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Abstract

The rapid digitalization of the healthcare domain in recent years highlighted

the need for advanced predictive methods particularly based upon deep learn-

ing methods. Deep learning methods which are capable of dealing with time-

series data have recently emerged in various fields such as natural language

processing, machine translation, and the Intensive Care Unit (ICU). The

recent applications of deep learning in ICU have increasingly received atten-

tion, and it has shown promising results for different clinical tasks; how-

ever, there is still a need for the benchmark models as far as a handful

of public datasets are available in ICU. In this thesis, a novel benchmark

model of four clinical tasks on a multi-center publicly available dataset is

presented; we employed deep learning models to predict clinical studies. We

believe this benchmark model can facilitate and accelerate the research in

ICU by allowing other researchers to build on top of it. Moreover, we in-

vestigated the effectiveness of the proposed method to predict the risk of

delirium in the varying observation and prediction windows, the variable

ranking is provided to ease the implementation of a screening tool for help-

ing caregivers at the bedside. Ultimately, an attention-based interpretable

neural network is proposed to predict the outcome and rank the most in-

fluential variables in the model predictions’ outcome. Our experimental



findings show the effectiveness of the proposed approaches in improving the

application of deep learning models in daily ICU practice.

Keywords: [Intensive care unit, Machine learning, Interpretable deep

learning, Mortality prediction, Delirium prediction, Phenotyping, Decom-

pensation]
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Chapter 1

Introduction

The recent advances in informatics systems have enabled engineers to

record clinical data digitally; thus, this digitalization led to the rapid

growth of clinical data in the last decade. The vast amount of digitally

recorded data allowed researchers to access clinical data such as electronic

health records (EHRs), genomics data, and medical images. Specifically,

critical care units are designed for patients with a life-threatening illness,

those who have undergone a major surgical procedure, or the ones with

trauma. Therefore requiring 24-hour monitoring for all the patients and,

in some cases, intervention [1]. The critical care unit is equipped with many

devices responsible for various tasks such as patient monitoring, respiratory

and cardiac support, pain management, and other life support equipment

for people with trauma. In this context, the continuous monitoring and

care of ICU patients have resulted in enormous data, which leads to many

opportunities and challenges [2].

The vast amount of unexplored information in EHRs and the existence

of conventional machine learning methods has enabled opportunities for re-
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searchers and clinicians to extract precious knowledge from EHRs, which

is particularly relevant in the critical care setting [3] as decision-making

needs to be precise and quick as the decision is associated with patient’s

life. In this regard, there are a handful number of publicly available crit-

ical care datasets such as Medical Information Mart for Intensive Care

(MIMIC-III) [4], eICU Collaborative Research Database (eICU-CRD) [5],

and The Amsterdam University Medical Centers Database (Amsterda-

mUMCdb) [6].

In this regard, varying machine learning techniques such as Logistic

Regression (LR), Support Vector Machines (SVM), and Random Forest

(RF) techniques have been employed to potentially identify patients at

risk of acute or chronic diseases in critical care [7, 8]. Conventional ma-

chine learning (ML) techniques such as LR and RF are interpretable due to

the linear nature of the models. However, the complexity of critical illness

makes the conventional ML approaches to medical research insufficient [3].

The methods mentioned above poorly perform on high-dimensional data

and time-series data; thus, they cannot provide accurate predictive per-

formance [9, 10]. The massive amount of high-dimensional data and the

time-series type of data require more advanced techniques (deep learning

techniques) such as recurrent neural networks (RNNs) or Transformers,

which can handle high dimensional time-series data. These deep learning

techniques have outperformed conventional machine learning techniques

in many domains which deal with time-series data, such as natural lan-

guage processing, machine translation, and the clinical field. Therefore,

although deep learning techniques outperform traditional machine learning
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CHAPTER 1. INTRODUCTION

techniques, the lack of interpretability of deep learning techniques remains

a considerable challenge, specifically in the healthcare domain which the

decision-making by the model should be transparent to the clinicians.

1.1 Problem Statement

EHRs include structured and unstructured data; there are challenges and

shortcomings in predictive models using structured or unstructured data.

This thesis targets structured data to extract the information incorporated

in EHRs and build predictive models.

There are some well-known and well-defined clinical tasks in ICU, such

as mortality prediction, Length of Stay (LoS) prediction, Phenotyping,

physiologic decompensation, and delirium prediction. However, the lack of

publicly available benchmarks regarding the application of machine learn-

ing techniques on these tasks hinders this area’s progression. In this regard,

we provide a benchmark on applying machine learning techniques on vary-

ing clinical tasks to help researchers accelerating progress in this field by

building on top of these studies.

