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ABSTRACT

Deep Learning research in healthcare aims to handle the growing volume of data in
Electronic Health Records. These algorithms present good performance for predicting
outcomes on homogeneous longitudinal data. However, challenges arise when dealing
with complex time-dependent data, which is common in real-world medical records.

This thesis aims to address these challenges by using Long-Short Term Memory (LSTM)
networks to analyze multimodal longitudinal medical data.

The study included the preprocessing of a real-world clinical dataset from an Intensive
Care Unit, to make it compatible with LSTM models. This initial step laid the foundation
for subsequent analyses.

This research provides valuable insights into the complex domain of patient mortality
prediction using LSTM neural networks. By addressing fundamental research ques-
tions, the study explored the intricacies of real-world medical data processing, predictive
model construction, and the determination of optimal temporal window size for effective
forecasts.

The findings highlight the importance of feature selection, particularly based on
missing data, to reduce data dimensionality without sacrificing predictive performance.
Additionally, the study compared patient mortality forecast performances with different
prediction windows.

This research asserts the importance of a careful methodology in dealing with real-

world medical data to develop more robust and trustworthy predictive models.

Keywords: Deep Learning, Long Short-Term Memory, Medical Prediction, Real-World
Medical Data, Decision Support Systems
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REsumMo

A Aprendizagem Profunda na 4rea da satide visa lidar com o volume crescente de dados
em Registos Eletrénicos de Satde. Estes algoritmos apresentam bom desempenho na
previsdao em dados longitudinais homogéneos. No entanto, tém problemas ao lidar com
dados com complexidade temporal, o que é comum em registos médicos reais.

Esta dissestac¢do visa abordar estes desafios através da utilizagdo de redes Long Short-
Term Memory (LSTM) para analisar dados médicos longitudinais multimodais.

O estudo incluiu o pré-processamento e estruturagdo de um conjunto de dados clinicos
do mundo real de uma Unidade de Cuidados Intensivos, de forma torné-lo compativel
com modelos LSTM. Este passo inicial estabeleceu as bases para andlises subsequentes.

O estudo tentou fornecer clareza no campo da previsdo da mortalidade de pacientes
usando redes neuronais LSTM. Ao abordar as questdes fundamentais da pesquisa, o estudo
explorou as complexidades do processamento de dados médicos reais, a construcdo de
modelos preditivos e a determinagdo do tamanho ideal da janela temporal usada para
previsdes eficazes.

Os resultados sublinham a importancia da selecdo de features, particularmente com
base nos dados em falta, para reduzir a dimensionalidade dos dados sem sacrificar o
desempenho dos modelos. Além disso, o estudo comparou o comportamento da previsdo
de mortalidade de pacientes com diferentes janelas de previsao.

Esta dissertagdo afirma a importancia de uma metodologia cuidadosa no tratamento

de dados médicos do mundo real para desenvolver modelos preditivos mais robustos.

Palavras-chave: Aprendizagem Profunda, Long Short-Term Memory, Previsdo Clinica,
Dados Médicos Reais, Sistemas de Apoio a Decisdo
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1

INTRODUCTION

Context and Motivation

Over the last decades, healthcare services have been incorporating a growing number
of technologies that rely more and more upon their digital resources and the use of the
Electronic Health Record (EHR). The EHR is essentially a digital chart where a patient’s
medical data is stored — information about lab tests, surgeries, and medical notes, among
others. Consequently, as research is implemented in clinical contexts, new types of
practices are used and, following turn, new types of information are stored [2].

When diagnosing or treating a disease, medical staff submit the patient to several exams
and consultations in addition to studying their medical history. All this information is
often stored in the EHR granting it highly heterogeneous data that can span their lifespan
or the duration of a treatment [2].

Additionally, the increase in life expectancy and the increasing number of clinical
events as someone ages, grant EHRs large datasets that span multiple modalities and time
windows. The complexity of this data makes it challenging for humans to analyse, which
means that medical decision is often based on a small subset of all available information
[3-5].

Artificial Intelligence (Al) research in healthcare has had the aim of addressing the
growing volume of data. These algorithms use machine capabilities, statistical methods
and pattern recognition to make use of all the EHR’s information when performing data
analysis.

This new possibility for pattern identification of medical data brought the opportunity
of creating a new type of Clinical Decision Support System (CDSS) that, unlike previous
systems, does not base its information on previous expert knowledge. Instead, CDSSs use
Al’s data analysis capabilities to learn from actual patterns in clinical information [6].

Nevertheless, AI models that use EHR’s data have issues when dealing with high
variability of data modalities and time-varying features [7]. Most models and algorithms
use heterogeneous modalities without the longitudinality being taken into consideration
[8] or don't learn the complex time-dependencies of longitudinal data [9].

1



CHAPTER 1. INTRODUCTION

Objective and Contribution

This thesis will explore how Machine Learning (ML) models, Deep Learning (DL) in par-
ticular, can leverage the complex longitudinal nature of medical data to make predictions
in order to assist medical decisions.

The study was divided into two steps, starting with the processing of real-world
medical data from the Medical Information Mart for Intensive Care (MIMIC) dataset
[10] and transforming it into a structure that could be used by Long Short-Term Memory
(LSTM)-based models.

The overarching objectives and the questions that will be tackled by this study are
threefold:

1. How can real-world medical data be processed and structured in order to be fed
into DL models, specifically LSTM-based models?

The first objective delves into the intricacies of processing and structuring real-
world medical data for compatibility with LSTM-based models. As medical datasets
often exhibit high dimensionality and heterogeneity, this study seeks to establish
methodologies that facilitate the effective transformation of raw medical data into a

format suitable for deep learning models.

2. How does dimensionality reduction influence the prediction capabilities of LSTM-

based models?

The second objective investigates the impact of dimensionality reduction techniques
on the predictive capabilities of LSTM-based models. By reducing the number of
features, this research aims to assess how these techniques enhance model perfor-

mance.

3. What is the optimal prediction window for LSTM-based models in the context of

medical data analysis?

The third objective is concerned with identifying the optimal prediction window for
LSTM-based models in the context of medical data analysis. This entails examining
the temporal aspects of medical data and determining the most suitable time frame
for making accurate predictions, thus contributing to CDSS.

In pursuit of these objectives and research questions, this study hopes to contribute to the
tield of medical data analysis and facilitate the development of medical prediction using
DL-based models as CDSSs and improving clinical practice and hospitalization outcomes.

The research work described in this dissertation was carried out in accordance with the
norms established in the ethics code of Universidade Nova de Lisboa. The work described
and the material presented in this dissertation, with the exceptions clearly indicated,

constitute original work carried out by the author.



2

THEORETICAL CONCEPTS

2.1 Electronic Health Records

EHR'’s organize data from multiple sources (i.e., different clinical events like lab tests
or hospital admission) that cover the lifetime of a patient or even a population’s health
evolution through time. Since medical practice involves very distinct procedures, the
contents of this data collection are very heterogenous — they have several formats like
medical images, natural language (clinical notes), and numeric values (lab tests), among
others) [11].

On one hand, demographic, lab results or medication data (called structured data
because they have a fixed structure and representation inside the EHR) can be very
easily analysed because of its inherent organisation. However, unstructured data like, for
example, clinical notes or medical images need extra steps to analyse — e.g., clinical notes
are in natural language which can often be influenced by context and may have semantic
or grammatical errors [11].

Both structured and unstructured data types contain very rich information used
by health professionals when studying a patient’s history for a personal clinical health
evaluation or when analysing a whole population’s health status. When making any type

of medical decision it is best to use as much information as possible [11].

2.2 Clinical prediction

In the high-stakes environment of an Intensive Care Unit (ICU), clinical decisions carry
immense significance, as they directly impact patient outcomes and overall well-being.
Every piece of information regarding a patient’s health is meticulously examined and
evaluated to ensure the best possible care and treatment.

2.2.1 Infectious and Parasitic Diseases in the ICU

Within this complex landscape, patients diagnosed with infectious and parasitic diseases
affecting systemic or unspecified sites, classified under Major Diagnostic Category (MDC)

3



CHAPTER 2. THEORETICAL CONCEPTS

Code 18, represent a group for whom risk assessment and clinical decision-making are
particularly crucial.

The significance of clinical decisions extends beyond the pre-operative phase. Patients
with infectious and parasitic diseases are particularly vulnerable, and post-operative
complications can have severe consequences, potentially hindering their quality of life
or even becoming life-threatening. Hence, the importance of ongoing risk assessment
remains pivotal in the post-operative phase. Early prediction of potential complications
allows for proactive management, ensuring timely interventions to mitigate risks and
provide the best possible care.

In essence, making clinical predictions with current and past information has a critical
role in comprehensive risk assessment in ICU environments. For patients with infectious
and parasitic diseases, this process is even more crucial due to their susceptibility to
complications. Effective clinical decision-making not only optimizes treatment strategies
but also ensures the allocation of resources where they are needed most, ultimately

enhancing the overall care and outcomes of patients in this specific category.

