster share more similarities

with each other than with objects in other clusters (Huang, 1997). By modelling pa-

tients as objects with clinical characteristics, clustering becomes a natural approach to

leveraging the abundance of available clinical data to handle patient heterogeneity.

In this section, we briefly describe algorithms widely used in the context of mul-

timorbidity profiling, a topic explored in Chapter 4. Additionally, we discuss model

selection, a challenging aspect of the use of these methods. We aim to provide an un-

derstanding of these models and shed light on their limitations within the context of

the ICU challenges presented in Chapter 1.

2.2.1 Partition-based clustering

We begin our review with partition-based algorithms using observed features to group

similar data. These methods define “similarity” as the “distance” between observations

in the feature space (Murphy, 2012). The goal is to find a partition that minimizes a

clustering error, defined in terms of the distance between observations within clusters

(Jain et al., 1999). As partition clustering is an NP-hard optimization problem (Ezugwu

et al., 2022), multiple approaches exist to approximate a solution. To illustrate these

algorithms, we focus on centroid-based partition algorithms due to their frequent use

in the healthcare domain.

Consider a general scenario with N objects X = X1, . . . ,Xn, with Xi as a vector of

features like a patient’s age or gender. Cluster-based algorithms aim to partition these

N objects into K clusters, where K is fixed based on domain knowledge or statistical

criteria. This is achieved by finding the assignment of Xi to clusters that minimize

the overall distance between each point to the centre of its cluster, known as centroid

(Huang, 1998).

E =
K

∑
k=1

N

∑
i=1

yi,kd(Xi,µk) (2.1)

Equation 2.1 shows a generalized form of this minimization problem, with d() a

distance function, µk the centroid of cluster k, and yi,k representing the cluster member-

ship (1 if object Xi is in cluster k, 0 otherwise). This equation is minimized iteratively:
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first, fixing µk and choosing yi,k to minimize E, and then fixing yi,k and recalculating µk.

This process continues until a predefined threshold for E is met (Huang, 1997, 1998).

K-means is one of the most popular centroid-based algorithms. Here, d() is defined as

∥Xi − µk∥2, the squared distance between each observation and its assigned cluster k

(Jain et al., 1999). However, this method applies to numerical data, where “distance”

is meaningful. K-modes (Huang, 1997), a modification of k-means, provides a solu-

tion for categorical data, also common in healthcare. In this case, d() represents the

number of matching variables between observations, and µk corresponds to the mode

for each variable over the observations in each cluster (Huang, 1997, 1998).

These methods are popular for their simplicity and scalability but come with several

limitations. First, the number of clusters must be known in advance, which is rarely

the case (Rindskopf and Rindskopf, 1986). Second, clustering relies on the definition

of the distance d(). While this can work for compact and uniform clusters (Jain et al.,

1999), it will struggle to accommodate more complex clusters of patients with non-

uniform feature distributions (Jain et al., 1999). Thirdly, the clustering model depends

on the initialization of centroids, posing a challenge to the reproducibility of results.

Finally, they assume independently distributed variables and complete and accurate

data, with violation of this assumption leading to inaccurate and unexpected results.

2.2.2 Probabilistic partition-based methods

An alternative to distance-based methods is the use of probabilistic models to identify

clusters based on the distribution of features rather than on their observed values. One

such method is the Latent Class Analysis (LCA), on which we focus due to its signif-

icance in the healthcare domain (Forte et al., 2019; Busija et al., 2019; Hagenaars and

McCutcheon, 2002). LCA is a finite mixture model, assuming that the observations

are representations of an underlying structure of independent latent classes.

Let us extend the previous scenario to consider the distribution of the observed

variables. Suppose that each Xi contains J categorical variables, each with R j possible

values. We define Xi jr as the observed value of feature j in object i, such that Xi jr

= 1 if Xi presents the value r for feature j and 0 otherwise. LCA approximates the

joint distribution of the J variables as a weighted sum of K latent classes, where K is

a hyperparameter of the model like in the centroid models. We represent π jrk as the

probability that an object in class k exhibits the value r for feature j, therefore within

a class ∑
R j
r=1 π jrk = 1. The probability distribution of an object Xi in class k having a
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particular set of values r, assuming independence given its class membership, is given

by (Linzer and Lewis, 2011):

f (Xi|πk) = Π
J
j=1Π

R
r=1(π jrk)

Xi jr (2.2)

Finally, the membership probability function for an observation is derived by in-

corporating pk, the probability of an object being part of class k:

P(Xi|π, p) =
k

∑
k=1

pk f (Xi|πk) (2.3)

The model parameters to estimate are the probabilities pk and π jrk. To fit the final

model, a common strategy is to maximize the log-likelihood of equation 2.3 for all

observations Xi. Algorithms like the expectation-maximization are often employed for

this task. It is worth noticing that the number of independent variables to estimate

grows rapidly with J, R, and K (Linzer and Lewis, 2011).

By leveraging a probabilistic model, LCA is a more robust approach to missing and

erroneous data than centroid-based methods. However, its use still presents drawbacks.

Firstly, it lacks a principled method to determine the optimal number of clusters, simi-

lar to simple methods such as K-modes. Secondly, as the dataset grows in complexity

so does the number of parameters to estimate, bringing scalability and usability chal-

lenges. Finally, the class independence assumptions in mixture models (see equation

2.2) and LCA, in particular, might not hold in the healthcare context, and might result

in unexpected behaviours (Busija et al., 2019).

2.2.3 Hierarchical partition-based clustering

The methods previously discussed produce flat clustering models. In contrast, hierar-

chical methods create a nested hierarchy of clusters and are often used in healthcare

for their enhanced view of the data (Busija et al., 2019). Two are the main approaches

to hierarchical clustering (Murphy, 2012): Agglomerative and divisive. We focus on

the former to illustrate this approach due to its relevance in the medical domain.

The agglomerative method groups clusters based on their similarity, measured as

the distance, e.g. Euclidean, between their members. The process begins with each

data point as its own cluster and then iteratively merges the closest clusters until only

one cluster remains (Murphy, 2012). The calculation of the distance between clusters

leads to three variants of agglomerative clustering: Single link, the distance between
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two clusters is the distance between the two closest observations in each cluster; Com-
plete link, the distance between two clusters is the distance between the two furthest

observations in each cluster; and Average link, the distance between two clusters is

the average distance between all the observations in each cluster.

The process can be represented as a tree, called a dendrogram, with observations on

the horizontal axis and the metric of closeness on the vertical axis (Murphy, 2012). The

initial N clusters are at the bottom of the tree, and as they are merged they are joined in

the tree. The height of a branch represents the dissimilarity between the groups merged

at its leaves. Dendrograms are often used for model selection, as discussed in Section

2.2.4.

Amongst the benefits of this approach are the visual representation of the clustering

structure and its deterministic nature, with no dependency on the initialization of the

algorithm. However, its use comes with significant drawbacks. First, as with the previ-

ous methods, there is no principled way to determine the number of clusters. Second,

as in centroid-based methods, distance metrics may not work well with large feature

input spaces with many values being zero or missing. Third, similarly to other partition

methods (see Section 2.2.2, the quality of clusters relies heavily on the observed data

which can be of low quality. Last, the computation of distances becomes increasingly

expensive as the number of observations and features increases.

2.2.4 Model selection

The lack of a principled way to define the optimal number of clusters in the ap-

proaches discussed makes selecting the best-fitting model challenging. In this section,

we present various mechanisms used in the process of model selection, to choose one

partition when there are multiple candidates.

In agglomerative clustering, model selection is typically done by maximizing the

dissimilarities between clusters. A common heuristic is to use a dendrogram (see Sec-

tion 2.2.3) and make a cut at the point where a visible gap in the height of the branches

is observed. This gap shows the maximum dissimilarity between clusters. Unfortu-

nately, this gap is not always visible or clear (Murphy, 2012). We come back to this

problem at the end of this section.

In the case of partition clustering, a common approach is to generate candidate

models for a predefined set of clusters (e.g. 5, 6, and 7 clusters) and then compare them

using a quality criterion. The optimal number of clusters is determined by choosing
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the model that minimizes the criterion. For partition methods, such k-modes (Section

2.2.1), the quality is typically measured as proportional to the distance between each

element in a cluster and the cluster’s centroid, known as inertia or distortion (Huang,

1997; Rousseeuw, 1987). In Chapter 4 we use the distortion as a metric to evaluate the

quality of k-modes and agglomerative clustering models. This represents the average

distance of each observation to the centroid of the cluster it has been assigned to.

Equation 2.4 presents the distortion of a model assigning a total of N observations to

K possible clusters.

Distortion =
1
N
·

N

∑
n=1

min
j∈K

(xi −µ j)
2 (2.4)

In the case of LCA (Section 2.2.2), the error is measured in terms of the likelihood

of the clustering model given the observed data (Murphy, 2012). Two widely used

likelihood criteria are the Bayesian Information Criteria (BIC) (Schwarz, 1978) and

the Akaike Information Criteria (AIC) (Akaike, 1998), shown below.

BIC =−2 · ln(L̂)+K · ln(N)

AIC =−2 · ln(L̂)+2K
(2.5)

Were L̂ denotes the maximum likelihood estimate of the model, k the number of pa-

rameters in the model, and N the number of observations. Both criteria score models

in a similar fashion, by rewarding the likelihood of a given model while penalizing

for its complexity, e.g. the number of clusters, as shown in equation 2.5. It has been

reported that AIC performs better with smaller samples while BIC can be more useful

with relatively larger samples (Burnham and Anderson, 2004). As a result, both BIC

and AIC are usually presented together as evidence for model selection.

Relying solely on error metrics as a selection criterion continues to pose challenges,

for example, multiple partitions with different numbers of clusters might yield similar

metrics (Åkerlund et al., 2022; Burnham and Anderson, 2004). A common heuristic

to decide the optimal number of clusters utilizing the error criteria is to identify the

“elbow point” in a criterion versus the number of clusters curve. The elbow point is

that point from which adding a new cluster does not decrease the quality criteria signif-

icantly but could lead to overfitting, for example having very small clusters (Tibshirani

et al., 2001). A formal approach to identify the elbow is presented by Satopaa et al.

(Satopaa et al., 2011), where the elbow is defined as the point of maximum curvatures

in the error versus number of clusters curve.
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The elbow method is a useful tool to achieve a more principled model selection

among a fixed set of models. Particularly in cases where the candidate models do not

depend on initialization conditions, such as in agglomerative clustering. However, it

leaves us with one extra concern when the models depend on the initial condition such

is the case for K-modes and LCA. In this case, multiple solutions exist for each number

of clusters, and so the question of selecting the optimal solution for each cluster number

persists. To address this challenge, in Section 4.2.2 we describe multiple experiments.

We apply the elbow method to determine the best solution from a diverse set of possible

methods and then decide the optimal number of clusters based on a frequency analysis.

2.3 Community detection for clustering

As described, traditional methods like K-modes and hierarchical clustering use tabular

data representations to calculate differences between patients’ characteristics (Sections

2.2.1 and 2.2.3). LCA uses vector representations to assign patients with membership

probabilities to clusters (Section 2.2.2). In contrast, community detection relies on a

network representation of data to uncover structural components like groups of similar

nodes. Instead of relying on pairwise similarities, community detection defines node

similarity based on their connections within the network (Javed et al., 2018). This

approach distinguishes community detection from traditional clustering methods, and

significant efforts have explored its suitability in healthcare (Barabási et al., 2011).

In this section, we introduce two key aspects of our work with community detec-

tion. First, we discuss the network representation used throughout this thesis. Then,

we delve into the main community detection algorithm employed in our research: the

hierarchical stochastic block model.

2.3.1 Bipartite networks to represent patients clinical data

The benefits of using networks to capture complex phenomena have been demonstrated

across various healthcare domains. Networks have been used to represent relationships

between cellular components across organs (Barabási, 2013) and to model complex

multimorbidity patterns in patients (Kalgotra et al., 2017, 2020). While networks can

effectively encode complex relationships, it is fundamental to determine the specific

aspects of the data to highlight. Our first step was to define the type of network that

efficiently represents patients and their characteristics to meet our research goals.
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Considering the nature of our dataset, where clinical features occur in the context

of individual patients, we aim to explicitly represent the relationship between patients

and their specific characteristics. An affinity or similarity graph, while common, would

have been less ideal as it emphasizes pairwise relationships rather than encoding pa-

tients’ characteristics individually. Thus, we chose to maintain distinct nodes for pa-

tient and clinical features (e.g. morbidities and clinical admission data in Chapter 4

and severity of illness scores in Chapter 5). The differentiation between the two types

of nodes led us to propose a bipartite network to encode the relationships between pa-

tients and clinical features. In this type of networks, nodes of one type are connected

only to nodes of the other type. Nodes of the same type are not connected to each

other. Figures 4.6 and 5.3 show the bipartite networks we use in our research.

While not exclusive to the use of a bipartite network, we identify several bene-

fits throughout our work. The split between patients and features preserves important

characteristics of our data, such as the number of co-occuring morbidities in a patient,

represented by the patient node degree (Chapter 4). Additionally, the community in-

ference process is simplified as the number of links between nodes is limited by not

having connections between nodes of the same type. The final networks of patients

and their features as nodes are presented in Sections 4.2.4 and 5.2.4.

2.3.2 Stochastic block modelling

Stochastic block models (SBMs) are generative models used for community detection

in networks (Holland et al., 1983). In these models, the nodes in the network are di-

vided into groups (i.e. blocks) such that the probability of a node connecting to other

nodes depends only on their block membership. In this way, SBMs assumed a con-

ditional independence between nodes in the same block, similar to other approaches

such as LCA discussed in 2.2.2.

A common formalization of the SBM model can be found in literature (Karrer

and Newman, 2011), and starts by modelling a network G with N nodes in terms of

the Adjacency matrix A, of size N x N, with Ai, j 1 if a link between nodes i and j

exists and zero otherwise. The model goes to divide the nodes into B blocks to group

nodes with similar patterns of connectivity to the rest of the network. Considering

these B blocks a new adjacency matrix E is defined to represent the count of links or

edges between elements in each pair of blocks. Matrix E is symmetric, with er,s as

the expected value of the Ai, j for nodes i and j assigned respectively to blocks r and
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s ∈ B. The probability of G can then be defined in terms of e and B as P(G|e,B).
The generative model is fitted by maximizing this probability in two steps: first with

respect to the parameters er,s and then with respect to the number of blocks B (Karrer

and Newman, 2011). It is important to note that up to this point G can be directed

or undirected, the number of blocks B is a model hyperparameter and e represents the

expected number of links between nodes.

The standard SBM described so far has several drawbacks extensively discussed

in the literature (Karrer and Newman, 2011; Peixoto, 2014b, 2017; Funke and Becker,

2019). Firstly, there is no principled mechanism to define the number B of blocks. Sec-

ondly, the model cannot identify statistically significant blocks with size smaller than

O(
√

N), known as the resolution limit. Thirdly, it fails to capture networks with het-

erogeneous node degrees such as social networks and hierarchical structures. Finally,

the likelihood maximization process is computationally inefficient.

The degree-corrected stochastic block model (DC-SBM) (Karrer and Newman,

2011) is a SBM variant proposed to better capture real-world networks. The core dif-

ference from the traditional SBM is that the DC-SBM includes the node degree as an

additional parameter, hence the name degree-corrected. The explicit inclusion of the

degree of nodes allows the DC-SBM to capture network structures showing a heteroge-

neous node degree. In this model, the node degree is estimated following a likelihood

maximization as in the standard SBM for B and er,s. Given this new parameter, the

probability of G is now defined as P(G|k,e,B). While this model shows improved per-

formance, it still lacks a principled mechanism to define the network blocks and suffers

from the resolution limitation (Peixoto, 2017; Funke and Becker, 2019).

In the next section, we introduce the hierarchical stochastic block model (hSBM)

(Peixoto, 2017), a non-parametric extension of the DC-SBM proposed to further ad-

dress the limitations of SBMs. We use this method as an alternative to traditional

clustering in Chapters 4 and 5.

2.3.3 Hierachical stochastic block modelling

The hierarchical stochastic block model (hSBM) (Peixoto, 2017) is a variant of the

DC-SBM to further address two main limitations of SBMs: avoid the resolution lim-

itation and to achieve a principled approach to infer the model parameters from the

statistical evidence available in the data. Their approach proposes a Bayesian alter-

native to estimate the probability of observing the network G given the parameters of
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the DC-SBM in order to sampling the model from a posterior distribution rather than

finding the most likely partition as in the DC-SBM.

The first modification to the DC-SBM model is that in the hSBM the node degree

k is fixed exactly to the observed network rather than only in expectation. This hard

constrain simplifies the inference process as any network configuration that does not

meet the exact node degree does not need to be considered. This constraint leads to the

microcanonical degree-corrected SBM (Peixoto, 2017) which is the foundation for the

final hSBM model.

The second step is to propose a Bayesian model for the P(G|k,e,B) to infer a

non-parametric framework to infer the parameters from the available evidence from

the data. Equation 2.6 shows this formulation, with the network G represented by

its adjacency matrix A and P(k|e,b), P(e|b), and P(b) prior probabilities (Peixoto,

2017). In the following we present a brief description of the hSBM inference process,

a complete description can be found in the hSBM presentation paper (Peixoto, 2017).

P(A,k,e,b) = P(A|k,e,b)P(k|e,b)P(e|b)P(b) (2.6)

The process begins with the estimation of parameters in equation 2.6 based on

evidence from the observed network A. Using the microcanonical formulation and

assuming no-empty blocks b, priors for blocks P(b) and the degree sequence P(k|e,b),
are proposed based on the characteristics of the observed network A. A key point in the

derivation of the hSBM comes when defining the prior for the number of edge counts

e. To allow for the discovery of small communities, a prior is proposed by interpreting

the matrix E as a new adjacency matrix A′ for a network with B nodes and er,s edges.

This hyperprior connects the SBM for P(A) to a second SBM for P(A′). The procedure

is repeated until a level l where the number of blocks Bl = 1.

One of the characteristics of hSBM is its robustness to overfitting (Peixoto, 2017).

An intuitive understanding of this characteristic can be achieved by examining an alter-

native representation of equation 2.6 taken from the information theory domain (Ris-

sanen, 1978).

P(A,k,e,b) = 2−Σ (2.7)

Where

Σ =− log2 P(A,k,e,b) (2.8)

=− log2 P(A|k,e,b)+− log2 P(k,e,b) (2.9)



28 Chapter 2. Background

In equation 2.9, Σ represents the model’s description length, indicating the bits

necessary to describe it (Rissanen, 1978). Notably, by maximizing equation 2.6, one

is automatically minimizing the description length in equation 2.9. It is useful to note

that the description length can be interpreted as the sum of two terms: one for the

description of the model given the network parameters (first term on the right-hand

side of equation 2.9) and another for the description of the model parameters (second

term on the right-hand side of equation 2.9). Therefore, when achieving the model

with the minimum description length (MDL) we are finding the simplest model that

maximizes the probability of observing A. The MDL is useful for comparing models

with different structural components like different numbers of blocks, and is the criteria

we use in our model selection.

Model selection

While the selection between models can be done following the MDL criterion, we

need to first obtain optimal partitions of the network. To achieve this, we utilize an ef-

ficient Monte Carlo heuristic (EMC) proposed for efficient inference of SBM models

(Peixoto, 2014a). Starting from a given partition, the algorithm proposes a mecha-

nism to find the most stable block structure, as the one with the lowest MDL from the

possible partitions satisfying the microcanonical SBM posterior.

The EMC consists of a process in which the block membership of each node is

randomly modified and said move is accepted with a probability given as a function

of the entropy loss induced by the move. The probability is such that the process is

ergodic (i.e. all possible partitions are accessible) and all moves are reversible given

sufficiently long running time (Peixoto, 2014a). The EMC proposes an optimized

membership move strategy which is further improved by allowing it to propose moves

of groups of nodes, or agglomerative moves, to improve its speed. The ergodic charac-

teristic of the EMC and its optimized speed thanks to the agglomerative moves makes

it our choice for a first exploratory exploration of the solution space and identify good

candidates for the optimal solution.

Although the EMC can effectively explore all the space of possible network par-

titions, it might still be possible to further refine the model previously obtained. For

this purpose, we employ a second heuristic, the merge-split Markov chain Monte Carlo

(merge-split MCMC) (Peixoto, 2020). The merge-split MCMC is effectively an exten-

sion of the EMC in that it has an agglomerative move strategy (the merge) but adds a

split strategy. By doing this, the merge-split MCMC can better refine partitions further
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avoiding local minima (Peixoto, 2020).

In Chapters 4 and 5, we apply these two algorithms sequentially to ensure the

automatic inference of stable and optimal models. we run this approach 100 times,

inferring 100 different solutions and choosing the one with the best MDL.

Priors for the inference process in the hSBM

In the original hSBM formulation (Peixoto, 2017), the priors for P(k|e,b), P(e|b),
and P(b) are chosen in an non-informative way. The rationale behind this choice

is to prevent biases in the observed graph G from influencing the block structure at

higher levels. However, naively using uninformative priors could lead to sub-optimal

results, such as allowing undesirable partitions, for example, partitions with empty

blocks (Peixoto, 2014b). To mitigate this, a series of hyperpriors are proposed to in-

corporate relevant information to every hierarchical level. In the following we will

shortly exemplify how this is achieved, an extensive explanation can be found in rele-

vant literature (Peixoto, 2014a, 2017).

An example of this approach is the prior for the probability of a block assignment

b given a block partition B. A completely uninformative prior would be P(b|B) =
B−N . Although uninformative, this prior assumes that the blocks bi would roughly have

similar sizes and it allows for empty blocks. The proposed solution is to incorporate

a parametric distribution for the probability of P(b) conditioned to the group sizes nr

and then to define a prior for the probability for the number of blocks B. In this way

the prior for P(b|B) is defined as (Peixoto, 2017).

P(b|B) = P(b|n)P(n|B)P(B) = ∏r nr!
N!

(
N −1
B−1

)−1 1
N

(2.10)

The terms in the prior in equation 2.10 can be understood as follows. A first term

for the probability of a block assignment b conditional on the size of groups P(b|n).
A second term for the group size conditional to the block partition P(n|B). This is

expressed as the number of histograms with B bins with elements summing up to N.

Finally a third prior for the number of groups B, in this case simply 1/N. The last

two terms are defined assuming only nonempty blocks. A detailed description of the

definition of these prior can be found in the literature (Peixoto, 2017, 2019).

Another example is the in the priors for the node degree. Interestingly in this case

the uninformative hyperpriors are hierarchical, as they are defined in terms of the total

number of edge counts which remains constant for all of the hierarchical models of
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the hSBM. Since E is constant the SBMs become denser in terms of edge count. This

density pushes the model to eventually cluster all blocks into one, marking the end of

the inference process.