As mentioned earlier, the interpretability of deep learning methods has

received attention in the machine learning domain and specifically in the

application of machine learning in the clinical domain due to the impor-

tance of the model transparency for clinicians and researchers [11]. Con-

sidering this, we provide an interpretable deep learning model in the ICU

domain, which provides some degree of interpretability related to clinical

variable ranking.
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1.2. MOTIVATIONS

1.2 Motivations

As mentioned earlier, the critical care unit deals with human life, and

therefore the decision needs to be taken quickly and accurately. Moreover,

the vast amount of available data in the domain makes the decision-making

procedure challenging for clinical staff. Therefore, machine learning algo-

rithms have a great potential to assist clinicians and clinical staff in making

the decision and intervention procedure.

The main objective of this thesis is to employ and advance machine

learning research in the clinical domain, specifically in the critical care do-

main. Extensively, we exploit machine learning techniques to improve the

quality of patient care in the critical care domain and optimize healthcare

costs and resources, in other words, to shift from reactive to proactive care.

This thesis addresses the prediction of five clinical tasks in ICU using real-

world clinical data. In this regard, advanced machine learning models are

adopted for all tasks. Additionally, an interpretable model is proposed to

provide a degree of interpretability to assist intensivists.

1.3 Contributions

This thesis’s main contributions are divided into two categories: i) clinical

contributions, and ii) technical contributions. We present several examples

of creating actionable clinical insights from machine learning.

• Clinical contribution:

ICUs cost $81.7 billion in the US, accounting for 13.4% of hospital
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CHAPTER 1. INTRODUCTION

costs and 4.1% of national health expenditures [12]. Between 2000

and 2005, the number of hospital beds in the United States shrank

by 4.2%, but the number of critical care beds increased by 6.5%, with

occupancy increasing by 4.5%. Resource allocation and identifying

patients with unexpected extended ICU stays and high mortality risk

would help decision-making systems to improve the quality of care and

ICU resource allocation. Therefore forecasting the mortality and LoS

in ICU would be significantly important to provide high-quality care

to a patient. It would avoid extra costs for care providers. Similarly,

early detection of acute or chronic diseases in the ICU would signifi-

cantly impact the shift from reactive care to proactive care, which is

desirable for patients, clinicians, and healthcare providers. With that

in mind, we aim to facilitate the research to ease shifting from reactive

care to proactive care.

• Technical contribution: This thesis adopted deep learning methods

for several clinical tasks such as in-hospital mortality prediction, fore-

casting LoS in the ICU, patient phenotyping, physiologic decompen-

sation, and delirium prediction. The specific technical contributions

in this thesis with referenced publications are:

– We have provided clinical models and conventional machine learn-

ing models as baselines, and the state-of-the-art deep learning

models such as long-short term memory (LSTM) RNNs; to cap-

ture better the evolution of time and build a more robust data

representation. At the time of writing this thesis, there are a
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1.3. CONTRIBUTIONS

handful of publicly available datasets in ICU, such as MIMIC-

III [4], eICU-CRD [5], and Amsterdam UMCdb [6] but there are

only benchmarks on the MIMIC dataset. By providing the Bench-

mark on the eICU-CRD, we aim to improve the research in the

ICU field. We aim to help researchers explore this field by employ-

ing more advanced methods, using more datasets for training and

validation, and achieving the utmost advantages of the available

datasets. This work has lead to the following publication:

- Seyedmostafa Sheikhalishahi, Vevake Balaraman, and Venet

Osmani. Benchmarking machine learning models on multi-

centre eicu critical care dataset. PloS one, 15(7):e0235424,

2020

– Delirium occurrence is common and preventive strategies are re-

source intensive. Screening tools can prioritize patients at risk.

Using machine learning we can capture time and treatment ef-

fects that pose a challenge to delirium prediction. We aim to de-

velop a delirium prediction model that can be used as a screening

tool, we have developed such a tool with varying observation and

prediction windows on the eICU-CRD and MIMIC-III datasets.

