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Resumo

O sangramento no tecido cerebral, também designado como Hemorragia Intracerebral (HIC), é
um dos tipos mais comuns de AVC com risco de vida, no qual o resultado pode ser melhorado por
cuidados intensivos. Notoriamente, a individualidade dos pacientes que sofrem desses incidentes
torna-o um dos mais dificeis de tratar e estabelecer tetos terap€uticos corretos. Assim, a disser-
tacdo visa explorar e identificar solu¢des que melhorem a certeza dos tratamentos de reabilitacdo
adotados, minimizando os recursos terapéuticos desnecessarios.

Para o controlo e andlise dos estados fisiolégicos e comportamentos fisiopatoldgicos desses
pacientes neurocriticos, o monitorizagdo em tempo real de pardmetros multimodais especificos do
cérebro em UClIs tornou-se, ao longo do tempo, uma estratégia essencial. Como tal, ferramentas
como o ICM+ integraram funcionalidades de Monitoramento Continuo Multimodal (MCM) ofer-
ecendo armazenamento de alta resolug@o e andlise em tempo real de dados de neuromonitorizacao.

Além da MCM, a interpretacdo de tomografias computorizadas (TACs) cerebrais pode ser uti-
lizada como uma ferramenta diagndstica ndo invasiva para avaliar a gravidade da lesao neuroldgica
dos pacientes com HIC e estimar o tratamento de recuperacdo a ser realizado.

Para resolver o problema identificado, este projeto desenvolve um conjunto de modelos de
aprendizagem supervisada capazes de identificar padrdes nos dados obtidos na primeira semana
de admissdo do paciente na unidade de cuidados intensivos, através dos quais o progndstico e a
prevengdo de possiveis desfechos podem ser realizadas. Para implementar esses modelos, con-
juntos de dados retrospectivos, contendo aspectos clinicos, demogréficos, do histérico médico, de
neuroimagem, recolhidos através de MCM e colecionados entre 16 de janeiro de 2015 e 28 de
novembro de 2021, sdo fornecidos pela Unidade de Cuidados Neurocriticos do Centro Hospitalar
de S. Jodo e sdo posteriormente anonimizados. A partir desses conjuntos de dados, para cumprir
0s objetivos do projeto, o trabalho faz a implementacgdo de técnicas avancadas de andlise de dados
de machine learning destinadas a estimar modelos preditivos que permitam uma melhor previsao
de desfechos 6 meses ap6s admissdo nos cuidados intensivos, aproveitando o poder de conjuntos
de dados multimodais, incorporando dados tabulares e de imagem para melhorar a eficdcia da
previsao.

Os resultados desta tese revelaram que essas combinacdes de diferentes modalidades de da-
dos proporcionaram boas performances. Com essas abordagens, sdo alcancados AUCs iguais ou
superiores a 87,5% até 100% numa variedade de modelos desenvolvidos.

Concluiu-se que, embora os nossos resultados sejam promissores, alcangando valores notaveis
de AUC, eles sdo preocupantes devido a potencial existéncia de overfitting nos modelos provocada
pelo tamanho pequeno do conjunto de dados. Para avancar nesta pesquisa, trabalhos futuros devem
utilizar conjuntos de dados maiores e mais diversos e explorar técnicas inovadoras de modelos
baseados em imagens e de fusdo de modelos. No entanto, as nossas descobertas abrem portas para
aplicagdes praticas em cendrios da vida real, oferecendo informacdes valiosas para profissionais
médicos na otimizac¢do dos cuidados aos pacientes com HIC.



Abstract

The bleeding into the brain tissue, also designated as Intracerebral Hemorrhage (ICH), is one of the
most common kinds of life-threatening strokes, in which the outcome can be improved by intensive
care. Notoriously, the individuality of patients who suffer from these incidents makes it one of the
most difficult to treat while establishing correct therapeutic ceilings. Thus, this dissertation aims to
explore and identify solutions that improve the certainty of the adopted treatments while keeping
unnecessary therapy resources to a minimum.

For the control and analysis of these neurocritical patients’ physiological states and patho-
physiological behaviours, real-time monitoring of brain-specific multimodal parameters in inten-
sive care units (ICUs) has become, over time, an essential strategy. As such, bedside sources such
as ICM+ have integrated Multimodal Continuous Monitoring (MCM) functionalities by offering
high-resolution collection and real-time analysis of neuromonitoring data.

Besides MCM, the interpretation of brain computerized tomography (CT) scans can be utilized
as a non-invasive diagnostic tool for evaluating the severity of the ICH patients’ neurological injury
and estimating the recovery treatment to be carried out.

To resolve the identified problem, this project develops a set of supervised learning models
capable of identifying patterns in the data obtained in the first week of a patient’s ICU admis-
sion, through which the prognostication and prevention of possible outcomes can be done. For
implementing these models, retrospective datasets containing clinical, demographic, MCM, medi-
cal history, neuroimaging and follow-up aspects of the patients and collected between January 16,
2015, and November 28, 2021, are provided by the Neurocritical Care Unit of the S. Jodo Hospital
Centre and subsequently anonymized. From these datasets, to fulfil the project’s objectives, the
work revolves around implementing advanced machine learning data analysis techniques intended
to estimate predictive models that allow for better prediction of 6-month outcomes by harness-
ing the power of multimodal datasets, incorporating both tabular and imaging data to enhance
predictive effectiveness.

The results from this thesis revealed that these combinations of different data modalities pro-
vided good performances. With these approaches, AUCs higher or equal to 87.5% up to 100% are
achieved on the plethora of developed models.

It was concluded that while our results demonstrate promise, achieving remarkable AUC val-
ues, they are tempered by concerns of potential overfitting in the models due to the dataset’s small
size. To advance this research, future work should leverage larger, more diverse datasets and ex-
plore innovative imaging-based models and fusion techniques. Nonetheless, our findings open the
door to practical applications in real-life scenarios, offering valuable insights for medical profes-
sionals in optimizing ICH patient care.
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Chapter 1

Introduction

1.1 Context

The brain is one of the most complex organs of the human body, which, despite the protection
of the skull bone cavity, can be subject to traumatic brain injuries and spontaneous occurrences
within. ICH, also known as intraparenchymal bleed, is the sudden and acute bleeding into the
brain’s tissues and is one of the more common primary neurological diagnoses after ICU admis-
sions, only behind subarachnoid hemorrhages (SAHs) [39]. This pathology is the second most
frequent cause of strokes (15-30%) [36], usually leading to highly debilitating or fatal conse-
quences.

Given these factors, diagnosed patients admitted to the neurocritical care units are typically
placed with bedside multimodal continuous brain monitoring (MCM) to avoid secondary harm-
ful effects. S. Jodo Hospital Centre Neurocritical Care Unit routinely applies these monitoring
techniques through ICM+. This software tool offers online (real-time) data collection capabilities,
with highly informative displays for a variety of signals (e.g., intracranial pressure, i.e., ICP) and
allows for advanced offline statistical analysis of the real-time data [44]. These monitoring capa-
bilities are highly advantageous for detecting physiological changes in these patients, analysing
their pathophysiological behaviour and, overall, for keeping a closer inspection on highly volatile
conditions.

CT scans are the current standard for initial imaging of patients with either head traumas or
strokes [13]. These scans are procedures that use X-rays and computer technology to produce im-
ages of the inside of the body, e.g., axial images of the brain (also known as slices). These provide
the possibility of determining image features to predict the likelihood of hemorrhage expansion in

ICH patients (and other intracranial hemorrhage pathologies) [24]:

* Hemorrhage size
* Hemorrhage density
* Hemorrhage shape

* Ventricular hemorrhagic extension
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1.2 Problem and Objectives

Considering the high mortality and individuality of patients of the ICH pathology, it is challenging
for medical professionals to establish therapeutic ceilings, thus leading, in specific scenarios, to
the use of excessive resources for rehabilitating these patients.

To resolve the problem at hand, the thesis aims to provide a solution that identifies with greater

certainty which patients should benefit from increased care by envisioning the following:

* Development of algorithms for prognosticating and detecting future consequences resulting
from the ICH.

* Finding of associations of the patients’ functional statuses in the sixth subsequent month

with the following factors:

— First-day CT scan features.

— Invasive and non-invasive signal parameters obtained through the ICM+ MCM tool on

the first and second days post-ICU admission.

— Clinical, follow-up and demographic data from the patients.

For these goals to be fulfilled, the work will apply advanced machine-learning techniques to a

multimodal dataset.

1.3 Motivation

Although the application of machine learning techniques for the prediction of patients’ outcomes is
now commonly used in the medical field, it is still a rare adoption for the ICH pathology, especially
with the use of a multimodal dataset (i.e., containing categorical, MCM and imaging data).

State-of-the-art predictive models have proven highly effective and beneficial for ensuring that
medical professionals provide patients with the most optimal possible care [49, 29]. Even though
these models already offer good predictive capabilities, this thesis is also motivated by the need
for more knowledge and research on the usefulness of a multimodal dataset for predicting the
functional statuses of ICH patients and identifying dominant factors for prognostication.

Existing formal prognostication models of mortality and the functional outcome, such as the
ICH score (described in Section 2.1.2), have not yet been found to be beneficial, with the subjective
judgement of medical professionals being, in some occasions, more accurate than these scales in

predicting ICH outcomes [23].

1.4 Document Structure

In addition to the introduction, this dissertation contains five more chapters:

» Chapter 2: In this chapter, a background on the concepts relevant to this thesis study is given

with a focus on ICH and machine learning notions.
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* Chapter 3: This chapter focuses on reviewing state-of-the-art works within the domain of

the thesis theme to answer four research questions.

* Chapter 4: Describes the data provided for this investigation, the proposed solution for the

problem of the dissertation and the methodologies to accomplish it.

Chapter 5: In this division of the document, the results of the proposed solution are illus-

trated and discussed.

Chapter 6: Chapter where the conclusions from the carried work are drawn.



Chapter 2

Domain Concepts

This chapter provides a comprehensive overview of the main theoretical concepts necessary and
intrinsic to the project’s development in 5 sections. The first section explores the ICH pathology,
where the definition of scales/scores (ICH score, GCS, SAPS II) typically used for the prognosis
of patients is encountered, as well as additionally delving into the MCM practice and the valuable
information that can be extracted from it. The second section focuses on the knowledge discov-
ery (KD) process in data, highlighting the crucial steps in uncovering useful insights from data.
The second section describes artificial intelligence, a field directly related to two subdomains (ap-
proached in the two final sections) that are highly linked to the thesis. The following section covers
machine learning concepts, mostly emphasizing predictive classification methods and algorithms
using imaging and tabular data. The final section covers some evaluation metrics for assessing

classification models’ performance.

2.1 ICH Related Concepts

As was defined in section 1.1, ICH is the sudden bleeding into the brain tissues, namely in the

brain parenchyma. The main causes for occurrences like this are the following [36]:
* Hypertension: High blood pressure levels make the rupture of brain arteries more likely.
* Age: More probable after the age of 55.
* Gender: More common in men.

* Previous history of stroke increases risk 23 times. [36]

Alcohol and drug abuse.
* Liver disease.

Imaging modalities such as CT, magnetic resonance imaging (MRI), and ultrasound are com-

monly used for the detection and evaluation of ICH [4]:
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* CT: the preferred initial imaging modality for diagnosing ICH due to its availability and
speed.

¢ MRI: more useful for the detailed assessment of brain structure and function.

» Ultrasound (namely, the Transcranial Doppler ultrasound): Provides real-time informa-
tion on blood flow in the brain and may be useful in monitoring changes in cerebral blood

flow in response to ICH.

Treatments typically focus on stopping the bleeding and relieving the intracranial pressure
(ICP) to prevent further damage to the brain, which can result from increased pressure within the
skull induced by the extra blood.

Patients with ICH usually undergo clinical assessments for estimating severity scores, which
give a probability of mortality by evaluating a handful of independent characteristics of the patients
that are highly related to the ICH’s severity. The ICH score and the Simplified Acute Physiology

Score (SAPS) II constitute ICH patients’ most commonly used scores.

2.1.1 Glasgow Coma Scale/Score (CGS)

The GCS is a standard scale for the severity assessment of the coma and impaired consciousness
in the critically ill (commonly used for patients who suffer from ICH). It is highly related to the
functional outcome of the neurocritical patients [22, 49], being of high importance for predicting
neurological outcomes. For the determination of the score, medical professionals evaluate the

following three factors:
* Eye Opening Response (1-4)
* Verbal Response (1-5)
* Motor Response (1-6)

The lower the overall score (3-15), the deeper the coma state.

2.1.2 ICH score

The ICH score is an outcome risk stratification scale developed from a logistic regression model,
which included the five following characteristics determined to be independent predictors of 30-

day mortality [22]:
* GCS on initial presentation (or after resuscitation)
* Age > 80
e ICH Volume > 30 mL

* Presence of bleeding in brain ventricles, i.e., intraventricular hemorrhage
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* Infratentorial origin of hemorrhage

Each of these factors was assigned different weights based on the strength of association with
the outcome. The total ICH score is the sum of these weights (Table 2.1).

Factor Weight
GCS 3-4(+2) 5-12(+1) 13-15(0)
Age > 80 True (+1) False (0)
ICH Volume > 30 mL True (+1) False (0)
Intraventricular hemorrhage True (+1) False (0)
Infratentorial origin of hemorrhage True (+1) False (0)
Total ICH Score 0-6

Table 2.1: ICH Score Estimation

The mortality of the patients rises as the ICH score estimation increases. The original study

associates different 30-day mortality probabilities with the various scores (0-6).

2.1.3 Simplified Acute Physiology Score (SAPS) 11

SAPS Il is a classification system widely used for assessing the severity of illness in the ICU. It is
calculated with the worst results measured within 24 hours of the patient’s ICU admission and has
a value from 0 to 163 and a predicted mortality likelihood (0 % to 100 %).

The medical professionals calculate this score from 12 variables associated with the admitted

patient, which include:
* Age
* Heart rate
* Body temperature
* Arterial pH
* White blood cell count
* GCS score
* Mean arterial pressure
* Respiratory rate

¢ Presence or absence of mechanical ventilation

Each variable is given a weighted score based on its relative contribution to mortality, with
higher scores indicating a greater likelihood of death.

While SAPS II was originally developed to be used in general ICU patients, it has also been
found to be useful for predicting outcomes for ICH patients.
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Overall, the SAPS II score can be a tool to provide important information for clinicians when
determining the best course of treatment for patients with ICH, as well as for predicting their

likelihood of survival.

2.1.4 Modified Rankin Scale (mRS)

The mRS is a scale that measures the functional status, more specifically, the degree of disability
or dependence of people who have suffered a stroke or other causes of neurological disability. It

ranks the patients’ mRS scores from 0 to 6 according to the following [48]:

* 0: No symptoms at all.

* 1: Minor symptoms that result in no significant disability.

 2: Slight disability, which makes the patient unable to carry out all previous activities.
* 3: Moderate disability (patient requires help, but not for walking).

* 4: Moderately severe disability (unable to walk and attend to bodily needs).

* 5: Severe disability (bedridden with constant nursing care needs).

¢ 6: Dead.