While non-informative priors are useful in cases when we want to explore the data,

there are cases where it is not desirable. For example in cases where we have relevant

domain information as in the healthcare domain. Mechanisms to address this can be

found in literature, for example, to inform the model about the expected probability

on an edge (Peixoto, 2021). Although we do not use these tools in our current work,

exploring this avenue could be beneficial.

Understanding the hSBM in our work

When applied to our work, it is important to note some aspects of the results yielded

by the hSBM. In particular, we would like to comment on the relationship between

patients and features in the context of our bipartite network and then on the choice of

priors.

While we force a bipartite split between patients and clinical features, this does

not mean that the clustering inference is done independently. On the contrary, the

patient and feature clusters are inferred simultaneously. This means that changes in

the observed conditions of patients and/or features will have implications for the block

structure inferred. Strictly speaking, both patients and clinical features only interact at

the highest hierarchical level. In other words, in the adjacency matrix of every level,

but the highest one, we will observe values greater than zero only between blocks

of the same type (i.e. patients and features). But thanks to hard constraints on the

node degree of the microcanonical hSBM and the hierarchical hyperpriors for the edge

counts these two sets of seemingly disjoint groups of clusters are linked.

In terms of the uninformative priors used, it is important to note that non-informative

does not necessarily mean uniform, as presented in section 2.3.3. This flexibility al-

lows hSBM to unveil complex block structures with diverse parameters. For instance,

in Chapter 4 the hSBM unveils both small (under 5% of the population) and large (over

20% of the population) clusters and of varying edge count (i.e. clusters of nodes with

exactly 1 node and others with more than 5 nodes).

In conclusion, the application of hSBM in our research provides a framework for

understanding the relationships within our bipartite network. By simultaneously clus-

tering patients and clinical features, we achieve a comprehensive model that reflects

the complexity of our data.
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2.4 Prediction models for mortality

Predicting ICU patient mortality is crucial for patient assessment, resource allocation,

and medical care evaluation (Lin et al., 2019). Leveraging available clinical data, ma-

chine learning has been widely explored for this purpose. In this section, we focus on

tree-based models, specifically Random Forest (Breiman, 2001) and XGBoost (Chen

and Guestrin, 2016) due to their widespread use in ICU related predictions (Keun-

ing et al., 2020; Ishwaran et al., 2008; Kong et al., 2020; El-Manzalawy et al., 2021).

Specifically, in Chapter 5, employ these methods in the development of our proposed

mortality predictive model, hXG-SAPS.

These models are based on the concept of a decision tree. In a dataset with N

observations, each having features X and possible outcomes Y , a decision tree f (x)

is a tree-like structure used to predict outcomes y. Each tree node represents a de-

cision based on a specific feature xi in X and a feature-specific threshold, branches

represent the outcome of that decision, and leaf nodes provide the final decision or

prediction (Murphy, 2012). The model is trained to learn the sequence in which to ex-

amine features and their specific thresholds to maximize the probability of observing

the outcomes Y given an observation represented by a set of features X .

A major limitation of decision trees is their instability, leading to varying predic-

tions based on the training data (Murphy, 2012). Random Forest (RF) addresses this

by leveraging multiple decision trees to create a more stable model. As presented in

equation 2.11, predictions are achieved by averaging the outcomes of M trees. Each

tree is trained on a unique training set, built on different subsets of features and ran-

domly sampling observations from the main training set (Breiman, 2001).

f (x) = ∑
m∈M

1
M

· fm(x) (2.11)

XGBoost (Chen and Guestrin, 2016) is an alternative approach to address the lim-

itation of decision trees, considering multiple trees to achieve an outcome. Unlike RF,

where trees are trained independently, XGBoost sequentially adds trees to correct the

model’s current performance. This is achieved by minimizing the objective function

L, over T steps:

Lt = ∑
n∈N

l(yi, ŷi
t−1 + ft(xi))+Ω( ft) (2.12)

Here, ŷi
t−1 represents the prediction for yi in step (t −1), l is a function measuring
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the difference between yi and its prediction, ft denotes the new tree to add to the model

in step t and Ω is a function penalizing the complexity of ft . XGBoost is known for its

scalability, robustness to overfitting and high performance (Chen and Guestrin, 2016).

2.5 Evaluation metrics for model performance

The performance assessment of various clustering and prediction models is key to our

work. In this section, we introduce the metrics used throughout this thesis for this

purpose. We begin with clustering metrics used in our research on multimorbidity

profiles. Then, we present metrics used to evaluate the quality of predictive models,

relevant to our work on mortality prediction. Additional discussions of these metrics

in the context of medical usage can be found later in Chapters 4 and 5.

2.5.1 Metrics to evaluate clustering models

The evaluation of clustering models is challenging, mainly due to the lack of a ground

truth (Murphy, 2012). Various metrics exist to help assess the quality of a model and

enable comparisons between models. In this section, we introduce the metrics we use

to support our work on multimorbidity profile identification in Chapter 4.

Model selection

In addition to distortion, BIC and AIC scores discussed in Section 2.2.4, we employ

the Calinski-Harabasz (CH) score for model selections in Chapter 4. The CH score,

originally introduced in the context of hierarchical clustering (Caliński and Harabasz,

1974a), is presented in equation 2.13 where BGSS (between-group sum of squares) is

a measurement of the distance between clusters, WGSS (within-group sum of squares)

a measurement of the dispersion of clusters, N the number of observations and K the

number of clusters.

CH =
BGSS
WGSS

· (N −K)

(K −1)
(2.13)

The CH score measures the extent to which observations are grouped into distinct

clusters while minimizing the dispersion within each cluster. A high CH score indi-

cates a more defined clustering structure, making it a valuable tool for comparing and

selecting different models (Caliński and Harabasz, 1974a). We use this metric in Sec-

tion 4.2.3 to measure the clustering error for the elbow calculation in agglomerative
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clustering. Additionally, we use it as a tool to compare the quality across all of our

models in Section 4.3.1.

Model stability

Another approach to evaluating a clustering model is to compare it to another model.

The Mutual Information index (MI) is used for this purpose, quantifying the agreement

between two partitions. MI measures the probability that observations are assigned

to the same clusters in two different partitions U and V . Considering P(i, j) as the

probability that a randomly chosen object falls simultaneously in clusters i ∈ U and

j ∈ V , and P(i) and P( j) the probabilities that an object is assigned to cluster i and j

respectively, then the MI is calculated as follows:

MI(U,V ) = ∑
i∈U

∑
j∈V

P(i, j) log
(

P(i, j)
P(i)P( j)

)
(2.14)

We use a normalized MI, which ranges between 0 and 1, with a higher MI repre-

senting a higher level of agreement between the partitions. In Section 4.2.2.2, we use

the MI to compare our selected K-modes and LCA models against the remaining top

nine performing models in an effort to further validate our models. By doing this, we

aim to ensure that our models represent stable clustering structures and are not a result

of overfitting or local minima.

Similarity between observations

A common task in clustering is the quantification of similarity between observations

in a dataset. The Jaccard coefficient or similarity index, is a measure commonly used

to this end (Murphy, 2012). Figure 2.15 presents the this similarity index considering

two observations Xi and X j, each composed by a set of categorical features.

J(Xi,X j) =
|Xi ∩X j|
|Xi ∪X j|

(2.15)

The similarity between these two observations is defined as the proportion of shared

elements between the observations. This similarity index is defined between 0 and 1,

with 0 meaning no similarity and 1 complete similarity.



34 Chapter 2. Background

2.5.2 Metrics to evaluate predictive models

Evaluating predictive models, like Random Forest or XGBoost, is crucial for our work

on patient severity of illness in Section 5. Specifically, we assess our models on three

key categories: their ability to predict patient outcomes, their capacity to rank patients

by the probability of presenting an outcome, and their effective estimation of outcome

prevalence at a population level.

To guide our presentation, let us consider a dataset of observations, each repre-

sented by a features vector (e.g. patients’ age or gender) and a binary label denoting

an associated outcome (e.g. survived or not). We define P as the count of positive

labels and N as the count of negative labels (e.g. values 1 and 0 respectively). Next,

we present a number of performance metrics used in the healthcare domain.

Model’s ability to predict patient outcome

An intuitive way to evaluate a predictive model is by counting the number of cor-

rect predictions. Specifically, we would want to determine the number of observation

correctly classified in the positive and negative classes, true positives (TP) and true

negatives (TN) respectively. Conversely, we can count the number of observations in-

correctly classified in the positive and negative classes, or false positive (FP) and false

negatives (FN). Using these concepts, we can define the model’s Accuracy (equation

2.16) as the probability of correctly classifying an observations, Sensitivity (equation

2.17) as the probability of correctly identifying a positive observation, and Specificity
(equation 2.18) as the probability of correctly classify a negative observations.

Accuracy =
(T P+T N)

P+N
(2.16)

Sensitivity, True Positive Rate (T PR) =
T P
P

(2.17)

Speci f icity, True Negative Rate (T NR) =
T N
N

(2.18)

While widely used, these metrics present limitations for objectively evaluating

models. Firstly, As our models are inherently tied to the training data, their assess-

ment may not generalize to new datasets. To mitigate this, we conduct a bootstrapped

evaluation (Efron, 1992) of our models’ accuracy, sensitivity and specificity in Chapter

5. That is, we compute these metrics on randomly sampled testing datasets from our
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primary test dataset. The result is a distribution for the metrics rather than a single

value, providing a more comprehensive evaluation of our models.

A second limitation applies to regression models for binary prediction, such as Ran-

dom Forest and XGboost. These models produce predictions based on a threshold used

to binarize their outcomes. The choice of this threshold can significantly impact the

accuracy, sensitivity, and specificity calculation. To address this, we employ Youden’s

J statistic (Youden, 1950) in Chapter 5. This metric selects the optimal threshold for

binary classification by minimizing the trade-off between specificity and sensitivity.

Model’s capacity to rank patients by the probability of presenting an outcome

Instead of finding an optimal binarization, we could look at the performance of a model

using various thresholds to assess it independently from any specific one. This is com-

monly done by plotting the TPR versus the FPR for a model at different thresholds.

This plot is known as the receiver operating characteristic or ROC curve (Fawcett,

2006).

The quality of a model can be summarized as the areas under the ROC curve,

known as AUC. The AUC ranges between 0.5 and 1.0, with 0.5 indicating a model with

no better performance than chance and 1.0 indicating a classifier with perfect predictive

power. Notably, it has been proved that the AUC is equal to the probability that a

randomly chosen positive observation has a higher prediction value than a randomly

chosen negative one (Fawcett, 2006). This characteristic makes the AUC a widely

used metric for evaluating the power of a model to discriminative between positive and

negative observations.

Model’s ability to predict outcome prevalence at a population level

An alternative method to assess a model without relying on arbitrary thresholds is

to directly evaluate its output as an approximation to probability. Calibration curves

(Hartmann et al., 2002) serve this purpose by comparing the prediction of a binary

classifier to the observed frequency of the outcome. This curve plots the frequency of

the positive label on the vertical axis, conditioned to the predicted probability on the

horizontal axis. Figure 2.2 shows a calibration curve reported Table 5.3 of Chapter

5. To construct the curve, observations were grouped based on their predicted mor-

tality into consecutive bins representing 10% ranges (e.g., 0-10%, 10%-20%). On the

vertical axis, the frequency of observed mortality for patients in each bin is plotted.
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Figure 2.2: Calibration curves and RSME for severity score used as mortality predictor.

Higher RSME reflects a higher correlation with the line of perfect calibration in black.

A perfectly calibrated model would show a 45-degree line, indicating that on av-

erage, the predicted probability matches the observed frequency of the outcome. De-

viation from this perfect calibration line can be used as an indication of the output

calibration of a model. Following relevant medical literature (El-Manzalawy et al.,

2021; Walsh et al., 2017), we use root square mean error (RSME) between the cali-

bration curve of a model and this perfect calibration line as a calibration metric (See

Section 5.2.5). RSME values closer to 0 indicate better calibration performance.

A similar metric used in the healthcare domain is the Observe-to-Expected mor-

tality ratio (O/E) (Strand et al., 2009; Zimmerman et al., 2006; Moreno et al., 2005).

Calculated as the total number of observed deaths divided by the sum of the predicted

probabilities of death, O/E provides a general view of the model at an aggregated level

without the need for binarization. It is important to note that O/E emphasizes the ex-

pected deaths, being more lenient about the quality of the predictions than RSME and

the ranking of patients than AUC.
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2.6 Conclusions

In this section, we presented key concepts from the healthcare and medical domains,

machine learning, and network science that are essential for the presentation of our re-

search in the upcoming chapters. Specifically, we have introduced multimorbidity and

its connection with electronic health records via the ICD-9 coding system, and severity

of illness scores, which are tools used to guide medical decisions in the ICU. Addition-

ally, we discussed technical elements spanning machine learning and network science

that are applied in our work on multimorbidity profile identification and severity of

illness work.

Importantly, we have highlighted some of the limitations of current clustering algo-

rithms. These include the complexities in the model selection, challenges in handling

missing and sparse data, and reliance on statistical assumptions about the data. These

factors affect both the performance and adoption of machine learning in the ICU. At

the same time, we have emphasized the advantages of the non-parametric approach for

community detection in networks as an alternative to current clustering methods. In the

next chapter, we introduce our datasets, highlighting the characteristics and challenges

they pose for our work.





Chapter 3

The MIMIC-III healthcare dataset

Data plays a crucial role in our research. At a fundamental level, the available data will

define the depth of our patient analysis, the techniques we employ, and the reliability of

our findings. More broadly, methodological aspects of the data collection, such as its

geographical origin or resources involved, can limit the validation and generalizability

of results. In this section, we focus on our dataset, aiming to provide context for our

research, presenting the steps followed to construct the study cohorts and highlighting

potential challenges this may present for the application of machine learning.

We start by briefly introducing the third version of the Medical Information Mart

for Intensive Care (MIMIC-III), the primary data repository used in our research. We

then present the retrospective calculation of sepsis, multimorbidities, and severity of

illness scores based on the MIMIC-III data. Finally, we discuss the process we used

to build the patient cohorts used in Chapter 4 for multimorbidity profile identification

and in Chapter 5 for mortality prediction.

3.1 Medical Information Mart for Intensive Care III

MIMIC-III is a large, anonymised, and publicly available dataset of over 50,000 hos-

pital admissions to the critical care units of the Beth Israel Deaconess Medical Center

between 2001 and 2012 (Johnson et al., 2018). We use it for three main reasons. First,

the database is comprehensive, covering more than a decade of patient admissions with

detailed information about individual patient demographics and care. Secondly, it has

been widely validated in healthcare research (Johnson et al., 2016d, 2018), particularly

in multimorbidity profile identification (Zador et al., 2019) and mortality prediction

(El-Manzalawy et al., 2021) research. Finally, MIMIC-III is actively maintained by

39
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Figure 3.1: Overview of the construction of the MIMIC-III (Johnson et al., 2016d) and

our study cohorts. It starts with the collection of hospital data and its processing until

the MIMIC-III data is completed. From this database, we construct the cohorts for our

multimorbidity profiles and patients’ severity studies in Chapters 5 and Chapter 4

a specialized team, ensuring the database´s accuracy and enabling the replication of

research findings. For example, the team updates and curates the data, and provides

computed metrics (e.g. sepsis, comorbidities, etc.).

Figure 3.1 presents an overview of the data collection, processing and storage in-

volved in the creation of MIMIC-III. The process starts by collecting a wide variety

of records related to the patients, such as bedside monitoring data, test results, medi-

cal notes, demographics and diagnoses. These come from five hospital units, namely

the Medical Intensive Care Unit (MICU), the Surgical Intensive Care Unit (SICU), the

Cardiac Care Unit (CCU), the Cardiac Surgery Recovery Unit (CSRU) and the Neona-

tal Intensive Care Unit (NICU). After collection, the data follows a de-identification

process in which fields such as the patient’s name, telephone number or address are

removed. As part of this process dates are randomly shifted, and as a result, all patient

stays occur at some time between the years 2100 and 2200. Finally, the date of birth for

patients over 89 is modified to show them with ages of over 299 years. The processed

data is stored in 26 tables that constitute the overall MIMIC-III database.

MIMIC-III provides a vast healthcare data resource suitable for various research

purposes. However, its versatility comes at a cost, as it requires the extraction of ad-

hoc subsets to support more specific research. To this end, we resorted to existing
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literature to create relevant cohorts for our studies, aiming to ensure a fair comparison

of results. In the next sections, we describe relevant aspects of the data used in our

work. We begin by describing the available patient information relevant to our work.

Then, we detail the process followed to create the study cohorts for our multimorbidity

profile and patient severity work. Additionally, we provide an overview of patient

comorbidities and of severity scores, fundamental to the rest of our work.

3.2 Describing patient’s condition

MIMIC-III provides a comprehensive record of a patient´s hospital journey. This can

include multiple admissions and readmissions to various hospital wards including the

ICU, as shown in Figure 3.2. Here, the patients table contains patient characteristics,

consistent across admissions, while admissions and icustay tables capture the hospi-

talization path. The diagnoses table summarizes the diagnoses identified during each

patient’s hospital stay. Additionally, these tables store the patients’ demographic and

admission type, used throughout our research.

3.2.1 Patient admission information

The patients table holds 46,520 unique patients and their basic information like gen-

der, date of birth and death. Each patient is associated with one or more admissions

recorded in table admissions, containing 58,976 unique records. These records include

demographic and administrative data such as ethnicity, diagnosis at admission, admis-

sion type, discharge information and insurance type. Diagnosis information in admis-

sions is linked to the diagnoses icd table, holding 651,047 diagnoses encoded using

the ICD-9 classification code, discussed in Chapter 2.1.2. The patient’s primary diag-

nosis at admission is recorded explicitly (as seq num = 1), and all others are considered

secondary. Simultaneously, each admission is linked to one or more ICU admissions in

table icustays. This table holds information about 61,532 ICU admissions, including

the ICU unit of admission and discharge, and length of stays.

In Figure 3.3, we present a summary of the patient’s information in MIMIC-III

based on four relevant patient characteristics: age, gender, ethnicity and admission

type. We consider these characteristics due to their relevance in ICU-related research,

particularly in the identification of multimorbidity profiles (Zador et al., 2019) and risk

assessment (El-Manzalawy et al., 2021). In yellow we present the prevalence of these
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Figure 3.2: Tables holding patient information. While each patient has a unique identi-

fier, subject id, each patient can have multiple admissions to the hospital, hadm id, and

multiple ICU admissions during each hospital admission, icustay id. It is worth noticing

that multiple diagnoses can be associated with each hospital admission, in table diag-

noses icd, but no timestamp is provided. These tables also include the demographic

information used in our multimorbidity profiles and mortality prediction work.

characteristics for all ICU admissions, in blue for the multimorbidity profile study

cohort and in green for the mortality prediction cohort. Notably, the distribution of

patients is consistent across our study cohorts.

Gender composition is slightly imbalanced across datasets, with approximately

59% male and 41% female patients. White ethnicity is the most common (over 70% for

all cohorts), followed by black and a small number of hispanic, asian and native amer-

ican patients. Unknown ethnicity refers to patients who did not report their ethnicity

when asked and other corresponds to those reporting an ethnicity not categorized.

In terms of age, the database and study cohorts primarily consist of older patients,

with an average age of close to 62 years old. Following existing approaches in the liter-
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Figure 3.3: Patient gender, ethnicity, age, admission type, mortality, and sepsis are

compared across all ICU admissions over 16 years old (yellow), multimorbidity profiles

(blue), and mortality prediction (green) cohorts. Feature prevalence is similar in all

samples, with an imbalance towards white patients over 45 years old with emergency

admissions observed across cohorts. Minor age differences in our study cohorts re-

sult from relevant exclusion criteria for multimorbidity (patients over 16 years old) and

mortality prediction (patients over 18 years old, included in the “16-24” age group for

simplified visualization) studies.

ature (Geifman et al., 2013; Busija et al., 2019), we group patients into age categories

to simplify the analysis and enhance the understanding of age-related relationships

with the study variables. We consider patients in the following age groups 1: 16-24,

25-44, 45-64, 65-84, and over 85. The cohort studies exhibit a similar age composi-

tion, with a majority of patients in the 65-84 and 45-64 age groups (around 40% and

35% of the sample respectively).

3.2.2 Patient mortality and sepsis

In-hospital mortality and sepsis are two widely studied patient outcomes in the lit-

erature related to multimorbidity profile identification and mortality risk assessment.

Other than mortality, sepsis is of relevance as a critical factor in increasing the cost of

1Over 85 includes patients artificially recorded as being 299 years old and over to safeguard their
anonymity.
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care but, most importantly, increasing the probability of adverse patient outcomes such

as death (Zador et al., 2019). In-hospital mortality is directly recorded in MIMIC-III

in the table admissions under the field “mortality flag”, as shown in Figure 3.2. From

now on and for simplicity, we will refer to in-hospital mortality as mortality.

The prevalence of in-hospital mortality and sepsis is presented in Figure 3.3 for

the whole ICU admissions of those over 16 years old (yellow), the multimorbidity

profile described in the next section (blue), and the mortality prediction (green) study

cohorts presented in Section 3.4. Notably, the prevalence of these outcomes is virtually

the same in all cohorts, close to 28% for sepsis and 11.5% for mortality. It is worth

noticing the imbalance of all of the cohorts in terms of outcomes.

As discussed in Section 2.1.3, sepsis is not always available in the MIMIC-III

records, and it has to be computed based on available information. This is done fol-

lowing the definition discussed in Section 2.1.3, which specifies it as a combination

of organ dysfunction simultaneously associated with a bacterial or fungal infection.

Specifically, a patient is considered to have suffered from sepsis if: it is explicitly

stated in the patient’s history that there exists an infection (bacterial/fungal) and organ

dysfunction, or if there exists an infection (bacterial/fungal) and the patient is under

mechanical ventilation.

It is important to note that the Angus definition, while reasonable and widely used

in research present, limitations such as their reliance on administrative data (Iwashyna

et al., 2014). The Angus method is susceptible to miscalculation of sepsis due to miss-

ing data, inconsistency in coding practices or biases in coding based such as clinical

judgment, financial incentives, or institutional priorities. For a detailed of the Angus

definition of sepsis please refer to section 2.1.3.

3.3 Multimorbidiy profile identification study cohort

In this section we describe the process of creating a patient cohort for our multimor-

bidity profile study, presented in Chapter 4. To ensure the cohort made was relevant

to our study and to conduct a fair comparison with existing research, we adopt the in-

clusion criteria described in a recent multimorbidity profile study (Zador et al., 2019),

summarized in Figure 3.4. These criteria consider only the first admission of a patient,

excluding patients under 16 years old or without recorded diagnoses.