Moreover, the variable ranking is provided to fit the clinical needs

as an effective screening tool. The delirium prediction task has

resulted in the following publications:

- Anirban Bhattacharyya, Seyedmostafa Sheikhalishahi, Sid-

dharth Dugar, Sudhir Krishnan, Abhijit Duggal, and Venet

Osmani. 400: Predicting delirium risk for the following 24
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CHAPTER 1. INTRODUCTION

hours in critically ill patients using deep learning. Critical

Care Medicine, 48(1):182, 2020

- Anirban Bhattacharyya, Seyedmostafa Sheikhalishahi

, Heather Torbic, Wesley Yeung, Tiffany Wang, Jennifer Birst,

Abhijit Duggal, Leo Anthony Celi, and Venet Osmani. Delir-

ium prediction in the icu - designing a screening tool for pre-

ventive interventions (under review). Journal of the American

Medical Informatics Association Open

– The use of deep learning models has been questionable in the

clinical domain regarding the transparency of these models. In

that context, a new interpretable model is proposed for the clin-

ical time-series data, which considers the time-dependencies and

variable-dependencies to achieve a rich variable ranking. The pro-

posed model aims to provide a certain degree of interpretability to

clinicians. The proposed interpretable model is applied to delir-

ium prediction, which provides the most influential variables for

delirium prediction by considering both time and variable level

importance.

- Seyedmostafa Sheikhalishahi, Anirban

Bhattacharyya, Leo Anthony Celi, and Venet Osmani. An

interpretable deep learning model for time-series electronic

health records: Case study of delirium prediction in critical

care (under review). Artificial Intelligence In Medicine
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1.4. STRUCTURE OF THE THESIS

1.4 Structure of the Thesis

This thesis captures the evolution in machine learning applications in the

critical care unit, starting with clinical methods and gradually shifting

toward machine learning, deep learning methods, and interpretable deep

learning methods. This evolution is organized into six chapters as follows:

• Chapter 1 provides an introduction to the problem statement, mo-

tivations and lists the specific contributions discussed in this thesis.

• Chapter 2 discusses the general machine learning applications in the

clinical domain and specifically in the ICU domain. This Chapter in-

troduces conventional machine learning and deep learning algorithms

for ICU, such as Logistic Regression, Random Forest, and LSTM-

RNN. The evaluation metrics which have been used in this study are

provided as well. Eventually, an introduction to interpretability meth-

ods and different types of interpretable techniques is provided.

• Chapter 3 presents recently developed benchmark model on the

eICU-CRD. In this Chapter, we provide extracted dataset for four

different clinical tasks. A comparison between clinical models, con-

ventional machine learning models, and deep learning models is also

provided.

• Chapter 4 discusses delirium and its importance in the clinical

domain, two datasets are being employed, namely eICU-CRD and

MIMIC-III. Delirium prediction is performed using varying observa-

tion and prediction windows; this chapter presents the results com-
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CHAPTER 1. INTRODUCTION

paring conventional machine learning techniques and deep learning

techniques. Moreover, variable ranking is provided based on three

post-hoc interpretable methods to show the most and least influential

variables in predicting delirium.

• Chapter 5 presents an interpretable approach that has been adapted

for the clinical time-series data based on the self-attention mechanism.

Moreover, the proposed approach considers the dependencies among

varying time-step, varying variables, and between variables and time

steps. Detailed comparisons and analyses are provided for the delirium

prediction task.

• Chapter 6 concludes by summarizing the contributions of the thesis,

outlining the potential direction for future work.
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1.4. STRUCTURE OF THE THESIS
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Chapter 2

Background

In this chapter, we begin with introducing conventional machine learning

algorithms, followed by a discussion of deep learning algorithms and the

interpretability of deep learning algorithms. Besides, we explore the evalu-

ation metrics to evaluate model performance. Moreover, machine learning

applications in the clinical domain are discussed.

First, we introduce conventional machine learning models, namely, lin-

ear regression, logistic regression, and random forest. Then, we explore the

simplest form of artificial neural network called feed-forward neural net-

work. Afterward, we introduce more robust deep learning models for time-

series modeling called recurrent neural networks (RNNs) and, accordingly,

one of RNNs’ variants, which is called long-short term memory (LSTM).

Additionally, an introduction to the varying interpretable techniques is pro-

vided, in which we review two types of interpretable algorithms, namely,

ad-hoc and post-hoc interpretable algorithms.

In the rest of this chapter, we focus on the application of machine learn-

ing algorithms in the clinical domain by describing the required procedures
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to build and evaluate predictive models in the clinical field. Moreover, an

introduction to evaluation metrics methods for clinically relevant tasks is

provided at the end of this chapter.