2.1.5 Multimodal Continuous Monitoring (MCM)

As was said in Section 1.1, bedside MCM is now a common practice in neurocritical care units.
Through tools like ICM+, several brain and systemic signals (invasive and non-invasive) are saved

into raw files in real-time, such as:

¢ Intracranial Pressure (ICP)

* Lung Oxygenation (rSO2L)

* Cerebral Oxygen Saturation (rSO2R)
¢ Cerebral Blood Flow (CBF)

* Electrocardiogram (ECG)

¢ Arterial Blood Pressure (ABP)

* CO2 Levels

* Electroencephalogram (EEG)
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Other variables can be calculated in real-time besides the signals monitoring. One example
is the pressure reactivity index (PRx), calculated at low frequencies, used to monitor cerebral
auto-regulation by setting an interval for the CBF, in which the brain is safe according to relative
changes in ABP and ICP. This variable has been proven to strongly correlate with the outcome of
patients with traumatic brain injuries [16].

Besides the real-time data collection capabilities, ICM+ offers a user interface that allows
offline advanced statistical analysis and calculations, which help set valuable parameters for de-

tecting patient anomalies and for a deeper analysis of the patient’s physiological volatilities [44].

2.1.6 CT Scan Images

As delineated in Section 1.1, it is meaningful that CT emerges as the primary modality commonly
acquired in the initial phases of patient assessment. CT scans possess distinctive attributes that
hold the potential to predict the likelihood of hemorrhage expansions. These scans typically unveil
hyperdense accumulations of blood, frequently accompanied by the presence of hypodense edema
in the surrounding areas [24].

In medical imaging, particularly when considering CT scans, images typically appear in spe-
cific formats that facilitate storage, analysis, and interpretation. Digital Imaging and Communica-
tions in Medicine (DICOM) and Neuroimaging Informatics Technology Initiative (NIfTT) are two
prevalent formats utilized for medical images. DICOM is a standard format extensively used for
various medical imaging modalities, including CT scans. It contains image data and associated
metadata, such as patient information and imaging parameters, ensuring data preservation [1]. On
the other hand, NIfTI is primarily utilized in neuroimaging and is particularly relevant for imaging
modalities like MRI. It stores volumetric data, allowing the representation of three-dimensional
structures. These formats not only enable interoperability across different imaging devices and
software but also provide a standardized means for researchers and clinicians to access, analyze,
and share medical image data effectively [2].

Additionally, CT scans often provide the image pixel values in Hounsfield Units (HU), a scale
that measures the radiodensity of tissues. HU assign values according to the tissue types depicted
in Table 2.2. This standardized scale aids in interpreting CT images, allowing medical profession-

als to differentiate between various tissues based on their radiodensity levels.

Hounsfield units Tissue
> 1000 Bone, calcium, metal
100 to 600 Iodinated CT contrast
30 to 500 Punctate calcifications
60 to 100 Intracranial hemorrhage
35 Gray matter
25 White matter
20 to 40 Muscle, soft tissue
0 Water
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-30to -70 Fat
< -1000 Air

Table 2.2: Hounsfield scale brain CT numerical ranges. Source: [27]

2.2 Knowledge Discovery Process

The exponential increase in data collection has heightened the need to extract valuable informa-
tion. Consequently, extracting meaningful knowledge from this vast amount of data has become
complex, making the development of standard process models necessary for knowledge extrac-
tion. According to [15], these models should serve as a roadmap for organizations, guiding them

in planning and executing projects while fulfilling the following objectives:

* Result in a product that is useful and, for this purpose, prevents data dredging, i.e., the blind

application of data mining tasks to unstructured data.

* Possess a clear structure and approach that decision-makers (such as individuals with access

to the KD system) can understand.

* Align with already established models avoiding the unnecessary reinvention of the wheel.

In essence, the KD model can be defined as the non-trivial process that transforms raw data
into valid and novel patterns that are valuable in a specific domain. To establish this model, a

series of steps must be followed, as shown in Figure 2.1.

Interpret:.tuon i
Evaluatinn

e

o
‘ =~ Transformed
Preprocessed Data Data
Data Target Date
|

Figure 2.1: KD process model Source: [17]

Transformation

|: Preprocessing ]

Selection

The showcased model (by Fayyad et al. [17]) consists of the following 5 major steps:

» Data selection - In this phase, a target dataset is generated by selecting the relevant features

(variables) according to the problem’s domain knowledge.
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» Data preprocessing - This step removes inconsistent data and deals with noise and missing

values (data cleaning).

* Data transformation - Data is transformed into appropriate formats for the data mining
phase (e.g., normalization and aggregation) and finds useful attributes (e.g., using feature

selection).

* Data mining - Step where the patterns in the data are produced in the form of classification
rules, clusters, etc. In the data mining task, an algorithm is picked, conforming to the goals

defined for the problem at hand and the patterns that are being searched for.

* Interpretation/Evaluation - Phase where the better or most interesting patterns are selected
based on specific metrics.

The previous model can end up not following a sequential order as loops can form between
any two steps making the model versatile to changes in any of the phases. Upon following these

steps, the discovered knowledge can then be incorporated into a system.

2.3 Artificial Intelligence

Artificial Intelligence (Al) is a rapidly growing field that is revolutionizing and is, in some cases,
intrinsically contained in various domains, including healthcare. Al refers to the simulation of hu-
man behaviours in machines, which enable the performance of actions that usually require human

cognitive capabilities:
* Perception (of the surrounding environment)
* Reasoning
* Learning
* Decision-making

Al can potentially transform the field of medicine by improving diagnosis and prognosis accu-
racy, treatments, and patient outcomes. In the context of this thesis, Al can help identify patterns
and trends in the patients’ data that may otherwise be difficult to detect for human clinicians. This
can lead to earlier detection of hemorrhages, more accurate predictions of patients’ outcomes and
diagnoses, and personalized treatment plans based on patient individualities [38].

Within Al, diverse and interconnected fields that contribute to its advancement are encoun-
tered. Two notable subfields are machine learning and computer vision, which play key roles in

harnessing the potential of Al technology.
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2.4 Machine Learning Concepts

As already stated, machine learning is a field within the broader ecosystem of Al that holds im-
mense significance in facilitating automated pattern recognition, prediction, and decision-making.
By harnessing statistical techniques, machine learning algorithms can autonomously extract pat-
terns from data, enabling the generation of models qualified with prediction and classification
capacities. These are powerful tools for analysing and forecasting new data on acquired features.
Furthermore, utilising advanced algorithms and statistical methodologies entrusts machine learn-
ing systems to adapt and better their performance over time, making them critical in domains
reliant on data-driven insights and decision-making.

Within the healthcare field, machine learning has gained significant popularity, particularly in
the analysis of medical images and patient data. For instance, it can be leveraged to train models
on extensive datasets of brain images, enabling accurate classification into distinct categories.
This exemplifies the profound impact of machine learning in aiding healthcare professionals with
precise diagnoses and informed treatment decisions.

It is important to note that machine learning contains various subcategories, each with its
applications. These categories widen the scope of machine learning and add versatility in solving

diverse problems. Three of the main subcategories are supervised, unsupervised and deep learning.

2.4.1 Supervised Learning

Trains algorithms using labelled training data, allowing the generation of a model over time. The
algorithm estimates its accuracy through a loss function by adjusting until the error is minimized,
resulting in a function/model that receives input data and outputs a prediction. Supervised learning

can be split into two different kinds of problems [7]:

* Classification - Aims to predict or classify the target variable, which is labelled with distinct

values.
* Regression - The goal is to determine continuous values such as ages, prices, etc.

Some commonly utilized algorithms in supervised learning include the random forest (section
2.4.1.2), support vector machines (section 2.4.1.4), gradient boosting classifiers (section 2.4.1.3)
and artificial neural networks (section 2.4.4), which are described in the following subsections.
Notably, some of these algorithms use the ensemble learning (section 2.4.1.1) technique to enhance

their predictive capabilities further.

24.1.1 Ensemble learning

Ensemble learning is a machine learning technique that combines multiple base learners (individ-
ual models) to improve the models’ overall prediction accuracy and generalization performance.
It bases itself on the idea that by merging the strengths of multiple models into a single one, the

ensemble can achieve better results [11].



Domain Concepts 12

The main types of ensemble methods are the following:

» Bagging: Uses multiple base learners trained in different bootstrap samples (random sam-
ples with replacement) retrieved from the training data. Each base learner generates an
individual prediction, and the final prediction is obtained through the aggregation of the
forecasts of all base learners. The most common aggregation techniques comprise majority

voting for classification tasks and averaging for regression.

* Boosting: Uses base learners trained sequentially, where each subsequent learner focuses
more on the instances that were misclassified or have high errors by the previous learners.
The predictions of all base learners are combined using weighted voting, where more weight

is given to the predictions of more accurate learners.

2.4.1.2 Random Forest (RF)

The random forest algorithm is an ensemble learning technique that uses a collection of uncorre-
lated decision trees to make predictions through aggregations. This process is depicted in Figure
2.2.

Dataset

Decision Tree-1 Decision Tree-2 Decision Tree-MN
Result-1 Result-2 Result-N

l

L—r Majority Voting / Averaging

!

Final Result

Figure 2.2: Random Forest algorithm illustration. Source: [43]

To create these decision trees, several steps are involved:
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1. Bootstrapping - The algorithm randomly selects X data points from the dataset, allowing
for replacement in each selection. As such, this strategy helps generate diverse random

subsets of data.

2. Unique tree training - Each decision tree is trained distinctly. At each node of the tree,
rather than choosing the best split, a subset of predictors (variables) is randomly sampled.

The best split from this subset is then chosen.

3. Prediction Aggregation: The algorithm combines the predictions from individual trees
using either majority voting for classification or averaging for regression. The aggregation

result then yields the final prediction.

Since the RF follows a process of first performing bootstrapping and subsequently aggregating
the different tree models’ results into one, it can be considered an extension of the ensembling
bagging method.

Other than the prediction value of the random forest, according to [28], extra information can

be extracted from it:

» Feature Importance - It is estimated for each variable by verifying the sensibility of the
prediction error when out-of-bag data (not included in the bootstrap sample) for that variable

is changed while others remain unchanged. [9]

* Proximity Measure - Similarity between two data points. It can be useful in unsupervised
learning scenarios with random forests or in identifying underlying structures within the
data.

The RF algorithm stands out for its capacity to address overfitting issues, handle high-dimensional
datasets by employing uncorrelated decision trees, and exploit the potential supplementary infor-
mation. These distinct qualities have driven its adoption as a choice for classification and regres-

sion applications across various domains, including healthcare.

2.4.1.3 Gradient Boosting Classifier (GBC)

Gradient boosting models are techniques widely used for classification and regression tasks. They
are an ensemble learning method that combines multiple weak models, typically decision trees, to

create a strong predictive model [18]:

N
P(X) =} pi(X) .1
i=1
where:
P = Gradient boosting model prediction
X  =Features

pi = Prediction function of the ith weak model
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N = Amount of weak models

These models use the boosting ensemble technique by learning some prediction as a sum of a
group of weak learners (e.g., decision trees) trained with progressive learning from mistakes made
by previous learners.

From a broad perspective, GBC applies the ensemble boosting process by iteratively fitting
new models to the errors (residuals) of the previous models. This methodology begins with a
weak model, for instance, a decision tree containing only one leaf with the average of the values to
be predicted (for regression), and succeeding models are built to correct and minimize the errors
made by previous models on the overall prediction.

The use of a loss function is a fundamental aspect of these algorithms as it measures the

discrepancies between the predicted and actual values:

L(y,p) (2.2)
where:
L =Loss Function
y  =Truth
p = Prediction

This function should be differentiable, as the gradient of the loss function gives each subse-
quent weak learner valuable information on which data point should be focused according to its
impact on the overall value of the loss (negative of the residuals), which can be calculated as shown

in Equation 2.3. This allows for harder-to-predict instances (with higher errors) to be emphasized.

VLn: _(rni7rn(i+l)7"'7rﬂM) (23)
where:
rni = residual of the ith data point on the nth weak model
M = amount of data points

To build each new model, a technique called gradient descent is utilized. It computes the resid-
uals with respect to the predicted values and uses this information to update the model parameters
in a direction that minimizes the loss. The learning rate parameter controls the contribution of
each model, preventing overfitting and ensuring convergence to minimal loss.

To exemplify how the final prediction with all the weak models is made, the following equation

showcases how it can be obtained with 3 weak models:

P(X) = p1(X)+rp2(X) +1p3(X) 2.4
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where:

P =Overall gradient boosting prediction
pi = Prediction of the ith weak model

% = Learning rate of ith weak model

X  =TFeatures

The final prediction from a gradient-boosting model is obtained by aggregating the predic-
tions of all the individual models. Typically, the predictions of these models are combined using

weighted averaging or summation, as seen in Equation 2.4.

2.4.1.4 Support Vector Machine (SVM)

A support vector machine is a supervised learning method used to solve classification and re-
gression problems. Its primary objective is to find the optimal hyperplanes that separate different

classes of the target into distinct and disjoint regions (Figure 2.3).

Max margin

Separating Positive

hyperplane class = — Max Margin width
\ = O Support vectors

(data points)

Negative
class

Figure 2.3: SVM model with optimal hyperplane and support vectors (data points at the same
distance and closer to the hyperplane) highlighted. Adapted from: [8]

In this algorithm, the separation is achieved by identifying a hyperplane that maximizes the
margin, i.e., the distance between the hyperplane and the nearest data points from each class.
This plane acts as a decision boundary that can categorize new data points based on their position
relative to the hyperplane.

Using a kernel function allows SVMs to efficiently handle complex nonlinear relationships

between the input features and the target variable as they map these associations into separable
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high-dimension spaces. Some examples of popular kernel functions include the linear, polynomial
and radial basis function (RBF) kernels.

Overall, although SVMs can offer challenges with outlier data points and could overfit in
higher-dimensional datasets under certain kernels, they are widely employed as efficient and robust
algorithms [51, 19].

2.4.2 Unsupervised Learning

Trains models on an unlabeled dataset, where the algorithm finds patterns and relationships inde-
pendently without predetermined categories or labels. Two common tasks in unsupervised learn-

ing are clustering and dimensionality reduction.

2.4.3 Deep Learning

A subset of the machine learning field that enables learning and decision-making through neural
networks composed of multiple layers ("deep" in deep learning refers to the depth of the neural
networks of this machine learning field). Deep learning models should be trained on large amounts
of data to be effective, as their accuracy is improved over time while they continue to learn from
more data. One advantage of deep learning is that it can be used for supervised and unsupervised
learning tasks. Additionally, deep learning neural networks can be used for various tasks, such as

computer vision, natural language processing, speech recognition, etc. [50]

2.4.4 Artificial Neural Network (ANN)

The ANN is a specific model utilized within the machine learning ecosystem. It draws inspiration
from the structural and operational characteristics of biological neural networks, resembling the
complex network of neurons connected through synapses in the human brain [21].

In constructing these neural networks, a group of interconnected nodes, called artificial neu-
rons, are organized into layers. Each of these neurons receives input signals, applies weights
and biases, and passes the result through an activation function to produce an output. The whole
process of obtaining the artificial neuron output is depicted in Figure 2.4.

The architecture of ANNSs is capable of learning from labelled examples and discovering pat-
terns within data. Through the training process, which uses algorithms such as backpropagation,
ANNSs adapt their internal weights and biases to minimize the disparity between the predicted
and real outputs. The iterative adjustment enables ANNs to generalize their learning and make
accurate predictions on new data.

ANNS constitute a group of machine learning algorithms, such as the Multilayer perceptron
(MLP) (Section 2.4.4.1) and the convolutional neural network (CNN) (Section 2.4.4.2).
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—
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Figure 2.4: Artificial neuron structure. Adapted from: [21]

2.4.4.1 Multi-layer perceptron (MLP)

The MLP is an architecture within the domain of ANNs (represented in Figure 2.5). It is a feed-
forward neural network (without loops between neuron connections) consisting of multiple layers
of interconnected neurons, known as perceptrons. A perceptron is a single-layer neural network
similar to what was represented in Figure 2.4, which is limited to classifying linearly separable

patterns as referred in [21].