2.3 Machine Learning

Murphy [12] defines ML as "a set of methods that can automatically detect patterns in
data, and then use the uncovered patterns to predict future data, or to perform other
kinds of decision". Analogously, some of ML’s contribution to healthcare can be found in
the detection of patterns for biomarker discovery and the prediction of clinical outcomes,
or in the contribution to medical decision and practice in other domains such as medical

image diagnosis or robotic surgery [3].

2.3.1 Supervised/Unsupervised Learning

ML systems can be classified into several types, based on human supervision during the
learning process. In the context of this thesis, Supervised Learning (SL) and Unsupervised

Learning (UL) are the most relevant ones:

Supervised Learning

In SL, the algorithm uses data with a label or target y for each instance or vector of features
x. The objective is to predict y using the information in x and this can be done in tasks of
classification (when predicting classes) or regression (when predicting values). Tasks of
clinical risk prediction can utilise SL for the final prediction [13, 14].

Unsupervised Learning

In UL the data does not have a label or class. Some of the tasks performed by UL are
Clustering, anomaly /novelty detection or dimensionality reduction [14]. Deep learning

4



2.3. MACHINE LEARNING

tasks can learn the data probability distributions to perform synthesis or denoising of
data. [13]. To this particular thesis, UL will have an important role in the representation
of data according to its modality — some studies will employ models that learn the input
values of information so that the algorithm can distinguish between similar or correlated
events [15, 16].

2.3.2 Model Training and Validation

ML’s goal is to learn from data, however, this process should avoid overfitting —i.e, the
model should not adjust to every sample in the input data, but instead, learn the overall
trend so that it makes correct predictions on future samples [12]. Consequently, model
validation is required in order to evaluate its ability to model data without overfitting,
additionally, it is used to identify the best-performing model.

Thus, before training the model, the dataset can be partitioned into two: training
and test set. The former is used to fit the model and the latter will be used to evaluate
its performance. These two sets can be used to compare models that have different
hyperparameters or use different algorithms [12].

Cross-validation is also a possible alternative to the simple train-test partition. It
consists of repeatedly and randomly splitting training and testing sets of the original
dataset (e.g., K-fold Cross Validation) [13].

2.3.3 Performance Metrics

Performance metrics are used in both the training and testing stages to get an estimation
of how the model behaves with unseen data, as well as to compare between models [17].

Confusion Matrix

Evaluating a classification model can be done by comparing the predicted label to the
actual label for each instance in the data. This is called the Confusion Matrix (see Table 2.1

for an example of a binary classifier’s Confusion Matrix) and uses the following notions:
¢ True Positive (TP) - Instance where positive label is correctly identified
¢ False Positive (FP) - Instance where positive label is incorrectly identified
¢ True Negative (TN) - Instance where negative label is correctly identified

¢ False Negative (FN) - Instance where negative label is incorrectly identified

Actual Positive | Actual Negative
Predicted Positive TP FP
Predicted Negative FN TN

Table 2.1: Confusion Matrix for a binary classifier.



CHAPTER 2. THEORETICAL CONCEPTS

Other metrics that derive from the mentioned above can also be used:

Sensitivity
Sensitivity = TP
Y=TPTEN
Specificity
e TN
SPQCZfZCZt]/ = m
Precision
Precision = L
TP +FP
F-score

2 precision * sensitivy
precision + sensitivity

F —score =

AUROC - Area under the Receiver Operating Caracheteristic

The Sensitivity of a classifier is the ratio of instances where the label is correctly identified as
positive. Specificity is the ratio where it is correctly identified as negative [18]. Thus, a good
classifier has high values for both of these metrics. The Receiver Operating Characteristic
(ROCQ) curve is plotted with Sensitivity (x-axis) against 1 — Specificity (y-axis). Using
the Area Under the Receiver Operating Characteristic (AUROC) (Figure 2.1) to measure a

model’s performance, the bigger the area, under the ROC curve, the better it is.

24 Deep Learning

Traditional ML algorithms such as the Logistic Regression [19] or the Naive Bayes [20]
utilize a machine’s computational power to perform calculations that are harder for humans
to perform but are usually easily programmable by simple logical or mathematical rules.
However, to perform more complex tasks (e.g., distinguishing an object in an image or

voice recognition) DL is necessary [13].

2.4.1 Artificial Neural Networks

Essentially, DL is an Artificial Neural Network (ANN) with several layers. An ANN
architecture resembles the way neurons work and communicate with each other, meaning
that each node (analogous for the neuron — see Figure 2.2) has a transfer function that
processes inputs — these are influenced by parameters called weights that determine the
information’s contribution to the final decision — and outputs a value [21].

Figure 2.3 represents a simple architecture for an ANN where nodes are organized

into layers. The input and output layers consist of the nodes that, respectively, receive

6



2.4. DEEP LEARNING
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Figure 2.1: ROC curve (retrieved from [18]).

inputs

Figure 2.2: Neuron model, represented by the weighted inputs (x1 w1, xd wd) and transfer
(X)) and activation (g) functions (image retrieved from [22]).

the data and compute the system’s response, the hidden layer connects both the input
and output nodes and has no direct contact with data [23]. DL’s name comes from the
addition of multiple layers into the network.

Learning Process

Determining the input weight values is called the learning process, its goal is to reach a
set of these parameters that guarantee the model completes its task most efficiently [22].

7



CHAPTER 2. THEORETICAL CONCEPTS

To determine these values —i.e,, fitting the model — the error between the predicted and
the actual class/value is taken into consideration. The weight values that minimize the

error are chosen as optimal.

— Y
— -
— Y
Input Hidden Output
Layer Layer Layer

Figure 2.3: Artificial Neural Network Architecture, represented by Input, Hidden and
Output layers as well as input (X) and output (Y) values (retrieved from [21]).

2.4.2 Recurrent Neural Networks

A Recurrent Neural Network (RNN) expands on other types of Neural Networks [21] (e.g.,
Convolutional Neural Networks [24]) by being able to process input sequences of different
sizes. In RNNs (e.g., simple recurrent network in Figure 2.4) connections between nodes
have two different natures, feedforward — moving information along the structure — and
feedback — giving sequential information and context to other nodes [25]. RNNs benefit
from the latter connection in sharing parameters between distinct parts of the model [13].

RNNSs are used when dealing with sequential information (e.g., time-series) because
a node can communicate with itself, meaning that the present value of a variable will
influence how the node acts with the future value of that same variable [13] — Figure 2.5

shows an example of a recurrent node.

Vanishing and Exploding Gradient Problem

Despite representing a breakthrough when it comes to analyzing the evolution of a
sequence over time, simple RNN’s application is limited to smaller-sized data. This
limitation when processing longer sequences derives from what is called the vanishing

and exploding gradient problem. It refers to the fact that multiplying the recurring

8



2.4. DEEP LEARNING

Figure 2.5: Recurrent network with no outputs, exemplifies how the node h is influenced
by the sequence of values of the input x (retrieved from [13]).

parameter over a long sequence will either make it explode — reaching greater values —
or vanish — getting closer to zero [13]. In the learning process, Gradient Descent is used
as an optimizing tool — this is a common algorithm that aims to find the optimal model
by iteratively changing the parameter values in order to minimize an error function [14].
Thus, vanishing and exploding gradients mean that this parameter update either slows
downs until it stops or starts accelerating, preventing the optimization from reaching the
optimal values.

To explore long-term dependencies in data sequences Gated Units are the most effective
algorithms. They produce smaller changes in each step of the Gradient Descent algorithm,
which help in reaching the optimized solution [13, 26]. Also, these gates essentially control
how the current inputs affect the network’s memory as well as avoiding that an irrelevant

current memory influences future computations [27].

2.4.3 Long Short-Term Memory

LSTM [27] offers an architecture where the hidden layer contains what is called a memory
cell and its accompanying gate units (see Figure 2.6). The input gate’s (in;) activation
function controls access to the memory cell and the output gate (outj) can prevent the

9



CHAPTER 2. THEORETICAL CONCEPTS

corresponding cell from influencing other units by controlling its output.

net S, =sc+gy‘“1

- gynﬁ hyo
= |0—9-0-0—1

G O
wo AN wa, /AN

Figure 2.6: Memory cell represented by the box and the accompanying inputs (net),
outputs (y9) and respective weights (wcji and Wig.- The figure also represents the gate
units netin, and netout, (retrieved from [27]).

Py

The memory cell itself has connections to other layers” units while gate units connect
only to the corresponding cell or other units in the same layer (see Figure 2.7) [27].

output

hidden

input

Figure 2.7: LSTM network example (retrieved from [27]).

Additionally, incorporating a forget gate to the recurring self-loop enables the memory
cell to learn to release its information. Consequently, this makes processing long input
streams with reoccurring events possible without the necessity of pre-decomposing the
original sequence into the corresponding events. The forget gate learns to distinguish
these events while the model is fit [28].
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3

STATE OF THE ART

Medical event prediction is the objective of plenty of works that try to utilise Al to analyse
clinical events and their data. Natural Language Processing has had a lot of development
in healthcare. Specifically, dementia and geriatric mental health have been identified
as areas with good potential for DL feature extraction algorithms [29]. Other works
model longitudinal information for disease prediction [30] but make assumptions of time
heterogeneity, which means that the complex time dependencies inherent to EHR data

are not taken advantage of.