2.1 Machine learning

Machine learning is a discipline of computer science in which a model learns

from examples rather than rules. More formally, a computer program is

supposed to learn from experience E with respect to task T and perfor-

mance measure P when its performance measure P at task T improves

with experience E [17].

In this context, machine learning algorithms based on the availability

of data and training strategies are divided into three categories: supervised

learning, unsupervised learning, and semi-supervised learning. Supervised

learning is defined as given a set of input associated with a set of out-

comes. Given the set of input data, the model learns to predict the set of

outcomes. Unsupervised learning is a technique given a set of input data,

and the algorithm learns the hidden patterns in the input data. Semi-

supervised learning is considered a stage between supervised learning and

unsupervised learning, in which there exists a small amount of input data

associated with a set of outcomes and the remaining set of input data has

no association with a known set of outcomes.

In addition to that, there have been rapid developments in machine

learning methodology. The machine learning methods are categorized into

conventional machine learning algorithms and deep learning algorithms.
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Deep learning can model complex and non-linear effects and improve pre-

dictive performance. However, due to non-linearity, deep learning methods

are considered as “black-boxes”.

2.1.1 Linear Regression

Linear regression is an approach to model a linear relationship between

a dependent variable (target) and one or more independent variables; in

case of more than one independent variable, the method is called multiple

linear regression, formally:

y =
n∑
i=0

βi ∗ xi + ε (2.1)

x0 is equal to 1, βi are regression coefficients, and ε provides for random

variation in the dependent variable (y) not explained by the independent

variables (x). The main assumptions made on the training are that the

outcome can be discrete or continuous. Linear regression is applied and

ranked as one of the most applied models in diverse areas such as biology

and sociology to describe potential relationships between variables.

2.1.2 Logistic Regression

Logistic regression [18] is a predictive analysis model that uses the logistic

function to fit the models to data. Unlike linear regression, the outcome in

logistic regression must be discrete. Logistic regression is used to explain

the relationship between the dependent variable and the independent vari-

ables. It models the probability of an event occurring, depending on the

values of independent variables, which can be numerical or categorical.
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Logistic regression estimates the probability of an event occurring versus

the probability of the event not occurring and predicts the effect of a series

of variables. The logistic regression model formally is defined as,

log
p(x)

1− p(x)
= β0 + x · β (2.2)

Solving,

p(x) =
e(β0+x·β)

1 + e(β0+x·β)
=

1

1 + e−(β0+x·β)
(2.3)

The function σ(z) = 1
1+e−z is often referred to as sigmoid or logistic

function which restricts the value of (−βx) in the range [0,1]. The logistic

regression gives a linear classifier decision boundary that separates the

two classes. The class probabilities also depend on the distance from the

boundary.

In the next section, we explore a more advanced method, namely random

forest, which could deal with classification and regression tasks.

2.1.3 Random Forest

A decision tree uses a set of rules to make a specific decision. Decision

trees extract knowledge from a large amount of data, while it has a simple

and compact form that can efficiently classify new data. Each node in

the decision tree is represented as one of the following three nodes: leaf

nodes, decision nodes, and root nodes. Over-fitting is a significant practical

difficulty for decision tree models and many other predictive models [19].

Random forest techniques are developed by Breiman [20] to address the

over-fitting of the decision tree. The random forests model is built by an
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ensemble of DTs grown from a randomized variant of the tree induction

algorithm. Moreover, as it is outlined in Figure 2.1 the data is divided

into subsets, and for each subset of data, a DT is applied, and each tree

provides a classification then the random forest selects the classification

having the most votes, and in case of regression, it takes the average of the

outputs provided by different trees.

Figure 2.1: Schematic of a random forest model

Varying artificial neural networks, namely feed-forward neural networks

and recurrent neural networks, are explained in the following sections.

2.2 Artificial Neural Networks

Artificial neural networks (ANNs) are inspired by the computational model

of biological neural networks. ANNs are composed of perceptrons (neu-

rons) and bias. Each neuron partitions the space into parts using linear

function features. The perceptron receives multiple inputs depending on

the weighted sum of inputs and the threshold; the output is 0 or 1. Bias

is required to move threshold as needed by the loss function and helps in
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improving the accuracy of the model [21].

In the past decade, there has been quick progress in ANNs, dealing with

different data types such as image and text, aiming to capture the ideal

representation from data to improve the predictive performance. Gener-

ally, ANNs are composed of many layers of neurons, in which each layer is

connected to the next layer. In ANNs, The first layer is called the input

layer, and the last layer is considered the output layer, and all the layers be-

tween input and output layers are considered hidden layers. Feed-forward

neural networks (FNNs) are composed of multiple layers of neurons that

are stacked together [22].