Input First Second Output
layer hidden hidden layer
layer layer

Figure 2.5: MLP architecture. Source: [21]

The MLP, in contrast, overcomes this limitation with the following three points that highlight
its approach [21]:

* Nonlinear differentiable activation functions - Each neuron uses a nonlinear activation
function. Popular choices include the sigmoid function, hyperbolic tangent function, recti-

fied linear unit, etc.
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* Multiple hidden layers - The network contains one or more hidden layers between the

input and output layers.

» High degree of connectivity - Each layer’s neuron (except the input layer) is connected to
every one of the previous layer’s neurons. This characteristic facilitates the flow of infor-
mation and the propagation of signals through the network, allowing for extracting more

abstract features from the input data.

A forward and backward phase exists in training these networks, commonly known as forward
and back propagation [21].

In the forward phase, the input data is fed through the network, with the output of each neuron
being produced by combining the weighted sum of inputs with the activation function. These out-
puts serve as inputs to the neurons of the subsequent layer, propagating the input signals through
the network layer by layer until the output.

During the backpropagation phase, the network’s output is compared to the desired one, and
the difference quantified using a loss function, is used to compute the gradients of the network’s
parameters with respect to the loss. These gradients are then used to update the weights and biases
of the network, iteratively refining its performance. These updates are successively done through

the propagation of the gradients performed, layer by layer, in the backward direction.

2.4.4.2 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are a specific type of architecture found within the ANN
model that has revolutionized various domains, particularly in computer vision, which employs
tasks designated to extract and learn spatial features from imaging data. These types of networks
offer effective solutions to find patterns in structured data. [26]

Unlike traditional neural networks, CNNs utilize convolutional layers that scan input data
using small filters, also known as kernels. The network can extract local patterns and spatial
relationships by convolving these kernels with the input, thus capturing features at different levels
of abstraction. The convolution process is generally followed by pooling layers, which further
aggregate and downsample the extracted features, reducing the dimensionality of the data.

Using the localized receptive regions and weight sharing allows CNNs to capture spatial cor-
relations efficiently. By applying the same weights to kernels in different input regions, these
networks can detect similar features in different image positions, reducing the number of learn-
able parameters compared to fully connected networks.

Similarly to MLPs CNNSs use non-linear activation functions and train themselves with forward
and backpropagation.

For image processing, training deep networks (deep learning) is essential. Nevertheless, as
stated by Szeliski in [45], the most crucial component in these networks is trainable multi-layer
convolutions. Since these can recognize patterns in the images, they can, ultimately, be used to

classify them into different preconceived categories.
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2.4.5 Algorithms evaluation metrics

The efficacy of machine learning algorithms hinges on their ability to accurately predict outcomes.
This efficiency is quantified using a repertoire of evaluation metrics, each tailored to probe distinct
facets of a model’s performance. These metrics transform abstract notions of accuracy, precision,
recall, and other performance dimensions into tangible figures. Some examples of evaluation
metrics are the confusion matrix, the Receiver Operating Characteristic Area Under the Curve
(ROC-AUC) and the F1-score.

2.4.5.1 Confusion Matrix

The confusion matrix is a tabular representation of the model’s performance. It outlines true
positive (TP), true negative (TN), false positive (FP), and false negative (FN) predictions done by

the model, offering a comprehensive view of the classification distribution [46].

TP - Number of instances correctly predicted as positive.

FP - Number of negative instances predicted as positive.

TN - Number of instances correctly predicted as negative.

FN - Number of positive instances predicted as negative.

2.4.5.2 Accuracy

Accuracy is an evaluation metric that measures the percentage of correct predictions on the total
number of classifications. It gauges the overall correctness of the model’s forecasts by estimating
the ratio between the correct predictions and the total amount:

#CorrectPredictions

4 _ 2.5
ccuracy #Correct Predictions +#W rongPredictions *>

While the accuracy metric is valuable for evaluating model performance, it can introduce
challenges, particularly when dealing with highly unbalanced datasets. In such scenarios, accuracy
may yield misleading outcomes. Consider a situation where 99 out of 100 patients experience
good outcomes. If a predictive model categorizes all patients as having favourable outcomes, the
accuracy could be 99 %, suggesting exceptional performance. However, this seemingly positive
result belies that the model might struggle to predict bad outcomes accurately. In nature, accuracy
alone may not completely depict the model’s effectiveness in capturing the patterns of different

classes, highlighting the need for additional metrics that address these limitations.

2.4.5.3 Fl-score

The F1-score is a metric that estimates the model’s performance class-wise rather than an overall

performance as done by accuracy. This is done by calculating the weighted average or harmonic
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mean of the precision and recall measures [25]:

Precision x Recall

Fl1=2 (2.6)

" Precision + Recall

* Precision - Determines the ratio between correctly predicted positive cases to all the ones

that were classified as positive (Equation 2.7).

TP
Precision = ——— 2.7)
TP+ FP

* Recall - Percentage of correctly classified positive cases (Equation 2.8).

Recall = _Ir (2.8)

TP+FN
Even though the F1-Score mitigates the impact of disproportionate class sizes by considering
false positives and negatives, it still has some sensitivity to class distribution since it does not treat
all classes equally, offering a more skewed evaluation that accounts for the relative significance of
different classes. It is a metric that can effectively capture the quality of the model’s class-specific

predictions.

24.54 ROC-AUC

The ROC-AUC quantifies the model’s ability to discriminate between classes across different de-
cision limits. For that effect, the ROC curve plots the True Positive Rate (TPR) as a function of
the False Positive Rate (FPR), considering different classification thresholds.

* The TPR, like recall, measures the proportion of actual positive instances correctly pre-

dicted as positive by the model (Equation 2.8. It is also known as sensitivity.

» The FPR, also known as specificity, quantifies the ratio of negative samples wrongfully

classified as positive by the model:

FP

FPR= ——+1+—
FP+TN

2.9

Each point on a ROC chart corresponds to a different threshold for deciding on the classifi-
cation score. The resulting curve is a tool that identifies a model’s ability to distinguish negative
instances from positive ones across different sensitivity and specificity values.

The AUC of the ROC curve (ROC-AUC) summarizes the overall performance across all pos-
sible thresholds. Its values range from O to 1, where a higher AUC corresponds to a better discrim-
inatory power. An AUC of 0.5 suggests random guessing, while an AUC of 1 represents a perfect
predictor [32].

Given its balanced consideration of TPR and FPR, the ROC-AUC metric is particularly well-

suited for evaluating models in scenarios involving imbalanced datasets. This quality assures that
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the metric accurately captures a model’s ability to effectively discriminate between classes, even
when one class vastly outnumbers the other in instances. Additionally, the ROC-AUC metric’s
representation of the model’s performance across a spectrum of decision thresholds offers valu-
able insights into its behaviour under varying circumstances. Consequently, the ROC-AUC is a
competent criterion to identify the most suitable model within this study’s classification tasks.
Thus, the selection of the optimal models in several studies is underpinned by the primacy of the
ROC-AUC as a guiding metric.



Chapter 3
Literature Review

In this chapter, building upon the concepts presented in the preceding chapter (Chapter 2), the
literature review is delivered, considering the theme of the dissertation. The aim is not only to
showcase the viability of a machine learning-based prognosis solution for ICH patients but also to
address pertinent research inquiries.

The structure of this chapter is as follows: Section 3.1 delineates the approach undertaken to
conduct the state-of-the-art review, highlighting the research questions pursued, as well as the cri-
teria and tools for selecting relevant studies. Subsequently, Section 3.2 delves into the investigated

solutions, each tailored to address the research questions.

3.1 Approach

As noted in Chapter 1, the project’s primary objective is to develop algorithms/models capable
of prognosticating patients’ outcomes utilizing data collected during the initial days of admission
to the neurocritical care unit. This dataset encompasses both tabular and imaging modalities,
necessitating the versatility of the proposed solution to accommodate multimodal data.

With the investigation presented in this chapter, the gathering of knowledge about different
existing approaches is desired. For that purpose, having into consideration the objective of imple-
menting the described prognostication tool, the articles have been incorporated into the state-of-
the-art study based on explicit measures. Specifically, articles were included if they satisfied the

following prerequisites:

1. They featured studies involving human subjects;
2. The articles included a prognostic tool designed to predict patients’ outcomes;

3. The scope of the studies included either tabular patient data, imaging data, or both.

Notably, studies centered around patients with ICH were prioritised in the state-of-the-art

study’s inclusion process.

22
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The selection process involved the application of these inclusion criteria to the abstracts during
the initial review. Abstracts aligned with these underwent a more comprehensive and in-depth
analysis for their subsequent presentation within this section.

Through the literature review, the aim was to uncover insights addressing the four following

research questions:

* What are approaches for prognostic scoring systems and scales commonly used for assess-

ing outcomes in patients with ICH?

* What successes have been reported in implementing machine learning-based predictive

models for patient functional outcomes?

* What are the latest Al-driven solutions strategies for predicting patient functional outcomes

in neurological medical conditions?

* How are predictive models combining data from medical imaging and clinical records to

provide accurate predictions of patient functional outcomes?

With these in mind, to look at the scientific work done on the subject, the following search

engines were utilized:

* Google Scholar !

* Elsevier >

B-On (Biblioteca de Conhecimento Online) *

* ResearchGate *

Additionally, a Zotero > repository has been provided, containing a compilation of articles
centered around investigative endeavours within the domain of neurocritical pathologies. Prior

researchers and investigators have utilized this repository in their academic pursuits.

3.2 Related work

During the literature review, multiple projects in the medical realm have been found, each har-
nessing the potential of machine learning to predict patient outcomes. Upon examination of these
initiatives, a set of recurrent methodologies was found.

The most common among these methodologies is the approach of developing models through

deep learning (Section 2.4.3) and supervised learning (Section 2.4.1) techniques. These models

Thttps://scholar.google.com/
Zhttps://www.sciencedirect.com/
3https://www.b-on.pt/
“https://www.researchgate.net/
Shttps://www.zotero.org/
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are then applied to various datasets containing clinical records, medical images, or both to antici-
pate outcomes linked closely to a targeted variable encapsulating the patients’ functional statuses.
Within the solutions, the knowledge discovery process generally passes through the phases repre-
sented in Section 2.2.

To elucidate these methodologies, the subsequent three subsections expound upon the pertinent
solutions. These subdivisions distinguish from each other in terms of the data modalities utilized in
training distinct models for forecasting patients’ outcomes, thus showcasing the varied strategies
utilized for their development. The initial subsection outlines projects that produce models reliant
solely on patient non-imaging data (e.g., demographic, clinical, laboratory data). The second
subsection encapsulates models constructed from imaging modalities, such as CT scans and MRIs.
Lastly, the third and final one presents models implemented by amalgamating patterns retrieved

from imaging and tabular data through fusion techniques to develop a multimodal solution.

3.2.1 Tabular Data-Based Studies for Outcome Prediction

Regarding approaches using numerical and categorical patient data, several noteworthy studies
have been conducted in stroke outcome prediction, employing machine learning methodologies to
anticipate patient prognoses. For instance, Lin et al. [29] embarked on a comprehensive investiga-
tion into the viability of machine learning techniques for stroke outcome prediction. By leveraging
a dataset comprising 58493 data instances from the Taiwan Nationwide Stroke Registry, which in-
cluded both ischemic and hemorrhagic patients, they aimed to forecast 90-day stroke outcomes.
Key to their approach was the utilization of supervised learning algorithms such as SVM, RF,
ANN and a hybrid artificial neural network (HANN). Employing an evaluation strategy involving
10-fold cross-validation, the models were systematically trained and assessed. Before modelling,

critical data pre-processing steps were undertaken, including:

* Binarization of the outcome variable based on mRS cutoffs, distinguishing good (mRS < 2)

and bad (mRS > 2) outcomes.

 Feature selection utilizing the extra-trees algorithm to reduce the possibility of overfitting

and emphasise informative attributes.

Overall, this solution showed robust results for ischemic and hemorrhagic stroke patients.
Notably, the model achieved an AUC of 94% when incorporating preadmission and inpatient data.
The introduction of follow-up data further improved the model’s accuracy, elevating the AUC to
97%. These findings emphasise the utility of machine learning methodologies for prognosticating
stroke patient outcomes.

More focused on the domain of ICH, another significant study by Wang et al. [49] was dedi-
cated to developing a predictive framework for verifying the functional statuses of ICH patients at
the 1st and 6th months post-event. Relying on a dataset spanning demographic traits, laboratory
findings, and imaging results of 333 ICH patients, the study adopted a similar approach to Lin et

al., utilizing supervised machine learning models grounded in the same binary mRS-based label
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(good outcome: mRS < 2; bad outcome: mRS > 2). Noteworthy in their pre-processing was the
application of the synthetic minority oversampling technique (SMOTE) to rectify class imbalances
and the presence of features obtained from CT imaging on their data. The outcome was a model
that exhibited substantial efficacy. The random forest model, in particular, demonstrated the best
performance, achieving an AUC of 89.9% for the 1st-month prediction and further elevating to
91.7% for the 6th-month prediction.

In an alternate approach, Matsuo et al. [30] conducted a study to predict in-hospital mortality
or poor outcomes in patients with traumatic brain injuries (TBIs). Their investigation utilised a
dataset comprising 232 individuals. To validate their models, they used a combination of a train-
test dataset split along with a 5-fold cross-validation strategy. This methodology allowed them to
assess the models’ generalizability and test their performance on unseen data.

Across their analyses, the RF model emerged as the top-performing model for poor outcome
prediction, yielding an AUC of 89.5%. In contrast, the Ridge Classifier demonstrated the highest
performance for predicting mortality, with an AUC of 87.5%. During the cross-validation phase,
the SVM with a Radial Basis Function (RBF) kernel exhibited superior performance for poor
outcome prediction, achieving an AUC of 89.4%. Also, for mortality prediction, the RF model
excelled during cross-validation, attaining an AUC of 96%.

Overviewing, the tabular data-based models presented in this section exemplify effective strate-
gies for addressing the core problem of this thesis. These techniques build models that accentuate
the potential inherent in harnessing tabular data containing essential information, including pa-
tient demographics, clinical profiles, and laboratory specifics. By applying supervised learning
algorithms to these structured attributes, these models stand as compelling demonstrations of the

capacity to achieve efficient prognostications concerning outcomes related to stroke and ICH.

3.2.2 Imaging Data-Based Studies for Outcome Prediction

This subsection focuses on projects that harness imaging data to construct predictive models for
patient outcomes. The multidimensional nature of medical imaging data offers insights into the
patient’s condition’s structural and functional aspects. These studies utilize a range of deep learn-
ing architectures to extract pertinent features from imaging data and correlate them with clinical
outcomes. While not exclusively focused on ICH, these investigations exemplify the potential for
prognosticating patient outcomes across different medical conditions using images.

The application of deep learning neural networks, namely through 3D CNNs, has emerged as a
prevalent technique for predicting patient prognoses based on CT scans. This trend is increasingly
evident across diverse medical domains. [12, 37, 42, 35].

In the specific context of stroke prognosis, an advanced approach was pursued by Pérez del
Barrio et al. [37]. Their study involved developing both tabular and image-only models, which
were subsequently integrated into a comprehensive multimodal solution for prognosticating pa-
tients with intracranial hemorrhages. Concentrating on the image-only model, the researchers
extracted a dataset of 262 distinct DICOM volumes derived from sequential head CT scans. These

volumes encompass image dimensions of 512x512 pixels.
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To enhance the efficacy of model training, several pre-processing steps were implemented.
These involved rescaling pixel values to Hounsfield units to a range between 15 and 100, and
downsampling images to a size of 128x128 pixels. Subsequently, a 3D CNN was used to extract
features from the volumetric data.