Multimodal data with heterogeneous temporal characteristics have had some scientific
focus lately. The classic RNN model does not react well to this kind of data. However,
new iterations based on this architecture have had good responses to this problem [31].

RNN’s ability to learn from sequence data has led this model to be used extensively
in EHR data research with the task of disease prediction [32]. The following studies have
found model variations and data representation techniques that focus on learning from

multimodal longitudinal data from medical practice and disease progression.

RETAIN [33] implements RNN and attention mechanism architectures to emulate
medical practice by reading data in reverse — from later to earlier entries. RETAIN
showed comparable performances to other RNN versions with the task of Heart Failure
prediction. Additionally, the model shows a degree of interpretability that was later [34]
expanded upon by adding visual tools that can help health practitioners and researchers

understand how medical events influence clinical event prediction.

RNN architectures and attention mechanisms have been used in multimodal and
longitudinal studies on Alzheimer’s Disease (AD) [16, 35-38]. Specifically, they use
Alzheimer’s Disease Neuroimaging Initiative (ADNI)’s data to train their proposed models
with the objective of predicting disease progression. The use of all the available modalities
— e.g, demographic, neuroimage or biomarkers — proves to be beneficial to the prediction
performance [16, 35, 38]. Also, LSTM-based algorithms can be made to manage missing
values in both the input and output layers. Backpropagation through time works with
a layer of LSTM units that model the sequence, also, the network weights are adaptable
to the missing input and output data in each point. This method outperformed other
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models when dealing with, at most, 74% missing data. When dealing with higher values,
replacing the lacking instances with the training data median showed better results [37].

Liu et al. [7] expand on the LSTM model with a proposal to study time heterogeneity
in clinical events in order to make predictions in two tasks (death and lab results). Their
model (HE-LSTM) is based on both clinical event representation and a novel network
architecture. Firstly, before being fed into the network, an event is structured into a vector
containing information on its category (e.g., lab test parameters, vital signals, medical
procedures, etc) and the corresponding value (categorical or numerical). HE-LSTM’s
architecture adds an event gate to the LSTM model, which is composed of an event filter
and a phase gate [9]. This gate’s purpose is to capture the event’s category, creating

memory cells that are specific to a set of related events.

Event type embedding 5 \\‘ / '\
value, [ ®—
m!ue‘.__,' V k tanh ®)

n

Event attribute ancoding

Figure 3.1: Retrieved from [7], LSTM architecture (left) next to HE-LSTM (right).

Comparing HE-LSTM to other RNN-based models Liu et al. [7] concluded that a joint
representation of clinical event’s categories and values eases temporal correlation analysis
and leads to better prediction performances.

Liu L. etal. [15] use the previous event representation of [7] and describe a model that
uses attention mechanisms to initially partition a patient’s whole event sequence — event
attention — and finally to learn long-term dependencies — temporal attention. Liu L. et
al. find that this model outperforms other RNN based models. Additionally, despite both
attention mechanisms improving prediction scores the former has greater importance.

Patients regularly have a number of different but often related pathologies, and
analysing the compared risk of different diseases can offer medical insight that helps
decide treatments and manage resources. Dynamic-DeepHit [39] can distinguish be-
tween competing risks without resorting to statistical models like the Cox proportional
hazard [40]. Dynamic-DeepHit also uses a RNN structure and attention mechanism to

deal with the temporal information, additionally, the model’s architecture consists of a
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shared network — that deals with learning data’s time dependencies — and cause-specific
sub-networks — that distinguishes each competing risk. The authors showed that this
approach had better performance in discriminating between risks when compared to
other studies using statistical models.

MCEF-LSTM [41] (multi-channel fusion LSTM) is a model that, unlike most others,
is highly influenced by the event types most associated with the prediction task (e.g.,
drug test in the drug recommendation task). Multi-channel fusion projects the auxiliary
channels to the primary channel through a gated layer, this fusion module can learn
the correlations between the two types of channels. When compared with other models,
MCEF-LSTM shows better performances in several tasks (e.g., diagnosis prediction, lab test
prediction, medication prediction). It is noted by the authors that the proposed approach
needs to be tested in other different scenarios with the integration of clinical notes or
medical images. Also, time dependencies and temporal interval heterogeneities are only
considered in each event type, hence Liu S. et al. suggest improvement by making time
dependencies taken into account using the whole data.

An et al. [42] propose to model the clinical record’s time irregularity in addition
to a type-fusion attention mechanism. The heterogeneous longitudinal information is
learned through representation models that process each data type. The represented
time-dependent features are then fed into a model that, using an attention mechanism,
will learn the correlations between the types. TERTIAN'’s authors conclude, comparing
its performance against other DL algorithms, that the longitudinal patterns and type
structuring help this approach outperform the competition in the task of death prediction.

The goal of this thesis will be to take the latest developments in medical event prediction
using DL and join their different conclusions to build an algorithm that can leverage
multiple modalities and use information inherent to the complex and variable timed event
sequences. This model will be used to predict death risk for patients in an ICU — it will

be trained and validated with data from patients with infectious and parasitic diseases.
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4

REAL-WORLD MEDICAL DATA PROCESSING

4.1 MIMIC Database

This section will provide an overview of MIMIC, its data sources, and the types of
information. MIMIC [10] is an open-access database consisting of EHR from patients
admitted to the Beth Israel Deaconess Medical Center in Boston, MA, USA. Around 15%

of total admissions include a stay in the ICU.

Length of Stay (days) Mortality Age Gender
Admissions Mean | Standard Deviation | Max # % | Mean | Standard Deviation iemale 7 #Male 7
‘ Hospital 431231 4.46 6.63 295.98 | 8598 | 2
\ ICU 66239 3.45 4.92 110.23 | 6958 | 10 485 208 158553 | 52.9 | 141159 | 47.1

Table 4.1: MIMIC Statistics for Hospital and Intensive Care Unit admissions

The dataset is organized in tables that fall into two categories: Hosp and ICU. Addition-
ally, data is also de-identified, through the substitution of patient identifiers with random
integers and the shifting of the date and time information. The dataset is structured as a
relational database where the connection between tables is established through the use of
unique patient and admissions identifiers, known as "subject_id” and "hadm_id’, respec-
tively. These identifiers play a crucial role in linking and querying the data across different
tables, allowing for comprehensive analysis and insights into patient journeys within the
healthcare system. It’s important to note that despite this structured organization in a
comma-separated values format, the freely-accessible data is not normalized or cleaned

to fully reflect the complexities of a real-world clinical dataset.

4.1.1 Hosp Module

The Hosp module comprises data from the various clinical departments regarding a
patient’s hospital stay and outpatient information (e.g. laboratory tests). The latter was
not used in this study since the objective is to study patient outcomes using patient
information gathered during hospitalization. From this module, five tables were used:
patients, admissions, procedures, prescriptions, drgcodes. These tables were chosen because
they provide data that is relevant to the patient’s stay (e.g. demographic data in patients,
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4.1. MIMIC DATABASE

the diagnosis that led to hospitalization in drgcodes) or, on the other hand, describes the
patient’s development during its course (e.g. prescribed medications in prescriptions).

patients

The patients table stores information that remains constant throughout a patient’s lifetime
(eg. gender or age), but, most importantly it contains the date of death for each patient, up
to one year after hospital discharge. This was crucial in the task of mortality prediction
since the death time information in the admissions table does not have information past
the patient’s discharge. Using the patients table’s date of death, patients that have died
after discharge but in the prediction window can be used in the study.

patients

subject_id gender anchor_age anchor_year anchor_year_group dod

Table 4.2: patients table columns

admissions

The admissions table is the first to be processed. It contains general information regarding
each patient’s admission to the hospital (eg. urgency classification, hospital location), and
demographic information (insurance, language, marital status, ethnicity). This table also
includes timing information (admission, discharge and death) that is used to create a time

series.
admissions
subject_id hadm_id admittime dischtime
deathtime admission_type adm_provider_id admission_location
discharge_location insurance language marital_status
race edregtime edouttime hospital_expire_flag

Table 4.3: admissions columns

procedures_icd

The procedures_icd table records information on medical procedures carried out while
patients were hospitalized. International Classification of Diseases) (ICD) codes are used
to identify procedures. ICD codes give academics and healthcare workers a standardized
and systematic way to categorize a variety of medical procedures, making it simpler to
interpret and assess the types of interventions patients undergo. This table includes ICD
codes from two versions of the classification (ICD-9 and ICD-10). Procedures include
surgeries, medical images, monitoring of physiological signals, etc. The table links
these codes to the patient and admission information with "subject_id"and "hadm_id",
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respectively, as well as to another table d_icd_procedures which contains the definition of

the procedure.

procedures_icd

subject_id hadm_id seq_num chartdate icd_code icd_version

Table 4.4: procedures_icd table columns

prescriptions

The prescriptions table offers crucial details about the medications prescribed to patients
during their hospital stays. Includes the names of the prescribed medications, their
dosages, routes and timestamps of administration. Medications and pharmaceutical items
in the United States are given a special identification number called the National Drug
Code (NDC). It serves a variety of functions, including billing, inventory management,
prescription tracking, and regulatory compliance and is a universal product identifier for
pharmaceuticals.