Comorbidities and sepsis were derived from information in tables patients, icus-

tay, admissions, and diagnosis˙icd (refer to Figure 3.2). Comorbidities are calculated
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Figure 3.4: Process followed to obtain the multimorbidity cohort dataset. The final

cohort contains 38,417 first admissions to ICU of patients over 16 years old.

considering only secondary diagnoses (seq num ≥ 1 in table diagnosis icd), as dis-

cussed in Section 2.1.2. Duplicate ICU admissions were removed, retaining only the

first admission to avoid considering a patient multiple times in our cohort. It is impor-

tant to note that while the unique hospital admissions are 58,976, only 57,786 of those

have records in the icustays table. Finally, we excluded 180 patients for whom the co-

morbidity algorithms provide undetermined comorbidity values. Closer examination

revealed that one patient lacked the primary ICD-9 code and the rest had no secondary

ICD-9 code in the diagnoses icd table. The final dataset includes 38,417 patient’s first

ICU admissions for patients of at least 16 years old. Following the above criterion we

get a relevant cohort for our study, which interestingly follows closely the composition

of the entire population (see Figure 3.3).

3.3.1 Comorbidity description

The link between patient comorbidities and medical outcomes has been widely docu-

mented (Barnett et al., 2012a; Prados-Torres et al., 2014). Although important, it is not

always easy to identify patients’ comorbidities, especially in the ICU context as the

critical condition of patients makes it difficult to make extensive patient assessments.

As presented in Section 2.1.2, in MIMIC-III comorbidities are calculated utilizing the

Elixhauser comorbidity index (Elixhauser et al., 1998) and the Charlson comorbidity

index (Charlson et al., 1987) from administrative data recorded separately. Both of

these comorbidity indices are well established and offer an algorithmic way to com-

pute patients’ comorbidities based on the ICD-9 codes associated to their hospital stay.

In particular, we use the SQL implementation of the Elixhauser and Charlson comor-

bidity index provided by the curators of the MIMIC database (Johnson et al., 2018).

Figure 3.5 summarizes the prevalence of Elixhauser comorbidities in our multimor-



46 Chapter 3. The MIMIC-III healthcare dataset

Figure 3.5: Prevalence of Elixhauser defined comorbidities in all ICU admissions and

our study cohort. While comorbidity prevalence remains generally similar and low (un-

der 10%), congestive heart failure, cardiac arrhythmia, hypertension and fluid elec-

trolyte deficiency stand out with a prevalence over 20% in both datasets.

Figure 3.6: Prevalence of Elixhauser comorbidities in all ICU admissions and our study

cohort as defined by the Charlson index. Comorbidity prevalence remains generally

similar across datasets and under 30%. The main difference is a slightly higher preva-

lence of congestive heart failure, renal and chronic pulmonary disease in our cohort.
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Figure 3.7: Multimorbidity counts by age group for Elixhauser (yellow) and Charlson

(green) comorbidity indices in our multimorbidity profile cohort. Bubble sizes represent

the frequency of patients with specific numbers of multimorbidities. For example, in the

16-24 age group, most patients have zero Elixhauser or Charlson comorbidities. Age

shows a positive correlation with comorbidity count, consistent with existing literature.

bidity study cohort. It can be seen that the prevalence of morbidities remains virtually

the same across datasets. In general, the prevalence of morbidities is low, with only

hypertension showing a prevalence close to 50% in both samples. In fact, only conges-

tive heart failure, cardiac arrhythmia, chronic pulmonary, fluid electrolytes deficiency

and diabetes uncomplicated have a prevalence close to or higher than 20%. A sec-

ond group of comorbidities can be identified with a prevalence close to 10%, namely

valvular disease, chronic pulmonary, diabetes uncomplicated, and renal failure. All

other comorbidities present a low prevalence, mostly under 5%.

Figure 3.6 presents the prevalence of Charlson comorbidities in all ICU admis-

sions and our multimorbidity profile study cohort. Similarly to the Elixhauser case, a

low prevalence of morbidities is observed across datasets. However, in this case, the

prevalence is significantly lower, with no comorbidity showing a prevalence over 30%.

The highest prevalence is of congestive heart failure (close to 27% in both datasets),
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diabetes without complications and chronic pulmonary disease (both close to 20% in

both datasets). Interestingly, congestive heart failure and diabetes are also defined in

the Elixhauser index, and their prevalence remains similar in both datasets pointing to

some level of consistency in the indices.

Multimorbidity count, a relevant aspect of multimorbidity linked to negative med-

ical outcomes, is examined in Figure 3.7. This figure illustrates the number of co-

morbidities within age groups for both the Elixhauser and Charlson indices in our

multimorbidity study cohort. Not surprisingly, multimorbidity count is rises with age,

as supported by existing literature (Busija et al., 2019; Zador et al., 2019; Barnett et al.,

2012b), with patients in the 16-24 age group showing the lowest count (close to zero),

followed by the 25-44, 45-64, 65-84 and over 85 years group. It can be seen that re-

gardless of the age group, patients would rarely present more than 4 or 5 comorbidities.

Our results show this trend to be consistent across indices and datasets.

We have presented the study cohort used in Chapter 4 for our multimorbidity pro-

file study. Our cohort resembles those extracted from MIMIC-III in relevant literature

including demographic, admission type and Elixhauser comorbidities (Zador et al.,

2019). Additionally, we have included the Charlson multimorbidity index with the

goal of extending the validity of our work. Our analysis shows a dataset primarily con-

sisting of white patients between 45 and 84 years old with non-elective admission. The

cohort presents a significant imbalance in medical outcomes, with a low prevalence of

mortality and sepsis. Finally, comorbidities exhibit low prevalence in the cohort across

indices. This implies an imbalance between feature types, with dense demographic

and admission-type features and sparse comorbidity features.

3.4 Mortality prediction study cohort

In this section, we describe the process of creating a patient cohort for our research on

developing a severity score for mortality prediction. To ensure a fair comparison with

existing state-of-the-art work, we follow the inclusion criteria described in OASIS+

(El-Manzalawy et al., 2021), as they tackle the same problem and use MIMIC-III. We

include in our study cohort patients aged 18 to 90, with ICU stays lasting at least 24

hours and only first admissions when multiple ones are recorded. In terms of severity

scores, we considered five due to their prevalence in the literature: SAPS-II, OASIS,

APS-III, SOFA and SIRS. Figure 3.8 illustrates the process from the cohort extraction

from the database to the final train and test datasets.
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Figure 3.8: Construction of the mortality risk assessment cohort. The final cohort in-

cludes 31,908 patients, split into train and test datasets of 22,335 and 9,573 patients

respectively.

We started by gathering patient information, hospital admission information and

information on patients’ clinical variables during their ICU stay from tables patients,

icustay, admissions and diagnosis icd. The query was restricted to patients between 18

and 90 years old with ICU stays of at least 24 hours to have enough data to compute the

different scores. The final cohort included the first ICU admissions for patients follow-

ing our inclusion criteria, adding up to 31,908 patients. The cohort is then processed

to group patient age as presented in Section 3.2.1. Patients’ ethnicity was categorized

as White, Black, Asian, Hispanic, and Other, as defined in the MIMIC-III.

Finally, to support supervised learning, we randomly split the study cohort into

train and test datasets (70% and 30% of the dataset respectively). To ensure the rep-

resentativeness of these datasets we chose a partition with a statistically equal distri-

bution of features (chi-square for categorical features, p-values ≤ 0.05). As shown in

Table 3.1, both datasets exhibit virtually identical mean patient age (62.8 years old),

length of stay (4.7 days), patient mortality (10.5% and 10.74%), and female/male com-

position, with the train set exhibiting 42.14% females and the test set 42.02%. The

datasets exhibit similar average values for all severity scores studied.

3.4.1 Severity of illness scores

Severity scores are crucial for our work in mortality risk assessment. Of interest for

our research are SAPS-II, OASIS, APS-III, SIRS and SARS, which we introduced

in Section 2.1.4, describing each scoring system and the clinical variables each one

considers. In this section, we present an overview of the scores within our study cohort.

We describe the distribution of scores and briefly assess their quality for mortality

prediction.
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Table 3.1: Summary information for train and test cohorts. Mean is reported for age,

length of Stay (LoS), and severity scores. Percentage of the sample are indicated for

sex, age group and ethnicity.

As discussed in Section 2.1.4, severity scores aim to quantify the condition of a

patient using the information available from the first 24-48 hours. They map these

clinical variables to subscores indicating their impact on the severity of a patient. For

example, a patient presenting a high of its body temperature of 38ºC will receive a

temperature subscore of 3 points in SAPS-II (see Table 5.1), 2 points in OASIS (see

Table 2.1), and only 1 point in SIRS (see Table A.2 in Appendix A.1). Subscores are

them summed up to provide a final score, indicating the severity of the patient.

It is worth noticing that missing clinical variables require imputation before the

calculation of severity scores. A common approach is to treat missing values as within

normal clinical ranges (El-Manzalawy et al., 2021). For instance, if the patient’s tem-

perature in our previous example is unavailable, it will be assumed as normal. As a

result, instead of the previously presented subscore, all scoring systems will assign a

temperature subscore of 0 points, reflecting a normal temperature. MIMIC-III imple-

ments this approach (Johnson et al., 2016c), and so it is the mechanism in our cohort.

This imputation mechanism is particularly relevant in our dataset due to the level of

missing data and its impact in the computation of severity scores. As shown in figure

3.11, the level of imputation is significant for SAPS-II (pulmonary artery pressure

imputation for 58,18% of the patients), SOFA (respiratory susbscore imputation for
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Figure 3.9: Distribution of the normalized severity scores for the study cohort. On the

left, the distribution of SAPS-II, OASIS, and APS-III scores, and on the right for SOFA

and SIRS.

48,96% of the patients), and APS-II (albumin levels in blood imputation for 63,76%

of patients). Imputation is also present to a lesser extent for OASIS and SIRS. For

OASIS, urine output is imputed for 4.32% of the patients, and body temperature is

imputed for 3% of the patients.

To provide an overview of the scoring systems in our study cohort, Figure 3.9

displays the distribution of normalized severity of illness scores in our study. A first

benefit of this view is that it facilitates comparisons among scoring systems with dif-

ferent ranges, as it is in our case. Additionally, the normalized values can served as

proxies for mortality probability (El-Manzalawy et al., 2021) (with 0 as the lowest

death probability and 1 the highest), providing a general trend of their predictions.

It is noticeable from the distribution of normalized scores, that SIRS generally

predicts a higher probability of mortality, with a mean of 0.70. In contrast, all other

scoring systems distributions show means below 0.5 with OASIS at 0.43, SAPS-II at

0.29, APS-III at 0.22, and SOFA at 0.18.

Figure 3.10 presents the AUROC performance of the severity scores as mortality

predictors using their normalised score. Aligning with existing literature (El-Manzalawy

et al., 2021; Strand et al., 2009), we see that SAPS-II (0.80) shows the best perfor-

mance, followed by APS-III (0.78) and OASIS (0.76). As we discuss further in Chap-

ter 5, these results reflect an excellent performance for these scores. In contrast, SOFA

and SIRS show the poorest performance with 0.71 and 0.62 respectively.
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Figure 3.10: Receiver-Operator-Curve and Area under the curve for the prediction of

mortality using the normalized scores for the test data of the study cohort

. SAPS-II shows higher performance indicating a high ability to rank patients in terms

of their mortality risk, while SIRS shows the lowest discriminant power.

3.5 Conclusions

We have introduced MIMIC-III, a vast and publicly available data source and exten-

sively used in healthcare research, especially in multimorbidity profile identification

and mortality prediction. From MIMIC-III, we have constructed two study cohorts to

support our upcoming work. These cohorts closely resemble those described in exist-

ing literature in terms of patient characteristics, comorbidities, and medical outcomes.

This alignment contribute to the validity of our findings in the subsequent chapters.

However, we have encountered various of the data-related issues, as discussed in

Chapter 1, in our cohorts. Firstly, a significant imbalance in medical outcomes (sepsis

and mortality) and in the patients’ demographic description. Secondly, the sparsity of

morbidities is evident in comparison to other features such as demographics or severity

of scores. Thirdly, we observe a significant level of missing data, as evident by the

high level of imputed data in the computation of severity of illness scores. In the

upcoming chapters, we use these study cohorts to explore our approach, aiming to

enhance multimorbidity profiling and mortality risk assessment tasks while addressing

these challenges.
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Chapter 4

Improving identification of

multimorbidity profiles for ICU patients

The prevalence of multimorbidity in ICU patients is increasing as a consequence of

a worldwide ageing population (Barnett et al., 2012a). Multimorbidity is a leading

factor in adverse outcomes, such as sepsis and mortality, and it increases the cost of

hospitalization (Reddy et al., 2020). Multimorbidity is particularly relevant in the ICU,

where patients show the highest rates of acute and chronic conditions (Forte et al.,

2019).

The relevance of multimorbidity has driven research in the identification of groups

of patients sharing similar conditions profiles. Leveraging the abundance of ICU data

in electronic health records, recent efforts have focused on machine learning to identify

these profiles (Seymour et al., 2019; Papin et al., 2021; Zador et al., 2019). However,

these methods present significant drawbacks in the ICU context. Some of these are the

need to include prior knowledge in the clustering models, accounting for sparse data

and adapting to incomplete data.

In this chapter, we explore the use of non-parametric Bayesian community detec-

tion to identify data-driven patient profiles, aiming to mitigate the limitations previ-

ously mentioned in existing methods. We start by using widely used machine-learning

approaches to identify multimorbidity profiles using the Elixhauser and Charlson in-

dices. Then we introduce our approach to the same task from a community detection

perspective. We end with an extensive comparison of results and discuss and conclude

on the benefits and drawbacks of our proposed approach.

55
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4.1 Clustering to manage the heterogeneity of patients

Clustering is widely used in the ICU to manage patient heterogeneity by identifying

groups with similar clinical profiles. Extensive research has applied clustering tech-

niques to identify patient groups based on multimorbidity profiles. Although clustering

results vary due to the diversity of approaches and datasets, certain commonalities be

found and serve as a starting point for our discussion.

A first aspect to explore is the number of clusters. This is relevant to our work since

it is common to assume this number as a hyperparameter for clustering in the multi-

morbidity domain (see Section 2.2). Survey papers report that the typical number of

clusters ranges between 4 and 10 (Busija et al., 2019; Prados-Torres et al., 2014). This

is consistent with our observations in literature (Zador et al., 2019) and our results for

traditional and our non-parametric clustering approach (see Sections 4.2.2 and 4.2.4).

Another element to note is the type of clusters in the literature. While these vary

greatly, at least two types are consistently reported in literature (Busija et al., 2019;

Prados-Torres et al., 2014): mental health cardiovascular and metabolic diseases. In-

terestingly, mental health diseases can be found in co-occurrence with substance abuse

and kidney disease (Ballard, 1997; Salmon-Ceron et al., 2005). Cardiovascular clus-

ters often include conditions such as hypertension, cardiovascular disease and diabetes

(Wilson et al., 1999; Zador et al., 2019). Notable, as we show later in this chapter, we

replicate these results both with the traditional and our proposed clustering approach.

However, as discussed in Section 2.2, challenges such as data quality and sparsity,

the need for prior knowledge of the number of clusters, and model selection complicate

the effective the effective use of clustering in the ICU. In Section 4.1.1, we review

common ICU clustering methods used in literature, namely K-modes, Latent Class

Analysis, and Hierarchical Agglomerative clustering. We then introduce hierarchical

stochastic block modeling as an alternative for clustering in Section 4.1.2, discussing

its benefits and highlighting its differences from traditional approaches.

4.1.1 Clustering techniques for healthcare.

In the following we revisit three of the most widely used clustering techniques in

healthcare centroid based methods, LCA and Agglomerative clustering. While vari-

ous versions of these methods exist, we focus our review on the most commonly used

versions available in the literature. These methods are well-validated in the literature,

allowing us to effectively use them as relevant benchmarks for our approach.
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Centroid-based clustering

An intuitive approach to clustering is to rely on the observed characteristics of pa-

tients, defining the similarity between two patients as the degree to which they share

similar characteristics. Partition-based methods, discussed in Section 2.2.1, formal-

ize the idea of similarity as a distance between patients in the feature space (Murphy,

2012). Centroid-based clustering models (Xu and Tian, 2015; Ezugwu et al., 2022),

a family of partition clustering algorithms, make use of the idea of distance to define

clusters around centroids, a vector located in the centre of each cluster. Observations

are assigned into a fixed number of clusters such that each observation is assigned to

the cluster with its centroid closest to it. K-means, a widely used algorithm of this type,

has been used for clustering in multiple settings such as in the classification of patients

with bipolar disorder using demographic and clinical data (Fuente-Tomas et al., 2019)

and to study groups of patients with similar morbidity co-occurrence and the potential

impact of specifically adapted treatments (Seymour et al., 2019; Papin et al., 2021).

The reliance on the concept of distance makes it difficult to use K-means with cat-

egorical data (Murphy, 2012), common in the healthcare domain. An approach to deal

with this is to modify the data to make it numerical and then apply K-means. For exam-

ple, in a study of multimorbidity profiles, the prevalence of morbidities was considered

for clustering instead of the raw information of the patient’s existing comorbidities

(Zador et al., 2019). A more principled solution is the application of K-modes (Huang,

1997), an application of the K-means paradigm to cluster categorical data. In this case

the concept of distance is extended to include the number of matching variables be-

tween patients, and the centroids are computed using the mode for each categorical

variable in each cluster instead of the mean (Huang, 1997, 1998). This approach has

been used to identify profiles in kidney disease patients (Popoola et al., 2021) and in

oncology patients with distinct symptoms profile (Papachristou et al., 2018).

These methods are used due to their conceptual simplicity and computational scal-

ability (Raykov et al., 2016). However, they exhibit limitations particularly relevant

in the healthcare domain. Firstly, they require prior knowledge in terms of the num-

ber of clusters, which is not always known. Secondly, they heavily rely on quality

data which is not always available in the ICU. Thirdly, these methods assume inde-

pendence between clinical features, which might not be true in the medical domain.

Finally, distance metrics impose assumptions about the distribution of features, lead-

ing to potentially unexpected clusters (Raykov et al., 2016).
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Latent Class Analysis

As discussed in 2.2.2, Latent Class Analysis (LCA) is one of the probabilistic ap-

proaches commonly used in the healthcare domain (Busija et al., 2019). This approach

has been used to identify seven complex patient morbidity profiles with significantly

different 1-year health care utilization and mortality (Grant et al., 2020). It has also

been used on laboratory and demographic data to identify four multimorbidity profiles

with different prevalence of sepsis and mortality (Zhang et al., 2018). Similarly, Zador

et. al. identified six multimorbidity profiles (Zador et al., 2019).

Despite being a more principled approach and addressing some of the issues of

centroid-based algorithms, LCA shares some of the same drawbacks: Firstly, it re-

quires the use of heuristics to define the optimal number of clusters, which could lead

to poor results (Nasserinejad et al., 2017; Busija et al., 2019). Secondly, LCA assumes

conditional independence of the observed features given the clusters. This might not

hold in the healthcare domain, as dependencies between morbidities might exist within

clusters, consequently affecting the quality of the results (Busija et al., 2019). Finally,

LCA uses unobserved variables to find clusters, making them hard to understand as

they cannot be interpreted directly from the observed data (Moshkovitz et al., 2020).

Agglomerative hierarchical clustering

Hierarchical clustering, see Section 2.2.3, offers an alternative to flat clustering tech-

niques, presenting a nested structure of clusters. This method relies on similarity met-

rics, such as Jaccard similarity coefficient (see Section 2.2.4), to group patients. Due to

its frequent use in the healthcare domain, we focus on the agglomerative hierarchical

clustering in this Chapter. This approach starts by assigning each patient to their own

cluster and then iteratively merges similar clusters based on their similarity. This pro-

cess continues until there is only one cluster, leaving a map of cluster models at each

merging step which can be visualized as a dendrogram.

Unlike the previous approaches, agglomerative clustering does not require a prede-

fined number of clusters. Moreover, the clustering outcome does not depend on initial-

ization parameters, facilitating its reproducibility. Additionally, the hierarchical view

of the clusters provides insights into the relationship between clusters and individual

observations. Leveraging these advantages, this approach has been applied in various

medical research contexts, including the identification of clinical profiles related to

the onset of sepsis (Lvovschi et al., 2011) and in the identification of multimorbidity
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profiles correlated to in-hospital mortality (Teh et al., 2018).

Despite its benefits, the agglomerative hierarchical approach also comes with draw-

backs. Firstly, while it does not require prior information on the number of clusters, it

lacks a principled method for determining the optimal number of clusters or hierarchi-

cal levels (Teh et al., 2018). Secondly, similar to the centroid-based methods discussed

earlier, it assumes independence between features, a strong assumption in the health-

care domain (Busija et al., 2019). Finally, it is as robust to sparse data as the similarity

function used, which means that it is prone to bias results in favour of dense features

similar to centroid-based flat clustering approaches.

Summary of existing clustering approaches

As we have described, existing clustering approaches present various drawbacks hin-

dering both their application and accuracy in the healthcare context. An added dis-

advantage of the methods presented so far is the lack of explainability derived from

possible non-intuitive behaviours of the algorithms (e.g. K-modes) or due to the indi-

rect relationship between the clusters and the observed data (e.g. in LCA). In the next

section, we introduce the use of the stochastic block modelling for patient clustering in

the healthcare domain. This method originates in network science, where it has been

demonstrated as an alternative to clustering (Peixoto, 2019).

4.1.2 Community detection in networks for patient clustering

An alternative approach for modelling patients and their clinical features is to orga-

nize them as a network, where patients and features become nodes, connected by links

representing their relationships (Restocchi et al., 2022). This network representation

enables the direct encoding of complex relationships between patients and their associ-

ated variables, making it particularly suitable to model high level dependency between

clinical variables, such as comorbidities, and patients (Barabási et al., 2011).

On top of this network representation, we make use of community detection, the

analogue of clustering in network science (Javed et al., 2018), to identify underlying

hierarchical structures in features and patients. Specifically, we employ the hierar-

chical stochastic block model (hSBM) (Peixoto, 2014b), a non-parametric approach

that delivers a hierarchical clustering model capable of unveiling detailed clusters, as

detailed in Chapter 2.3.

The hSBM has been shown as a good alternative for existing clustering models
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Figure 4.1: In contrast to existing approaches we propose a bi-partite representation

of patients and comorbidities and the use of a non-parametric Bayesian approach for

hierarchical community detection to uncover multimorbidity profiles.

(Peixoto, 2014b, 2017; Gerlach et al., 2018) and we believe that its advantages can be

carried over into the healthcare domain. Firstly, the number of clusters is automatically

inferred from the data. Secondly, the hSBM guarantees that the model cannot overfit or

find structure where there is none (Peixoto, 2014b, 2017). Third, the hSBM relaxes all

assumptions related to the distribution of features by using non-informative priors. Fi-

nally, its hierarchical approach does not struggle to find communities that might be too

small for other approaches. Finally, hSBM automatically infers a hierarchical cluster

structure that can facilitate the visualization of the solutions, similar to agglomerative

approaches (Vellido, 2020b).