In terms of outcomes, the image-only model demonstrated a somewhat notable performance.
It achieved an AUC of 76.3%, affirming its capability to predict patient prognoses using solely
imaging data.

Another study, contrary to the previous one, exclusively utilized imaging data to predict the
severity of neurological outcomes was conducted by Zeng et al. [52]. This project leveraged,
again, a deep learning model trained with a 3D-CNN to assess the impairment of patients who had
experienced ischemic strokes, both upon admission and on the seventh day of hospitalization. The
medical imaging data, in this case, was derived from MRIs. During the pre-processing pipeline,
the DICOM images were transformed in the NIfTI format to facilitate data handling, and various
image sizes (256x256x64 and 128x128x32 voxels) were used. Overall, the model showed superior
results when using a voxel size of 256x256x64 upon admission (AUC of 84.6%) and a voxel size
of 128x128x32 on the seventh day of hospitalization (AUC of 90.5%).

Collectively, these studies underscore the potential of advanced image analysis techniques for
enhancing stroke prognostication methodologies, offering valuable insights into the feasibility of

image-based models for the prognostication tool to be implemented in this thesis.

3.2.3 Multimodal Data-Based Studies for Outcome Prediction

This subsection explores models that amalgamate imaging and tabular information to develop
predictive frameworks for patient outcomes. Researchers combine these distinct data modalities
to enhance predictive accuracy and robustness. These projects provide insights into the potential
for complementary benefits between clinical and imaging data.

In a study conducted by Nawabi et al. [34], the feasibility of employing machine learning
models trained on non-enhanced CT scans of patients with ICH was explored to predict their
functional outcomes. This research has the particularity of integrating these image-based predic-
tions with the established ICH score prognostication model. This integration aimed to provide a
more comprehensive forecast of outcomes categorized by different mRS cutoffs.

First, the image-based model was assembled following the workflow depicted in Fig. 3.1.

Then, the probability of death estimated by the ICH score is combined with the probability of
that outcome given by the image-based model to arrive at a final decision. The fusion is done by
averaging these probabilities.

This solution gave the outcomes for the different cutoffs of mRS for the imaging-only model.
For its integration with the ICH score, only the survivability prediction was evaluated, as the ICH
score only gives its probability. The results are presented in Table 3.1.

For the study conducted by Pérez del Barrio et al. [37], already approached in the previous
section, the fusion of the tabular model with the imaging model was done by passing the output of

both the last convolutional block of the image fed CNN and the output of a feed-forward network
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Figure 3.1: Nawabi et al. imaging-based model pipeline. Source: [34]

mRS cutoff | Image-based model Imaging + ICH score model

2 80% -
3 80% -
4 79% -
5 80% 84%

Table 3.1: Nawabi et al. models ROC-AUCs. Adapted from: [34]

inputted with tabular data to a last dense layer with a sigmoid and activation function. This resulted
in an AUC of 92.4 % in the hybrid model, which is a jump from the results from the image and
tabular models, which had a respective AUC of 76.3% and 74.6%.

In the study conducted by Pérez del Barrio et al. [37], previously discussed in the preced-
ing section, the integration of the tabular model with the imaging model was realized through a
fusion strategy. The output from the last convolutional block of the image-driven CNN and the
output from a feed-forward network, which was supplied with tabular data, were combined. This
amalgamation culminated in a final dense layer with a sigmoid activation function. Consequently,
the hybrid model achieved an AUC value of 92.4%. This represents a significant improvement
compared to the individual outcomes of the image-based and tabular models, which yielded AUC
values of 76.3% and 74.6%, respectively.

Another intriguing fusion approach is the one depicted in the project of Sadasivuni et al. [40],
who united patient electronic medical records and physiological sensor data to predict the early
risk of sepsis. In this case, a meta-classifier was trained on the prediction scores of two individual
models to integrate information from two sources. This late fusion strategy proved remarkably
effective, yielding an accuracy of 93% and an AUC of 99% using a linear SVM classifier.

In summary, these studies showcase diverse fusion strategies that harness the power of inte-
grating imaging and tabular data to propel predictive capabilities. This multimodal approach not
only enhances the precision of prognostication but exemplifies the synergy between clinical and
imaging data sources.

This fusion-based approach underscores the potential synergy between distinct data modalities

for improving predictive accuracy in the context of intracranial hemorrhage prognostication.



Chapter 4

Solution & Methodology

In this chapter, the first section (Section 4.1) describes the data used to accomplish the proposed
solution for the problem stated in Section 1.2. This solution is introduced in the subsequent section
(Section 4.2), in which the technologies employed to achieve it are also described. To conclude,

the final section (Section 4.3) delineates the methods used to achieve the proposed solution.

4.1 Data Description

This study analyses a retrospective dataset composed of records of patients who suffered an ICH
and were admitted into the Neurocritical Care Unit of the S. Jodo Hospital Center between Jan-
uary 16, 2015, and November 28, 2021. A critical consideration was the protection of patient
privacy and confidentiality, achieved through an anonymization process that ensured the removal
of sensitive personal information.

The dataset contains a rich array of information, including numerical, categorical, and imaging-

related data, collected from 65 individuals who experienced ICH.

4.1.1 Tabular data

The numeric and categorical side of the database is structured in a tabular format and was made
available through an Excel (.xIsx) file. The table features 111 variables, collectively representing
clinical, demographic, MCM, medical histories and follow-up aspects of the patients’ course of
the medical condition.

During the variable selection process, certain measures were established to determine the suit-
ability of each variable. Given that the focus of this study revolves around predictions made
within a one-week timeframe, variables that extended beyond this temporal range were excluded
from the training dataset (except the target variable). For instance, variables such as the mRS
scores obtained at ICU discharge were intentionally omitted. While these scores provide valuable
information about patients’ post-ICU functional status, they are typically acquired over a longer
duration. As such, they may not capture the immediate effects pertinent to the study’s predictive

objectives. Overall, seven variables were removed, resulting in 104 selected features.

28
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Concerning patient exclusions, the ones with a high threshold of NULLs (> 60%) on the 104
selected features were removed. This resulted in drawing only one patient from the tabular dataset,
ending up with a sample size of 64 patients.

Exploring some of the demographic features of the individuals, it was revealed that the ages

of the patients spanned a range from 29 to 86 years old, following the distribution represented in

Figure 4.1.
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Figure 4.1: Patients age distribution

Regarding gender distribution, the dataset indicated that 24 patients were identified as female
and 41 as male.

As stated in section 1.1, the ICM+ tool is highly employed for neurocritical patients. That is
the case for the ICH patients who, from admission until discharge, were monitored resorting to

ICM+. The monitoring data regarding each patient is organized into the following file types:

» Raw files containing different signal values monitored over time

* Summary files holding the offline estimations obtained from the monitored signals present

in the raw files

Through these files, the tabular MCM features were retrieved by using the ICM+ software
offline estimation capabilities. These consisted of signal aggregations at the first 24 and 48 hours
after the admissions into the ICU (MCM variables - Appendix A).

About the remaining dataset, it is imperative to underscore the inclusion of variables encom-
passing the mRS (Section 2.1.4) assessments before ICU admission, at the point of ICU discharge,
and six months after ICU admission. Additionally, notable variables include the ICH (Section
2.1.2) scores, the SAPS II (Section 2.1.3) measurements, and the GCS (Section 2.1.1) values, all
of which exhibit direct correlations with patient outcomes.

The characteristics of some of the dataset’s demographical, clinical and follow-up variables

are presented in Table 4.1.
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Variable Value
Number of patients 64
Number of Males 41 (64.1 %)
Number of Females 23 (35.9 %)
Age 62.2+13.1
ICH score 2.14+0.9
GCS 10.14+3.3
SAPS II Score 43412

Patients with mRS = 0 after 6 months 0(0 %)
Patients with mRS = 1 after 6 months 1 (1.6 %)
Patients with mRS = 2 after 6 months 2 (3.1 %)
Patients with mRS = 3 after 6 months | 13 (20.3 %)
Patients with mRS = 4 after 6 months | 20 (31.3 %)
Patients with mRS = 5 after 6 months 6 (9.4 %)
Patients with mRS = 6 after 6 months | 22 (34.4 %)

Table 4.1: Characteristics of a subset of demographical, clinical and follow-up features present in
the 64 patients database

4.1.2 Imaging Data

The tabular database contains seven variables extracted by medical professionals from the first
brain CT scans of the patients after ICU admission. These variables are considered with the other

tabular features (a subset of the 104 variables) and are described in Table 4.2.

Variable Description

ICHLocationSupralnfra | ICH location (0 = Supratentorial; 1 = Infratentorial)

ICHside ICH side (0 = Right; 1 = Left)
Location_Origin Location origin of the ICH (0 = Lobar; 1 = Lenticulocapsular; 2 =
Talamocapsular; 3 = PurelyVentricular; 4 = Cerebelar; 5 = Brain-
Stem)
IVH Intraventricular Hemorrhage (0 = No; 1 = Yes)
VolA Greater anteroposterior diameter
VolB Greater mediolateral diameter
VolC Greater superiorinferior diameter
ICHVolume Intraparenquima ICH volume
IVHVolume Intraventricular ICH volume

Table 4.2: Tabular features extracted from axial brain CT scans
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The imaging side of the database consists of a total of 3576 images in DICOM format taken,

as noted previously, from the first axial brain CT scans (e.g., Fig. 4.2) after ICU admission:

» Each patient has multiple DICOM images representing, each with a 512x512 resolution, an

axial slice of the brain scan.

 Each patient has an average of 55 slices.

Figure 4.2: CT scan slice

4.2 Proposed Solution

As stated in section 1.2, the problem asks for the use of advanced machine learning algorithms
with predictive capabilities for detecting long-term consequences in ICH patients, and, hence, be
a tool for the prognosis, detection and prevention of outcomes in these patients.

With this in mind, as the training data is labelled (6th-month mRS), the solution will use the
supervised learning paradigm to create various models that output predictions on the mRS score
at the end of the 6th-month, similar to some examples represented in Chapter 3.

Overall, multiple models are created for:

* Predicting if the patients have good or bad outcomes, which are classified as such, by bina-

rizing the mRS score (thus, reducing the output complexity in the final model).

 Forecasting the outcomes of the patients with multilabel predictions on the mRS score vari-
able.

Using only the tabular data to achieve the predictive models, the development will pursue the

four following steps:
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» The dataset will first be explored and studied through statistical analysis and then be pre-

pared.

* Then, the predictor models will be trained by implementing and experimenting with differ-

ent algorithmic approaches and preprocessing pipelines to predict the patient’s functional

status.

* While experimenting with the different algorithms, the parameters will be tuned, and the

generated models will be validated using techniques such as cross-validation.

» To end, after applying the models, a feature importance study will be carried out to unveil

associations between some parameters and the functional outcome of patients.

For the analysis of the CT scans, the implementation will construct tri-dimensional convolu-

tional networks for classifying the images accordingly, using auxiliary frameworks.

The final predictive model (Figure 4.3) will result from combining the image-only and tabular

data models using a late fusion method that trains a meta-classifier through the outputs of the

models. A prediction of the patients’ state can then be acquired by fitting these outputs to the final

model.

Imaging model

“||||||||||||\ Prediction
- —/—\
|

| l

,O?:

Late

Fusion
xR —
1 X
Prediction
—
 —
Patients data
madel

Figure 4.3: Proposed multimodal predictive model

4.2.1 Technologies

Patient
outcome

The programming language employed throughout all stages of the developmental continuum for

the models was Python [47]. To expedite the implementation process, a selection of libraries were

harnessed, amongst which the subsequent entities played a critical role:

* Pandas and NumPy - Python libraries used to analyze and manipulate data.
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— These libraries are operated mainly in the project’s data preparation (e.g., high NULL

threshold patient removal) phase.
— Pandas provides tools that facilitate accessing and manipulating tabular data [31].

— NumPy allows array programming with a "powerful, compact and expressive syntax

for accessing, manipulating and operating on data in vectors" [20].

* Pycaret - Open-source library that automates the machine learning workflows. It is effec-

tively a Python wrapper around other machine-learning libraries and frameworks [3].

— Using this tool, certain pre-processing tasks can be automated, and specific algorithms

can be trained and tuned to create predictive models.

* Keras - Deep Learning API running on top of TensorFlow that allows for the building and
training models (such as CNNs) [14].

* NiBabel - Library for accessing neuroimaging file formats, image data and metadata [10].

4.3 Methodology

This section describes the methodology followed to produce the proposed solution. Since the
solution revolves around developing two major models (tabular and imaging-based) and merg-
ing them into one multimodal model, these will be explained in three subsections: Tabular-Data
Models (Section 4.3.2); Imaging-Data Models (Section 4.3.3) and Multimodal Models (Section
4.3.4). These subsections are preceded by a section that details the models’ common aspects of

their development across the different data modalities.

4.3.1 Common Methodological Aspects
4.3.1.1 Target Variable Balance and Developed Models

As outlined in the solution proposal section, the models are constructed with a specific focus on
the mRS variable, measured six months after the ICU admission of patients who had experienced
ICH. The proposed approach involves the development of both multilabel and binary classification
models. To ensure the integrity of the modelling process and to avoid potential biases, an examina-
tion of data balance was undertaken. This analysis aimed to identify appropriate data binarization
and partitioning strategies that would facilitate the creation of models capable of treating all classes
impartially, including highly prevalent ones. A comprehensive visualization of the distribution of

mRS values is provided in Figure 4.4.
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Figure 4.4: Class balance of the mRS variable at different cutoffs

In pursuing effective model construction, various threshold values were considered to binarize
patient outcomes into favourable and unfavourable categories. Specifically, the threshold values
of mRS =2, mRS =3, mRS =4, and mRS =5 were evaluated. However, it was observed that the
distribution for the mRS = 2 threshold was exceedingly imbalanced, with only three instances out
of a total of 64 falling into this category. Given the limitations posed by such a severe imbalance,
the decision was made not to implement models based on the mRS = 2 threshold.

For the multilabel model, the optimal strategy involved aggregating classes to facilitate multi-

label classification. This aggregation was performed as follows:

* Class 0: This class was defined by patients with mRS values encompassing 0, 1, 2, and 3,
resulting in 16 patients.

* Class 1: Patients with mRS values of 4 and 5 were grouped into this class, amounting to 26
patients.

* Class 2: Patients with an mRS value of 6 formed this class, comprising 22 patients.

This approach to aggregate classes was chosen to address the imbalanced nature of the mRS
variable while maintaining a meaningful grouping that aligns with the clinical understanding of

patient outcomes. By consolidating the mRS values in this manner, the multilabel model could
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effectively capture the nuances of patient recovery courses while enhancing the model’s capability

to generalize across different levels of functional outcomes.

4.3.1.2 Train Test Split

To train the described models, the datasets were partitioned into the training and test sets. The
training set was assigned the dual role of serving as an assessment and validation tool for evalu-
ating algorithm performance and being employed to train the classification models. On the other
hand, the test set was exclusively reserved to evaluate whether the generated models exhibit signs
of overfitting, which can be proven by performances that aren’t on par with the training results.
This approach facilitates the evaluation of the model’s capacity to generalise to unseen examples
distinct from those encountered during the training phase.