The Generic Sequence Number (GSN) is given to particular generic medicine products.
It is largely used for billing and reimbursement purposes, enabling medical professionals
and pharmacies to appropriately bill for generic drugs.

Both identifiers play crucial roles in maintaining accurate records and facilitating the

flow of information in healthcare systems.

prescriptions
subject_id hadm_id pharmacy_id poe_id poe_seq
order_provider_id starttime stoptime drug_type drug
formulary_drug_cd gsn ndc prod_strengh  form_rx
doe_val_rx dose_unit_rx form_val_disp doses_per-24  route

Table 4.5: prescriptions columns.

drgcodes

It contains important information related to Diagnosis Related Groups (DRG). For the
purposes of reimbursement and statistical analysis, DRG is a system used in the health-
care industry to divide patients into groups depending on their diagnosis and medical
treatments.

MIMIC uses two DRG code types HCFA (from the former Health Care Financing
Administration, now called the Centers for Medicare & Medicaid Services — CMS) and
APR (All Patients Refined — divides patients into groups based on their illness severity
and mortality risk as well as the reason they were admitted).
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drgcodes

subject_id hadm_id drg_type drg code description

Table 4.6: drgcodes columns.

4.1.2 ICU Module

the ICU module, is designed to gather and preserve a wealth of information about patients
admitted to the ICU facilities. It provides a thorough and in-depth look at the clinical
care given to seriously ill individuals while they are hospitalized. This module is also
organized into several tables. The majority of patients who are admitted to the ICU are
in serious condition and require continuous observation, extensive medical care, and
medication. Patients are continuously watched, resulting in regular updates on vital
signal data, laboratory tests, and other indicators. ICU patients commonly have a variety
of treatments and interventions, including invasive monitoring, dialysis, and mechanical
breathing. All these characteristics of the complex medical practice in an ICU grant
this module extensive information and greater data volume when compared to the Hosp
module.

All of the following tables have a column itemid which is used to link to another table
in this module. The d_items table has an entry for each unique value of itemid and the

associated description of the specific clinical measurement or observation being recorded.

chartevents

The table stores most of the available charted data for a patient’s ICU stay (e.g. vital
signs, laboratory tests, ventilator settings, mental status, and so on). It is a fundamental
and comprehensive part of the MIMIC database, capturing a wide range of clinical
measurements and observations made during a patient’s hospital stay. It provides valuable
insights into the patient’s condition over time and is crucial for clinical research, monitoring

patient health, and supporting clinical decision-making.

chartevents

subject_id hadm_id stay_id caregiver_id
storetime itemid value charttime
valuenum valueuom warning

Table 4.7: chartevents columns.

inputevents

inputevents includes information for intravenous fluid administration. These inputs include

fluids delivered intravenously, medications (including dosages and administration routes),

17



CHAPTER 4. REAL-WORLD MEDICAL DATA PROCESSING

blood transfusions or blood-related products, and even contrast agents used for imaging
or radiological procedures.
The table serves as a valuable resource for understanding patient treatment regimens,

tracking medication administration, and monitoring fluid balance.

inputevents
subject_id hadm_id stay_id caregiver_id
starttime endtime itemid amount
amountuom rate rateuom orderid
ordercategoryname secondaryordercategoryname formulary_drug cd ordercategorydescription
patientweight totalamount isopenbag continueinnexdept
statusdescription originalamount storetime linkorderid
originalrate

Table 4.8: inputevents columns

ingredientevents

ingredientevents is associated with inputevents. Each intravenous administration recorded
in the latter table has associated ingredients in the former (e.g. water content, caloric

information, etc.). This table is designed to support nutrition research.

outputevents

This table measures various outputs taken from patients in a hospital setting. Although
they typically refer to urine output, these outputs can sometimes include other fluid
outputs such as drainage from surgical wounds or chest tubes. This table contains useful
data to examine a patient’s fluid balance, which can be important when treating conditions
like heart failure or renal disease.

outputevents

subject_id hadm_id stay_id caregiver_id charttime
storetime  itemid value valueuom

Table 4.9: output columns

procedureevents

The table captures and stores data related to medical procedures and interventions per-
formed on patients hospitalized in the ICU. These procedures can range from surgical
operations and diagnostic tests to therapeutic interventions and other medical treatments.
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procedureevents
subject_id hadm_id stay_id caregiver_id starttime endtime
storetime itemid value valueuom location locationcategory
orderid linkorderid ordercategoryname ordercategorydescription ndc isopenbag

continueinnextdept  statusdescription ORIGINALAMOUNT  ORIGINALRATE

Table 4.10: procedureevents columns

4.2 Data Preparation

4.2.1 Data Structure: creating a time series

In order to study a patient’s health throughout their stay in the hospital it was necessary
to create a new data format to store every available information in a time sequence using
the timestamps in the original dataframes.

This section will focus on the process of creating time series from the raw data in the
MIMIC database.

hadm_id dmitti dischti ion_type admission_location insurance language marital_status race
22595853  2180-05-06 22:23:00  2180-05-07 17:15:00 URGENT TRANSFER FROM HOSPITAL Other ENGLISH WIDOWED ‘WHITE
22841357  2180-06-26 18:27:00  2180-06-27 18:49:00 EW EMER. EMERGENCY ROOM Medicaid ENGLISH WIDOWED WHITE
25742920  2180-08-05 23:44:00 2180-08-07 17:50:00 EW EMER. EMERGENCY ROOM Medicaid ENGLISH WIDOWED WHITE
29079034  2180-07-23 12:35:00  2180-07-25 17:55:00 EW EMER. EMERGENCY ROOM Medicaid ENGLISH WIDOWED WHITE
26184834  2131-01-07 20:39:00 2131-01-20 05:15:00 2131-01-20 05:15:00 OBSERVATION ADMIT EMERGENCY ROOM Medicare ENGLISH MARRIED BLACK/AFRICAN AMERICAN

Table 4.11: Sample from the admissions table with the original data — here are only visible
the columns that were used.

Firstly, the admissions (table 4.11) and drgcodes data frames were processed in order
to, respectively, use the timestamps for admission, discharge and death to create a new
data frame (table 4.12) and retrieve the DRG codes to use only the patients that where
hospitalized for a particular set of diseases (e.g. Circulatory system, Injuries or Poisonings,
etc.). To put it in another way these codes were not put into the resulting time-series
because all resulting samples were from the same set of conditions.

This new data frame’s rows represented a time interval, meaning that the indexes
were equally-spaced date-time stamps that started with the interval that contained the
stored admission timestamp and ended in the interval that contained the discharge or
death timestamp.

The new data frame’s index was also used to create a second data frame with the target

label, indicating if the patient died within each time interval.

admission_type_URGENT admission_type_EW EMER. .. marital_status WIDOWED marital_status_MARRIED
2180-05-06 22:00:00 1 0 1 0
2180-05-07 00:00:00 1 0 1 0
2180-05-07 14:00:00 1 0 1 0
2180-05-07 16:00:00 1 0 1 0

Table 4.12: time-series sample of a single admission after its creation and the addition of
that admission’s table information.

The remaining information from the admissions data frame columns — admission_type,

admission_location, insurance, language, marital_status, and race — was stored in columns
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according to their timestamps.
As the remaining data frames (of the two modules — Hosp and ICU) were processed,
new columns with their respective values were added to this new data frame — there

were some additional steps to this process that will be addressed in the next section.

4.2.2 Encoding Data

MIMIC data is complex in the sense that each data frame has data from different origins
and with different representations.

The easiest type to process is numeric data since it can be copied from the original data
frames into the new time series. The problem with the numeric data type in MIMIC was
that it was often associated with another categorical column’s value that gave meaning
to the numerical value. Therefore, inserting the original information into the new data
structure required a step of one-hot encoding the data, meaning that for each categorical
value in the original column, a new column was created that indicated the presence of each
of those different categories with 1 and 0 otherwise (you can see how this was performed
to the categorical columns admission_type and marital_status in table 4.12).

Then, in the case of the numerical columns, the newly created rows with value 1 were
substituted by their values.

The next subsections will deal in detail with each different encoding technique that
was employed to handle the various tables and their specificities.

drgcodes

To structure the patient data effectively for analysis, a two-fold data encoding process was
undertaken. First, the DRG codes associated with each patient admission were encoded
into MDC categories. DRG codes are fundamental in classifying hospital cases into
clinically meaningful groups. In this research, we utilized a predefined list that mapped
the HCFA-type DRG codes to MDC. These MDCs represent broader medical diagnostic
categories, facilitating a more comprehensive analysis of patient outcomes within the
chosen subset.