In the rest of this chapter, we examine the application of hSBM to the discovery

of multimorbidity profiles for patients in intensive care units (ICU). We then compare

these results with three other traditional clustering techniques.

4.2 Experimental setting

In this section we present the experiments conducted to assess the effectiveness of our

approach in identifying multimorbidity profiles. Figure 4.1 outlines our experimen-

tal pipeline, presenting the differences between current approaches and ours. These

experiments utilize the cohort of patients introduced in Section 3.3.

We begin by exploring the current approach for the identification of multimorbid-

ity profiles. We explore the use of K-modes, LCA and Agglomerative Hierarchical
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clustering as these have been methodologically validated in the medical literature and

can serve as benchmarks for evaluating hSBM’s performance. We start by briefly rein-

troducing our study cohort in Section 4.2.1. Then, in Section 4.2.2 we summarize the

extensive work required to train and select optimal models for K-modes and LCA, and

in Section 4.2.3 we do the same for the hierarchical agglomerative model. Finally, in

Section 4.2.4 we employ our approach for the identification of multimorbidity profiles.

4.2.1 Patient cohort for the multimorbidity profile study

We perform our experiments using the cohort presented in detail in Section 3.3. Our

data includes both demographic, admission type and multimorbidity conditions. The

combination of these characteristics is common in the literature as it has been noted

that the relashionship between demographics and multimorbidites (Zador et al., 2019).

For example, the number of morbidities is relevant in the risk of mortality (Elixhauser

et al., 1998; Charlson et al., 1987), but at the same time the number of comorbidities

increases with age (Barnett et al., 2012a). It has also been reported the importance of

admission type in mortality and sepsis (Zador et al., 2019). By combining all of these

features we aim to explore the relevance of each in the clustering of patient and create

a dataset that allows us to make a fare comparison with the relevant literature.

As a reminder, this cohort includes only first ICU admissions for patients over 16

years old to avoid considering a patients multiple times. For each patient, we consider

their age, sex, admission type (elective, non-elective) and comorbidities (Charlson and

Elixhauser). As presented in Section 3.1, following relevant literature the age of pa-

tients is discretized into the following ranges: 16-24, 25-44, 45-64, 65-84, and over

85. The final study cohort includes 38,417 patients. Using this cohort we created two

different datasets, one including the Elixhauser comorbidity index and another with

the Charlson comorbidity index. We use both comorbidity indices in our experiments

to evaluate our approach’s advantages across differences in the datasets.

4.2.2 K-modes and LCA to identify multimorbidity profiles

In this section we introduce the multimorbidity profiles identified using K-modes and

LCA in our ICU dataset. The choice of these clustering techniques reflects their rel-

evance in the ICU context discussed in section 4.1. The final morbidity profiles dis-

covered are presented in Figures 4.12 and 4.10, summarized as heatmaps detailing the

prevalence of feature in each cluster relative to its prevalence in the sample. In the
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Figure 4.2: Model Selection: We conducted 100 experiments for each clustering

method, each one including models with 3 to 20 clusters (blue boxes). Within each

experiment, we determined the optimal number of clusters (green box) using the elbow

method. This process yields a table displaying the optimal cluster numbers per experi-

ment (on the right).

following, we describe the process of model selection and validation.

4.2.2.1 Model selection

To ensure the robustness of our models, we examine a broad spectrum of potential

solutions in our selection process. To this aim, we run and examine 100 individual

experiments for each model applied to the datasets with Elixhauser and Charlson co-

morbidity indices. Each experiment consists of building models ranging between 3

and 20 clusters (light blue boxes in Figure 4.2). The clustering range is aligned with

relevant clinical literature (Åkerlund et al., 2022; Zador et al., 2019) and aims to strike

a balance between having a minimum number of clusters that is significant and not as

many as to create an unmanageable and over-fitted model.

We begin by determining the optimal number of clusters for each experiment (green

box in Figure 4.2). To this purpose, we apply the elbow method (see Section 2.2.4) in

each experiment using the number of clusters versus quality metric plot. As metric we

use the Bayesian Information Criteria for LCA, for K-modes we use the distortion, the

average distance of each observation to the centroid of the cluster it has been assigned

to as defined in equation 2.4). We obtain 100 candidate models with different numbers

of clusters, illustrated in the table in Figure 4.2. We chose the most frequent of the

optimal clusters in this table as the best number of clusters for the model. As presented

in Figure 4.3, the chosen number of clusters for both K-modes and LCA using the

Elixhauser dataset is 8, and 8 and 7 for the K-modes and LCA respectively with the

Charlson dataset.
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Figure 4.3: Frequency of optimal cluster numbers found using the elbow method in

LCA (red) and K-modes (blue) experiments with Elixhauser (right) and Charlson (left)

indices. The mode for LCA and K-modes experiments is denoted by the orange and

blue vertical lines, respectively, representing our chosen optimal cluster count.

We finally select the model with the best performance metric among the candidates

having the optimal number of clusters. The final models we choose following this

methodology are presented in Figures 4.12 and 4.10 for the Elixhauser and Charlson

datasets respectively. In the next section, we evaluate the stability of these clusters to

validate the soundness of our selection.

4.2.2.2 Models stability

By scanning through various potential models and following the principle of entropy

minimization we come to the most probable number of clusters identifiable from the

data. Despite our approach providing an optimal model across multiple criteria, the

question of stochasticity is still present. Is it plausible that our optimal solution is for-

tuitous, attributable to specific initial conditions? Might the lowest entropy be achieved

with two or more vastly distinct partitions?

To address this issue we use the Mutual Information (MI) metric (see Section 2.2.4)

to study the stability of the clustering models identified in the previous section. MI

gauges the concurrence in membership allocation between two clustering models. This

metric quantifies the similarity of two partitions, where a value of 1 signifies identical

patient groupings and 0 no shared clusters. We use MI to evaluate the stability of the

optimal models for both K-modes and LCA by comparing the top 10 models.
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Figure 4.4: Mutual Information between the Top 10 Elixhauser models generated by

LCA (left) and K-modes (right). Models are labelled from 0 to 9 based on entropy, with

0 being the lowest entropy and 9 the highest. Notably, MI is considerably greater in LCA

partitions compared to K-modes partitions. The optimal model for each method (model

0) maintains the highest MI with other models, emphasizing its consistency across all

models.

Figure 4.4 presents a comparison of MI between the top 10 multimorbidity profiles

derived from Elixhauser data using LCA and K-modes. Interestingly, the LCA models

exhibit higher MI values amongst themselves compared to the K-modes models. This

suggests that LCA consistently groups patients in a similar manner, showing more

stability compared to K-modes, where clustering vary more. The same can be observed

for the Charlson dataset (see Appendix B.1), reinforcing this idea.

Regarding the stability of the selected models (named model 0 in both cases), it

is worth noting that they demonstrate a high level of uniformity with other examined

models. In the LCA scenario, the minimum MI reaches 0.9, while in the case of K-

modes, it stands at 0.5. Similar trends are observed when considering the clusters based

on the Charlson index, as outlined in Figure B.1 of Appendix B. With these results in

mind, we proceed with our study utilizing the models presented in Figures 4.12 and

4.10. These models not only show low entropy but also capture a cluster structure that

aligns with that of the other leading models.
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Figure 4.5: Elbow calculation for the agglomerative clustering using the Elixhauser co-

morbidity index (left) and Charlson (right). We identify two elbows, the first one at 7

clusters is computed in consideration of all cluster models. The second one at 12 clus-

ters, considered only clusters between 8 and 20.

4.2.3 Agglomerative clustering to identify multimorbidity profiles

In the following, we present the outcomes of the agglomerative hierarchical clustering

applied to the Elixhauser and Charlson multimorbidity datasets. This approach differs

from the previous ones in that its outcome is deterministic given a similarity metric (see

Section 4.1), thus there is no need to run multiple experiments for model selection.

We start by considering two metrics to measure similarity between patients. First,

we employ the Jaccard coefficient (see Section 2.5.1), well-suited to our categorical

dataset (Lvovschi et al., 2011). We also include the squared root of the difference be-

tween patients’ features as an alternative distance used in the healthcare domain for

one-hot encoded data (Cui et al., 2018). Using these metrics, we compute the distance

matrix for each patient-patient pair. Based on this matrix, we build models with clus-

ters ranging from 3 to 20 using an average linking strategy for cluster merging (see

Section 2.2.3). These models are compared using the elbow method using the distor-

tion score as a quality metric (see Section 2.5.1). We move forward using the patient

distance as a merging metric since it yields the lowest distortion in all experiments.

For model selection, we favour the use of the elbow method to keep consistency

with prior experiments and to reduce the subjectivity in the selection process. The el-

bow is applied twice. Initially, we consider all models (ranging from 3 to 20 clusters),

revealing a first elbow at 7 clusters for both datasets. Then, we apply the elbow con-

sidering only clusters from 8 to 20 clusters, leading to another elbow at 12 clusters.



66 Chapter 4. Improving identification of multimorbidity profiles for ICU patients

Figure 4.6: Bipartite network of patients and Elixauhser comorbidities and demographic

features. Patients are displayed as nodes on the right and features on the left of the

network. The tree illustrates the clustering structure inferred using the hSBM model,

with 12 patient clusters at the lowest hierarchical level and 6 at the intermediate level.

We do not further apply the elbow as no significant elbow candidate is observed. As

presented in Figure 4.5, this process results in a two-level hierarchical structure, with

7 and 12 clusters in both datasets. Notably, this structure aligns with the two-level

hierarchical structure that the hSBM unveils (see Section 4.2.4). The final models are

shown in Figures 4.12 and 4.10.

4.2.4 Community detection to identify multimorbidity profiles

In this section, we introduce our approach to identifying multimorbidity profiles in

ICU patients using hierarchcial stochastic block modelling. We start by constructing a

bipartite network connecting patients and their clinical features. This step represents

the first difference with commonly used methods as the network-based representation

of patients and features provides a more expressive means to encode their complex

relationships. Next, we run the hSBM algorithm, discussed in Section 4.2.4, to infer

the most probable hierarchical clustering structure using the Elixhauser and Charlson

datasets. In the following we describe the process leading to our final models shown

in figures 4.11 and 4.13.
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We began by constructing a bipartite network to represent the relationship between

patients and their characteristics. Figure 4.6 illustrates this network, with patients rep-

resented by nodes on the right and characteristics nodes (age group, sex, and Elix-

hauser comorbidity) on the left. Links connect each patient to their characteristics; for

example, a male patient will be linked to “male” sex node. It is important to note that

our network is unweighted as each link is considered equally important. Similarly, we

build a bipartite network for the Charlson comorbidity index.

We then apply the hSBM to unveil cluster structures using a two-step methodol-

ogy to avoid local and sub optimal solution (Peixoto, 2021). Firstly, we employ an

agglomerative multilevel Markov Chain Monte Carlo (MCMC) algorithm (Peixoto,

2014a), which starts by partitioning all nodes in distinct clusters and then, at each step,

proposes moving nodes between clusters. These moves are accepted with a probability

based on their resulting reduction in entropy (MDL in our case), or entropy gain. Due

to its stochastic nature, this algorithm cannot ensure the best partition. To mitigate this,

we ran the algorithm 100 times. Each new model is compared to the best previous one

by computing the ratio of their MLD scores. This posterior odds ratio quantifies how

much more likely is the new model to fit the old one.

However, there is still a small chance that the algorithm converged to a local min-

imum. To address this, we further refine our solution using the merge-split MCMC

algorithm (Peixoto, 2020), which addresses this issue by proposing to move groups of

nodes instead of single ones. This allows for a more exhaustive scan of the solution

space of group assignments. We run this 10,000 times, in batches of 10, to ensure

that no further significant improvement is possible. After roughly 200 run batches

the improvement in the posterior likelihood stabilizes (Figure 4.7), suggesting that the

clusters obtained are either optimal or close to the optimal.

Figure 4.6 shows the final clusters. The tree-like structure overlaid on the network

represents the hierarchical clustering structure found using the described methodology.

Starting from the ”Bipartite split,” the right branches depict patient clusters and their

hierarchy. At the lower block level, there are 12 patient clusters, represented by the

12 leaves on the right. These clusters are further organized into 6 at the intermediate-

level clusters. Similarly, the left branches show the hierarchical structure of patient

characteristic clusters.
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Figure 4.7: Posterior odds ratio obtained at every run of the merge-split MCMC. After

around 200 batch runs the posterior odds ratio stabilises at a state whose partition is

≈ 1060 more likely than the one found initially by the agglomerative multilevel MCMC.

4.3 Clustering analysis

In this section, we conduct an in-depth analysis and comparison of our approach and

the benchmark approaches, namely K-modes, LCA and hierarchical agglomerative

clustering. We organize this section in four subsections to address the variety and

intricacy of these models. We start with a quantitative analysis of our models, aiming to

understand their overall quality and general behaviour. Then, we move into a detailed

comparison of the clustering models.

Since a direct comparison between hSBM, hierarchical agglomerative models, and

the flat partitions models of LCA and K-modes is hard to conduct, we break our analy-

sis into two parts. We begin by evaluating the benchmark outcomes against each other

and the intermediate cluster structure of the agglomerative and hSBM models. This

comparison is possible due to the fact that hSBM and the agglomerative clustering

models identify a comparable number of clusters to the flat methods using the Elix-

hauser and Charlson morbidity indices. Then, we examine the lower hierarchical level

of the hSBM comparing it mainly with the lower hierarchical level of the agglomera-

tive clustering model.

4.3.1 Quantitative analysis of the clustering models

We start by comparing the clustering models presented in the previous section using a

quantitative approach. A common criterion to quantify the quality of cluster partitions

is to examine the level to which elements within clusters are similar and at the same

time different to those in other clusters. In this section, we use the Caliński-Harabasz
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Figure 4.8: Calinski-Harabazs score comparison among the different clustering ap-

proaches for the Elixhauser (on the right) and Charlson (on the left) comorbidity indices.

Notably, LCA, K-modes and the agglomerative clustering are greatly impacted by the

presence of the demographic and admission type information. In contrast, hSBM per-

formance remains consistent, suggesting its ability to incorporate the relevance of the

comorbidity in the final clustering model.

(CH) score (Caliński and Harabasz, 1974b) score (Section 2.5.1) to evaluate the K-

modes, LCA, hierarchical agglomerative and hSBM models previously introduced. In

Figure 4.8, we show the CH score for the clustering models derived using the Elix-

hauser and Charlson comorbidity indices.

On top of examining the overall quality of the different models, we conduct two

experiments for each dataset to assess the impact of morbidities and demographic data

separately on the clustering algorithms. As noted in Section 3.3 there is a noticeable

difference in the density of morbidity features compared to demographic ones. While

patients generally present relatively few comorbidities, each patient will always have

records for age, sex and admission type. For instance, on average, patients exhibit 3

comorbidities out of the 30 possible Elixhauser comorbidities (only 10%), but every

patient has a record for age, admission type and sex. This could potentially bias the

clustering algorithms to overemphasize the denser features (i.e. demographics and

admission type) at the expense of the sparser comorbidity features.

In the first experiment, the CH score was calculated considering all the features

used to infer the clustering models (comorbidities, demographics, and admission type),

presented in blue in Figure 4.8. For the second one, we compute the CH score con-

sidering only comorbidities, with results shown in red in the same figure. Results in
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Figure 4.9: Mutual Information between the final clustering models for K-modes, LCA

and agglomerative and hSBM at the lowest hierarchical level. Noticeably, hSBM consis-

tently shows lower MI compared to the benchmarks. This supports the idea that hSBM

can identify different clusters than those found by traditional methods.

Figure 4.8, show the impact of demographic and admission type features on the LCA,

K-modes and the agglomerative models, greater than on the hSBM. The impact is such

that these models go from presenting the best CH score when considering all the fea-

tures, to being the worst when considering only comorbidities. Maybe more surprising

is that for the hSBM, the CH score virtually remains the same across experiments,

pointing to the robustness of the hSBM clusters to variations in the denser features.

The previous observations suggest that while the LCA, K-modes and agglomerative

hierarchical models rely on the demographics and admission type to infer the similarity

between patients, the hSBM can identify relevant multimorbidity patterns connecting

patients even though these are sparse. In the upcoming sections, we will delve into

this further as we analyze the prevalence of features within each cluster model. This

analysis will reveal that demographic features predominantly determine the clusters

generated by LCA, K-modes and the agglomerative approaches, whereas hSBM strikes

a balance across all features.

4.3.2 High level comparison of multimorbidity clusters

We start our analysis by comparing the LCA and K-modes clustering models to the

highest hierarchical level of the agglomerative and hSBM models. We first present
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a comparison between the benchmark methods to then incorporate our findings with

the hSBM model. To facilitate the analysis, we assign a suffix to each cluster in the

text, indicating whether it belongs to the Elixhauser or Charlson cluster. For instance,

cluster L1e denotes Elixhauser LCA cluster number 1, while L1c denotes Charlson

LCA cluster number 1.

4.3.2.1 Benchmark clustering model comparison

Our analysis of clusters brings to light the pronounced role of demographics and admis-

sion type across the different benchmark methods and indices. As we describe below,

despite their methodological difference LCA, K-modes and hierarchical agglomerative

clustering methods all yield very similar clustering structures. The latter shows clear

groupings based on age, sex and admission type, but is not as clear when examining

their comorbidity composition.

A notable example is the relevance of admission type. Elixhauser clusters L7e,

L8e, and K8e and Charlson clusters L3c and K8c, in Figure 4.12 and 4.10 respectively,

are characterized by a very high prevalence of elective patients. This pattern persists in

hierarchical clustering with clusters HC-Ae and HC-Ac as shown in Figures 4.12 and

4.10. Interestingly, Elixhauser clusters L8e (6.31% of the sample) and L7e (9.39 % of

the sample) are gender specialisation for elective patients, with the former including

mostly female patients and the latter male.

Another similarity across models and indices is the significance of age and gender.

Aligned with the literature (Zador et al., 2019; Papin et al., 2021), all models show

groups of younger male patients with AIDS and varying prevalence of liver disease.

These clusters are Elixhauser L4e and K5e (13.19% and 10.19% of the sample respec-

tively) and agglomerative clusters HC-Ee (13.12% of the sample). A similar trend is

observed in Charlson clusters HC-Gc and L7c (13.18% and 7.94% of the sample re-

spectively), and to some extent in K1c. These clusters show slightly lower rates of

sepsis and mortality, likely due to the younger age of the patients. Notably, Elixhauser

clusters L2e, K2e, and HC-Ce (16.80%, 20.63%, and 16.75% of the sample, respec-

tively) and Charlson clusters HC-Bc and K6c (16.82% and 25.28% of the sample)

cluster male patients with a similar morbidity profile but higher prevalence of liver dis-

ease as the previously discussed clusters and of older age. This suggests these clusters

reflect a later stage of the younger patients with AIDS and liver disease.

Specific clusters for male and female patients between 65 and 84 years old are also

unveiled by all the benchmark algorithms and across both comorbidity indices. These
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Figure 4.10: Best Charlson patient clusters for K-modes, LCA and hierarchical agglom-

erative clustering approaches. The heatmaps show the relative difference in features

prevalence between each profile and the total populations, with red indicates higher

prevalence and blue lower. A value of 0% for a cluster represents equal feature preva-

lence to the population, while 500% indicates a prevalence five times higher than the

population. Similarly to the Elixhauser case in Figure 4.12, demographics and admis-

sion type exhibit an important role in the definition of profiles. For instance, elderly

patients or non-elective patients are the main characteristics of clusters across meth-

ods.
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Figure 4.11: Composition of hSBM clusters for the Elixhauser dataset. At the top are the

clusters from the intermediate hierarchical level, which divides into clusters at the low

hierarchical level (indicated by lines between clusters). For instance, cluster B divides

into B1 and B2. The heatmap displays the relative morbidity prevalence between each

cluster and the entire dataset. A value of 500% represents a cluster prevalence 5 times

higher than in the entire population.

clusters are Elixhauser clusters K1e, L1e and HC-De (21.38%, 18.23% and 13.32% of

the sample) grouping the male patients and K4e, L3e and HC-Fe (11.66%, 15.27% and

15.32% of the population) doing the same for female patients. These clusters appear

as well in the Charlson index. The more evident examples are clusters K3c, L1c and

HC-Ec (14.07%, 18.23% and 18.24% of the population) for male patients and K2c, L5c

and HC-Dc (17.60%, 15.27% of the population in both models) for female patients.

Clusters of female patients between 45 and 64 years old represent another similarity

between algorithms and indices. This grouping appears in Elixhauser clusters HC-Ge

and L6e (10.07% of the sample for both clusters) and K3 (17.63% of the sample) al-

though in this last case, the cluster extends the age group including female patients

under 64 years old. Similar clusters are observed when the Charlson index is consid-

ered despite the comorbidities being different. Charlson cluster HC-Fc (10.07% of the

sample) is notably similar to Elixhauser clusters HC-Ge and L6e while Charlson clus-

ter L4c and K5c (15.32% and 12.45% of the sample) are comparable to Elixhauser K3e

as both include female patients under 64 years old.

While not as strongly as in the previous examples, the prevalence of patients over
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85 years old play a role in the definition of clusters across different benchmark ap-

proaches and datasets. Starting with the Elixhauser index, clusters K6e, L5e and HC-Be

(7.92%, 10.73%, and 10.73% of the sample) represent this age group with high preva-

lence of congestive heart failure, cardiac arrhythmia, valvular disease and deficiency

anaemia, hypothyroidism, and renal failure. Notably, this same grouping appears in

Charlson clusters L6c and HC-Cc (10.73% and 10.71% of the sample), but this time

accompanied by high prevalence of dementia and lower, but still high, prevalence of

congestive heart failure and renal disease. Interestingly, the effect of this age group is

not that substantial when examining the Charlson K-modes partitions. In these cases,

clusters include other patients in the age range of 16 to 64 and are specialized by gen-

der. These clusters are K5c for female patients (12.45% of the sample) and K7c (6.22%

of the sample) for male patients.

Perhaps the most notable difference between the benchmark methods is that K-

modes identify a group of patients characterized by an elevated occurrence of uncom-

plicated diabetes and congestive heart failure that the rest of the models fail to unveil.

These are the cluster K7e and K7c (5.72% and 6.22% of the sample). Interestingly,

despite sharing a common core of significant comorbidities these clusters are quite

different in terms of demographics. The Elixhauser cluster shows a high number of fe-

male patients between 65 and 84 years old and the Charlson one has a high prevalence

of male patients over 65 years old.