Weighing the limited sample size of the dataset (comprising 65 patients for imaging models
and 64 for tabular models), several distinct train-test splits were considered. This was done to
investigate the potential advantages different training set sizes could offer in enhancing algorithm
performance. In the end, a division of 75/25 % was done, where 75 % of the dataset was employed

for training and the rest for testing.

4.3.1.3 Evaluation of Model Performance

This study’s complete evaluation of model performance contains various classification metrics
chosen to provide a multifaceted understanding of the models’ efficacy. Three metrics were con-
sidered for all the models: the ROC-AUC, accuracy and confusion matrix metrics. The selection
of the ROC-AUC and accuracy was done because they are used in most of the studies presented in
Section 3.2. The confusion matrix was used to verify if any biases were present for any class.

This study’s complete evaluation of model performance contains various classification metrics
chosen to provide a multifaceted understanding of the models’ efficacy. Three selected classifica-
tion metrics converge to offer a full understanding of these algorithms’ predictive power. Among
the trio, the ROC-AUC, accuracy, and confusion matrix metrics were chosen to provide insights
into distinct aspects of model performance. The selection of ROC-AUC and accuracy metrics
finds its rationale in their presence across a range of studies expounded in Section 3.2. The strate-
gic integration of the confusion matrix serves to examine potential biases within class prediction
distribution.

In the pursuit of multiclass ROC-AUC estimation, this study navigates an array of methodolo-

gies to uncover the most fitting approach for our predictive models:

Multiclass Metric Estimation Methodologies

In the context of multiclass classification tasks, the assessment of performance metrics such as the
F1-score and the ROC-AUC metric can be conducted for individual classes within the target label,

following a one-vs-rest approach. To facilitate more straightforward comparisons and to derive
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overarching performance measures, the predictions can be subjected to the following averaging

methodologies:

* Micro - Computes positives and negatives globally, i.e., all positives and negatives across
every class are considered for the final metric calculation. Notably, this approach does not

involve measuring one-vs-rest values.

* Macro - Here, the average of the chosen metric scores for each distinct class is estimated.
This method treats each class equally, irrespective of its prevalence, making it particularly

suitable for balanced datasets or for giving equal significance to all classes

* Weighted - This approach shares similarities to macro averaging, except each class’s con-

tribution is weighted by its size in the dataset.

For the current project, the macro averaging methodology was chosen for the ROC-AUC calcu-
lations. This decision is grounded in the equal importance of predicting all the possible outcomes
of the patient to allocate resources for their treatment. Although there are minor distribution im-

balances, they weren’t considered significant enough to require other averaging methods.

4.3.2 Tabular-Data Models

During the tabular-data model development, our approach was anchored to the framework sketched
in Figure 2.1. This framework dictated a systematic progression open to retrogressive iterations
within the procedural schema. This iterative feature facilitated the implementation of trial and er-
ror methodologies aimed at the identification of efficient models for prognosticating the functional
statuses of patients across distinct divisions of the modified Rankin Scale (mRS) variable (Section
4.3.1.1).

Implementing the models followed an iterative methodology that first trained a foundational
model using a base data preparation pipeline. This initial model served as a reference point
against which various alternative data pre-processing pipelines were contrasted using more in-
tricate methodologies. Subsequently, the determined techniques that proved to be beneficial were
amalgamated to form an ultimate pre-processing pipeline. This pipeline was utilised in training
more effective models, which are subsequently extracted for integration within the multimodal

solution.

4.3.2.1 Data pre-processing

To explore and leverage diverse data pre-processing strategies, a range of normalization and impu-
tation techniques were systematically employed. The intention was to establish the most suitable
methods to improve model performance. These methodologies were discerned by applying vari-
ous pre-processing techniques available within the Pycaret Python library, which provides a suite
of versatile data preparation capabilities.

Specifically, the exploration surrounded the following domains of data preparation, each con-

tributing to the refinement of the model’s predictive potential:
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Data Imputation

Within the array of pre-processing pipelines, the application of data imputation techniques is al-
ways present, intending to address missing values within the dataset.

This process aids in the integrity and completeness of the data, ensuring that subsequent anal-
yses are founded on reliable information.

The techniques of this domain were used both in numerical and categorical features. The

employed methods made available by the Pycaret library were the following.

¢ Numerical data:

— Mean Imputation - Missing values replaced by column average.

— Iterative Imputation - Uses regression to impute numerical values. In this study, the
default classifier (LightGBM') provided by Pycaret, is utilized.

» Categorical data:

— Arbitrary Imputation - Missing categorical values are replaced arbitrarily. In this
study, these were substituted by -1.

Data Normalization

Data normalization is a critical facet of data pre-processing used to homogenize the scales and dis-
tributions of the various features within a dataset. This study applies four normalization techniques
(to both numerical and categorically encoded data) inherent in the Pycaret library to mitigate the
biases stemming from varying scales. This facilitates the model’s capacity to extract meaningful

patterns from the data. The methodologies used were:

* Min-Max Normalization - Transforms the values into a specific range between 0 and 1.
This technique is appropriate when preserving the relationships between data values is im-
portant. It can be particularly effective for algorithms that rely on distance comparisons.
The formula of this method is given by:

X — Xmin
Xnormalized = (41)

* Max-Abs Normalization - This method scales the data such that the absolute maximum
value is 1. This technique is useful when preserving characteristics like the sparsity of the
data or when negative values hold significance. It is similar to Min-Max normalization, the
only difference being that the sign of the values is maintained. To do the normalization, the

following calculation needs to be done:

Y (4.2)

Xnormalized = ’x |
max

Uhttps://lightgbm.readthedocs.io/en/latest/pythonapi/lightgbm. LGBMClassifier.html
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* Robust Normalization - Designed to mitigate outliers’ influence, robust normalization uses
the interquartile range, i.e., the difference between the 75th and 25th percentiles of the
dataset. To calculate the normalized value, the following equation is used:

x—med
Xnormalized = IQiR (43)

where

IQOR = Interquartile range

med = Column median

» Z-score Normalization - Also known as standardization, this technique converts the data
to have a mean of zero and a standard deviation of one. This technique changes the data
distribution to have a central mean point and ensures that the data values are expressed in
terms of their standard deviations from the mean. The formula for z-score normalization is

given by:
X—H

(o}

4.4)

Xnormalized =

where:

x = Data point value
U =Mean of the column that is being normalized

o = Standard deviation of the column that is being normalized

Categorical Encoding

Categorical variables were strategically transformed into numerical representations to enhance cat-
egorical variables’ compatibility with the models’ numerical supports. This elevates the capacity
of the model to learn from the data.

The strategy employed for this effect was the Leave-One-Out (LOO) Encoding. This tech-
nique is particularly useful when dealing with high-cardinality categorical features with numerous
unique categories. This method helps mitigate the risk of introducing many new dimensions to
the data, which could lead to issues like the curse of dimensionality. For instance, using one-hot
encoding, which generates one binary variable per category, might result in many dimensions or
sparse representations. LOO encoding provides a more compact representation while capturing
the relationship between the category and the target.

The LOO process involves encoding a categorical value by calculating the mean of the target
variable for all instances belonging to that category, excluding the instance being encoded, i.e.,
for each category, the technique calculates the mean target value across all samples except the
current one. This mean is then assigned as the numerical representation of the categorical value in

question.
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This approach aimed to retain valuable information from categorical features while mitigating

the challenges associated with introducing numerous dimensions in the modelling process.

Oversampling

Recognizing the significance of a balanced class representation, the SMOTE oversampling tech-
nique was embraced, as some of the models discussed in the literature review chapter also do.
This technique addresses class imbalances by artificially increasing the representation of minority
classes.

This methodology might prove useful in ensuring that dominant class influences do not sway
the model.

Pipelines

As already stated, different pre-processing pipelines were implemented. The following table de-

picts the employed methods:

Pipeline | Imputation Normalization Oversampling
PO Mean None None
P1 Iterative None None
P2 Mean Z-score None
P3 Mean Min-Max None
P4 Mean Max-Abs None
P5 Mean Robust None
Po6 Iterative Z-score None
P7 Mean None SMOTE
P8 Mean Z-score SMOTE
P9 Iterative Z-score SMOTE

Table 4.3: Pre-processing pipelines

The LOO encoding is done on the non-binary categorical variables within each of these

pipelines.

4.3.2.2 Algorithms

In the process of constructing a robust prognostic model based on tabular data, the selection of
appropriate algorithms is a crucial step. Drawing inspiration from the predictive modelling so-
lutions presented in Section 3.2, this study embraces a strategy by electing algorithms that have
demonstrated commendable performance using only tabular data. The foundation for these selec-
tions lies in the literature review that examined various algorithms’ efficacy and the prevalence of
the algorithms in the different studies. As such, the selected algorithms were the RF, GBC, SVM
(with RBF kernel) and MLP. The best RF model was also employed to view the feature importance

of the variables used to train them.
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4.3.2.3 Models selection

In the pursuit of identifying the optimal predictive algorithms, a model selection process was
executed, underpinned by a 10-fold stratified validation technique applied to the training dataset.
The delineated methodology adheres to a sequence of steps, ensuring a thorough evaluation of the

models’ predictive capacities [6]:

1. Separates the training dataset into ten different subsets (folds) with the same class propor-
tions (stratified)

2. Select the last fold as the test dataset and the rest as the training dataset
3. Train the model with the training dataset and validate on the test fold
4. Save validation metrics

5. Repeat steps 2-4, swapping the fold used for validation to the previous one. When all the

folds have been used for validation, pass to the next step

6. Average the validation metrics obtained for the different test folds

This cross-validation strategy increases the models’ potential to generalize across heteroge-
neous instances. The technique’s stratification aspect supports the fidelity of the models’ evalua-
tion by conserving the distribution of class labels. Given the dataset’s propensity for imbalanced
classes, this attribute is of particular significance, as it can prevent any bias that might otherwise
emerge from skewed class representation.

Supplementing the model selection approach was an evaluation for overfitting, a phenomenon
that can compromise. For that effect, once trained using the entire dataset during cross-validation,
the predictive model underwent a trial on a separate test split. This test split was obtained through
the train-test dataset split. This division aimed to examine the model’s performance on unseen
data.

A scenario where the model exhibited a noticeable drop in performance on the test split com-
pared to the cross-validated metrics could indicate a potential overfitting problem. These problems
transpire when a model becomes exceedingly attuned to the train data’s intricacies, damaging its
potential to generalize proficiently to fresh data. This vigilant evaluation served as a crucial check-
point to strengthen the robustness and reliability of the models selected for the prognostication

endeavour.

4.3.2.4 Hyperparameter Tuning

Apart from the model selection strategies, hyperparameter tuning was also undertaken to select
the best parameters for the chosen algorithms. To accomplish this, the hyperparameters of each
trained model underwent refinement through the utilization of the tune_model function provided

by the Pycaret library.
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The criterion for model selection rests upon the optimal configuration of hyperparameters,
which is guided by the metric chosen for optimization as discussed in Section 4.3.1.3. The ROC-
AUC metric is presented with significance within this study, consequently emerging as the target
for optimization efforts. The tune_model function encompasses a systematic grid search method-
ology to discern the optimal combination of parameter values.

The grid search methodology entails constructing an expansive grid containing diverse param-
eter configurations, subjecting each configuration to a cross-validation procedure. The main aim
of this methodological approach is to unveil the set of parameter values that result in the highest
achievable AUC, the chosen metric for hyperparameter tuning in this project.

The parameter grids employed in this context adhere to the default specifications inherent to
the Pycaret library. This practice ensures adherence to established conventions while catering to

the intricacies of the models and data under scrutiny.

4.3.3 Imaging-Data Models

For the pre-processing of the patient images, we chose a 3D approach. Despite being more expen-
sive computationally, this decision was taken because all the information contained in the scans
was considered important. If a bi-dimensional approach was taken, the correlations found be-
tween layers of the CNN could be lost. For example, the volumetric layout of the hemorrhage on
the brain can provide valuable information for outcome prediction.

Based on the methodology proposed by Zeng et al. [52], the initial step involved the con-
version of DICOM images into the NIfTI format. This conversion was facilitated by using the
dicom?2nifti library”. Using this library, various DICOM images associated with individual pa-
tients were amalgamated into a consolidated volume stored in the NIfTT format.

Following the conversion, the resultant volumes were subsequently processed using the niba-
bel library. Within these volumes, the raw voxel intensities were expressed in HU, ranging from
-1024 to values exceeding 2000. Notably, the HU values related to bone structures exceeded 1000,
signifying bone density, while values below -1000 represented air pockets.

To enhance the cohesiveness and comparability of the data, a rescaling procedure was applied.
Values outside the range from 15-100 were set to 0, a conventional procedure for brain CT scan-
oriented models as depicted by Pérez del Barrio et al. [37]. After this rescaling step, the values
underwent a min-max normalization procedure, transforming them into a range between 0 and
1. This process was key in achieving a consistent and standardized set of voxel intensities across
the dataset. By adjusting the intensities, the subsequent analysis could yield more meaningful
insights, potentially restricted by variations in the original intensity ranges.

After normalizing, the volumes were downsampled to a size of 128x128x32 using spline in-
terpolation. This decision was taken because the size is used by both of the described literature

review solutions that employ a CNN and develop effective results [37, 52].

Zhttps://pypi.org/project/dicom2nifti/
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4.3.3.1 CNN architectures

Building upon the favourable outcomes achieved by the architecture formulated by Zeng et al.
[52], the architectures designed in this study were inspired by this precedent. Hence, the con-
structed architectures constituted a 3D-CNN formed by eight convolutional layers, five maximum
pool layers, and three dense (fully connected) layers. However, despite the good results made with
these architectures, the development of these 3D-CNN models highlighted the emergence of over-
fitting issues, particularly within the context of the multilabel classification model. This was due
to the sample size being way smaller when compared to the one used for the original architecture
study (851 patients).

To counteract this concern, measures were taken to address overfitting by incorporating dropout
and batch normalization layers. Specifically, the multilabel model was fortified with batch nor-
malization and dropout layers, while the binary models were reinforced with dropout layers. The
detailed architectural designs are in Appendix B.

These architectures (3D-CNNs) differentiate from conventional 2D-CNNs due to their capac-
ity to extract feature maps from volumetric information by exploiting these volumes both globally
and locally. These architectures were developed using the Keras Python library. Training was
conducted for 100 epochs, employing a learning rate of 10~ across all models. In each epoch, the
AUC, accuracy and loss (estimated through loss function) metrics were gathered for the training
and test set.

To update the network weights and minimize the loss, the optimization process relied on an
adaptive moment estimation optimizer, commonly known as the Adam optimizer, which is an
extension of the stochastic gradient descent. Each training batch consisted of 8 CT scans.

The chosen loss functions were tailored to the specific model types. For the binary models, the
binary cross-entropy loss function was used. On the other hand, the multilabel models utilized the
categorical cross-entropy loss function. In terms of activation functions, the rectified linear unit
function was the one selected.

In model selection, a callback function was used to monitor and retain the best-performing
model throughout 100 epochs. This callback function ensured the preservation of the model
trained in the epoch that exhibited the lowest loss function value on the test dataset. The check-
point function was important in this process, facilitating the storage and retrieval of the identified

optimal model.

4.3.4 Multimodal-Data Models

As expounded in Section 4.2, the approach adopted employs a late fusion technique designed
to synergize the prediction score derived from the best-performing models of both tabular and
imaging solutions. The fusion methodology consists of a combination of prediction probabilities
assigned to patients of specific classes.