The second aspect of data encoding involved mapping the encoded MDC categories
back to the patient admission records. This step involved associating each admission
with its corresponding MDC category based on the DRG code linked to that admission.
This encoding process enhanced the granularity of our dataset, allowing us to explore
mortality predictions within the context of groups of diseases. Furthermore, it enabled us
to account for the variations in disease severity and treatment responses that may occur
across different MDCs.

The encoding of patient data based on MDC categories provided a structured and
focused approach to the research. By narrowing the analysis to a specific MDC, the aim
was to gain deeper insights into patient outcomes when analysing a specific group of
diseases.
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procedures_icd

The procedures_icd table’s ICD codes were stored in two different versions, therefore it
was required the use of an ICD-9 to ICD-10 mapping table — this way all rows in the
dataframe have become represented by the most recent version of the code.

There are seven alphabetic characters in each code, and it is structured in a way that
the first carachter is a section and each subsequent caracter is a subsection of the previous
one.

In order to limit the creation of new features — to work around computational con-
straints — the instances were grouped by their ICD code’s first 3 characters and the
frequency of each unique value was counted. Values with more than 200,000 counts
remained and the rest were filtered and replaced by their first charecter as to create less

overall groups.

prescriptions

The data processing pipeline leveraged the RxNorm[43] Application Programming Inter-
face (API), a comprehensive resource provided by the National Library of Medicine.

This APl allowed the retrieval of drug information, including RxNorm Concept Unique
Identifiers (RxCUIs) and Anatomical Therapeutic Chemical (ATC) codes — used for
classifying and measuring the consumption of drugs and other medical substances. It is
maintained by the World Health Organization (WHO).

The API took drug_name — a free-text descriptions of the medication — from the
prescriptions table as input and retrieved the ATC classification systen codes.

Analogously to the ICD, ATC codes are represented by 5 caracters (i.e. organized into
groups at five different levels). The first level — represented by the first letter — signifies
the anatomical main group of which there are 14. The first character classification for each
drug was then added to the original instances of the prescriptions.

Alongside the encoding of the drug groups by their descriptions, it was also necessary
to transform the original dose information in the table. This process ensured consistent
numeric formating and dealt with the exceptions where a prescribed dose was represented
by aninterval. In the latter case, the mean of the two values was assigned to the admnistered

medication feature.

chartevents, inputevents, ingredientevents, outputevents, procedureevents

These tables” processing pipeline can explained all at once due to their internal structured
being similar. Since each instance is defined by its itemid, which links to d_items where it
is defined.

In these cases, specially in chartevents the problem was its size — originally, this table
had 2.3 Gb which would increase with the several one-hot encoding processes it had to go
throught. Aditionally, and unlike the rest of the ICU tables, chartevents also has categorical
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variables as its itemid associated values (the rest of tables” instances are just an itemid
associated with a numerical value).
In order to not increase the size of the data, the itemids with less value counts than 1

000 000 were discarded to compensate with faster processing times.

4.2.3 Parallel Processing

Medical datasets like MIMIC are very large and take time to process with traditional
sequential processing methods. Parallel processing is crucial for its faster processing
speed. This is achieved by dividing the main task into smaller, more manageable and
simultaneously-processable subtasks. Also, this efficiently utilizes the multiple processing
units that computers and servers come with. In other words, the large data frames are
divided into smaller data frames to be processed simultaneously. In this study, this
division was made by admission, which means that all information in a data frame that
refers to a specific patient’s hospital stay was processed by the same unit. Avoiding the
issue of concurrent processes interfering with each other and corrupting data.

The parallel processing was executed with the Python library multiprocessing, specif-
ically with its” map method that takes care of managing the creation and managing of
the parallel processes when fed an iterable — object that can be looped over or iterated
upon, allowing you to access its elements one at a time — that goes over each original

data frame.
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METHODOLOGY

5.1 General Aproach

This study aimed to investigate how to retrieve valuable information from real-world
medical data and use it to feed LSTM-based models for sequential data analysis.

The following sections will detail the methodologies and techniques employed to
address the three research questions of how to process and structure real-world medical
data, how dimensionality reduction and the LSTM model influence prediction and finally

how to choose a prediction window.

5.2 MIMIC as Data Source

The first step dealt with the choice of MIMIC as the source of the data, including its
relevance to the study.

5.2.1 MIMIC Dataset Overview

The foundation of this research lies in the comprehensive and clinically rich dataset
MIMIC. It is a freely accessible, de-identified database containing a wealth of patient
data collected from the hospital stay — including ICU admissions — of the Beth Israel
Deaconess Medical Center in Boston, Massachusetts. This dataset is renowned for its scale,
diversity, and suitability for conducting critical care research. Chapter 4.1 has an in-depth
breakdown of the information that composes the dataset and its internal structure.

One of the distinctive features of the MIMIC dataset is its rawness—the data was
collected directly from patient records and captures the real-world complexity of medical
cases. This unfiltered nature of the data was a crucial asset, as it allowed working with
a true representation of clinical scenarios, making it particularly valuable for predictive
modelling in the medical field.

The primary objective of this research is to leverage the raw and comprehensive nature
of the MIMIC dataset to develop predictive models for death in the ICU. Hopefully, this
investigation can be of service in developing tools for enhancing clinical decision-making
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and patient care in the critical care setting, where timely and accurate predictions can

make a significant difference in patient outcomes.

5.2.2 Selection of Patient Data

Within the expansive MIMIC database, the choice of patient data is a pivotal step in
ensuring the relevance and effectiveness of this research. To address the primary objective
of predicting patient mortality while considering the inherent challenges posed by high
data availability variability in time-series medical data, a specific subset of patients was

selected.

The focus of this research concentrated on patients diagnosed with MDC code 18:
INFECTIOUS & PARASITIC DISEASES, SYSTEMIC OR UNSPECIFIED SITES. This par-
ticular MDC code was chosen deliberately, given its unique characteristics and relevance
to the study’s objectives.

The selection of MDC code 18 is underpinned by two key considerations:

1. Data Availability

One of the fundamental challenges in working with EHR, especially in the context
of ICU data, is the inherent variability in data availability over time. This variability
is often influenced by the patient’s medical condition and the necessity for frequent
monitoring and interventions in the ICU. MDC code 18, encompassing infectious
and parasitic diseases, exhibits a relatively consistent pattern of data availability.
Due to the nature of these diseases, patients are typically subjected to rigorous
monitoring and treatment protocols, resulting in a more uniform and densely popu-
lated temporal dataset compared to other MDC codes within the MIMIC database.
This consistency in data availability is crucial for training robust machine learning
models, such as LSTM networks, which thrive on temporal dependencies in the
data.

2. Clinical Relevance

The choice of MDC code 18 aligns with the clinical relevance of the study. Infectious
and parasitic diseases can have a profound impact on a patient’s prognosis, and
predicting patient outcomes in such cases is of paramount importance. Furthermore,
the decision to use MDC code 18, which has a high ratio of positive samples (see
Table 5.1), is particularly advantageous as it ensures a sufficient number of target
instances for training and evaluation, enhancing the model’s ability to capture

mortality patterns effectively.
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Length of Stay (days) Mortality Age Gender

Admissions Mean | Standard Deviation | Max # % | Mean | Standard Deviation :emal‘f/ #Maleo/

62.4 17.6 6430 | 48.6 | 6795 | 51.4

Hospital 16175 8.05 8.68 152.71 | 1695 | 10.4
ICU 6920 4.02 4.57 66.27 | 1527 | 22.1

Table 5.1: MIMIC Statistics for Hospital and Intensive Care Unit admissions with patients
with MDC 18

5.3 Data Processing

The effective utilization of the MIMIC dataset for predictive modelling required extensive
data preprocessing to create a structured, time-series dataset that could serve as the
foundation for building LSTM models. This section outlines the steps taken to prepare
the data for modelling.

Section 4.2 has greater details on the creation of the data structure and its encoding
from the raw dataset. That section outlined the steps taken to transform raw medical data
into structured time series data for analysis, including data processing — data extraction
and structuring, handling numeric and categorical data types and interpreting missing
values —, encoding — transforming the original data into a meaningful structure that can
be fed into DL models —, and parallel processing techniques.

5.3.1 Extraction of Medical Event Sequences

To study a patient’s health throughout their hospital stay, a new data format was created
to represent all available information in a time sequence using the timestamps from the
original data frames. Initially, the admissions and drgcodes data frames were processed to
extract key information.

The timestamps for admission, discharge, and death were used to create a new data
frame representing time intervals. Each row in this new data frame represented a time
interval, with equally-spaced date-time stamps starting from the interval containing the
admission timestamp and ending in the interval containing the discharge or death times-
tamp. Additionally, a second data frame was created with the target label, indicating
whether the patient died within each time interval. This target data frame had its times-
tamps shifted in time in order for every prediction window to match the patient status in
the future.