Despite the last example, strong similarities exist between the K-modes, LCA and

the agglomerative hierarchical approach at its higher level. These similarities under-

score the influential role of demographics and admission type in the clustering. As

discussed in Section 2.2, this can be explained due to the higher density of these fea-

tures compared to multimorbidities. These findings align with our observations from

Section 4.3.1, highlighting the heavy reliance of benchmarks on denser features, i.e.

demographics and admission type. While this does not mean that the partitions found

are incorrect, these methods might overlook important comorbidity patterns related

to medical outcomes and that are influenced by demographic characteristics (Barnett

et al., 2012b). In the following section, we show how our approach addresses this

limitation, capturing the same information traditional methods extract while unveiling

clusters based primarily on multimorbidities.
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Figure 4.12: Best Elixhauser patient clusters for K-modes, LCA and hierarchical ag-

glomerative clustering approaches. The heatmaps show the relative difference in fea-

ture prevalence between each profile and the total populations, with red indicating

higher prevalence and blue lower. A value of 0% for a cluster represents equal fea-

ture prevalence to the population, while 500% indicates a prevalence five times higher

than the population. Demographic factors and admission type significantly characterize

profiles across methods. For example, patients over 85 years old are a primary charac-

teristic for clusters in all presented methods.
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Figure 4.13: Composition of hSBM clusters for the Charlson dataset. At the top are

clusters at the intermediate hierarchical level, dividing into clusters in the lower level as

indicated by lines between clusters.

4.3.2.2 hSBM and benchmark clustering comparison

We start our analysis by looking at the level of agreement in patient cluster assignments

between hSBM and benchmark methods. We use the Mutual Information score (MI),

as discussed in Section 2.5.1, a higher MI indicates greater similarity in the clustering

methods. Figure 4.9 shows the MI between hSBM and K-modes, LCA, and the Ag-

glomerative methods at their lowest hierarchical level. Notably for both comorbidity

indices, hSBM has low MI scores with all other methods, suggesting it groups patients

different. On the contrary, the benchmark methods achieve higher MI scores between

them, indicating a high level of agreement amongst them.

The above suggests that hSBM clusters patients differently than the benchmark

methods. One explanation for this is that hSBM places less emphasis on demographic

variables, as shown in Figure 4.8, and can include morbidities in the clustering process.

This results in a model that simultaneously incorporates the effects of demographics

and morbidities. Thus, our model identifies known clusters detected by traditional ap-

proaches and defined by demographic variables (e.g., clusters of patients over 85 years

old) while also discovering new clusters. Our analysis begins by highlighting the simi-

larities between hSBM and the benchmarks before emphasizing the novel information

revealed by hSBM.
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Figure 4.14: Age prevalence in hSBM clusters identified across morbidity indices. On

top is the Elixhauser index and on the bottom is the Charlson. Notably, in both cases,

younger patients tend to be grouped in few clusters.

Notably, all the approaches identify clusters strongly characterized by age across

indices. For example, hSBM aggregates most patients in the age ranges 16-24 and

25-44 in Elixhauser clusters Ae and Be and Charlson cluster Ac (see Figure 4.14). This

pattern is also evident in the benchmark methods, particularly in Elixhauser clusters

L4e, K5e, and HC-Ee and Charlson clusters L7c, K2c, K5c, and HC-Gc. Another

parallel lies in the treatment of older patients by the hSBM and benchmark methods.

Clusters with a very high prevalence of patients between 65-84 years old can be found

in the hSBM Elixhauser clusters Ee and Charlson Cc and benchmark clusters L1e, L3e,

K1e, K4e, K7e, K8e, HC-De and HC-Fe and L1c, L5c, K3c, K4c, K6c, K8c, HG-Dc

and HG-Ec. Similarly, clusters mainly characterised by patients over 85 years old can

be seen in the hSBM Elixhauser cluster Fe and Charlson Bc, benchmark Elixhauser

clusters L5e, HC-Be and Charlson clusters L6c, K7c, and HC-Cc. The consistency of

these clusters across approaches is evidence their relevance in the ICU.

Beyond the mentioned similarities, various key differences set hSBM apart from

our benchmark models. Notably, hSBM is able to consider all features for cluster-

ing, the interweaving of admission type with other morbidity features is one example.

As a case in point, hSBM Elixhauser clusters Be and De group patients with a lower

prevalence of elective admissions (roughly 60% below average) combined with a high

prevalence of alcohol and drug abuse. In contrast, the benchmarks group most elective

admissions in Elixhauser clusters L7e, L8e, K8e and HC-Ae, offering no substantial

insights into these patients’ profiles. Similarly, Charlson hSBM cluster Bc merges pa-

tients with elective admissions (240% above average) and the highest prevalence of
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liver disease and cancer. Benchmarks group these patients in clusters L3c, K6c, HC-

Ac, with only marginally elevated cancer and peripheral vascular disease prevalence

but lack the relevance of admission type.

Another difference lies in the significance of gender. While hSBM does not empha-

size this feature, it remains relevant in the benchmarks. For instance, consider patients

aged 65 to 84. Elixhauser clusters L1e, L3e, K1e, K4e and HC-De and HC-Fe divide

this group mainly by gender. A similar pattern emerges in the lower hierarchical level,

where hSBM prioritizes the comorbidity profile over gender. This leads to Elixhauser

clusters E1e, F1e, F2e and F3e and Charlson clusters B6c, C1c and C2c with distinct

prevalence of outcome. The same trend appears in the context of the Charlson index in

clusters L1c, L5c, K3c, K4c and HC-Dc and HC-Ec. In these clusters, despite gender

specification, no significant insight is evident. In contrast, hSBM gives more relevance

to comorbidity composition, yielding cluster Cc with the highest sepsis and mortality

levels at the intermediate hierarchical level.

A final difference is the patterns of morbidity count in patients, a significant factor

affecting patient outcomes (Charlson et al., 1987; Elixhauser et al., 1998; Busija et al.,

2019). Figures 4.16 shows that benchmarks do not differ from each other in multimor-

bidity count, suggesting that this aspect is not captured (Further evidence for Charlson

index in Figure B.6) shows similar trend with Charlson index). In contrast, our results

reveal hSBM’s capacity to group patients not only based on demographics and admis-

sion type but also by considering patients’ individual morbidities count (excluding any

other patient characteristic), as shown in Figure 4.15. Noticeably, this trend is con-

stant across indices, with a clear distinction between clusters grouping patients having

zero, few or multiple morbidities. This is clear in Elixhauser clusters De, Ee, Fe and

Charlson clusters B1c to B3c, B6c and C1c to C3c comprising patients with multiple

morbidities (≥ 2), and Elixhauser clusters B1e, C1e and Charlson clusters A1e, B4e,

B5e, and C4e with patients having only one comorbidity. Interestingly, we observe

that the number of morbidities keeps a relationship with the type of morbidity. For

example, patients in clusters with only one morbidity typically present the same type

of morbidity. In Cluster B1e, patients only present one psychosis, depression, alcohol

or drug abuse or other neurological.

A final noteworthy finding of our approach is that none of the patients in clus-

ters Ae, A2c or A3c have morbidities. These clusters represent younger patients with

no long-term conditions that are completely undetected by the benchmark methods.

Importantly, this category of patients is expected and of particular interest, but is un-



4.3. Clustering analysis 79

Figure 4.15: Count of Elixhauser morbidities per patient, i.e. the number of co-existing

long-term disorders, at both the intermediate (left) and bottom (right) hierarchical lev-

els. Circle size represents the number of patients with a specific count of morbidities.

Surprisingly, we observe clusters, like A1, B1, C1, etc., where patients have only a few

or no long-term illnesses. This indicates that the number of morbidities plays a crucial

role in cluster formation. However, as the multimorbidity count increases, as seen in

clusters D1, D3, and F2, the specific count appears less significant.

detectable by LCA, K-modes or the agglomerative models. This is also reflected in the

much lower than average mortality and Charlson and Elixhauser comorbidity scores,

shown in Figures 4.21 and 4.20.

The benefits of hSBM start to become evident at this level. Firstly, the method

provides a more detailed description of the data and insights that the benchmark meth-

ods fail to capture. As alluded to previously, hSBM is able to combine sparse and

dense features in the clustering assignment. Secondly, hSBM is able to capture non-

explicit aspects of the dataset such as the multimorbidity count. Finally, hSBM is able

to identify relevant groups that benchmarks fail to capture, such as clusters of patients

without comorbidities. In the next section, we examine in detail the fine-grained results

provided by hSBM.
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Figure 4.16: Number of Elixhauser-defined comorbidities per patient for LCA (right) and

K-modes (left) clusters. Circle size represents the frequency of patients with a specific

number of morbidities.

4.3.3 Comparison of fine-grained clusters

The previously mentioned hSBM clusters further divide into more detailed clusters at

the lowest hierarchical level. Specifically, the six Elixhauser hSBM clusters break into

12 and the three Charlson ones split into 13. These clusters discriminate patients even

further into more granular clusters, providing a more comprehensive understanding of

patient groupings. Our analysis begins by comparing the hSBM to the agglomerative

hierarchical model due to its shared hierarchical structure. We then move into a de-

tailed analysis of hSBM clusters, focusing on their morbidity composition and count,

the mortality and sepsis prevalence of the patients they group, and when possible in

comparison with the benchmarks.

4.3.3.1 Hierarchical clustering comparison

Besides sharing a hierarchical structure, hSBM and agglomerative algorithms present

dramatically different outcomes. Notably, the agglomerative hierarchical clustering

model produces nearly identical clusters at the intermediate and lower hierarchical lev-

els, despite differences in morbidity. In contrast, hSBM presents distinctly clustering
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Figure 4.17: Heterogeneity in sepsis, mortality, and mortality-given-sepsis among Elix-

hauser hSBM clusters. The dotted lines show the average for mortality, sepsis and

mortality given sepsis for the test cohort. Notably, at the finest hierarchical level, clus-

ters like D1, F1, and F3 exhibit markedly higher sepsis and mortality rates than the

subset average. Conversely, clusters such as those from A1 to C1 indicate a substan-

tial prevalence of patients with low sepsis and mortality risk.

Figure 4.18: Sepsis, mortality, and mortality given sepsis across Elixhauser LCA (left)

and K-modes (right) clusters. The dotted lines show the average for mortality, sepsis

and mortality given sepsis for the test cohort. We notice greater stability in medical

outcomes across clusters, except for clusters K2 and K6. This homogeneity suggests

a limited association between these clusters and medical outcomes
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Figure 4.19: Sepsis, mortality, and mortality given sepsis across Elixhauser agglom-

erative clustering, 7 clusters (left) and 12 clusters (right). The dotted lines show the

average for mortality, sepsis and mortality given sepsis for the test cohort. We notice

greater stability in medical outcomes across clusters. This homogeneity suggests a

limited association between these clusters and medical outcomes.

structures within the context of the Elixhauser and Charlson indices.

One of the most surprising findings is that agglomerative clusters can be mapped

one-to-one between indices in terms of the demographics and admission type and the

percentage of the population they encompass. This correspondence is observed, but

not limited to, in clusters HC-Ae and HC-Ac (15.65% and 15.70% of the sample),

Elixhauser HC-Be and Charlson HC-Cc (10.73% and 10.71% of the sample), and Elix-

hauser HC-Ce and Charlson HB-Bc (16.75% and 16.82% of the sample). Beyond rep-

resenting similar proportions of the population, these pairs of clusters present virtually

the same prevalence of sepsis, mortality and mortality given sepsis (see Figure 4.19).

This trend persists at the lower hierarchical level, where each of the clusters in the

previously mentioned pairs divides into clusters with comparable size, demographic

profiles, and prevalence of outcomes. This similarity in the clustering structure despite

differences in morbidity resonates with the findings in Sections 4.3.1 and 4.3.2 under-

pinning the bias towards the denser features, i.e. demographics and admission type, in

detriment of the sparse ones, i.e. comorbidities.

In contrast, the hSBM presents a substantially different picture. As shown in Fig-

ures 4.11 and 4.13, the cluster structures inferred for both indices diverge significantly.

At an intermediate level, hSBM identifies six clusters for the Elixhauser and only three
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for the Charlson index. While some similarities in the clustering structures can be

spotted between indices at this level, they fade away as we look into the lower hierar-

chical level. For instance, hSBM identify clusters of healthy patients under 65 years

old in the clusters Ae and Ce (adding up to 19.94% of the sample) and cluster Ac

(23.90% of the sample). However, this apparent similarity dissipates when we explore

the lower hierarchical level. Here, we can observe that the Elixhauser clusters do not

divide further, whereas the Charlson clusters branch into three distinct ones: A1c, com-

prising patients with the highest prevalence of AIDS and mild liver disease (1,91% of

the sample); A2c, encompassing elective patients without comorbidities (3.93% of the

sample); and finally A3c, involving non-elective younger patients without comorbidi-

ties (18.06% of the sample). These results underscore the hSBM’s ability to integrate

all features, taking into account demographics when relevant (i.e. younger patients at

the intermediate level) as well as morbidities (i.e. clusters A1c, A2c and A3c).

4.3.3.2 Common clusters found across multimorbidity indices

Surprisingly, hSBM not only identifies similarities based on demographics like the

benchmark but also incorporates morbidity count as a distinguishing factor. The ro-

bustness of these clusters is further validated by the congruence observed in terms of

mortality rates, sepsis onset, and mortality given sepsis among these analogous clus-

ters. In the following, we provide three examples, leaving the remaining comparisons

in Annex B.4.

Patients without morbidities (Elixhauser cluster A1e, Charlson cluster A2c & A3c)

Both hSBM models agree on clusters formed by patients without comorbidities. The

first example is that of young patients without morbidities, found in cluster A1e and

cluster A3c. These clusters exhibit a high prevalence of younger patients and low

prevalence of elective admission. As expected, they also show significantly lower rates

of sepsis (9.68% and 20.07%) and mortality given sepsis (13.3% and 13.63%) com-

pared to the overall averages (27.52% and 21.6%). Another example is cluster A2c,

representing middle-aged patients without comorbidities with a remarkably low inci-

dence of sepsis onset (5.36%) and mortality given sepsis (3.70%). Notably, cluster A2c

represents 18.06% of the sample being the second biggest cluster in the lower hierar-

chical level. A common characteristic among all these clusters is their low prevalence

of adverse outcomes. The lack of comorbidities distinguishes these clusters aside from
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any other cluster in the benchmarks.

Higher morbidity count (Elixhauser cluster F2e & F4e, Charlson cluster C1c & C2c)

Cluster F2e and cluster C1c show the highest multimorbidity count in their respective

morbidity indices, strictly more than 6 and 4 respectively. The high number of comor-

bidities is reflected in their sepsis prevalence, the highest among all clusters with older

patients (56.11% for F2 and 42.22% for C1c), and mortality rate (21.29% and 18.00%

respectively). Cluster F4e and cluster C2c present the second-highest comorbidity

count among clusters with older patients, 5 or 6 for F4e and strictly 3 for C2c. These

clusters also exhibit high rates of sepsis (roughly 40% for F4e and 36.23% for C2c)

and mortality (18% and 15.80%, respectively), although lower than the previous clus-

ters, consistent with their lower comorbidity count. The high prevalence of negative

outcomes is to be expected given the age of patients, their high comorbidity count,

and their complex multimorbidity profiles which include a number of cardiovascular

diseases (Arnold et al., 2005).

Patients under 85 years old with exactly one multimorbidity (Elixhauser clusters

C1e & Charlson clusters C4c)

These sizeable clusters are characterized for including patients with exactly one co-

morbidity and excluding patients over 85 years old. Notably, the only difference in

outcome is the onset of sepsis 14.27% for C1e versus 24.27% for C4c which could be

explained by a lower rate of elective admissions in C4c. Interestingly, this does not

translate into mortality as its prevalence is lower than the population at 8.25% for C1e

and 9.18% for C4c. This reinforces that the most relevant factors in this cluster are the

low comorbidity count and the exclusion of patients over 85.

4.3.3.3 Distinct clusters found between different indices

Of note, hSBM is able to identify clusters that are unique to each morbidity index,

underscoring its capability to unveil patient profiles rooted in specific morbidities. The

robustness of these multimorbidity profiles is supported by their high correlation with

distinct morbidity counts and their associations with mortality, sepsis and mortality-

given sepsis rates. In the following, we provide two examples, leaving the remaining



4.3. Clustering analysis 85

comparisons in Annex B.5.

Patients with mental and neurological disorders (Elixhauser clusters D1e, D2e,

D3e)

Cluster De is characterized by a higher prevalence of substance abuse among patients

aged 25 to 64, along with several related conditions such as AIDS, coagulopathy, liver

disease, and fluid-electrolyte disorders (Ballard, 1997; Salmon-Ceron et al., 2005). At

the lower hierarchical level cluster De splits into clusters D1e and D2e, showing the

highest prevalence of substance abuse, AIDS, and liver disease among all clusters (see

Figure 4.11) and cluster D3e with the highest prevalence of obesity in the sample,

28.22% vs an average of 4.92%. This suggests that a major characteristic of cluster De

is related to mental health issues (psychosis and depression) connected to drug abuse

or obesity. Interestingly, while similar profiles can be seen in the benchmarks, these do

not correlate significantly to adverse outcomes. Elixhauser clusters L4e, K5e and HC-

Ee group only young patients with drug abuse but not with no significant prevalence of

sepsis, unlike clusters D1e, D2e and D3e.

Examining D1e and D2e, we notice that they differ mostly in the multimorbidity

count (3 or 4 for patients in D2e and 5 or higher for patients in D1e). An interesting

perspective of these clusters appears when comparing them to Elixhauser clusters B1e

and B2e, which group young patients with substance abuse. Clusters D1e and D2e

seem to represent and end path for younger patients with substance abuse and low co-

morbidity count to older patients with substance abuse complex multimorbidiy profiles

(e.g. higher prevalence of liver disease, coagulopathy, peptic ulcer, and weight loss).

This is reflected in their higher sepsis and mortality rates (Figure 4.17).

Middle-age patients with exactly one comorbidity, liver disease or aids (Charlson

cluster A1c)

This is a very specialized cluster (1.91% of the sample), focused on younger patients

with a significantly higher prevalence of severe liver disease (8.6 times above the sam-

ple average) and AIDS (11 times above the sample average). Despite their low co-

morbidity count (exactly one) and younger age, these patients experience high rates of

mortality, sepsis, and mortality given sepsis. Unlike clusters A2c and A3c, which group

similarly young patients with low mortality rates, this cluster identifies patients at high

risk of adverse events like sepsis and mortality. Charlson cluster HC-B1c presents a
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Figure 4.20: z-score for mortality prevalence and Elixhauser score for hSBM clusters.

similar comorbidity profile but doesn’t correlate with negative outcome rates as A1c

does. This difference may be attributed to HC-B1c overemphasizing age, restricting

patients to those aged 45 to 65, and underestimating the significance of morbidity

count.

4.3.4 Correlation of hSBM clusters and multimorbidity scores

Comorbidity indices offer a scoring system (discussed in Section 2.1.2) to quantify

the burden of comorbidity on a patient by assigning a numerical score indicating the

impact of each comorbidity on the mortality risk. These scores are particularly valuable

as they directly account for multimorbidity and provide insights into the relevance of

the multimorbidity profiles we’ve uncovered.

In this section, we study the relation between the Elixhauser and Charlson morbid-

ity scores and the actual occurrence of mortality within the hSBM clusters. To perform

this evaluation, we use the z-scores, a summary statistic that indicates how far from

the population mean is a particular observation. In our case we compute the z-score

of mortality prevalence with the average Charlson and Elixhauser scores within each

cluster. We aim to confirm that the z-score of mortality and indices should be similar

to indicate a high correlation between them.

It can be seen that in general, there is a high correlation between the mortality

prevalence in the hSBM clusters and the different scores, as presented in Figures 4.20

and 4.21. This is more evident at the higher hierarchical level for both indices, where

a significant positive or negative z-score is generally followed by a significantly higher

or lower Elixhauser or Charlson z-score. The only exceptions to this at the intermediate
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Figure 4.21: z-score for mortality prevalence and Charlson score for hSBM clusters.

hierarchical level are the Elixhauser cluster Ae and Ce (see Figure 4.20). Interestingly,

in these cases the corresponding morbidity score underestimates mortality risk. Upon

closer examination, we find that these clusters include patients with a low number of

comorbidities (strictly 0 for Ae and strictly 1 for Ce). This observation may explain the

underestimation, as comorbidity scores are influenced by the number of morbidities.

The differences between mortality prevalence and scores are further increased when

we delve into the lower hierarchical level of the hSBM-found clusters.

A notable example of these differences is the Charlson cluster A1c, which shows a

prevalence of mortality 31% higher than the average population but a Charlson score

40% lower than the average. In this case, we see that the Charlson score underesti-

mates the mortality risk as patients present only one comorbidity and that comorbidity

is predominantly mild liver disease, which is considered of little relevance in terms of

mortality (weighted of one in the Charlson score). Another example is cluster B6c,

presenting a mortality prevalence 70% lower than the average sample, but a Charl-

son score 23% higher than the average. In this opportunity, the higher Charlson score

can be understood due to the relatively high number of comorbidities in patients in

this cluster. A final example is clusters B1c and B4c, both showing a very high mor-

tality prevalence compared to the average population (77.3% and 88.6%) but average

Charlson scores. In both cases, we see that the average score can be explained by the

moderate number of comorbidities (2 for B1 and 1 for B4). Unfortunately, in these

cases, the Charlson score fails to capture the complexity of the profiles of patients in

B1c (middle-aged patients with aids and some life complications) and in B4c (patients

over 85 years old mostly with dementia and with a non-planned admission).

A similar trend can be found in Elixhauser clusters F1e, F2e and F4e, showing a
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mortality prevalence higher than in the average population (87% and 77% and 44.8%

respectively), but an Elixhauser score dramatically different between them, 9.3% and

186% and 94.9% higher than the average population respectively. Upon closer exami-

nation, is clear that the score is a product of the extremely high number of comorbidi-

ties in F2e (≥ 7) versus F4e (5 and 6) and F1e (between 2 and 4). It is noticeable that the

Elixhauser score level correlates with the number of morbidities, ranking in descendant

order F2e, F4e and F1e when the mortality prevalence follows the exact opposite di-

rection. Cluster D3e is another example of the extreme importance of morbidity count

in the Elixhauser multimorbidity score. Despite showing an average mortality preva-

lence, cluster D3e shows an Elixhauser score 77% higher than the average population,

explained by the high morbidity count in this cluster (≥ 4).

Our analysis uncovers an important observation: while the multimorbidity scores

generally correlate with the mortality prevalence, they can overestimate the relevance

of morbidity counts in the mortality risk. This underscores the value of hSBM, which

is able to simultaneously account for comorbidity count while weighting in relevant

relationships between patient’s morbidities and demographic characteristics.