The subsequent step in this process entails training a meta-classifier on the combined predic-

tion scores. The meta-classifier is a high-level learning entity equipped to discern patterns and
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associations from the outputs of other models. To ensure the efficacy of this meta-classifier, a
training process similar to the one described for the tabular data model is employed, with a linear
SVM selected as the meta-classifier. This choice is guided by the insights drawn from the study by
Sadasivuni et al. [52], where the SVM with a linear kernel exhibited commendable performance.

As this section outlines, the late fusion approach displays the study’s attempt to harness the
latent potential present within diverse data modalities. This fusion strategy aims to amplify the
predictive effectiveness of the final prognostic model, offering an integrated understanding of
patients’ outcomes that transcends the confines of individual data streams. The selection of this
fusion approach was founded on the small dataset size, which has been proven to be preferable
under a late fusion approach since the methods within that realm can be developed using classical
ML techniques [33].



Chapter 5

Results and Discussion

This chapter is structured into three sections, each dedicated to presenting and discussing the re-
sults derived from the developed models. The initial section presents the outcomes and discussions
related to the tabular data models. Subsequently, the second section delves into the imaging data
models’ results. Lastly, the third section is devoted to the models that emerged from amalgamating

the solutions presented in the first and second sections.

5.1 Tabular Data-Models

As detailed in Subsections 4.3.2.2 and 4.3.2.1, an array of machine learning algorithms were
harnessed, comprising four distinct models (RF, GBC, RBF-SVM and MLP). These algorithms
were rigorously trained across ten distinct data pre-processing pipelines, resulting in an array of
models tasked with the mission of prognosticating the outcomes of patients suffering from ICH.
For this task, we adopted a classification approach, bifurcating the target variable, mRS, at cutoffs

3,4, and 5 and was divided into three categories.

5.1.1 Results

As already approached in Section 4.3.1.3, to gauge the performance of the deployed algorithms
and their corresponding pipelines, a trio of comprehensive metrics was employed. These metrics
encompass the ROC-AUC, accuracy, and confusion matrices, the latter exclusively utilized during
the testing phase (where the models were applied to test split) to obtain the class-wise accuracy to

get a comprehensive view of the prediction distribution.

5.1.1.1 Algorithms performance

The extensive application of the implemented pre-processing pipelines in training the classification
models yielded results that are depicted in tables C.1, C.2, C.3 and C.4, located in Appendix C.
These provide a complete overview of the models’ overall performance across various pipelines

and solutions. Additionally, they highlight the best-performing models for each algorithm.
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Given the relatively small size of the overall dataset, we observed some unusual variance in
performance metrics when comparing cross-validation results with the test results. Due to this
effect, we considered the cross-validation ROC-AUC value as the primary metric for estimating
the overall effectiveness of the models and, thus, for selecting the best models. Consequently, our
selection criterion for determining the best-performing algorithms revolved around choosing the
highest cross-validation AUC score. In cases where multiple pipelines yielded the same maximum
AUC value, we prioritize models based on their cross-validation accuracy. If accuracy results were
also identical, we turned to the test set’s AUC, followed by test accuracy, to make our selection. In
the unlikely event that all these metrics remained equivalent, we opted for the pipeline with lower
computational costs.

However, it’s worth noting that class-wise accuracy on the test set played a crucial role in
understanding the behaviour of the models, particularly the impact of class imbalances within
the dataset. As the overall results reveal, models with lower accuracies but higher ROC-AUC
values proved to be better choices due to class imbalances. These imbalances can provoke certain
tendencies to predict one class over the others. This was observed in the binary models, in which
there was, in most cases, a class with higher accuracy in the test set than the other, even with
oversampling used. This can also be a product of the small sample size, which can make the
encountering of patterns in data more difficult. Within the overall models, the following tendencies

were found:

* Binary model for the mRS cutoff of 3 - The classifications were biased towards bad out-

comes

* Binary model for the mRS cutoff of 4 - The classifications tended to predict good out-

comes

* Binary model to predict whether or not the patient dies (mRS cutoff of 5) - The accura-

cies in detecting deaths were, overall, lower

¢ Multilabel model - Accuracy for class 2 (death outcome) tends to be lower

In the context of our tabular data experiment pipelines, we observed that the normalization
process had a generally positive impact on the overall training process. This effect was most
pronounced in the case of SVM and MLP models, where normalization played a significant role
in improving performance. However, for RF and GBC models, the impact of normalization was
less pronounced, and these models performed reasonably well even without it.

Furthermore, when normalization was combined with iterative imputation, we observed con-
siderable improvements in the performance of the RF and GBC solutions. This suggests that the
synergy between imputation and normalization can be particularly beneficial for these algorithms.

Additionally, our experiments revealed that the SMOTE oversampling strategy proved advan-
tageous for RF and GBC algorithms, mainly for the binary model for the mRS cutoff of 3 (the most

imbalanced). This technique helped these models by addressing class imbalances in the dataset.
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Overall, the combination of preprocessing techniques such as normalization, imputation, and
oversampling had a substantial impact on the performance of the machine learning algorithms,
and the specific benefits varied depending on the algorithm’s characteristics and the dataset’s char-
acteristics.

To represent the better-performing algorithms, Table 5.1 depicts these algorithm cross-validation
performances, respective hyperparameters and pre-processing pipelines (encountered in Table
4.3):

Train split L
mRS | Model Pipelines | Hyperparameters
Acc AUC
GBC | 745% 64.2% P8
SVM | 75.5%  70% P5 .
>3 Listing C.1

RF* 73%  83.3% P8
MLP | 75% 66.7% P3
GBC | 67% 683% P8
SVM | 69% 72.5% P4 .
>4 Listing C.2
RF* | 64.5% 78.3% P1
MLP | 65% 66.7% P9
GBC | 61.5% 75% P9
SVM | 67% 61.7% P2 .
>5 Listing C.3
RF* 70%  78.8% P6
MLP | 65% 73.3% P7
GBC | 53.5% 76.6% PO
SVM | 52% 64.7% P8 .
multi Listing C.4
RF* 59%  79.1% PO
MLP | 44% 71.3% P8

Table 5.1: Best models cross-validation performance metrics, hyperparameters and pre-processing
pipelines

*Models selected for the multimodal solution

As can be observed, the better-performing model among all solutions is the Random Forest.
As such, the prediction scores extracted for each patient by these models will be used as learning

parameters for the multimodal solution.

5.1.1.2 Feature Importance

A complementary feature importance study was also undertaken to shed light on the variables
contributing significantly to the predictive power of the algorithms. The top 10 features have been
extracted from the best-performing random forest algorithms. This feature importance analysis is
a valuable resource for understanding the key determinants influencing the functional statuses of

the different patients at different levels.
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In Figure 5.1, the top 10 features are
predictions carried by the models.
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ordered by their weight or feature importance for the

mRS > 4 model feature importance
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Figure 5.1: Top 10 features for each model (feature importance in descending order)

In the scope of these four studies, several expected variables commonly employed in autoreg-

ulation practices for neuromonitoring, such as PRx and CPPopt, consistently appeared with high

rankings in the top 10 feature importance lists. Notably, these variables exhibited their signifi-

cance, particularly when measured on the second day following admission to the ICU. This obser-

vation aligns with expectations, as prior research has demonstrated their reliability in predicting

outcomes for neurocritical patients [16, 5] and further reinforced by the multilabel model, which
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only considers three variables, the maximum PRx and the time dose and percentage without CP-
Popt on the second day after the ICH.

Furthermore, it is crucial to underscore the importance of other variables, such as the GCS
score upon admission, which played a prominent role in the binary model at the cutoff of 3.

While it was anticipated that the variable indicating whether a patient had undergone tra-
cheostomy would feature prominently in predicting the mortality of the patients, its performance
in predicting outcomes at mRS > 3 is noteworthy. This observation aligns with previous studies
showing a strong association between tracheostomy and subsequent patient mortality or depen-
dence six months after admission[41].

In the model designed for mortality and multilabel outcome prediction, a curious characteristic
was the consideration of only a small set of attributes for the final predictions. This selection
underscores the critical relevance of these specific attributes in forecasting patient outcomes for

the particular purposes of those models.

5.1.2 Discussion

Keeping the primary goal of our study in perspective, we developed a set of prognostic tools
designed to forecast patient outcomes in cases of ICH by harnessing demographic, clinical, and
MCM data. This multifaceted task entailed the employment of diverse pre-processing pipelines,
each applied to four distinct supervised learning algorithms, all primed for the classification mis-
sion. As elucidated in the preceding section, the utilization of diverse pre-processing pipelines
yielded substantial benefits, sometimes resulting in notable variations in the AUC metric, ranging,
for example, from 50% to 70% across pipelines for a single algorithm.

The comprehensive results presented in the previous section highlight random forest as the
better-performing algorithm. This alignment with the findings in Section 3.2.1 is noteworthy,
where RF consistently demonstrated its effectiveness in various prediction tasks. Beyond its
prowess in prediction, RF played a dual role in our study, as it was also employed in conduct-
ing a feature importance analysis. This analysis further underscored the significance of variables
that have already been validated as pivotal indicators for certain patient outcomes in the realm of
neurocritical pathologies. Moreover, it sheds light on the indispensable role played by MCM data
in predicting these outcomes.

When we juxtapose the performance of our project’s solutions against those documented in the
literature review for tabular data [29, 49, 30], we observe a nuanced picture. It becomes evident
that our implemented solutions, while promising, do not attain the same level of efficacy as their
literature counterparts. This variance can be largely attributed to the size of our dataset, which is
notably smaller when compared to the sample sizes prevalent in the literature.

Despite these disparities with the literature review solutions, our incursion into this domain has
yielded promising results, with all AUC values consistently approaching 80%, and one of them
even surpassing it (binary model at cutoff 3). However, it is noteworthy that the corresponding
accuracy scores appeared relatively lower than the AUC metrics. Such disparities often hint at

classifier bias towards a particular class, especially in the presence of data imbalances. Mitigating
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this issue could involve fine-tuning the decision threshold, potentially leading to an enhancement
in the model’s accuracy by ensuring a more balanced prediction of both classes.

Overfitting, on the other hand, presented a unique challenge. The small size of our test splits
made the detection of overfitting difficult. To obtain more robust and reliable assessments of model
generalization and overfitting, it would be advisable to validate the obtained models on a larger
dataset. Additionally, for training models that perform better overall and generalize well to new
data, acquiring a larger training dataset would also be recommended. Larger datasets provide a
more representative sample of the underlying data distribution and can help assess and mitigate

overfitting more effectively.

5.2 Imaging models

Similar to the previous section, we present, accompanied by a discussion, the results of the four
idealized models, but, in this case, trained on CT scans. These imaging models are specifically
tailored to image data. They will depict the training process of the CNNs and the performance of

the selected models on both the train and test splits of the dataset.

5.2.1 Results

To develop the four models, CNNs were trained over 100 epochs, continuously monitoring the loss
value for each epoch on both the train and test splits. The loss evolution for the different models
is visible in Figure 5.2.

Within the training split of our dataset, we observe the expected behaviour — a progressive
reduction in the loss value as the training process unfolds. However, a different pattern emerges
when we focus on the test split, where a swift rise in the loss value becomes evident. This contrast
in behaviours is a clear indicator of overfitting, where the neural network has excessively tailored
itself to the nuances of the training dataset. As elaborated in Section 4.3.3.1, to address this
overfitting challenge, we employed a checkpoint strategy. Specifically, we saved a checkpoint
each time the loss value reached a new minimum. These checkpoints are denoted in the figures by

vertical red lines and, curiously, mark the points at which overfitting became notably pronounced.
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Figure 5.2: CNN models loss per epoch of training

With the model weights selected through the training process, we extracted accuracy and AUC
metrics for both the training and test splits. This evaluation served as a critical measure of the
model’s performance and its ability to generalize beyond the training data. Subsequently, we

compiled the findings into Table 5.2, which is presented below:

Train split Test split
Model
Ace AUC Acc AUC
mRS>3 | 81.3% 93.1% | 76.5% 80%
mRS>4 | 81.3% 83.4% | 70.6% 70.1%
mRS>5 | 708% 843% | 711.3% 76.4%
multilabel | 60% 78.1% | 55% 69.8%

Table 5.2: Imaging data models results
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5.2.2 Discussion

In alignment with our overarching objectives, we engineered a predictive tool akin to the one
devised for tabular data. However, a notable distinction lies in using images rather than tabular
data. Consequently, this section is dedicated to elucidating how the outcomes of our image-based
tool compare to those of the tabular counterpart and how they stack up against the set of existing
literature.

The output metrics derived from the imaging-based models exhibit an apparent divergence
between the training and test splits, strongly indicative of potential overfitting to the training data,
caused most likely by the small sample size of the dataset. Consequently, our evaluation predom-
inantly centers on the test subset, unlike the tabular data models, where we primarily scrutinized
the training performance. When we delve specifically into the results obtained from the imag-
ing models, it becomes discernible that certain models outperform others, as evidenced by their
superior accuracy and AUC metrics.

This performance hierarchy among the imaging models becomes apparent, with the multilabel
model exhibiting the lowest performance, followed by the binary model at cutoff 4, followed by
the model at cutoff 5, and the most proficient being the model at cutoff 3.

In the comparative analysis between the optimal tabular data models and their imaging coun-
terparts, a notable distinction emerges in performance evaluation. Specifically, when evaluating
accuracy, the imaging models showcase superior results across the board, except for the multilabel
model. However, upon closer examination of the AUC metric, the tabular models consistently
exhibit higher values.

In light of this evaluation, it is essential to emphasize the significance of data imbalances within
the dataset, as previously elucidated in preceding sections. In such scenarios, prioritising the AUC
metric is important, as it offers a more robust assessment of model performance, particularly when
confronted with class imbalances.

Considering this, the tabular models emerge as the preferable choice (if they were to be used
independently), boasting superior overall results when measured against the critical AUC metric.
This preference for tabular models over imaging may be subject to revision in the presence of
a larger dataset. It is a well-established principle that neural networks exhibit enhanced training
performance when provided with larger and more comprehensive datasets. Such an expansion in
data size could potentially lead to reevaluating the relative performance of tabular and imaging
models.

Comparing now to the literature review presented works, it is relevant to refer that the imaging
side of the multimodal solution pursued by Pérez del Barrio et al. [37] had an AUC close to 76.4%
obtained by the model for mortality prediction. Contrarily, the rest of the works presented in
Section 3.2.2 and more image-oriented had significantly higher results. Again, this was probably
a result of the fact that their sample size was higher.

In comparing our results to the works presented in the literature review (imaging-only studies),

particularly in the imaging side of the multimodal solution pursued by Pérez del Barrio et al. [37],
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we observe an AUC close to 76.4% obtained by their model for mortality prediction (76.3%). In
contrast, the other works, more focused on image-oriented approaches and presented in Section
3.2.2, consistently yielded significantly higher results. Once again, this variance can likely be
attributed to the larger sample sizes employed in these studies, underscoring the pivotal role of

data size in influencing model performance.

5.3 Multimodal Models

After the creation of both imaging and tabular models, the integration of these models culminated
in forming an ensemble of models orchestrated through a metaclassifier. This section presents the
results derived from the combination of prediction scores generated by the imaging and tabular

models. Furthermore, a brief evaluation of the performance metrics is expounded upon.