Information from other data frames — both from the Hosp and ICU modules —
was stored in columns corresponding to their timestamps. This approach allowed for
the creation of a time-series dataset that captured patient information throughout their
hospitalization.

5.3.2 Handling of Different Data Types

MIMIC data is complex, with each data frame originating from different sources and

having different types of data. Handling these differences was a crucial step in the data
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processing pipeline. Various strategies were employed to address missing values:

¢ Numeric Data: Numeric data from the original data frames were directly copied
into the new time-series dataset.

¢ Categorical Data: Categorical columns underwent one-hot encoding. This process
created new binary columns for each category within the original categorical column,
indicating the presence (1) or absence (0) of each category. This encoding allowed
for the retention of categorical information while making it suitable for DL models.

In cases where the absence of information could be interpreted as a numerical zero, a
value of 0 was assigned. For instance, if no data was available for a particular medication
or procedure during a specific time frame, it was assumed that none occurred, and 0 was
recorded. However, for columns that represented physiological measures or other status
evaluations, the timestamp received a value of NaN (Not-a-Number). These NaN values
were retained for later handling within the data pipeline before the data was fed into the
model.

5.3.3 Encoding

In the data preprocessing phase (Section 4.2.2), several encoding techniques were applied
to enhance the dataset’s usability:

* DRG Codes: A two-step process mapped HCFA-type DRG codes to broader MDC,
facilitating a more comprehensive analysis of patient outcomes within disease

groups.

¢ ICD Codes: ICD codes in the procedures_icd table were grouped based on their first
three characters to reduce the number of distinct codes while preserving essential
information.

* Medication Data: Medication information in the prescriptions table was processed
using the RxNorm API to retrieve ATC codes, allowing for drug classification. The
tirst character of the ATC code was added as a new feature, and dose information
was standardized for consistency.

¢ ICU Tables: Tables like from the ICU module shared a common structured represen-
tation based on the original column itemid. To manage the large size of chartevents
itemids with fewer than 1 000 000 value counts were removed for efficiency. Similar
preprocessing methods were applied to the other event tables to maintain dataset

consistency.

These encoding techniques were instrumental in preparing the data for subsequent
modelling and analysis, ensuring that the dataset had the data from the original data

frames translated into a structure that could be handled by DL networks.
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In summary, the data processing pipeline involved the extraction of medical event
sequences, handling of missing data, encoding of DRG and ICD codes, and standardization
of medication data. These steps were crucial in preparing the MIMIC dataset for LSTM
model development while addressing the challenges posed by the dataset’s complexity and
variability. The resulting structured time-series dataset laid the foundation for subsequent

modelling and analysis of patient mortality predictions.

5.4 Pre-Modelling Sample Adjustment

In the data preprocessing phase, following the retrieval and encoding steps, the dataset
comprised separate files for each patient hospital admission. These individual samples
were essential for capturing the distinct patient trajectories and events. However, a
challenge arose from the inherent variability in the number and content of features across

these samples due to differences in patient histories and available data.

5.4.1 Sample Adjustment

To address this issue, a two-step process was implemented to standardize the data across

all admission samples.

1. Searching through each sample and collecting their unique columns, a list of all

features was created.

2. After compiling the unique columns, a second pass through the sample files was
performed. During this iteration, any missing columns in each sample were added
to ensure uniformity across all samples. Missing values were filled with NaN to
signify the absence of data for those specific columns. Additionally, the order of

columns was standardized across all samples to create a consistent column structure.

This rigorous standardization process was imperative for maintaining data integrity
and consistency when working with large and heterogeneous datasets. It ensured that all
data sources had uniform column structures, enabling seamless subsequent analysis and

modelling.

5.5 Windowing Process

In the data preprocessing pipeline, a crucial step involved dividing the original dataset
into distinct windows. This section elaborates on the windowing process, emphasizing
its significance in the context of medical data analysis and LSTM model compatibility. It
also outlines the criteria used to determine the window size and any variations that were
tested.

27



CHAPTER 5. METHODOLOGY

5.5.1 Rationale for Windowing

The utilization of windows in the dataset serves several pivotal purposes:

¢ Temporal Analysis:

In the medical field, patient data often exhibits temporal dependencies, where the
evolution of a patient’s condition is closely tied to the passage of time. By dividing
the data into discrete windows, we can capture these temporal patterns and allow
the LSTM model to consider them when making predictions. This is particularly

crucial in the context of intensive care, where timely interventions can be life-saving.

¢ Sequencing:
LSTMs are inherently designed to work with sequential data. Splitting the data into
windows effectively transforms the dataset into a sequence of observations. Each
window encapsulates a segment of the patient’s journey, allowing the LSTM to learn

sequential relationships and dependencies between features.

5.5.2 Determining Window Size

The choice of window size is a critical decision in the windowing process. It determines the
granularity at which the LSTM model operates and affects its ability to capture short-term
or long-term dependencies. In this study, the following window sizes were explored: 12
(24 hours), 18 (36 hours), and 24 (48 hours) time intervals. These choices were based on

several considerations:

¢ Clinical Relevance: Different medical conditions may exhibit varying time depen-
dencies. A shorter window size (e.g., 12 hours) can capture rapid changes in a
patient’s condition, while a longer window size (e.g., 24 hours) allows the model to

consider more extended trends and interventions.

¢ Data Availability: The availability of medical data, including the frequency of
measurements and interventions, can influence the choice of window size. A
smaller window size may be appropriate when data is collected at high frequencies,
whereas a larger window may be suitable for less frequent measurements.

5.5.3 Target Adjustment

In the process of preparing the data, the target variable, which indicated patient mortal-
ity, required special consideration. Since the patient admissions were partitioned into
windows for modelling purposes, a particular scenario emerged. In the case of patient
deaths, some of the windows, specifically the last one within each admission, contained
information that fell within the prediction window.

This posed a significant problem as the goal was to predict patient mortality a certain

number of hours or days in advance. Having information from the same time frame as the
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prediction window within the last window of a death-related sample would introduce
data leakage, potentially leading to misleading model performance.

To address this leakage problem, a solution was implemented during the preprocessing
phase. Data inside the prediction window was discarded from the last window of each
admission, ensuring that the model received only information up to the point of prediction,
preventing any inadvertent data leakage.

This targeted adjustment was crucial for ensuring the model’s ability to make accurate
predictions while adhering to the temporal constraints of the research question. It main-
tained the integrity of the prediction task by effectively removing information from the
last window that could influence predictions beyond the desired forecasting horizon.

In summary, the windowing process played a pivotal role in preparing the dataset for
LSTM modelling by capturing temporal patterns, enabling the analysis of patient data at
different time intervals, and ensuring that predictions were made with the appropriate
temporal context. Additionally, the selected window sizes were determined considering
clinical relevance, data availability, and model complexity, ensuring a balanced approach
to sequence-based prediction in the medical context.

5.6 Train, Validation, and Test Subsets

In the model development process, the initial step involves loading the dataset and the
corresponding labels. The dataset is structured in the form of pickle files, with each file
containing patient data. The issue arises with the underrepresentation of the death label

in the dataset.

5.6.1 Class Imbalance Handling

Class imbalance is a significant challenge in many machine learning tasks, particularly in
the healthcare domain. In the context of this study, class imbalance referred to the situation
where one class death was markedly underrepresented — 1484 (9.3%) hospital admissions
that culminated in patient death — compared to the other class that represented survival.
To address this class imbalance, a strategy that computes class weights was implemented.

These class weights were determined in such a way that they were inversely propor-
tional to the class frequencies. This means that the less frequent class death received a
higher weight, emphasizing its importance during model training. The rationale behind
this was to ensure that the model did not become biased towards the majority class and

paid more attention to the minority class.

5.6.2 Stratified Split

The dataset was divided into three subsets: training, validation, and test sets. Stratified
splitting was employed to guarantee that the distribution of classes within each subset
closely mirrorred the overall class distribution in the entire dataset.

29



CHAPTER 5. METHODOLOGY

Stratification was pivotal because the study dealt with an imbalanced dataset. It safe-
guarded against situations where one of the subsets might have ended end up containing
very few or even zero instances of the minority class. By maintaining the class distribution,

it ensured that the model could effectively learn from both classes.

5.6.3 Weighted Random Sampler

A weighted random sampler was incorporated into the data loading process, designed to
create data batches during model training. This sampler took into account the previously
calculated class proportions.

During training, the weighted random sampler operated by selecting instances with
a higher probability for the underrepresented class death and a lower probability for the
overrepresented class — essentially repeating positive samples. This process served to
balance the contribution of each class to the model’s learning process.

These strategies held paramount significance in the context of dealing with imbalanced
datasets, especially within this study where the accurate prediction of a rare event —
patient death — was of utmost importance.

By effectively addressing class imbalance and guaranteeing representative data splits,
this contributed to the development of a resilient and unbiased DL model for predicting

patient outcomes.

5.7 LSTM Model

LSTM networks were employed to model and predict patient outcomes from time-series

medical data.