4.4 Discussion

Our results highlight our approach’s ability to identify complex yet relevant ICU mul-

timorbidity profiles. These profiles interweave demographics and the effects of mor-

bidities, even non-explicit aspects of it such as comorbidity counts. As a result, our

approach retrieves known profiles while unveiling new ones, setting our approach apart

form benchmark methods. Next, we discuss five key advantages of our approach.

Balance between sparse and dense data: Our results show a balance between

profiles defined mostly by demographics and admission type (dense features in our

cohort) and morbidities (sparse in our cohort). This balance becomes evident when

comparing the clusters identified using benchmark methods across different multimor-

bidity indices. As pointed out in section 4.2.2, most of these clusters rely on admis-

sion type or demographics, the only features consistently present across the various

datasets. In contrast, our approach reveals markedly different profiles across datasets

utilizing different comorbidity indices.

Uncovering of complex relationships: Our approach is able to incorporate mul-

timorbidity count into the profile inference process, even when it’s not an explicit at-

tribute of the dataset. This is in contrast with the benchmark methods that are blind
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to this aspect of the data. One example of this is Elixhauser cluster A1 and Charlson

cluster A2 and A3, which include patients with no long-term conditions, while this

is not captured by any benchmark model. This capacity to capture such unexpected

patient heterogeneity is a notable strength of our approach.

Simplified model selection process: Unlike benchmark methods, our use of hSBM

allows model parameters to be directly inferred from the data. This is achieved without

the risk of overfitting and without the need to account for unbalanced data. This has a

potential impact on the usability of our models, as model selection does not play a role

in the application of our approach.

Membership to the hSBM profiles as mortality risk indicator: Interestingly, our

profiles group patients with similar mortality risks more effectively than the Charlson

and Elixhauser scores in our study cohort. This observation can be partially under-

stood by the sophisticated nature of our profiles. In contrast to the morbidity scores,

computed as a function of the number of morbidities, our profiles capture the effects of

morbidities, demographics and morbidity count. These results evidence the relevance

of balancing multimorbidities and demographics for risk assessment in the ICU and

highlight the potential of hSBM to complement existing risk assessment methods.

Limitations and future work

While our results are promising, they also open the door to further research aimed at

enhancing the validity of our findings and the quality of our models. One limitation

of our current work is its reliance on data from a single medical centre. This means

that our dataset is affected by patient catchment, hospital protocols, resources and staff

characteristics. These factors can impact the generalizability of our results and make

external validation challenging. A mitigation for this is the validation of various of the

profiles we identified in existing medical literature. Additionally, expanding our re-

search to include other databases will help validate our results and the methodological

advantages of our approach more comprehensively.

Another limitation relates to the use of ICD-9 codes, originally designed for billing

and administrative purposes rather than detailed clinical descriptions. Furthermore, it

is administrative staff rather than medical staff that assign these codes (Johnson et al.,

2016a), potentially leading to records emphasising administrative relevant events more

than medical ones. This can lead to missing data due to differences in medical ver-

sus administrative criteria or incentives to omit certain conditions for administrative or
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insurance purposes. Other issues are related to the variability in coding practices in

different hospitals. To mitigate these issues, we rely in part on curation of the MIMIC-

III as a research tool, which has made it a widely used in the healthcare domain, and

the use of non-ICD-9 features such as age and gender. Nevertheless, incorporating

additional patient information, such as laboratory results and bedside readings avail-

able in the same dataset, can reduce our reliance on ICD-9 codes and offer a more

comprehensive view of patient conditions.

The use of the multimorbidity indices also has its limitations, as different indices

reflect different medical goals and realities. To account for this we select two widely

used indices to demonstrate the robustness of our methodology. However, in future

research, we aim to dispense with predefined comorbidity definitions. Instead, we

plan to leverage the scalability of network-based algorithms to directly explore disease

groupings from the data. This approach can complement medical knowledge with

purely data-driven multimorbidity profiles.

An interesting direction for the extension of our work is the incorporation of medi-

cal knowledge. Recent literature presents examples of this in the context of community

detection (Martin et al., 2016), where medical knowledge is integrated in the form of

informative priors for the network parameters. Extending our work in this direction

could bridge the gap between medical and data-driven knowledge.

4.5 Conclusion

As presented at the beginning of this chapter, the task of multimorbidity profile identi-

fication is of utmost importance in critical care settings. This relevance plus the wealth

of ICU data available, like the MIMIC-III dataset, has fueled an active area of work

to identify multimorbidity profile patterns in critical care. Not surprisingly, a vast

amount of work employs machine learning approaches to this with positive results.

Nevertheless, various challenges exist for the use of machine learning in the complex

ICU setting. Utilizing our approach we have been able to identify informative profiles

while overcoming various limitations that existing methods exhibit.

Besides the contributions outlined in the previous section in the specific multimor-

bidity profile identification, our results contribute to answering the more fundamental

research questions we present in Chapter 1:

• RQ1: The combination of all features in the inference of multimorbidity profiles
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highlights the ability of our approaches to accommodate and effectively weigh

sparser data, unlike the benchmarks. In this way, our approach can identify

clusters defined by patient characteristics as well as others defined by multimor-

bidities. This points to the better adequacy of our approach to ICU data than

currently used methods.

• RQ2: Notably, our approach was able to unveil and incorporate the effect of

comorbidity count into the profiles. This aspect of heterogeneity amongst pa-

tients, completely overlooked by benchmark methods, proved itself important

especially when looking at mortality prevalence.

• RQ3: The non-parametric aspect of our approach effectively removes the need

for manual model training and validation. In this way, our approach uses the

evidence in the data to simplify the application of machine learning in the ICU.

In conclusion, the research described in this chapter presents a step forward in the

use of network sciences for the understanding of multimorbidity profiles in the ICU.

Additionally, our approach is able to addresses the challenges the the ICU setting poses

to the applications of machine learning presented in Chapter 1. In the next chapter, we

lean on our findings to enhance machine learning in the assessment of mortality risk in

the ICU.





Chapter 5

Improving mortality prediction for ICU

data and patient heterogeneity

The critical conditions of patients combined with the scarcity of resources pose sig-

nificant challenges to the provision of care in the ICU, as mentioned in Section 1.3.2.

In this context, the evaluation of patients based on clinical variables is fundamental to

optimising medical interventions (Johnson et al., 2016b). In particular, survival predic-

tion is a critical factor for individual patient assessment and prioritization, and overall

ICU performance evaluation (Keuning et al., 2020; El-Manzalawy et al., 2021).

Severity of illness scores assesses patients by quantifying the deviation of clinical

variables from normal medical ranges. However, as patient populations and treatments

evolve, these scores lose predictive accuracy and calibration. Key limitations include

low adaptability to new medical practices (e.g. new treatments), inaccurate model

assumptions (e.g. prevalence of conditions), and patient heterogeneity (Le Gall et al.,

1993; Zimmerman et al., 2006). Machine learning models for mortality prediction

have emerged as alternatives to these severity scores. Yet, as discussed in Section

5.1.2, these models also have drawbacks, such as dependence on data quality, use of

outdated patient information, and increased complexity.

Building on our previous findings, we explore the use of network modelling and

hierarchical Stochastic Block Modeling to tackle these limitations. We use hierarchi-

cal community detection to extract relevant relationships between groups of clinical

features and patients. Leveraging this block structure, we use machine learning to

build mortality prediction models at each hierarchical level. Our approach provides a

robust and flexible scoring system that is adaptable to varying data quality and shows

consistent top predictive performance across different age and ethnicity cohorts.

93
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5.1 Mortality prediction in the ICU

As discussed in 1.3.2, the accurate prognosis of ICU patient mortality is a critical task

in the ICU. Traditionally, severity scores serve this purpose, focusing on key clinical

variables to represent a patient’s health status and associate its deviation from normal

ranges with the probability of mortality. However, scoring systems show declining

performance over time in the ICU. To address this, machine learning has been explored

in recent research. These models show improved performance but remain sensitive to

missing data and introduce complexity. In this section, we discuss existing approaches

for mortality prediction in the ICU and introduce our own.

5.1.1 Scoring systems

Over the past decades, various scoring systems have been developed to assess the

severity of a patient’s condition based on clinical variables collected within the ini-

tial 24-48 hours after admission (Keuning et al., 2020). Two of the advantages of these

methods are their simplicity of use and the provision of an intuitive understanding of a

patient’s condition (El-Manzalawy et al., 2021).

These models, discussed in Section 2.1.4, involve the discretization of clinical vari-

ables (e.g. heart rate or temperature) into different ranges. Each range is assigned

a numerical value, called a subscore, indicating its deviation from clinically normal

ranges. For instance, a heart rate subscore of 0 signifies readings within the normal

clinical range, while higher subscore values indicate increasing degrees of deviation.

These are then summed up to calculate a score that is associated with the patient’s

overall mortality risk (Vincent and Moreno, 2010).

These systems combine medical knowledge, statistical techniques and machine

learning models in various ways to select the clinical variables of interest and define the

relevant ranges and subscores to capture their impact on the patient’s condition. De-

spite their methodological variation, all severity scores finally present a simple scoring

card used to evaluate patients. In Table 5.1 we show the variables for SAPS-II, which

will be used as part of our work in Section 5.2.4.

To illustrate, let us consider a 43-year-old patient admitted to the ICU for an un-

scheduled surgery. In Figure 5.1, we summarize the patients’ worst values for the

relevant SAPS-II clinical variables within the first 24 hours from admission. In SAPS-

II, worst refers to the most extreme value for a variable. For variables such as body

temperature, it means the highest temperature registered, for others like the Glasgow
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Table 5.1: SAPS-II scores mapping to clinical variable as in Le Gall et al. (1993)

Coma Score (GCS) it means the lowest recorded value, and for others like heart rate,

the most extreme (either higher or lower). Using the data, we compute the SAPS-II

score by adding up the subscores (from the scoring card in Table 5.1), resulting in a

score of 71 points for this patient. With this score, we calculate the mortality proba-

bility using the SAPS-II transformation function, obtaining a mortality probability of

0.85. Note that in this example, the subscore related to Serum Potassium is considered

as 0, assuming the missing potassium value is within normal ranges.

Figure 5.1: Computation of SAPS-II scores and mortality probability. Missing values

are assumed in normal clinical ranges, and its associated subscore is imputed as 0.

While simple in use, the performance of these severity scores declines over time, as
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noted in studies reporting reduced discriminative power (Zimmerman et al., 2006),

underestimated mortality rates (Metnitz et al., 2005), and loss of output calibration

(Walsh et al., 2017). This decline also affects patient subgroups, e.g. defined by age

or ethnicity (Moreno and Apolone, 1997; Strand et al., 2009). Limited adaptability

to changing medical conditions has been cited as a reason for this decline (Metnitz

et al., 2005). For example, new medical protocols and treatments introduced after

the severity score is established can significantly improve the prognosis of patients,

rendering it outdated. Patient heterogeneity is another problem for severity scores

(Strand et al., 2009; Zimmerman et al., 2006). Important patterns of clinical variables

specific to underrepresented groups of patients can be overlooked as predictive models

focus on the larger patient groups. Finally, inaccurate model assumptions, such as

variable independence between predictive variables, contribute to the issue (Le Gall

et al., 1993; El-Manzalawy et al., 2021).

5.1.2 Machine learning models for patient mortality prediction

Machine learning algorithms like Random Forest (Breiman, 2001) (RF), eXtreme Gra-

dient Boosting (XGB) (Chen and Guestrin, 2016), and Artificial Neural Networks

(Rumelhart et al., 1985) have been proposed in response to the limitations shown by

traditional severity scores (Kong et al., 2020; El-Rashidy et al., 2020). These algo-

rithms aim to address these limitations by capturing non-linear relationships between

mortality and clinical variables. While they show promising results, they are often

tailored to specific patient cohorts (Lin et al., 2019; Carioli et al., 2020), which can

limit their generalizability. Furthermore, they often use data that differs from that of

established severity scores, which makes its application in clinical settings difficult.

Additionally, the inherent lack of transparency in machine learning models can affects

their practical application (El-Manzalawy et al., 2021).

Another approach is to leverage machine learning techniques to develop predictive

models that build upon existing scoring systems (El-Manzalawy et al., 2021; Pearce

et al., 2006). A prominent example is OASIS+ (El-Manzalawy et al., 2021), which

uses OASIS subscores (see Section 2.1.4) to propose a severity of illness aligned with

a validated system while benefiting from machine learning. Although OASIS+ shows

improved prognostic performance and output calibration, it requires the same informa-

tion as OASIS and depends on the quality of OASIS scores and imputation methodol-

ogy. We further discuss OASIS+ in the context of our work in Section 5.2.3.
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5.1.3 Hierarchical stochastic block modelling enhanced models

In this section, we present an alternative approach to leverage the existing severity of

scores and machine learning models building on the benefits of community detection

in networks. While we are aware of the use of networks in the context of multimorbid-

ity analysis, these are used for descriptive analysis of networks and clustering, such as

in the effects of sex (Kalgotra et al., 2017) and ethnicity (Kalgotra et al., 2020) in mul-

timorbidity patterns. This is how to the best of our knowledge our work represents the

first use of network science for severity risk assessment in the ICU. Next, we present

an overview of our methodology, leaving the details for Section 5.2.4.

We start by using the defined clinical variable and ranges of SAPS-II to build a

bipartite network of patients and their clinical information. By doing this, we align our

model with SAPS-II, a clinically validated and widely used system that works with

routinely captured information in the ICU (Le Gall et al., 1993; Kong et al., 2020).

Notably, we do not use SAPS-II subscores in our network, dismissing their role and

relying on our models’ ability to capture relationships from the graph. Then, we use

hSBM to infer a hierarchical block structure, see Figure 5.3. We finally use machine

learning to create mortality predictive models using the connections between a patient

and the blocks as input, as presented in Section 5.2.4. By doing this we effectively

perform a dimensional reduction from the SAPS-II subscore space into a SAPS-II

block space. In Section 5.3.3 we show that this step is crucial to our model’s ability

to handle missing information automatically without making assumptions about the

reasons for the missing data.

We aim to exploit the resilience of our approach to reexamine the need for impu-

tation that current models present. Moreover, we expect that the ability of our model

to capture and model patient heterogeneity will help to tackle the lack of performance

across different patient cohorts. Finally, we expect to lean on our models’ ability to

automatically adapt to the data to achieve all of these expected benefits without heavy

human interventions.

5.2 Experimental setting

Figure 5.2 outlines our experimental pipeline, illustrating the three main sets of exper-

iments conducted to assess our approach’s effectiveness for mortality risk assessment.

We start by exploring the performance of widely used severity of scores (1). Then we
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Figure 5.2: Experimental pipeline overview. The severity score (1) and machine learn-

ing enhanced (2) experiments, depicted on the top of the diagram, constitute our bench-

mark. Our approach (3), involves network-based data modelling and the automatic

detection of feature communities prior to the use of machine learning.

look into machine learning-enhanced models (2). These models are OASIS+ and XG-

SAPS, treated in more detail in Section 5.3.2. Finally, we utilize hXG-SAPS (3), our

proposed model described in Section 5.2.4. All experiments make use of the patient

cohort described in Section 3.4.

5.2.1 Patient cohort for mortality prediction study.

As a reminder of our study cohort, detailed in Section 3.4, includes patients aged 18

to 90 with ICU stays lasting at least 24 hours, considering only the first admissions

for those with multiple ones. It comprises 31,908 unique patients, their corresponding

ICU stays, clinical variables, and scores associated with the five severity scores in this

study (see Table Table 3.1). On average, patients are 62.77 years old, with an average

length of stay of 4.7 days. Males make up 57,89% of the sample. The cohort shows an

imbalanced mortality rate, with 10.57% of patients dying in the ICU.

To perform the analysis, we considered patient age into clinically relevant cate-

gories (Barnett et al., 2012c; Zador et al., 2019): 18-24, 25-44, 45-64, 65-84, and

over 85 years old ranges. Patient ethnicity follows the MIMIC-III dataset categories

(Johnson et al., 2016a): White, Black, Asian, Hispanic, and Other. Additionally, we

incorporated the probability of mortality as defined by each model when available

(SAPS-II, APS-III, and OASIS). In cases where these probabilities were not provided

(SOFA and SIRS), we calculated a pseudo-probability by normalizing patients’ scores
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Table 5.2: Mortality prediction models. Input, a short description of any data processing

done before the prediction, and the method used to perform the mortality prediction are

presented for each model. “Subscores” indicate that clinical variables are discretized

into subscores. The number next to the model names associates the models with the

pipeline paths presented in Figure 5.2.

within the range of [0,1], as discussed in Section 3.4.

As discussed in Section 3.3, subscores corresponding to missing clinical vari-

ables are imputed as 0 in all severity scores, assuming readings within normal range.

However, for our network-based model, we do not impute scores (see Section 5.2.4).

Specifically, for SAPS-II subscores, 58.33% of patients lacked pulmonary artery pres-

sure data, and 55.96% lacked bilirubin level information. The remaining SAPS-II

variables (in Table 5.3) had lower rates of missing data: 1.04% for heart rate, 1.12%

for systolic blood pressure, 2.92% for temperature, 3.12% for urine output, 0.82% for

serum urea level, 1.28% for white blood count (WBC), 0.71% for serum potassium,

0.81% for serum sodium, 1.29% for serum bicarbonate, and 1.08% for GCS.

For supervised learning, we randomly divided the study cohort into training and test

datasets with a 70% - 30% split. We ensured representative datasets by maintaining

an equal distribution of features as in the entire study cohort (chi-square tests with p-

values ≤ 0.05). Table 3.1 shows that both datasets have nearly identical average patient

age (62.8 years old), length of stay (4.7 days), mortality prevalence (approximately

10,5%), and gender composition (close to 42% females across datasets). The machine

learning enhanced models in Section 5.2.3 and our models in Section 5.3.3 were trained

and tested using these train and test datasets.

5.2.2 Severity of illness scores for mortality prediction

Our initial experiments focused on using severity scores as predictors for mortality (see

Figure 5.2, 1). Specifically, SAPS-II, OASIS, APS-III, SOFA and SIRS, which are al-
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ready available in MIMIC-III and presented in Section 3.4. However, for evaluating

mortality prediction performance, we need to utilize the models’ mortality prediction

instead of the severity scores. These probabilities are calculated using a transformation

provided as part of the scoring system in SAPS-II (Le Gall et al., 1993), APS-III (Zim-

merman et al., 2006), and OASIS (Johnson et al., 2013a), readily available in MIMIC-

III. For SOFA and SIRS, lacking such probabilities, we derived pseudo-probabilities

by normalizing patients’ scores to the [0,1] range, as discussed in Section 3.4.

Our final prediction models for each severity score take a patient’s clinical variables

during the first 24 hours of admission as input and convert them into a severity score,

as exemplified in Section 5.1.1. Finally, these scores are transformed into mortality

probabilities, as described earlier. Following this methodology, we created five mor-

tality prediction models using the SAPS-II, OASIS, APS-III, SOFA and SIRS. Table

5.3 shows the performance of these methods, discussed in Section 5.3.1.

5.2.3 Machine learning enhanced models for mortality prediction

In our second set of experiments, we explored the use of machine learning to enhance

OASIS and SAPS-II, two of the best-performing severity scores as discussed in Sec-

tion 5.2.3. Following existing literature, we replicated OASIS+, employing OASIS

subscores as features to train an XGBoost model with 200 trees. As shown in Fig-

ure 5.4, our final model demonstrated performance consistent with literature reports

(AUROC: 0.80) (El-Manzalawy et al., 2021).

As see in Figure 5.4, despite having and improved performance, OASIS+ only

achieves the performance of SAPS-II (AUROC: 0.80). The outstanding results of

SAPS-II inspired us to expand on this approach and to take on the challenge of fur-

ther improving its performance. Similar to OASIS+, we utilized SAPS-II subscores

(see Table 5.1) for each patient, training an XGBoost model (XG-SAPS) and a Ran-

dom Forest one (RF-SAPS). Both models were ensembles of 200 trees to maintain

consistency with OASIS+. Upon comparing their performances, we opted to exclude

RF-SAPS as a benchmark due to its consistent underperformance in mortality predic-

tion. The results are provided in Figure C.4 of ther Appendix C .

Our final machine learning enhanced models are the replicated OASIS+ and XG-
SAPS. Each receives patient’s subscores (OASIS and SAPS) as input and generates a

mortality prediction using an XGBoost model. It is important to note that, as discussed

in Section 3.3, the subscores serving as input for these models are imputed with a value
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Figure 5.3: The network between patients and features is illustrated by the bipartite

network on the left. The inferred hierarchical block structure is depicted by the tree on

top of the network. Each feature block and its block membership are shown on the

right. Light blue boxes group nodes with the same lower block membership and grey

ones depict their intermediate block membership. For example, the “60-69”, “70-74”

and “75-79” age nodes are grouped together in the same block at the lower level, and

together with the ”Medical” Admission Type in block 3 at the intermediate block level.

of zero if there is no clinical record to calculate it. Table 5.2 summarizes the inputs

and outputs of these models.

5.2.4 Network enhanced models for mortality prediction

In this section, we present our mortality prediction approach, as illustrated in Figure

5.2 (3). Our methodology involves three steps: inference of the hierarchical clustering

model on the patient-clinical variable network, use of the clustering structure to create

the patient-cluster matrix, and training of the mortality prediction. We apply this ap-

proach to the SAPS-II scoring system due to its widespread use in clinical and research

domains and its exceptional performance, as demonstrated in Section 5.3.1.

Inference of the hierarchical clustering model

We begin by constructing a bipartite network, including 53 feature nodes representing

each of the SAPS-II subscores (in Table 5.1) and 22,335 nodes, each representing a
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patient in our study cohort. Each patient node is connected to as many subscores nodes

based on their clinical history. For example, a 43-year-old patient with a temperature

of 41°C would link to the score node for their age group (40-59 years old) and to

the one for their temperature (over 39°C). We then, employ hSBM to infer a cluster

structure for patients and feature nodes using the two-step methodology outlined in

Chapter 2.3.3.

The final cluster structure for our cohort is presented in Figure 5.3, depicted by

the tree-like structure overlaid on the network. Starting from the ”Bipartite split,” the

left branches depict patient clusters and their hierarchy, while the right branches show

the hierarchical structure of SAPS-II nodes. The SAPS-II nodes are listed under the

SAPS-II variables and clinical ranges column in Figure 5.3, these 52 nodes represent

each clinical variable range defined in the score. These nodes are grouped into 43

clusters at the lower block level, shown by the light blue boxes around the initial 52

nodes in Figure 5.3. These 43 clusters are also seen as the leaves of the right branches

in the tree-like structure. These clusters are further grouped into 5 intermediate-level

clusters.