5.3.1 Results

Upon the realisation of the imaging and tabular models, we implemented the late fusion approach,

and the outcomes have been consolidated into Table 5.3:

Table 5.3: Multimodal data performance metrics

Train split Test split
Acc AUC Acc AUC
mRS > 3 92%  100% | 100%  100%
mRS >4 83% 96.7% | 82% 96%
mRS > 5 80% 93.3% | 82.5%  95%
multilabel | 64.5% 87.5% | 76.4% 86.7%

Model

5.3.2 Discussion

As elucidated earlier, the amalgamation of two distinct sets of models, each sharing a common ob-
ject but train on divergent data modalities, has been successfully developed through a late fusion
strategy, culminating by combining model prediction scores. This approach has yielded an overall
favourable outcome, manifesting enhancements in both accuracy and AUC metrics when com-
pared with the performance of the individual imaging and tabular models. Significantly, through-
out the evaluation of the acquired multimodal results, there has been no apparent indication of
overfitting.

Aligned with the multimodal literature review solutions [37, 40, 34], the attained performance
across various models has demonstrated satisfactory outcomes, with some even surpassing the
metrics reported in the reviewed studies, particularly in terms of AUC. However, these results
with a grain of salt.

An important facet to underscore is that the overfitting observed in the imaging models intro-

duces a susceptibility to an overly positive multimodal solution. This effect might be hidden in the
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multimodal models, primarily due to the possibility of data points in the test split (used to validate
the combined models) having been exposed to training within the overfitted imaging models. This
interconnectedness between the imaging and multimodal models necessitates a cautious interpre-
tation of our findings and suggests the need for further exploration and refinement to mitigate
potential overfitting challenges, for instance, by evaluating the model using another dataset with a
set of additional patients.

The results obtained from our study have shed light on the progressive difficulty of predicting
higher severity outcomes in patients afflicted with ICH using machine learning techniques. This
trend is particularly pronounced in the binary models, which exhibit diminishing performance as
higher mRS scores are employed as cutoffs for defining good or bad outcomes. Furthermore,
our findings highlight the increased complexity introduced by the multilabel approach in predict-
ing patient outcomes, as this approach yields the least favourable results among all the models

evaluated.
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Conclusions

The integration of machine learning techniques within the realm of neurology, specifically for
predicting outcomes in neurocritical patients with traumatic and non-traumatic brain injuries, has
seen significant growth. These predictive models hold immense potential in aiding medical profes-
sionals in prognosticating patient outcomes and allocating resources effectively for patient reha-
bilitation. However, regarding the specific pathology of ICH, such machine-learning approaches
remain relatively scarce, especially those applied to multimodal datasets.

To address this research gap, this dissertation embarked on developing models that utilize
multimodal datasets, encompassing both tabular and imaging data, as inputs for predicting patient
outcomes.

The journey began with a thorough analysis of existing state-of-the-art works akin to the one
envisioned in this research. This exploration, detailed in Section 3.2, answered four critical re-
search questions. It involved examining selected studies from a plethora of projects, extracting
valuable insights, and identifying techniques and concepts that would form the foundation for the
proposed solution and methodology.

The reviewed studies not only provided answers to pertinent questions but also offered solu-
tions with satisfactory results. They enriched this thesis’s work and facilitated the formulation of
a comprehensive resolution to the problem at hand.

Subsequently, following the review of the existing studies, a set of prognostication models
was developed, obtained from the developed imaging and tabular data prognostication tools. These
models collectively aimed to predict the 6-month outcomes of ICH patients at various levels, using
the mRS as the reference point for assessing patients’ functional statuses. The models included
three binary outcome prediction models at different mRS binarization cutoffs and one multilabel
outcome prediction model.

Upon examining the results, it becomes evident that the multimodal prognostication tools
yielded a set of commendable outcomes. Cross-validation AUC values for these models exceeded
those of the individual tabular and imaging models, as well as some of the studies reviewed in the

literature:

* Binary outcome prediction at cutoff 3: 100%
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* Binary outcome prediction at cutoff 4: 96.7%
* Binary outcome prediction at cutoff 5: 93.3%

* Multilabel outcome prediction: 87.5%

However, it is important to approach these results with a degree of caution, as discussed in
Section 5.3.2. There exists the possibility of overfitting, primarily stemming from the overfitting
observed in the imaging data models and possibly from the tabular data models (undetected),
which could potentially transfer to the multimodal data without immediate detection.

Another noteworthy insight is the pivotal role of specific features, such as PRx and CPPopt,
in enhancing the predictive capabilities of tabular models. The feature importance study under-
scored the effectiveness of features obtained through MCM in enhancing algorithmic predictive
performance.

In conclusion, the objective of this thesis study is achieved, since, while there is a degree of
scepticism due to the potential presence of overfitting in the final model, the overall outcomes
of this study seem to underscore the suitability of machine learning methodologies for predicting
outcomes in ICH patients using multimodal datasets, encompassing MCM data variables and,

potentially if the overfitting is abolished, neuroimaging.

6.1 Limitations and Future Work

The primary limitation of this study derives from the dataset’s relatively small sample size. While
it offered a satisfactory variable size, its limited scale raises questions and presents challenges
related to overfitting and data distribution (e.g., imbalances). To strengthen the credibility of the
conclusions drawn in this work, future endeavours should involve larger, more diverse datasets, en-
abling the evaluation and development of models with more conclusive results and better equipped
to detect realistic patterns and tackle overfitting and biases.

Moreover, further investigations are warranted in the domain of imaging-based models and fu-
sion techniques for the multimodal solution. Future research could explore the training of models
with varying hyperparameters for 3D-CNNs and pre-processing steps to identify the optimal con-
figurations for training ICH CT scan outcome prediction models and could explore other fusion
strategies like early fusion.

In summary, following the implementation of the aforementioned steps and provided that the
results consistently align with the conclusions drawn, the solutions developed in this study hold the
potential for practical application in real-life scenarios. The prognostication tools, if effective, will
give the medical professionals sufficient insights to establish therapeutic ceilings, thus preventing

the use of excessive resources for rehabilitating these patients.
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Appendix A

Variables obtained through ICM+

MCM

Variable Description
ABP Arterial Blood Pressure mean value
HR Heart Rate mean value
ICP ICP mean value
ICP_over21 Percentage of time ICP was over 21 mmHg
ICPdose Area under the curve (time dose) of ICP over 21 mmHg
ICP max Value ICP maximum value
PRX PRx mean value
perctimePRxover(.2 Percentage of time PRx was over 0.2
PRXdoseover(.2 Time dose of PRx over 0.2
PRX maximum value PRX maximum value
optCPP Optimal CPP value
CPP-optCPP Difference between mean CPP and optimal CPP

perctimeCPPopt_under5s
perctimeCPPopt_overS
doseCPPopt_under 5
doseCPPopt_over 5
totalNoCPP
CO2

RAC
RAP

Percentage of time CPP was under CPP optimal minus Smmhg
Percentage of time CPP was under CPP optimal plus Smmhg
Time dose of CPP under CPP optimal minus SmmHg

Time dose of CPP under CPP optimal plus SmmHg

Time dose the patient was without CPPopt

End-tidal carbon dioxide mean value

RAC (correlation between the amplitude of the fundamental harmonic of
ICP pulse wave and CPP) mean
RAP (brain compliance index) mean

Table A.1: MCM Variables extracted from ICM+
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Appendix B

3D CNN Architectures

Listing B.1: Binary models 3D CNN architecture

Layer (type) Output Shape Param #
input (Inputlayer) [ (None, 128, 128, 32, 1) 0
convl (Conv3D) (None, 128, 128, 32, 16) 448
maxPooll (MaxPooling3D) (None, 64, 64, 16, 16) 0
conv2 (Conv3D) (None, 32, 32, 8, 32) 13856
maxPool2 (MaxPooling3D) (None, 16, 16, 4, 32) 0
conv3 (Conv3D) (None, 16, 16, 4, 64) 55360
conv4 (Conv3D) (None, 8, 8, 2, 64) 110656
maxPool3 (MaxPooling3D) (None, 4, 4, 1, 64) 0
conv5 (Conv3D) (None, 4, 4, 1, 96) 165984
conv6 (Conv3D) (None, 2, 2, 1, 96) 248928
maxPoold4d (MaxPooling3D) (None, 1, 1, 1, 96) 0
conv7 (Conv3D) (None, 1, 1, 1, 128) 331904
conv8 (Conv3D) (None, 1, 1, 1, 128) 442496
maxPool5 (MaxPooling3D) (None, 1, 1, 1, 128) 0
densel (Dense) (None, 1, 1, 1, 128) 16512
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3D CNN Architectures

dropoutl (Dropout)

dense?2 (Dense)

dropout2 (Dropout)

flatten (Flatten)

Sigmoid (Dense)

(None, 1, 1, 1, 128)

(None, 1, 1, 1, 64)

(None, 1, 1, 1, 64)

(None, 64)

(None, 1)

8256

65

Total params: 1,394,465

Trainable params:

1,394,465

63

Non-trainable params: 0O

Listing B.2: Multilabel model 3D CNN architecture

Layer (type) Output Shape Param #
input (InputlLayer) [ (None, 128, 128, 32, 1) 0

]
convl (Conv3D) (None, 128, 128, 32, 16) 448
maxPooll (MaxPooling3D) (None, 64, 64, 16, 16) 0
batch_normalization (BatchN (None, 64, 64, 16, 16) 64
ormalization)
conv2 (Conv3D) (None, 32, 32, 8, 32) 13856
maxPool2 (MaxPooling3D) (None, 16, 16, 4, 32) 0
batch_normalization_1 (Batc (None, 16, 16, 4, 32) 128
hNormalization)
conv3 (Conv3D) (None, 16, 16, 4, 64) 55360
conv4 (Conv3D) (None, 8, 8, 2, 64) 110656
maxPool3 (MaxPooling3D) (None, 4, 4, 1, 64) 0
batch_normalization_2 (Batc (None, 4, 4, 1, 64) 256
hNormalization)

conv5 (Conv3D) (None, 4, 4, 1, 96) 165984



3D CNN Architectures

conv6 (Conv3D)

maxPool4d (MaxPooling3D)

batch_normalization_3

hNormalization)

conv7 (Conv3D)

conv8 (Conv3D)

(Batc

maxPool5 (MaxPooling3D)

batch_normalization_4

hNormalization)

dropoutl (Dropout)

densel (Dense)

dropout2 (Dropout)

dense2 (Dense)

dropout3 (Dropout)

flatten (Flatten)

Softmax (Dense)

(Batc

(None,

(None,

(None,

(None,

(None,

(None,

(None,

(None,

(None,

(None,

(None,

(None,

(None,

(None,

96)

96)

96)

128)

128)

128)

128)

128)

128)

128)

64)

64)

64

248928

384

331904

442496

512

16512

8256

195

Total params: 1,395,093

9

Trainable params: 1,395,267

Non-trainable params:

672




Appendix C

Additional results

C.1 Tabular Data Model Results per Pipeline

Table C.1: Binary classification model results, at mRS cutoff of 3

L Train split Test split
Pipeline | Model

Acc AUC Acc0 Acel Ace AUC

GBC 77% 62.5% | 50% 100% 87.5% 100%

PO SVM | 75% 50% 0% 100% 75%  50%
RF 7145% 81.7% | 75% 92% 87.8% 90%

MLP | 66.5% 658% | 25% 92% 753% 40%

GBC 5% 642%% | 0% 100% 75%  85%

P1 SVM | 75% 50% 0% 100% 75%  50%
RF 72.5% 792% | 715% 92% 87.8% 88%

MLP | 68% 62.5% 0% 92% 69%  40%

GBC 75% 62.5% 0% 100% 75%  90%

P SVM | 75% 51.7% 0% 100% 75%  98%
RF 745% 81.7% | 75% 92% 87.8% 90%

MLP | 75% 61.7% 0% 100% 75%  98%

GBC 77% 62.5% | 50% 100% 87.5% 100%

P3 SVM | 75% 47.5% 0% 100% 75%  94%
RF 745% 81.7% | 715% 92% 87.8% 90%

MLP* | 75% 66.7% 0% 100% 75%  96%
GBC 77% 62.5% | 50% 100% 87.5% 100%

P4 SVM | 75% 59.2% 0% 100% 75%  94%
RF 745% 81.7% | 75% 92% 87.8% 90%

MLP | 74% 64.2% | 25% 100% 87.5% T1%
GBC 77% 62.5% | 50% 100% 87.5% 100%

Ps SVM* | 75.5% 70% 25% 100% 813% 79%
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RF 745% 81.7% | 75% 92% 87.8% 90%

MLP | 77.5% 46.7% | 50% 100% 87.5% 100%

GBC 75% 64.2% 0% 100% 75%  83%

P6 SVM | 75% 51.7% 0% 100% 75%  98%
RF 72.5% 192% | 5% 92% 81.8% 88%

MLP | 75% 61.7% 0% 100% 75%  98%

GBC 58% 52.1% 75 92% 81.8% 15%

P7 SVM | 75% 50% 0% 100% 75%  50%
RF 75% 792% | 75% 100% 93.8% 92%

MLP | 60% 525% | 5% 83% 81%  69%

GBC* | 745% 642% | 50% 100% 87.5% 98%

SVM | 75% 458% | 25% 100% 81.3% 100%

P8 RF* 73% 833% | 5% 92% 871.8% 90%
MLP | 69.5% 50% 50% 100% 87.5% 100%
GBC 7% 62.5% | 5% 92% 87.8% 100%

P9 SVM | 77% 45% 25% 100% 81.3% 79%
RF 75% 792% | 75% 100% 93.8% 92%

MLP | 79% 525% | 50% 92% 81.5% 94%

Acc0 - Accuracy at predicting mRS lower or equal to 3; Accl - Accuracy at predicting mRS higher than
3; Acc - Overall Accuracy; AUC - ROC-AUC; *Best performing specific algorithm (one for each of the
SVMs, RFs, GBCs and MLPs)

Table C.2: Binary classification model performances, at mRS cutoff of 4

Train split Test split
Acc AUC | Acc0 Accl Ace AUC
GBC 56% 71.7% | 100% 0% 562% 60%
SVM | 56% 50% | 100% 0% 56.2% 50%

Pipeline | Model

PO RF 62% 783% | 89% 29% 62.8% T3%
MLP | 50.5% 53.3% | 100% 29% 689% 70%
GBC | 56% 733% | 100% 0% 562% 63%
P1 SVM | 56% 50% | 100% 0% 56.2% 50%
RF* | 64.5% 783% | 89% 29% 62.8% 73%
MLP | 50.5% 55.8% | 100% 14% 624% 73%
GBC | 56% 71.7% | 100% 0% 562% 60%
P SVM | 60.5% 56.7% | 100% 14% 624% 71%

RF 62% 183% | 89% 29% 62.8% 13%
MLP | 65% 65% | 100% 29% 689% 57%
GBC 56% 71.77% | 100% 0% 56.2% 60%
SVM | 63% 558% | 100% 0% 562% 59%

P3
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RF 62% 783% | 89% 29% 62.8% 3%