5.7.1 Significance of LSTM for Time Series Data

LSTM networks are particularly well-suited for time series data due to their ability to
capture sequential dependencies and handle long-range temporal relationships. In the
context of our research, where we are predicting patient mortality based on time-series

medical data, the significance of LSTM arises from several factors:

¢ Temporal Dependencies: Patient health data is inherently sequential, where each
observation is influenced by previous events. LSTMs excel at modelling such
temporal dependencies, making them ideal for capturing the evolving nature of a

patient’s condition over time.

¢ Feature Learning: LSTMs can automatically learn and extract relevant features from
the input data, reducing the need for manual feature engineering. This is crucial in

the medical domain, where relevant features may not be immediately obvious.
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5.7.2 Other Model Parameters

In addition to the LSTM architecture, several other model parameters were considered

and tested during our research. These parameters include:

e Hidden Size: The size of the hidden state in the LSTM, determines the model’s
capacity to capture complex patterns. It was selected from choices of 64, 128, 256,
and 512.

* Number of Layers: The number of LSTM layers in the network. A higher number of
layers can capture more intricate dependencies but also increases model complexity.

We explored choices ranging from 2 to 1024.

* Learning Rate: The learning rate used during training, affects the convergence of

the model. We sampled from a log-uniform distribution between 0.0001 and 0.3.

* Batch Sizes: Different batch sizes for training, validation, and testing data, were
chosen from options of 64, 128, 256, and 512. Batch size affects training stability and

memory usage.

These parameter variations allowed us to optimize the model’s architecture and
hyperparameters to achieve the best possible performance in predicting patient mortality

based on time-series medical data.

5.8 Performance Metrics

To evaluate the performance of the predictive models for patient mortality was employed
a set of well-established performance metrics tailored to the specific objectives of the
research. These metrics provided comprehensive insights into the model’s effectiveness
in predicting patient outcomes.

5.8.1 Threshold Optimization for Binary Classification

In binary classification tasks, such as predicting patient mortality, the threshold represents
the decision boundary that separates the two classes. The choice of this threshold can
significantly impact the model’s performance.

The challenge lies in striking the right balance between sensitivity and specificity,
which measure, respectively, the ability to identify positive or negative samples — i.e.
they measure the model’s ability to minimize false negatives or false positives.

To address this trade-off between sensitivity and specificity, a ROC curve analysis was
used. The ROC curve visualizes the model’s performance across a range of thresholds.
Each point on the curve represents a sensitivity-specificity pair for a given threshold. The
threshold value chosen was the one that maximized the geometric mean.

geometric mean = VTP rate « (1 — FP rate)
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5.8.2 AUROC

The AUROC curve metric is widely used for binary classification tasks, such as predicting
patient mortality. It evaluates the model’s ability to distinguish between the two classes
(survival and death) by assessing the trade-off between true positive rate (sensitivity) and
false positive rate. In our context, a higher score indicates that the model is better at
discriminating between patients who survived and those who did not, which is crucial

for timely interventions and resource allocation.

5.8.3 Precision, Recall, and F1-Score

Precision, recall, and F1-score are essential metrics forimbalanced datasets, where one class
is significantly less prevalent than the other — which is the case for this study. Precision
measures the accuracy of positive predictions, recall assesses the ability to capture all
positive cases, and the Fl-score combines both to provide a balanced evaluation. In
this research, identifying true positives (correctly predicting deaths) while minimizing
false positives (incorrectly predicting deaths) is critical for clinical decision-making and

resource allocation.
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6

REsuLTs AND DiscussioN

This chapter presents the culmination of the research efforts, offering valuable insights
into the complex realm of predicting patient mortality using LSTM networks. The study
explored processing real-world medical data, constructing predictive models, and deter-
mining optimal temporal window size for accurate predictions.

The following sections will comprehensively explore the outcomes, implications, and

discussions surrounding these key research inquiries.

6.1 Results

6.1.1 Feature Selection: Dimensionality reduction

To address the second research question — how dimensionality reduction and the LSTM
model influence prediction — experiments were conducted with both the entire feature
set and a reduced set of selected features. The full feature set comprised 664 columns,
while the selected feature set contained around 302 features based on their missing value
ratios.

With the full feature set, three trials were performed, in the same conditions, each

resulting in different training times and test performance stated in table 6.1.

Trial | Training duration (hours) | AUROC | Sensitivity | specificity | Precision | Fl-score
1 11.94 0.8244 0.7309 0.7671 0.1766 0.2845
2 10.93 0.8030 0.6866 0.7840 0.1707 0.2734
3 25.06 0.8543 0.7436 0.8400 0.2429 0.3662

Table 6.1: Training Times and AUROC scores for models using the whole sample.

For the selected feature set, we also conducted three trials with the results in table 6.2.

These results indicated that the selected feature set achieved competitive performance

with significantly reduced training times, suggesting that feature selection based on

missing value ratios can effectively streamline the model without sacrificing predictive

performance.
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Trial | Training duration (hours) | AUROC | Sensitivity | specificity | Precision | Fl-score
1 9.81 0.8375 0.7346 0.8103 0.2123 0.3294
2 8.27 0.8164 0.6693 0.8077 0.1766 0.2795
3 7.80 0.7941 0.6427 0.8136 0.1800 0.2812

Table 6.2: Training Times and AUROC scores for models using dimension reduced sample.

6.1.2 Model Hyperparameter Tuning

To explore the optimization of the model, the reduced feature data set was used for

hyperparameter tuning. Experiments were made with various model hyperparameters:

¢ Hidden Size — number of features in the hidden state was chosen between 64, 128
and 256;

¢ Number of Layers — number of recurrent layers of stacked LSTM networks was

chosen between 2, 4, 8 and 16;
¢ Learning Rate — chosen randomly from an interval between 0.0001 and 0.9;
¢ Batch Size — the number of samples used in training the model was 64, 128 or 256

The combination of values for the different hyperparameters were chosen randomly

for each trial. These trials were performed on the reduced feature data set.

The table 6.3 summarizes the outcomes of these experiments.

hidden size num_layers learningrate batchsize iteration time (seconds) loss
1 128 16 0.000256 128 10 8746.29 0.3846
2 64 4 0.000139 128 1 889.48 0.6719
3 64 4 0.000110 64 4 3399.69 0.5399
4 256 2 0.001543 128 10 10288.8 0.2436
5 256 4 0.182834 256 10 9100.23 0.1743
6 128 2 0.000498 256 1 914.02 0.6598
7 128 8 0.000696 128 2 2121.5 0.4827
8 256 8 0.002063 128 8 8372.6 0.2475
9 64 4 0.003927 128 8 7168.33 0.2355
10 64 16 0.212850 64 8 6972.99 0.2368
11 256 4 0.017269 128 10 8794.06 0.2119
12 64 16 0.001503 256 1 863.88 0.5631
13 64 16 0.000389 128 1 896.14 0.5863
14 128 2 0.006847 128 10 8684.3 0.1822
15 256 2 0.087035 256 10 10463.6 0.1657

Table 6.3: Results on Hyperparameter Tuning.

These findings underscored the influence of the hyperparameters to the model and
the importance of hyperparameter tuning for optimal performance. The results provided
insights into which combinations of hyperparameters yielded the best outcomes, such as
lower loss and improved predictive ability.
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6.1.3 Prediction Window Size

To address the third research question — What is the optimal prediction window duration
for LSTM-based models when applied to medical data analysis? — a study was conducted
to compare different-sized prediction windows.

The metrics for each window size are in table 6.4.

Window Size (hours) | Training duration (hours) | AUROC | Sensitivity | specificity | Precision | F1-score
24 8.63 0.8160 0.6822 0.8105 0.1896 0.2967
36 5.95 0.8302 0.6972 0.8274 0.3045 0.4238
48 3.09 0.8520 0.7675 0.7896 0.3404 0.4716

Table 6.4: Training Times and metric scores for different prediction window sizes.

These findings indicated that different prediction windows had an impact on training
time, however, the impact was not as noticeable on the predictive performance. Thus, the
choice of window size should align with the specific requirements and constraints of the
clinical application.

In the subsequent sections, we delve deeper into the implications of these findings,
discussing their relevance and shedding light on the broader context of predicting patient

mortality using LSTM neural networks.

6.2 Discussion

This discussion chapter delves into the interpretation of the main findings from the results
section. It will have the findings interpretations in the context of our research questions,
elucidating their significance and implications for predicting patient mortality.

6.2.1 Processing and Structuring Medical Data for LSTM Models

The study addressed the first research question by demonstrating that comprehensive
feature selection can significantly reduce the dimensionality of medical data without
compromising predictive accuracy. This has practical implications for handling large-
scale medical datasets, allowing for more efficient model training and inference.

6.2.2 Feature Selection: Dimensionality Reduction

The experiments involved training the predictive model with all available features and
then with a subset of selected features based on their missing value ratios. The results
indicated that while the model trained with all features achieved slightly higher AUROC
values, the training times became longer.