It is important to note that we do not impute missing values during the network

construction. If a patient lacks a record for a variable, then the patient will not be linked

to a node representing that missing variable. By doing this, we let the model handle

missing data without making assumptions about it. Additionally, unlike SAPS-II, we

consider each node as equally important to the patient’s condition. We do this by not

considering the weights defined in SAPS-II to assess each clinical range, resulting in

our unweighted bipartite network to model patients and clinical features. Additionally,

while our feature networks represent the SAPS-II clinical variables and their ranges,

we treat each node as equally important to the patient’s condition. We achieve this

by not using the feature subscores as weights for the network links. By doing this,

we move our model away from specific calibration parameters used to derive SAPS-II

(done on a different cohort than ours), while retaining the medical knowledge behind

the definition of the relevant SAPS-II variable.

The patient-cluster membership matrix

In the second step, we leverage the cluster structure to reshape the feature space for

training our predictive models. Our aim is to simplify the clinical variables space by

making use of the fact that nodes in the same hSBM cluster show the same probabil-

ity of connecting to other nodes in the network (discussed in Section 2.3.3). In other
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words, we can capture relevant patient-variable relationships by focusing on connec-

tions between patients and clusters rather than to nodes.

Considering the blocks in Figure 5.3, we create a patient-block matrix to capture

the connections of each patient to each block. For instance, at the intermediate block

level with five blocks in Figure 5.3, the patient-block matrix has five columns (one for

each block) and rows equal to the number of patients in our cohort. In the network, a

patient with a body temperature of 37°C will have a link to the block containing the

node “Temperature under 39°C” (range defined in SAPS-II). This link is represented

in the matrix with a value 1 in the column corresponding to block 1, which includes

the “Temperature under 39°C” node.

When considering all the features of a patient, it is possible for a patient to have

more than one link to a block. We create two types of patient-block matrix to account

for this: the weighted matrix, where a column value equals the number of links be-

tween a patient and the block, and the unweighted matrix, where the block value is

set to 1 if there is at least one link between the patient and a node in the block. Addi-

tionally, the patient-block matrix can be generated at the intermediate level (as in the

previous example) and at the lowest block level, considering 42 blocks in our case.

Following the previous approach we create four different matrices: a weighted and

an unweighted patient-block matrix at the lower block level, and a weighted and an

unweighted patient-block matrix at the intermediate block level.

Training of the mortality prediction

The final step is the training of the mortality predictive model. Maintaining consistency

with the previously described machine-learning enhanced models (as detailed in Sec-

tion 5.2.3), we train four XGBoost models using the patient-block matrices described

before. Bellow we describe the final predictive models:

• Weighted hXG-SAPS: XGBoost model trained with the weighted patient-block

matrix, considering blocks at the lower block level. This model incorporates the

most information, considering all connections between patients and the 42 nodes

of the lowest block level. Referred to as hXG-SAPS (w).

• Unweighted hXG-SAPS: XGBoost model trained with the unweighted patient-

block matrix, considering blocks at the lower block level. Referred to as hXG-
SAPS (u).
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• Weighted Simplified hXG-SAPS: XGBoost model trained with the weighted

patient-block matrix, considering blocks at the intermediate block level. This

model significantly simplifies the input space by considering only 5 blocks in-

stead of 42. Referred to as (S) hXG-SAPS (w).

• Unweighted Simplified hXG-SAPS: XGBoost model trained with the unweighted

patient-block matrix, considering blocks at the intermediate block level. This is

the simplest model, as it considers the reduced 5-block input space and only the

existence of a connection. Referred to as (S) hXG-SAPS (u).

5.2.5 Performance metrics for evaluation

We use several metrics to comprehensively assess the predictive performance of sever-

ity scores and predictive models. These are the Area under the Receiver-Operating

Curve (AUROC), accuracy (ACC), sensitivity (SN), specificity (SP), Observe-to-Expected

ratio (O/E), and the root square mean error (RMSE) for the calibration curve of the

model’s output. A description of these metrics is provided in Chapter 2.5.2.

Out of these metrics, accuracy, sensitivity, and specificity rely on a threshold to

transform our models into binary classifiers. Since this threshold is specific to the sam-

ple and may be affected by the presence of imbalanced data, we conduct a bootstrapped

evaluation to obtain robust estimates of these metrics and enhance the reliability of our

analysis. The optimal binarization threshold for each bootstrapped model was com-

puted by minimizing Youden’s J statistic, presented in Section 2.5.2. Additionally, we

use the AUROC to evaluate the discriminate power of a model. Some of the benefits

of AUROC are its robustness to imbalanced data and independence from thresholds

(Fawcett, 2006).

A model’s output calibration is commonly used to evaluate the quality of the pre-

dicted prevalence of mortality at a population level. The Observed-to-Expected ratio

(O/E), calculated as the total number of observed deaths divided by the sum of the

predicted probabilities of death, is widely used to assess the mortality predicted by a

model for a group of patients (Strand et al., 2009; Zimmerman et al., 2006). Addition-

ally, other studies utilize the RMSE of the calibration curve to study the quality of risk

stratification of a model (El-Manzalawy et al., 2021; Walsh et al., 2017). In our study,

we employ both of these techniques as they provide complementary views on a model.
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Figure 5.4: AUROC comparison across prediction model. Enhanced methods (right)

consistently outperformed severity scores (left). SAPS-II and the hXG-SAPS show the

highest performance followed by OASIS+. The simplified (S) hXG-SAPS models show

performance comparable to severity scores despite considering a reduced input space.

5.3 Mortality prediction analysis

In this section, we conduct a detailed analysis of our approach and benchmark mod-

els, dividing it into three subsections. We first present the performance of the severity

scores in Section 5.3.1. Next, in Section 5.3.2, we compared the machine learning

enhanced models (OASIS+ and XG-SAPS) with the severity scores and asses the im-

provements achieved. Subsequently, in Section 5.3.3, we compare the performance of

our approach (hXG-SAPS) with the machine learning enhanced modes and severity

scores. The presentation of our approach is split into two parts. We begin by assessing

hXG-SAPS in Section 5.3.3.1 and its simplified version in Section 5.3.3.2 across the

entire study cohort. Finally, we examine the performance of our approach across age

and ethnicity cohorts in Sections 5.3.4.1 and 5.3.4.2.

5.3.1 Severity scores performance

We start our discussion by providing an overview of the performance of traditional

severity of illness scores for mortality prediction. Our goal is to set a clear baseline for

the evaluation of the enhanced models presented in Sections 5.3.2 and 5.3.3.1, describe

their performance and validate our study cohort against results in the literature.

Figure 5.4 presents a comparison of the performance of severity scores. It is no-
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ticeable how SAPS-II shows the highest discriminant performance (AUROC: 0.80)

followed by APS-III, and OASIS (AUROC: 0.78 and 0.76 respectively), and finally

SOFA and SIRS (AUROC: 0.71/0.61). Additionally, as shown in Table 5.3 SAPS-II

and APS-III keep a high accuracy as well (0.74 and 0.75), balancing sensitivity (0.73

and 0.71) and specificity (0.75 and 0.76). OASIS and SOFA exhibit lower accuracy

(ACC: 0.70 and 0.71) potentially indicating overfitting as reflected by their sensitivity

and specificity. While OASIS seems to overestimate mortality (SN: 0.73 and SP: 0.69),

SOFA seems to underestimate it (SN: 0.61 and SP: 0.73). SIRS consistently ranks as

the poorest score in all three metrics (ACC: 0.56, SN: 0.63 and SP: 0.55). When as-

sessing the calibration curves (see Table 5.3), APS-III 0.29, OASIS 0.30 present the

best performance (RMSE: 0.29, 0.30), followed by SAPS-II and SOFA (RMSE: 0.32

for both) and finally SIRS (RMSE: 0.70). Notably, APS-III stands out from the other

scores with an excellent Observed-to-Expected ratio (O/E: 0.99) compared to OASIS

(O/E: 0.74), SAPS-II (O/E: 0.50), and SOFA (O/E: 0.50).

As presented, SAPS-II and APS-III consistently show top performance amongst

severity scores. However, the substantial number of required clinical variables to com-

pute them presents a drawback (El-Manzalawy et al., 2021). In the next section, we

show how our approach can leverage SAPS-II and address this limitation, achieving

state-of-the-art performance with a simpler model.

5.3.2 Machine learning enhanced models performance

In this section, we evaluate the performance of the machine-learning-enhanced mod-

els, OASIS+ (El-Manzalawy et al., 2021) and XG-SAPS. These models, presented in

Section 5.2.3, are built on top of the subscores of OASIS and SAPS-II, with the goal of

improving their performance (El-Manzalawy et al., 2021). In the following, we assess

the impact of machine learning on OASIS and SAPS-II in our dataset and establish a

benchmark for our network-enhanced model presented in the next section.

A first point to notice from Figure 5.4, is that both machine learning models outper-

form their base models, with XG-SAPS achieving an AUROC of 0.83 (versus 0.80 for

SAPS-II) and OASIS+ reaching 0.80 (versus 0.76 for OASIS). As shown in Table 5.3,

these results extend to accuracy, sensitivity, specificity and calibration, with machine

learning models surpassing their base severity scores predictive performance.

However, despite improving on their base model, XG-SAPS compares more favourably

to the rest of the severity scores than OASIS+. For example, XG-SAPS achieves the
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highest AUROC of all models at 0.83, with OASIS+ ranking second, as high as SAPS-

II (0.80). The same trend is observed in terms of accuracy, where the best models are

XG-SAPS, SAPS-II and APS-III (ACC: 0.76, 0.74 and 0.75). Here, OASIS+ shows an

accuracy of 0.71, matching OASIS with 0.70. Moreover, OASIS+ seems to replicate

the tendency of overestimate mortality seen in OASIS. OASIS+ shows a high sensi-

tivity (0.77) compared to its specificity (0.70), similar to OASIS (SN: 0.73 and SP:

0.69). In contrast, XG-SAPS shows more balance between its sensitivity (0.75) and

specificity (0.77). Furthermore, SAPS-II and APS-III show higher accuracy (ACC:

0.74 and 0.75) and balance between sensitivity (SN: 0.73 and 0.71) and specificity

(SP: 0.75 and 0.76) than OASIS+.

A similar trend is observed in terms of output calibration. While the calibration

curves of XG-SAPS and OASIS+, along with APS-III, present the best results (RMSE:

0.28, 0.29, 0.29), the Observed-to-Expected reveals shows differences in performance.

Here, the best models are XG-SAPS and APS-III (O/E: 1.03 and 0.99), followed by

OASIS and OASIS+, which are significantly lower (O/E: 0.74 and 0.73).

These results suggest that machine learning-enhanced models can improve the per-

formance of severity scores. This is shown by the better performance of XG-SAPS

over SAPS-II and OASIS+ over OASIS. However, we notice that our new model XG-

SAPS significantly outperforms OASIS+ by El-Manzalawy et al. (2021). In the next

section, we present our approach to further enhance the performance of XG-SAPS.

5.3.3 hXG-SAPS performance assessment.

We begin the analysis of our approach by examining the clustering structure inferred

by hSBM. As shown in Figure 5.3, at the lowest block level the initial 52 nodes are

clustered into 43 distinct ones, further aggregating into 5 at the intermediate block

level. Notably, 35 of these 43 blocks consist of only one node, indicating a high degree

of independence among the ranges of clinical variables defined in SAPS-II. The re-

maining blocks cluster multiple nodes, suggesting that nodes within these blocks share

roles in the network structure and could be considered as one.

For example, at the lower level, two blocks group multiple ranges of the same vari-

able, suggesting a potential to merge these ranges: the 60-69, 70-74, and 75-79 age

groups, and bilirubin levels out of the normal range, 68.4-102.5 and > 102.6 µmol/L.

Other blocks group different variables together, suggesting redundancy in the sub-

scores. For instance, sodium, Glasgow Coma Scale and heart rate are grouped together
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Table 5.3: Performance of all predictive models applied to the whole study cohort. We

report the mean of the bootstrapped evaluation accuracy, sensitivity, and specificity. In

bold we highlight the top 3 best performing models for each evaluation metric. Figure

C.1 in Appendix C shows the results including the confidence interval.

in blocks such as the lowest sodium level and the highest heart rate, normal levels of

sodium and consciousness (15 GCS), and very high levels of sodium and grouped with

low consciousness (6-8 GCS). Similar patterns of aggregation are observed in the 5

blocks of the intermediate level with block 3 clustering nodes of age groups between

60-79 years while block 2 encompasses all other age groups, and block 5 group nodes

represent normal ranges for all clinical features except for bilirubin.

We capture these patterns using the patient-block matrices presented in Section

5.2.4 as we consider the connections between patients and blocks rather than to other

clinical variable nodes. In the following, we show how these matrices allow us to

generate models that benefit from these patterns.

5.3.3.1 hXG-SAPS overall performance

As shown in Table 5.3, hXG-SAPS demonstrates performance on par with the best

models, despite using less information. Moreover, it ranks as the best model along

with XG-SAPS in terms of predictive performance (AUROC: 0.83) and with APS-III

in terms of calibration of results (RMSE: 0.29 and O/E: 0.99).

Interestingly, the performance of hXG-SAPS remains consistent between the un-

weighted and weighted versions (AUROC: 0.83 and ACC: 0.75), underscoring the

importance of the link to a feature block rather than the strength of the link. Moreover,

the sensitivity (0.74 and 0.75) and specificity (0.76 and 0.75) are virtually the same for
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Table 5.4: AUROC and Observed-to-Expected ration summary of all predictive models

applied to age cohorts. In bold we highlight the top 3 best performing models for each

evaluation metric in each cohort.

both versions. Additionally, Table 5.3 further confirms their consistency in terms of

calibration, with both showing the same RMSE: (0.28) and O/E ratio (1.03).

These findings suggest that hSBM effectively captures SAPS-II subscores informa-

tion through block membership, represented in our patient-block matrix (see Section

5.2.4). Furthermore, hXG-SAPS performs consistently across both versions, suggest-

ing that a patient’s severity is primarily determined by their association with a block

(i.e., having at least one link to such a block) rather than the strength of that association

(e.g. the number of links to that block). By doing this, our approach can automatically

capture the importance of clinical variables in the block assignment without the need

to fit subscores.

5.3.3.2 Simplified hXG-SAPS overall performance

The performance of the simplified hXG-SAPS (see Table 5.3), varies between ver-

sions. Notably, the weighted version achieves an AUROC of 0.77 and 0.70 for the

unweighted version. However, the unweighted version shows better accuracy (0.77)

than the weighted one (0.74). This difference can be attributed to the underestimation

of mortality by the unweighted model (SN: 0.55 and SP: 0.80), better reflecting the low

prevalence of mortality in the study cohort. In contrast, the weighted model achieves a

balanced predictive performance, with sensitivity at 0.67 and specificity at 0.75.

These results present a competitive performance of the simplified hXG-SAPS, on

par with widely used scoring systems, despite using limited information. One example

is the high AUROC of the weighted simplified hXG-SAPS, which is comparable to
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OASIS and APS-III, and of the unweighted version, which is comparable to SOFA

and SIRS, as shown in Figure 5.3. Another example is the high O/E ratio of both

simplified hXG-SAPS compared to OASIS, SAPS-II, and SOFA. While these results

do not extend to accuracy, sensitivity and specificity, the simplified hXG-SAPS is a

robust model to discriminate and prioritize patients with only 5 inputs as compared to

OASIS (10 features), SAPS-II (15 features) and APS-III (20 features).

5.3.4 hXG-SAPS performance across age and ethnicity stratified

cohorts

In this section, we examine the performance of our model within the age and ethnicity

subgroups of our dataset as presented in Section 3.4. The results breakdown is provided

in Table 5.3. We start with an assessment of the different age groups and finish with an

examination of ethnic groups.

5.3.4.1 hXG-SAPS results for age stratified cohorts

A first observation is the consistent performance of the weighted and unweighted hXG-

SAPS across age groups, as detailed in Table 5.4. The only exception occurs in the

18-24 years cohort, where the unweighted version outperforms the weighted one in

AUROC (0.88 and 0.86) and O/E (0.77 and 0.73).

Table 5.5: Mean accuracy, sensitivity and specificity for predictive models applied to

age cohorts. In bold we highlight the top 3 best performing models for each cohort.

Figure C.2 in Appendix C shows the results including the confidence interval.

Despite these minor variations, the weighted and unweighted hXG-SAPS consis-

tently rank within the top three models in terms of AUROC, except in the 18-24 and

Over 85 age groups. In both cases, hXG-SAPS ranks close behind OASIS+, XG-

SAPS, and APS-III. Of interest is the outstanding AUROC of OASIS+ (0.96 for 18-24

and 0.79 for Over 85). However, a closer examination reveals that OASIS+ tends to
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underestimate mortality in the younger cohort and overestimate it in the older one.

Surprisingly, the weighted simplified hXG-SAPS matches the performance of widely

used scoring systems across cohorts. For example, it performs as well as OASIS for

the 0-24 age group, better than APS-III for age groups spanning 25 to 84 years old,

and as SAPS-II for age cohorts with patients over 25 years old.

Table 5.5 shows the consistent and high accuracy of both versions of hXG-SAPS

across all age cohorts. Notably, both versions achieve the highest accuracy for the 65-

84 (0.77 for both) and Over 85 (0.76 and 0.75) groups and the second best for the 45-64

(0.76 and 0.77), closely behind XG-SAPS (0.78). Interestingly, we observe an excep-

tional performance of OASIS+ and XG-SAPS (0.87 and 0.85, respectively), relegating

unweighted hXG-SAPS to the third highest accuracy (0.83) in the 0-24 age group. A

closer look reveals that OASIS+ and XG-SAPS show an underestimation of mortality

for these young patients, which can explain their high accuracy. Additionally, Table

5.5 shows a consistent and high O/E performance of hXG-SAPS and the simplified

hXG-SAPS across age groups, while all other models show a noticeable poor. These

results point to the robustness of our approach even within distinct age subgroups in

our study cohort.

While these results confirm the previously reported trend of increasing mortality

overestimation for older patients, it is noteworthy that hXG-SAPS displays a more

balanced performance across all cohorts in terms of AUROC and accuracy. This is

evident when comparing with OASIS+ and XG-SAPS which show high AUROC and

accuracy for younger cohorts at the cost of underestimating mortality.

5.3.4.2 hXG-SAPS results for ethnicity stratified cohorts

Table 5.6 reveals a consistent and high AUROC of hXG-SAPS across all ethnicity

cohorts, regardless of its version. The weighted and unweighted hXG-SAPS show

the highest AUROC in the Black (0.88 and 0.87) and Other (0.82 and 0.82) ethnicity

cohorts. While it may not top the performance in other cohorts, hXG-SAPS remains

remarkably close to the best-performing methods. For example in the White group, it

ranks second-highest AUROC (0.83), just behind OASIS+ (0.90) and on par with XG-

SAPS (0.83). In the Asian and Hispanic cohorts, its performance is significantly close

to the top-performing methods despite ranking third and fourth respectively. Notably,

the simplified hXG-SAPS display AUROC results comparable to widely used methods.

For example, the weighted version (0.78) surpasses OASIS (0.76) and SOFA (0.71) in

the White group. Another example is the unweighted version (0.65) outperforming
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Table 5.6: AUROC and Observed-to-Expected ratio summary of all predictive models

applied to ethnicity cohorts. In bold we highlight the top 3 best performing models for

each evaluation metric in each cohort.

SOFA (0.63) and on par with APS-II (0.66) in the Hispanic cohort.

These positive results extend to accuracy, specificity and sensitivity as evidenced in

Table 5.7. The weighted hXG-SAPS exhibits the best performance for the White (0.77)

and Black (0.81) cohorts, on par with XG-SAPS. For the Asian cohort, APS-III appears

as the top-performing model in terms of accuracy, sensitivity and specificity (ACC:

0.87, SN: 0.83, SP: 0.88), followed by the unweighted hXG-SAPS (ACC: 0.81, SN:

0.78, SP: 0.81). Interestingly there is a noticeable lack of accuracy for the Hispanic,

and Other cohorts across all predictive models with a general tendency to overestimate

mortality as indicated by all models showing a significantly higher specificity than

sensitivity. But, maybe more interesting is that the simplified unweighted hXG-SAPS

displays the highest accuracy for these cohorts (0.72 for Hispanic and Other). This

suggests that the use of hSBM is linked to an increase in accuracy and mitigation of

mortality overestimation in these cases.

Similarly to the case for age cohorts, both hXG-SAPS and XG-SAPS outperform

all other severity scores in terms of calibration, as measured by the Observed-to-

Expected mortality ratio presented in Table 5.7. In the White cohort, hXG- SAPS

achieves the highest calibration (1.00), and the same trend is observed for the Hispanic

cohort (0.83). A very interesting example is that of the Asian cohort, where the sim-

plified versions of XG-SAPS outperform XG-SAPS as the best model (0.78 and 0.73).

In the case of Black and Other cohorts, no significant improvement is noted. Notably,

hXG-SAPS and its simplified version demonstrate either better or equivalent results

compared to XG-SAPS, OASIS+ and the other scoring systems.
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Table 5.7: Mean accuracy, sensitivity and specificity for predictive models applied to

age cohorts. In bold we highlight the top 3 best performing models for each cohort.

Figure C.3 in Appendix C shows the results including the confidence interval.

5.4 Discussion

Building upon our networked-based patient model and applying community detec-

tion, we developed a hierarchical mortality predictive model that overcomes several

of the drawbacks of current methods. Our model can handle incomplete ICU data,

incorporate patient heterogeneity and automatically show calibrated outcomes. To our

knowledge, this is the first work introducing the use of community detection to build

a mortality-predictive model for ICU patients. Our model presents several advantages,

which are outlined below.

State-of-the-art performance: Our model exhibits state-of-the-art performance

across various metrics, significantly outperforming widely used severity of scores and

on par with machine learning models. Notably, hXG-SAPS achieves a high AUROC

while striking an excellent balance between true positives and negatives, as demon-

strated by its sensitivity and specificity. Furthermore, the simplified hXG-SAPS shows

a discriminatory power comparable to widely utilised scores such as OASIS, and APS-

III in its weighted version, and to SOFA and SIRS in its unweighted version. Addi-

tionally, as shown in Section 5.2.4, our model shows an excellent output calibration as

evidenced by its Observed-to-Expected mortality ratio.

Enhanced heterogeneity handling: The performance of our model extends to the

various age and ethnicity population cohorts described in Section 5.3.4.1. We find that

hXG-SAPS consistently demonstrates the highest discriminant power, accuracy and

sensitivity/specificity trade-off across these cohorts. Prominent examples can be ob-

served in the older age cohorts - 65-84 and over 85 years old - and the White and Black

ethnicity cohorts. In these instances, hXG-SAPS show the highest AUROC and accu-

racy, while maintaining top sensitivity/specificity trade-offs. Surprisingly, even with
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a decreased performance, the simplified hXG-SAPS consistently outperforms SOFA

and SIRS, ranking amongst the top three scoring systems.