MLP | 56% 57.5% | 100% 0% 562% 41%

GBC | 56% 71.7% | 100% 0% 56.2% 60%

P4 SVM* | 52% 60% | 100% 43% T75.1% 75%
RF 62% 783% | 8% 29% 62.8% 3%

MLP | 56.5% 57.5% | 100% 57% 81.2% 86%

GBC | 56% 71.7% | 100% 0% 562% 60%

Ps SVM | 60% 542% | 89% 29% 62.8% T8%
RF 62% 783% | 89% 29% 62.8% 3%

MLP | 56% 52.5% | 100% 0% 562% 49%

GBC | 56% 733% | 100% 0% 562% 63%

P6 SVM | 60.5% 58.3% | 100% 14% 624% 70%
RF 64.5% 783% | 8% 29% 62.8% 3%

MLP | 60.5% 66.7% | 100% 29% 68.9% 60%

GBC | 71% 683% | 78% 29% 56.6% 60%

p7 SVM | 56% 50% | 100% 0% 562% 50%
RF 8% T21% | 89% 43% 68.9% 60%

MLP | 50.5% 533% | 89% 43% 689% 73%

GBC* | 69% 725% | 8% 43% 68.9% 67%

P8 SVM | 60.5% 55% | 100% 29% 689% 75%
RF 60% 65% | 78% 43% 62.7% 13%

MLP | 63% 633% | 100% 29% 689% 56%

GBC | 685% 70% | 78% 29% 56.6% 60%

SVM | 58% 59.2% | 100% 29% 689% 73%

P9 RF 56% 733% | 8% 43% 62.7% T1%
MLP* | 65% 66.7% | 100% 29% 689% 59%

Acc0 - Accuracy at predicting mRS lower or equal to 4; Accl - Accuracy at predicting mRS higher than
4; Acc - Overall Accuracy; AUC - ROC-AUC; *Best performing specific algorithm (one for each of the
SVMs, RFs, GBCs and MLPs)

Table C.3: Binary classification model results, at mRS cutoff of 5 (detects whether or not patients
die within six months after the ICH)

Train split Test split
Acc AUC | Acc0 Accl Ace AUC
GBC 67% 68.3% | 100% 0% 62.5% T8%
SVM | 67% 50% | 100% 0% 62.5% 50%
RF 61% 68.3% | 100% 33% 749% T8%
MLP | 56.5% 733% | 80% 17% 564% 60%
GBC 67% 683% | 100% 0% 62.5% 82%

Pipeline | Model

PO

P1
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SVM 67% 50% | 100% 0% 62.5% 50%
RF 61.5% 70% 0% 67% 689% T2%
MLP | 545% 71.7% | 80% 33% 62.4% 59%
GBC 67% 70% | 100% 0% 62.5% 80%
P SVM* | 67% 61.7% | 100% 0% 62.5% 80%
RF 61% 68.3% | 100% 33% 749% 78%
MLP | 64.5% 66.7% | 80% 33% 62.4% 63%
GBC 67% 68.3% | 100% 0% 62.5% 78%
P3 SVM 67% 61.7% | 100% 0% 62.5% 68%
RF 61% 68.3% | 100% 33% 749% T78%
MLP 63% 60.8% | 710% 17% 50.1% 48%
GBC 67% 68.3% | 100% 0% 62.5% 80%
P4 SVM 67% 58.3% | 100% 0% 62.5% 70%
RF 61% 68.3% | 100% 33% 749% 78%
MLP | 585% 592% | 710% 50% 62.5% 48%
GBC 67% 70% | 100% 0% 62.5% 82%
Ps SVM 67% 60% 0% 17% 62.6% 57%
RF 62.5% 683% | 100% 33% 749% T8%
MLP | 62.5% 66.7% | 710% 33% 56.1% 43%
GBC 67% 73.3% | 100% 0% 62.5% T7%
P6 SVM 67% 45.8% | 100% 0% 62.5% 78%
RF* 0% 788% | 60% 67% 62.6% 60%
MLP 63% 592% | 710% 33% 56.1% 65%
GBC | 56.5% 56.7% | 90% 33% 68.6% 73%
P7 SVM 67% 50% | 100% 0% 62.5% 50%
RF 56% 65.8% | 60% 67% 62.6% 80%
MLP* | 65% 733% | 80% 50% 68.8% 63%
GBC 64% 71.7% | 60% 50% 563% T2%
Ps SVM 63% 56.7% | 90% 33% 68.6% T2%
RF 63% T158% | 60% 67% 62.6% 68%
MLP | 63.5% 592% | 80% 67% 751% 75%
GBC* | 61.5% 75% 60% 50% 563% T3%
Po SVM 63% 59.2% | 90% 33% 68.6% T0%
RF 61.5% 75% 60% 50% 563% 65%
MLP 59% 64.2% | 80% 67% 15.1% 13%
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Acc0 - Accuracy at predicting mRS lower or equal to 5; Accl - Accuracy at predicting mRS higher than
5; Acc - Overall Accuracy; AUC - ROC-AUC; *Best performing specific algorithm (one for each of the
SVMs, RFs, GBCs and MLPs)



C.1 Tabular Data Model Results per Pipeline

Table C.4: Multilabel classification model results

Lo Train split Test split
Pipeline | Model

Acc AUC | Acc0 Accl Acc2 Acc AUC

GBC* | 535% 76.6% | 75% 50% 50% 562% 63.7%

PO SVM | 40.5% 50% 0% 100% 0% 37.5% 50%
RF* 59% 79.1% | 100% 33% 33% 49.8% 65.7%

MLP | 47% 66.7% | 50% 67% 67% 62.8% 62%
GBC | 405% 758% | 0% 100% 0% 37.5% 70.7%

P1 SVM | 40.5% 50% 0% 100% 0% 37.5% 50%
RF 59% 79.1% | 100% 33% 33% 49.8% 65.7%

MLP | 495% 69.2% | 0% 67% 50% 43.9% 66%
GBC | 53.5% 76.6% | 75% 50% 50% 56.2% 63.7%
P SVM | 345% 412% | 25% 50% 33% 37.4% 70.7%
RF 59% 79.1% | 100% 33% 33% 49.8% 65.7%

MLP | 41% 662% | 25% 50% 33% 374% 63%
GBC | 535% 76.6% | 75% 50% 50% 562% 63.7%
P3 SVM | 37% 459% | 25% 67% 33% 43.8% 62.7%
RF 59% 79.1% | 100% 33% 33% 49.8% 65.7%
MLP | 415% 58% | 75% 17% 33% 37.5% 60.7%
GBC | 535% 76.6% | 75% 50% 50% 562% 63.7%
P4 SVM | 37.5% 564% | 25% 50% 33% 37.4% 49.3%
RF 59% 79.1% | 100% 33% 33% 49.8% 65.7%

MLP | 44% 64% | 5% 67% 33% 562% 64%
GBC | 535% 76.6% | 715% 50% 50% 56.2% 63.7%

Ps SVM | 46% 572% | 25% 33% 17% 250% 46%
RF 59% 79.1% | 100% 33% 33% 49.8% 65.7%
MLP | 43% 642% | 25% 33% 17% 25.0% 53.3%

GBC | 405% 75.6% | 0% 100% 0% 37.5% 70%
P6 SVM | 36.5% 43% 25% 50% 33% 374% 70.3%
RF 59% 79.1% | 100% 33% 33% 49.8% 65.7%
MLP | 41% 643% | 25% 50% 33% 37.4% 63.3%
GBC 51% 74.8% | 715% 50% 50% 37.5% 61.7%

P7 SVM | 36% 50% 0% 100% 0% 374% 50%
RF 51% 75.6% | 100% 17% 50% 49.8% 65.3%

MLP | 455% 623% | 50% 67% 33% 37.4% 59%
GBC | 535% 728% | 25% 50% 50% 43.8% 66.7%

P8
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Additional results
SVM* | 52% 64.7% | 25% 89% 67% 62.5% 64%
RF 575% 773% | 25% 67% 50% 50.1% 67%
MLP* | 44% 713% | 50% 67% 50% 56.4% 72%
GBC |515% 71.4% | 50% 67% 33% 49% 66.7%
PO SVM | 49% 602% | 25% 83% 33% 46.7% 73%
RF 57% 753% | 100% 17% 50% 49.5% 65.3%
MLP | 48.5% 63.6% | 75% 33% 33% 433% 63%

AccO - Accuracy of the predictions of label 0 (mRS = 0-3); Accl - Accuracy of the predictions of label
1 (mRS = 4-5); Acc2 - Accuracy of the predictions of label 2 (mRS = 6); Acc - Accuracy; AUC - macro
average of ROC-AUC; *Best performing specific algorithm (one for each of the SVMs, RFs, GBCs and

MLPs)

C.2 Hyperparameters

Listing C.1: Hyperparameters of the binary models for mRS > 3

GradientBoostingClassifier (ccp_alpha=0.0, criterion=’friedman_mse’, init=None,
learning_rate=1e-06, loss='"log_loss’, max_depth=5,
max_features='1log2’, max_leaf nodes=None,
min_impurity_decrease=0.0001, min_samples_leaf=1,
min_samples_split=7, min_weight_fraction_leaf=0.0,
n_estimators=180, n_iter_no_change=None,
random_state=53, subsample=0.3, tol=0.0001,
validation_fraction=0.1, verbose=0,

warm_start=False)

SVC (C=32.82, break_ties=False, cache_size=200, class_weight={}, coef0=0.0,
decision_function_shape=’'ovr’, degree=3, gamma=’auto’, kernel='rbf’,
max_iter=-1, probability=True, random_state=53, shrinking=True, tol=0.001,

verbose=False)

RandomForestClassifier (bootstrap=False, ccp_alpha=0.0, class_weight='balanced’,
criterion='gini’, max_depth=6, max_features=’sqrt’,
max_leaf nodes=None, max_samples=None,
min_impurity_decrease=0.1, min_samples_leaf=2,
min_samples_split=2, min_weight_fraction_leaf=0.0,
n_estimators=140, n_jobs=-1, oob_score=False,

random_state=53, verbose=0, warm_start=False)

MLPClassifier (activation='"logistic’, alpha=0.5, batch_size="auto’, beta_1=0.9,
beta_2=0.999, early_stopping=False, epsilon=1e-08,
hidden_layer_sizes=[100, 50, 50], learning_rate=’constant’,
learning_rate_init=0.001, max_fun=15000, max_iter=500,
momentum=0.9, n_iter_no_change=10, nesterovs_momentum=True,
power_t=0.5, random_state=53, shuffle=True, solver=’adam’,

tol=0.0001, validation_fraction=0.1, verbose=False,



C.2 Hyperparameters

warm_start=False)

Listing C.2: Hyperparameters of the binary models for mRS > 4

GradientBoostingClassifier (ccp_alpha=0.0, criterion=’friedman_mse’, init=None,

learning_rate=0.001,

loss="log_loss’, max_depth=2,

max_features=1.0, max_leaf nodes=None,

min_impurity_decrease=0.05, min_samples_leaf=2,

min_samples_split=2,

min_weight_fraction_leaf=0.0,

n_estimators=40, n_iter_ no_change=None,

random_state=53, subsample=0.8, tol=0.0001,

validation_fraction=0.1, verbose=0,

warm_start=False)

SVC (C=22.98, break_ties=False, cache_size=200, class_weight='balanced’,

coef0=0.0, decision_function_shape=’'ovr’, degree=3, gamma=’auto’,

kernel='"rbf’, max_iter=-1, probability=True,

shrinking=True, tol=0.001, verbose=False)

random_state=53,

RandomForestClassifier (bootstrap=False, ccp_alpha=0.0, class_weight={},

criterion='gini’, max_depth=1, max_features=’'log2’,

max_leaf _nodes=None, max_samples=None,

min_impurity_decrease=0.01, min_samples_leaf=6,

min_samples_split=10, min_weight_fraction_leaf=0.0,

n_estimators=240, n_jobs=-1, oob_score=False,

random_state=53, verbose=0, warm_start=False)

MLPClassifier (activation=’logistic’, alpha=0.001, batch_size=’auto’, beta_1=0.

beta_2=0.999, early_stopping=False, epsilon=1le-08,

hidden_layer_sizes=[100], learning_rate=’adaptive’,

learning_rate_init=0.001, max_fun=15000, max_iter=500,

momentum=0.9, n_iter_no_change=10,

nesterovs_momentum=True,

power_t=0.5, random_state=53, shuffle=True, solver=’'adam’,

tol=0.0001, validation_fraction=0.

warm_start=False)

1, verbose=False,

Listing C.3: Hyperparameters for the binary models for mRS > 5

GradientBoostingClassifier (ccp_alpha=0.0, criterion=’friedman_mse’, init=None,

learning_rate=0.001,

loss="log_loss’, max_depth=8,

max_features=1.0, max_leaf_nodes=None,

min_impurity_decrease=0.4, min_samples_leaf=5,

min_samples_split=5,

n_estimators=270, n_i
random_state=58, subs
validation_fraction=0

warm_start=False)

SVC (C=1.0, break_ties=False, cache_size=200, cla

min_weight_fraction_leaf=0.0,
ter_no_change=None,
ample=0.55, tol=0.0001,

.1, verbose=0,

ss_weight=None, coef0=0.0,

decision_function_shape=’'ovr’, degree=3, gamma=’'auto’, kernel='rbf’,
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max_iter=-1, probability=True, random_state=53, shrinking=True,

verbose=False)

RandomForestClassifier (bootstrap=False, ccp_alpha=0.0,

class_weight='balanced_subsample’,

max_depth=6, max_features=’log2’,

max_samples=None, min_impurity_decrease=0.1,

min_samples_leaf=5, min_samples_split=9,

min_weight_fraction_leaf=0.0,

n_jobs=-1, oob_score=False, random_state=58,

warm_start=False)

MLPClassifier (activation='relu’, alpha=0.005, batch_size="auto’,

beta_2=0.999, early_stopping=False, epsilon=1e-08,

hidden_layer_sizes=[50, 50, 100],

tol=0.001,

criterion='gini’,

max_leaf_ nodes=None,

n_estimators=160,

verbose=0,

beta_1=0.9,

learning_rate=’adaptive’,

learning_rate_init=0.001, max_fun=15000, max_iter=500,

momentum=0.9, n_iter_no_change=10,

power_t=0.5, random_state=53, shuffle=True,

to0l=0.0001, validation_fraction=0.1, verbose=False,

warm_start=False)

Listing C.4: Hyperparameters for the multilabel model

GradientBoostingClassifier (ccp_alpha=0.0, criterion=’friedman_mse’,

learning_rate=0.4, loss=’log_loss’,

max_features=’'sqrt’,

min_impurity_decrease=0.001,

min_samples_split=7,

max_leaf nodes=None,

nesterovs_momentum=True,

solver='"adam’,

init=None,

max_depth=9,

min_samples_leaf=3,

min_weight_fraction_leaf=0.0,

n_estimators=270, n_iter_no_change=None,

random_state=53, subsample=0.85,

validation_fraction=

warm_start=False)

SVC (C=1.0, break_ties=False, cache_size=200, cl
decision_function_shape=’'ovr’, degree=3, ga
max_iter=-1, probability=True, random_state

verbose=False)

RandomForestClassifier (bootstrap=False, ccp_alp
criterion="entropy’, max
max_leaf_nodes=None, max

min_impurity_decrease=0.

0.1, verbose=0,

tol=0.0001,

ass_weight=None, coef0=0.0,

mma=’"auto’, kernel='rbf’,

=54, shrinking=True,

tol=0.001,

ha=0.0, class_weight=’"balanced’,

_depth=1, max_feature

_samples=None,

3, min_samples_leaf=2

s=’log2’,

4

min_samples_split=5, min_weight_fraction_leaf=0.0,

n_estimators=150, n_jobs

random_state=53, verbose

MLPClassifier (activation='"logistic’, alpha=0.00

=-1, oob_score=False,

=0, warm_start=False)

5, batch_size="auto’,

beta_2=0.999, early_stopping=False, epsilon=1le-08,

hidden_layer_sizes=[50, 50, 50],

learning_rate_init=0.001, max_fun

beta_1=0.9,

learning_rate=’invscaling’,

=15000, max_iter=500,
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momentum=0.9, n_iter_no_change=10,

nesterovs_momentum=True,

power_t=0.5, random_state=54, shuffle=True, solver=’adam’,

tol=0.0001, validation_fraction=0.1, verbose=False,

warm_start=False)
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