This observation raised a pertinent consideration for practical applications where com-
putational resources may be limited. In these scenarios, the adoption of the dimensionality-
reduced model may be preferable. It allows for expedited model training and application,

making it a pragmatic solution for resource-constrained settings.
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Nevertheless, it is crucial to delve into the clinical implications of variable discardment.
Variables characterized by high missing values may seem redundant, but they could
represent critical medical measurements or procedures, that are infrequent or even rare,
that offer valuable insights into a patient’s overall condition and survival prediction.

The decision to retain or discard such variables should be taken in accordance with
medical knowledge and clinical expertise. It merits a more profound clinical discussion
to study whether the omitted information, despite its sporadic occurrence, holds the

potential to significantly enhance the performance of survival prediction.

6.2.3 Model Hyperparameter Tuning

Regarding the second research question, the investigation into model hyperparameters
explored the selection of different combinations and their influence on the model’s fore-
casting performance by comparing the errors in its predictions.

¢ Hidden Size — models with 64 layers in the hidden state had the highest loss
(average of 0.4618), while models with 256 layers had the lowest loss (average of
0.2086);

¢ Number of Layers — on average, models with 16 recurrent layers of LSTM networks
performed the worst (mean loss of 0.4427) and the ones with 2 layers had better

outcomes (mean loss of 0.3128);

® Learning Rate — models with higher learning rates had better performances, al-
though the highest tested was a relatively low value of 0.212850. Also, the models
which had the best performances in the first training iterations had the lowest

learning rates — these models also had relatively high losses;

* Batch Size — the average loss for each batch size of 64, 128 and 256 was, respectively,
0.3884, 0.3607 and 0.3905. However, the randomly chosen trial hyperparameters
heavily preferred the 256 batch size, which ended up over-represented.

Larger Hidden Sizes and more layers may increase model complexity but could lead
to overfitting if not properly regularized. Which appears to have happened in the cases
with the highest number of network layers. However, it wasn’t verified in the case of the
Hidden Size — models with 256 layers in their hidden states performed better. This may
be explained by the high volume of input data.

Higher Learning Rates performed better, nevertheless, the values tested did not cover
a sufficient range to reach any insightful conclusion on the optimal learning rate.

Overall, with the hyperparameters tested, the optimal model seems to have high
hidden state sizes, 2 layers of stacked LSTM networks and a learning rate higher than 0.05.
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6.2.4 Prediction Window Size

The selection of an appropriate prediction window size was a critical aspect of this
study, as it directly influenced the practical utility of the predictive models in a clinical
context. While itis common to assume that larger prediction windows may yield improved
predictive performance by leveraging more data, this study’s results indicated that the
choice of window size did not have a great impact on the model’s performance and, thus,
should be guided by the clinical reality and its necessities.

In this investigation of various prediction window sizes, it became evident that pre-
dictive performance remained consistently reliable across a range of window sizes. This
robustness highlighted the adaptability of the model to different temporal scales.

Additionally, the clinical relevance of smaller prediction windows cannot be overstated,
particularly in the context of an ICU. Patients in ICUs often exhibit rapidly changing
medical conditions that demand continuous monitoring and timely interventions. By
adopting smaller prediction windows, evaluations can be conducted more frequently,
with predictions made at shorter intervals.

This frequent status assessment, sometimes even twice a day, offers healthcare pro-
fessionals a more granular understanding of a patient’s evolving condition. It empowers
them to promptly identify subtle changes or deteriorations, enabling timely interventions
and personalized treatment adjustments.

Therefore, the preference for smaller prediction windows is not solely based on their
performance equivalence to larger windows but also on their alignment with the clinical
need for continuous, real-time monitoring and early intervention in the management of
critically ill patients. This consideration underscores the importance of tailoring predictive
models to the specific requirements and dynamics of healthcare settings.

6.3 Predicting Patient Mortality

This section undertakes a comprehensive analysis of the performance of our LSTM models
in predicting patient death. It evaluates the implications of various metrics, such as
AUROC, sensitivity, specificity, and precision. Furthermore, it assesses whether the model

meets clinical or practical criteria for application in real-world scenarios.

6.3.1 AUROC

The LSTM model exhibited robust predictive performance, as evidenced by high AUROC
values during testing. Across different experiments, the AUROC values consistently
exceeded 0.80, with some models reaching values as high as 0.85. This indicates that the
models possess the ability to distinguish between patients at risk of death and those not
at risk with a high degree of accuracy.
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6.3.2 Sensitivity and Specificity

Sensitivity and specificity are vital metrics when evaluating the performance of a predictive
model in healthcare. Sensitivity measures the model’s ability to correctly identify patients
who are at risk of death (true positives), while specificity assesses the model’s capacity to
correctly identify patients not at risk (true negatives).

The models achieved balanced sensitivity and specificity, indicating their effectiveness
in identifying both positive and negative cases. In particular, the model demonstrated
sensitivity values of approximately 0.70, ensuring that it can capture a substantial portion
of patients at risk. Simultaneously, specificity values exceeding 0.80 affirmed the model’s

capability to identify patients not at risk correctly.
P Yy YPpP y:

6.3.3 Precision

The low precision values between 0.15 and 0.35 suggest that the model has a relatively
high rate of false positives, indicating it sometimes incorrectly identifies that patients are
at risk of mortality. This is common for models as they trade high sensitivity scores for
lower precision.

In a clinical context, this trade-off is valuable since high sensitivity is crucial in ensuring
that patients at risk are correctly identified. However, lower precision indicates a higher
rate of false alarms which may lead to unnecessary medical interventions. Maximizing
precision while not compromising sensitivity should be considered when applying a

similar model in order to enhance the management of clinical resources.
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CONCLUSION

In conclusion, this research has tried to yield insights into the prediction of patient
mortality using LSTM neural networks applied to real-world medical data. Our study
was anchored in addressing three aspects: Processing and structuring medical data for

LSTM models, feature selection and choosing optimal prediction windows.

The research commenced by examining how to effectively process and structure
complex real-world medical data from the MIMIC dataset for LSTM model utilization.
It addressed issues related to data variability, missing values, and categorical features.
The proposed data preprocessing and structuring methodology could serve as a robust
foundation for future research endeavors in the domain of healthcare analytics.

The subsequent objective aimed to discern the impact of dimensionality reduction and
the LSTM model on prediction. Experiments were conducted with both the entire feature
set and a reduced set of selected features, demonstrating that comprehensive feature
selection can significantly reduce dimensionality and training time while maintaining
similar performances. This guarantees that a potential introduction of the model in the

clinic could be deployed even in situations with computational restraints.

Finally, the study explored prediction window size for LSTM-based models in the
context of medical data analysis. The study compared different-sized prediction windows
and, revealed that varying prediction window sizes did not significantly affect the model’s
performance. Consequently, the choice of prediction window should be meticulously
tailored to the specific clinical requirements, rather than being determined solely by a one-
size-fits-all approach. For model deployment in fast-paced and high-stakes environments
like the LSTM a model with a smaller prediction window might be the best choice since it
offers patient status evaluation more frequently.

In clinical settings, the early identification of patients at risk of death is paramount
for enabling timely interventions and potentially enhancing patient outcomes. A model’s
robust performance aligns with the exacting clinical prerequisites for such predictions.

In summary;, this study has endeavoured to provide not only valuable insights into
patient mortality prediction but also a methodological framework that can be leveraged
in future healthcare analytics research. The journey has illuminated the significance of
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dimensionality reduction, variable selection, and the personalized adaptation of prediction
windows, all of which contribute to the broader understanding of real-world medical
data and its transformative potential in clinical practice. The ultimate goal is that these
contributions serve as catalysts for further advancements and refinements in the field of

healthcare analytics and patient care.

Future Work

While this research has reached some conclusions in addressing these questions, several
avenues for future research in this field remain unexplored.

Future studies could explore the applicability of transfer learning from other MDC
codes or even other medical datasets to measure these strategies” generalization capa-
bilities. Moreover, future work should involve the clinical validation of these findings.
Collaboration with hospitals to test these strategies in real-world data from new patients
and clinics will be crucial to evaluate the potential integration into clinical environments.

Having a structure for the medical data can be a starting point for future work for
feature engineering that can create new insights into a patient’s status at any point in their
hospital stay, but also extract new informative temporal features from the time series.

Other future studies might want to delve into the model’s interpretability. Under-
standing which variables are weighing in on the model’s decisions is very important for
algorithms like this to be introduced into healthcare environments so that healthcare
professionals understand how the predictions are based on.

Finally, an essential trajectory for future research involves the seamless integration
of continuous data streams in real time. This approach would empower the model to
provide dynamic and ongoing assessments of patient risk, reflecting the evolving nature
of clinical conditions. As such, it represents a pivotal avenue for further exploration in the
field of predictive modeling in healthcare.

As data collection methods, modelling techniques, and medical knowledge continue
to evolve, the field of predicting patient death remains dynamic and promising. Future
research endeavors in this area hold the potential to make significant contributions to
enhancing patient care, optimizing healthcare resource allocation, and ultimately saving

lives.
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