Flexibility to varying levels of available data: The hierarchical organization of

features yields a predictive model that combines two models simultaneously: one

trained with all block features and another with reduced block clusters. This results

in a simple yet comprehensive model for patient assessment, capable of adapting its

outputs to the available information. In addition to the previously discussed perfor-

mance of the weighted hXG-SAPS, our model can adapt to even less information by

means of the simplified weighted hXG-SAPS to provide predictions comparable to

widely used severity scores such as SOFA and SIRS and O/E ratio comparable to the

XG-SAPS. Furthermore, although losing calibration at a cohort level, the unweighted

hXG-SAPS maintains a favourable O/E ratio at a sample level, considering only five

binary features.

Automatic model simplification: Our findings underscore our model’s ability to

automatically adapt to the training data, capturing relevant patterns from the clinical

variables and simplifying the use of our model. Notably, this is achieved without alter-

ing the SAPS-II input features, ensuring consistency with this well-established model

and transparency to the user. This is made possible due to the identification of blocks

of features that are statistically identical in their connectivity behaviour to patients.

We use these blocks to simplify the model, for example by combining categories (e.g.

patients between 69 and 84 years old). Since nodes within blocks present similar

connectivity patterns (Peixoto, 2014b), our simplified models preserve the underlying

relationship between feature nodes and patients. This is evidenced by the nearly iden-

tical performance of the weighted and unweighted hXG-SAPS and SAPS presented in

previous sections.

Robustness to missing data and automatic imputation: A notable characteristic

of our data modelling is that our models do not require imputation; instead, no con-

nection to a block is registered if the value is missing. Moreover, by considering only

the patient’s links to the feature blocks, we omit the subscores, limiting the connection

between our model and SAPS-II only to the clinical variables and their ranges.

Automatic output calibration: hXG-SAPS shows excellent calibration in the en-

tire test dataset and across different patient cohorts, consistently achieving top O/E

ratio. Notably, this is achieved automatically, without explicitly accounting for pa-

tient cohorts. This is in contrast to models such as in SAPS-II, specifically calibrated

for different ethnicity cohorts (Moreno et al., 2005). Clear results are observed in
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the younger and Hispanic cohorts, where hXG-SAPS significantly outperforms XG-

SAPS. Furthermore, the simplified hXG-SAPS maintains this level of performance

across most cohorts. These results point to our approach’s ability to accommodate the

heterogeneity of ICU patients.

Limitations and Future Work

While our results emphasize the strengths of our approach, it is important to acknowl-

edge some limitations to our findings. In the following, we outline some of these and

discuss opportunities for further research to enhance the robustness of our approach.

One limitation to the wider validity of our findings is our reliance on data from a

single source. This strongly correlates our findings to the specific patient population,

hospital protocols, and resources used in the creation of MIMIC-III. To address this,

we plan to expand our research to include other data sources. By doing this, we aim to

validate the methodological advantages of our approach across different data sources.

Another limitation in our current results is the reliance on clinical variables and

subscores defined in SAPS-II. The use of a SAPS-II links our findings to the quality

of this particular score, making it hard to determine the extent to which our results

are influenced by this underlying system. To mitigate this, we employ OASIS+ and

XG-SAPS as benchmarks to better understand the impact of our methodology.

A final limitation relates to the limited inclusion of medical knowledge into the

predictive model. We mitigate this by aligning our model with medical knowledge via

the use of SAPS-II, a well-established and medically validated score. Regardless, the

inclusion of domain knowledge such as mortality prevalence or feature importance in

the prediction process still constitutes an open research area.

An interesting research opportunity comes from leveraging our hSBM models and

network reconstruction techniques to replace machine learning. In particular, the use

of link prediction for mortality prediction holds the potential to address the limitations

just discussed. Initially, it is possible to lean on the scalability of link prediction to

model the patient and clinical variables directly, eliminating the reliance on SAPS-II

subscores. Furthermore, recent work offers techniques to include domain knowledge,

in the form of informative priors, into the link prediction process (Martin et al., 2016).

By doing so, we could include valuable domain insights, such as the expected mortality

prevalence, enhancing the ability of our approach to bridge the gap between medical

and data-driven knowledge.
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5.5 Conclusion

The importance of patient severity assessment in the ICU and the wealth of available

data has fostered research into models supporting decision-making in the ICU. No-

tably, severity of illness scores and machine learning models built upon these scores

constitute useful tools to aid medical staff in the ICU. However, the challenges of

incomplete data, the need for imputation, and patient heterogeneity affect their per-

formance. We address these issues by creating a network-enhanced prediction model.

Our model achieves consistent performance across different patient cohorts, avoiding

imputation despite missing data. Additionally, it offers flexibility to different levels of

available information and does not require outcome calibration.

Besides the specific contributions in the task of mortality risk assessment, our find-

ings contribute to answering our research questions, outlined in Chapter 1:

• RQ1: Our model can automatically impute missing data without making as-

sumptions about why the data is missing. Additionally, the hierarchical nature

of our approach allows our model to provide valuable support under different

levels of data availability. All of this points to the better suitability of our ap-

proach to the ICU data than the benchmark methods studied.

• RQ2: The excellent performance of our model across patients’ age and ethnic-

ity highlights the ability of our approach to simultaneously incorporate patterns

in the characteristics of patients into the clustering of features. As discussed in

2.3.3, this is due to the hierarchical nature of the hSBM, allowing it to incorpo-

rate important aspects of the diversity of ICU patients into the model.

• RQ3: Using the hierarchical clustering model, we automatically extract relevant

relationships between clinical variables and patients. Capturing this information

in the data-block matrix, we include this information in our predictive model.

This reduces the necessity for human intervention in fitting statistical or machine

learning models, such as assigning subscore values. In this way, our approach

simplifies the use of our model in the ICU.

In conclusion, our research presents a novel use of network sciences for the support

of patient mortality assessment addressing the ICU-specific challenges discussed in

Section 1. These results provide strong evidence for the potential of network analysis

and community detection in improving predictive models for ICU patient outcomes.
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In the next chapter, we take a step back to summarize the contributions of our current

research and general research avenues that might extend our contributions.





Chapter 6

Conclusions

In this concluding chapter, we take a step back and consider the broader benefits of our

approach in the ICU context. To this end, we revisit our findings and their alignment

with our research questions outlined in Chapter 1, reflect on the contributions and

limitations of our work, and outline directions for future research.

6.1 Our contributions

In this section, we outline the contributions of our work. We start by presenting how

our approach addresses our research questions and then move to highlight some unex-

pected but valuable observations made during our work.

6.1.1 Addressing our research questions

We have been able to achieve various benefits across tasks while addressing the chal-

lenges presented in our research question. We reflect on these next.

RQ1: How can we improve the robustness of machine learning mod-

els over missing and sparse ICU data?

Our results show how the use of network-based representation of patients and com-

munity detection offers a promising answer to this question. Firstly, the rich network

representation of patients and the non-parametric community detection approach to

unveil statistically robust structures in the network palliates the effects of missing and

incorrect data. Additionally, the non-parametric and hierarchical aspects of our ap-

proach enable our models to capture relevant patterns even with sparse data.

119
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Two notable examples of the resilience of our approach to incomplete and miss-

ing data are presented in Chapter 5. Firstly, our scoring system can automatically

impute missing data without assumptions about the reasons for the missing data. Sec-

ondly, our approach exhibits effective handling of unbalanced data, as shown by its

top performance in predicting mortality, highly unbalanced in our cohort study, with-

out data prepossessing or model calibration. Additionally, Chapter 4 demonstrates our

approach’s ability to handle sparse data. Our findings show that our clustering models

effectively incorporate the medically relevant yet sparse comorbidities, along with the

denser demographic and admission-type data to identify multimorbidity profiles. This

is not observed in benchmark methods, which mostly rely on demographic information

and admission type to group patients.

In summary, our approach effectively addresses key challenging aspects of ICU

data, including sparsity, unbalance, and incompleteness of data, which traditional meth-

ods struggle to handle. This resilience ensures that our models remain reliable and

accurate when dealing with ICU data.

RQ2: How can we enhance machine learning models to incorporate

the heterogeneity of ICU patients?

Our approach finds in the use of network science and non-parametric approaches a

promising answer to this question. Firstly, our network-based representation allows

the explicit encoding of complex non-linear relationships between patients and clinical

variables, which traditional approaches may struggle to represent. Furthermore, the

use of non-parametric community detection allows models to adapt to various patient

groups, accommodating diverse patient profiles.

Chapter 5 serves to illustrate our approach’s ability to handle patient heterogeneity.

There, it demonstrates top performance in mortality prediction across the entire sam-

ple as well as across age and ethnicity cohorts in terms of ROC-AUC, accuracy, and

outcome calibration. This points to our model’s ability to identify patterns specific to

similar groups of patients. Notably, our approach can identify patient groups in aspects

not explicitly represented in the dataset, as shown in Chapter 4. In this case, our model

can distinguish patient groups not solely based on specific demographics or morbidi-

ties but also by considering multimorbidity counts. Our approach is able to capture this

reportedly relevant aspect of the data, noticeably missing from the benchmark meth-

ods. By considering multimorbidity count, our model uncovers patient groups that
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other methods overlook, such as those without comorbidities.

In summary, our approach is able to handle the heterogeneity of patients by accu-

rately identifying groups of homogeneous patients. This allows our models to naturally

accommodate the diverse range of ICU patients, ultimately leading to more precise and

patient-specific outcomes.

RQ3: How can we leverage available ICU data to simplify the train-

ing and validation of machine learning models?

The use of a non-parametric approach represents an answer to this research question

in our approach. This aspect significantly simplifies model training and selection, of-

fering a data-driven solution to this technically demanding task. This is evident in

different aspects of our work.

In Chapter 4, this is illustrated as all the parameters of the clustering model are au-

tomatically inferred, eliminating the need for manual intervention. This is in contrast

to the benchmark methods that require significant effort to determine the optimal clus-

ter numbers and extensive model validation. Similarly, in Chapter 5, the use of hSBM

automatically creates a mapping of features into a simplified input space, sequentially

used for mortality prediction. Another important aspect of simplification relates to

data handling. Unlike the benchmark methods in Chapter 4, our approach does not

rely on assumptions regarding feature distributions or independence. Furthermore, it

eliminates the necessity for explicit data imputation before model training, in contrast

with some of the benchmark methods in Chapter 5.

In conclusion, our approach effectively simplifies the training and validations of

models for the ICU, lifting parts of the technical challenges related to the application

of machine learning models in the ICU context.

6.1.2 Other benefits of our approach

Our approach presents unexpected but valuable elements contributing to the usability

of our models in the ICU context. One such element of usability stems from our

approach’s robustness to ICU data. This robustness and adaptability to data quality

and availability offer flexibility to clinicians as they can use our models even when

data is not optimal. This is particularly clear in Chapter 5, as our model exhibits

flexibility and adaptability to varying data availability levels. As a result, our model

enables patient assessments even when limited clinical variables are unavailable.
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6.2 Future directions

As presented in the previous section, our approach’s adaptability, robustness, and sim-

plified model selection, coupled with enhanced usability, offer notable benefits for

decision-making support in the ICU. Beyond these advantages, our work also opens

exciting research opportunities, offering solutions to current limitations and enhancing

our contributions. In the following, we highlight three immediate extensions to our

work, as concrete examples of future research and to illustrate how these would tackle

some of the current limitations of our work.

Enrich clinical data representation: Managing extensive clinical data presents both

opportunities and challenges. Current approaches typically preprocess data to reduce

the input space dimensionality, as illustrated by multimorbidity indices in Chapter 4

and severity of scores in Chapter 5. While useful, this strategy presents a limitation,

potentially losing important information during the dimensionality reduction. Leverag-

ing network science’s scalability and resilience to sparse data we can directly study the

available clinical data. As a first immediate step, we plan to extend our multimorbidity

profiles study using ICD-9 instead of multimorbidity indices.

Network reconstruction for mortality prediction: Community detection models, as

shown in Chapters 4 and 5, are powerful for understanding underlying clustering struc-

tures. However, these models are also probabilistic with additional potential applica-

tions. For example, they can be used for network reconstruction, with applications to

outcomes prediction and data imputation. An immediate research direction is to extend

our work in Chapter 5, replacing the use of machine learning models for mortality pre-

diction by link prediction via network reconstruction leveraging our existing clustering

models.

Incorporation of medical knowledge: Up to this point, we have explored the ben-

efits of simplifying the application of machine learning in the ICU context. By doing

this, we aimed to lift some of the technical complexities to bridge machine learning

and the medical domain. Nonetheless, the data-driven nature of our approach presents

limitations, as it does not fully incorporate medical knowledge into our models. A step

further would be to better include medical knowledge in our approach. This can be

achieved in various ways by leveraging our network-based representation and Bayesian

inference process. For example, by adding weights to our patients-morbidity network
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we could point to relationships that are medically more relevant for mortality or sepsis.

Another option and an immediate research direction is the inclusion of priors to convey

mortality expectations for in-hospital death prediction via network reconstruction.

6.3 Concluding remarks

In this thesis, we have introduced an approach to uncover underlying structures in data

that can help the understanding of complex relationships between patients, clinical

variables and medical outcomes. From the beginning, we envisioned a solution that

could account for the complexities of the ICU domain in terms of the clinical data and

the intricacies of the medical processes, tackling the issues that widely used methods

struggle with.

In pursuit of this vision, we have realized the advantages of combining network-

based representation of clinical data, network science and machine learning methods.

More specifically, we successfully applied this approach to identify multimorbidity

profiles for ICU patients in Chapter 4 and construct a hierarchical mortality prediction

model in Chapter 5. In contrast to current methods, our approach creates models that

are able to automatically handle missing and sparse data, account for the heterogene-

ity of the ICU population, and eliminate human intervention in the model selection

process. Our work not only offers innovative solutions but also opens new research

directions to further enhance our contributions.

To conclude, this thesis represents a step forward in the use of networks and ma-

chine learning methods to effectively support decision-making in the ICU in its whole

complexity. This recognizes the complexities of the clinical data and importantly opens

research avenues to deepen the integration of network science, machine learning and

medical knowledge, all in service of enhancing patient care in critical situations.





Appendix A

Background

A.1 Severity of illness score tables

In this section we complement the information provided for the severity of illness

scores introduced in Section 2.1.4 and later utilized throughot Chapter 5.

• OASIS: This scoring system is presented in Figure 2.1. The mortality probability

function (MP) part of this scoring system:

MP = 1/(1+ exp(−(−6.1746+0.1275 ·OASIS SCORE))) (A.1)

• SOFA: The detail scoring system is provided in table A.1. There is no mortality

probability function as part of this severity score.

• SIRS: The detail scoring system is provided in table A.2. There is no mortality

probability function as part of this severity score.

• SAPS-II: This scoring system is presented in Figure 5.1. The mortality proba-

bility function (MP) part of this scoring system:

MP = 1/(1+ exp(−(−7.7631+0.0737∗ sapsii+0.9971∗ (lnsapsii + 1))))

(A.2)

• APS-III: The detail scoring system is provided in table A.1. The mortality prob-

ability function (MP) part of this scoring system:

MP = 1/(1+ exp(−(−4.4360+0.04726∗APS-III SCORE))) (A.3)
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Appendix B

Improving identification of

multimorbidity profiles for ICU patients

B.1 Charlson clustering models stability

Figure B.1: Comparing Mutual Information (MI) in the Top 10 Charlson multimorbidity

profile models generated by LCA (left) and K-modes (right). Models are labelled from 0

to 9 based on lower entropy, with 0 being the best and 9 the least optimal. Notably, MI

is considerably greater in LCA partitions compared to K-modes partitions. The optimal

model for each method (model 0) maintains the highest MI with other models, empha-

sizing its consistency across all models.
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B.2 Charlson clusters outcomes prevalence

Figure B.2: Mortality, sepsis, and mortality-given-sepsis for Charlson hSBM clusters.

Figure B.3: Sepsis, mortality, and mortality given sepsis across Charlson LCA (left) and

K-modes (right) clusters.
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Figure B.4: Sepsis, mortality, and mortality given sepsis across Charlson agglomerative

clustering, 7 clusters (left) and 12 clusters (right).
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B.3 Charlson clusters comorbidity count

Figure B.5: Count of Charlson morbidities per patient, at both the intermediate (left) and

bottom (right) hierarchical levels. Circle size represents the number of patients with a

specific count of morbidities.
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Figure B.6: Count of Charlson-defined comorbidities per patient for LCA (right) and K-

modes (left) clusters. Circle size represents the frequency of patients with a specific

number of morbidities.
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B.4 hSBM clustering similarities across multimorbidity

indices

Patients over 45 with heterogeneous multimorbidity count (Elixhauser clusters

F1e, F2e, F3e, and F4e & Charlson clusters B4c, C1c, B5c, B6c and C2c)

The parent clusters Elixhauser Fe and Charlson Bc and Cc show predominantly older

patients with multiple co-occurring morbidities, resembling Elixhauser clusters L1e,

L3e K6e and HC-Be, and Charlson clusters L3c, L4c, K7c and HD-Cc from the bench-

mark. But this resemblance disappears when inspecting the ramifications of the in-

ferred hSBM clusters at the bottom hierarchical level. A distinctive feature setting the

hSBM clusters apart from the benchmarks is the multimorbidity count, which influ-

ences outcomes across different indices.

Elixhauser cluster F1e and Charlson cluster B4c encompass patients strictly over

85 years old, with a higher presence of females and a moderately low number of mor-

bidities (between 2 and 4 for F1e and strictly 1 for B4c). Both exhibit virtually the same

rates of mortality (21.6% for both) and mortality given sepsis (30% for both). Despite

differences in morbidities, these clusters share a high prevalence of congestive heart

failure and a moderately high occurrence of peptic ulcers. Additionally, cluster B4c

shows a very high level of dementia, consistent with the age of the population. Lastly,

Elixhauser cluster F3e and Charlson clusters B5c and B6c are similar, grouping

mostly elective patients between 45 and 64 years old with a low number of morbidities

(strictly 2 F3e and strictly 1 for B5c and 2 or 3 for B6c). The main difference between

these clusters and F1e and B4c lies in the age of patients, as they do not consider pa-

tients over 85 years old. This age gap and the low comorbidity count might explain

the lower rates of mortality (8.75% for F1e, 1.47% for B5c, and 3.35% for B6c) and

mortality given sepsis (20% for F1e, 8.98% for B5c, and 12.73% for B6c).

The level of detail achieved by the hSBM is not captured by the seemingly similar

Elixhauser clusters L5e, L6e, K7e, and HC-Be or Charlson clusters L3c, L4c, K7c and

HC-Cc. While these clusters capture parts of these profiles, such as higher rates of

older patients, they fail to capture elements such as the morbidity count, and so the

differences between clusters do not translate into differences in medical outcomes.
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Older patients with multimorbidity (Elixhause cluster E1e & Charlson cluster C3c)

These are large clusters comprising older patients, particularly in the 65 to 84 age

group and with a moderate number of comorbidities, 3 or 4 for E1e and 2 for C3c.

These clusters share patients with a very low prevalence of substance abuse, AIDS

and liver disease, but a slightly higher prevalence of everything else. Similarly to the

previous case, the most distinctive difference between these clusters lies in a slightly

higher prevalence of elective admissions for E1e and an absence of it for C3c. However,

this difference does not lead to negative outcomes as they present close to average rates

of mortality, sepsis and mortality given sepsis. Interestingly such “average” clusters

are not directly found in the benchmark. This can be seen by the lack of a benchmark

cluster with average levels of the three outcomes considered, namely sepsis, mortality

and mortality given sepsis as shown in Figure 4.18.

B.5 hSBM clustering differences across multimorbidity

indices

Younger patients with substance abuse and non-elective admissions (Elixhauser

Clusters B1e & B2e)

Clusters B1e and B2e exhibit significantly lower rates of elective admissions and sub-

stantially higher rates of drug abuse than the dataset average (2 and 2.89 times higher,

respectively) and alcohol abuse (22.74% and 21.17% respectively versus an 8.42%

average in the dataset). Notably, These clusters of younger patients with a high preva-

lence of substance abuse are consistent with reports in literature (Zador et al., 2019).

The main difference between these two clusters is that all patients in B1 have strictly

one morbidity each and in B2e exactly two, as shown in Figure 4.15. These differences

manifest in a higher prevalence of AIDS, psychoses and depression in B2e, and a lower

mortality rate given sepsis onset for patients grouped in B1e (Figure 4.17). Concerning

morbidity profiles, these clusters relate to clusters L4e and K5e, which would include

both B1e and B2e. In both cases hSBM provides more insights about the patients. On

one hand K5e does not correlation with medical outcomes, and on the other L4e does

not allow to distinguish the simpler cases encompass in B1e (only one morbidity) from

the more complicated in B2e.
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Elective patients between 45 and 64 years old with cancer (Charlson clusters B2c)

This cluster stands out for its composition of patients with cancer, typically presenting

a moderate comorbidity count, typically ranging between 2 and 3. The complexity

of patient profiles in this cluster likely contributes to the high mortality rates, 18.24%

compared to the sample average of 11.42%. However, what is particularly striking is

the remarkably high mortality rate given sepsis, which is 64% higher than the overall

population (35.69% compared to the sample average of 21.64%). Interestingly, this

cluster is only captured by K-modes cluster K8c but is related to a lower prevalence of

adverse events.

Younger patients with aids and liver disease (Charlson clusters B1c and B3c)

Patients in B1c and B3c show a much lower than average prevalence of elective ad-

missions and a substantially higher prevalence of aids and liver disease, both mild and

severe. The main factor that distinguishes these two clusters is that in cluster B1 all

patients have exactly two morbidities each, whereas in B3c they all have three or more,

as shown in Figure B.5. These differences likely account for the even higher rates of

sepsis onset and mortality given sepsis in B3c (49.12% and 36.84%) compared to B1

(45.95% and 32.85%). Interestingly, while these morbidity profiles are somehow iden-

tified by the benchmarks in clusters HC-B1c, K2c and L1c they exhibit a normal or low

prevalence of mortality, sepsis and mortality given sepsis, as shown in Figure 4.18.
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Improving mortality risk assessment

for ICU data and patient heterogeneity

C.1 Performance comparison between predictive mod-

els for the entire study cohort

Figure C.1: Performance summary of all predictive models applied to the whole study

cohort. For accuracy, sensitivity, and specificity we report the mean of the bootstrapped

evaluation and in parenthesis the 95% confidence interval. In bold we highlight the top

three best-performing models for each evaluation metric
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C.2 AUROC comparison of SAPS-II Machine Learning

enhanced models: RF-SAPS and XG-SAPS

Figure C.4: AUROC comparison between RF-SAPS (left) and XG-SAPS (right). It can

be seen that XG-SAPS outperforms RF-SAPS in all age (top) and ethnicity (bottom)

cohorts. Based on these results we moved forward considering only XG-SAPS due to

its superior performance.
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