As mentioned in Chapter 1, patient vital signs are monitored and mea-

sured continuously in the critical care unit, shaping sequences of data.

Thus, EHRs data can be seen as time-series sequences. FNNs can ap-

proximate the available non-linear relationships in the dataset, but FNNs

cannot capture the temporal dependencies in time series data. As a result,

Elman et al. [23] proposed recurrent neural networks (RNNs) to handle

more effectively time-series data.

This section provides a more detailed introduction based on FNNs,

RNNs, and self-attention mechanisms.

2.2.1 Feed-Forward Neural Networks

The feed-forward neural networks (FNNs) are composed of multiple layers,

including multiple artificial neurons. It consists of an input layer and an

output layer with one or more hidden layers connecting the input and

output layers. Each artificial neuron is connected to the next layer of
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artificial neurons, making the network fully connected. What makes ANNs

family different from conventional machine learning models is a non-linear

activation function applied to neurons. This activation function helps to

create more complex decision boundaries where different data points are

not linearly separable. As outlined in Figure 2.2, a multi-layer perceptron

with a single hidden layer is discussed.

Figure 2.2: Schematic of a simple feed-forward neural network

All input of a neuron is multiplied by associated weights and summed

up to a bias term. Then, a non-linear activation function is applied to the

result before passing it to the next layer. An affine transformation followed

by a non-linear function σ is applied on the input x which produce a hidden

representation h in the hidden layer, formally:

h = σ(xW + b) (2.4)

where x ∈ Rdi, W ∈ Rdi×dh, b ∈ Rdh, h ∈ Rdh, with di and dh being
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the dimension of the input and the hidden layers. The output layer then

applies another affine transformation on the hidden representation followed

by an activation function g:

o = g(hU + c) (2.5)

where U ∈ Rdh×do, c ∈ Rdh, o ∈ Rdo, with do as the dimension of the

output layer. The prediction ŷ is compared with the original label, and the

loss function is then applied to calculate the error, which helps in learning

the network parameters such as W,U,b, and c. These parameters need to

be learned and updated during the training phase until the best predictive

performance is achieved.

2.2.2 Recurrent Neural Networks

The main drawback of FNNs for time-series data is the assumption of time

independence between time steps. In other words, FNNs do not take into

account the dependency between varying time steps that is available in

data. Recurrent neural networks (RNNs) were proposed to deal with the

temporal dependencies in the time-series data such as text, speech, and

EHRs data.

Figure 2.3 outlines a simplified version of RNN followed by an unrolled

schematic of a RNN. As it is shown in Figure 2.3 a simplified RNN conform

the following stage to create the current hidden state representation ht:

1. Takes as input xt at time t

2. Weights the input with W, results in Wxt
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Figure 2.3: A simplified version of RNN (left), an unrolled version of RNN (right)

3. Weights the previous hidden state ht−1 with U, formally Uht−1

4. Sum up the results which are produced by (2) and (3), Wxt + Uht−1

5. Apply non-linear activation function tanh on (4) to compute ht, for-

mally:

ht = tanh(Wxt + Uht−1) (2.6)

The recurrent connection makes RNNs use information from the past

and use it to predict the current time-step. However, RNNs are prone

to exploding gradient and vanishing gradient problem. Vanishing gradient

occurs in the long sequences tasks, in which RNNs are unable to relate

the correlation between temporally distant events [24], vanishing gradient

leads to long training times and poor predictive performance. In contrary

to vanishing gradient, exploding gradient occurs when the computed gra-

dients are exponentially growing, which results in large updates to model

wights, and consequently, the weights can become very large, resulting in

Not-a-Number value [25]. In this regard, in the next section, we discuss

Long Short-Term Memory RNNs, which can handle exploding gradient and

vanishing gradient resulting in higher predictive performance.
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Long Short-Term Memory

Long Short Term Memory networks (LSTMs) are a particular type of RNNs

which are designed to address exploding gradient and vanishing gradient

problems in RNNs. Integrating the memory cell [26] in LSTM makes it a

better candidate to deal with long-distance temporal dependencies, as the

memory cell decides which information to forget [27] and which information

to keep and write in the current memory cell.

Figure 2.4: LSTM cell

As it is outlined in 2.4, an LSTM cell is composed by a forget gate Ft,

an input gate It, a candidate memory Ĉt, and an output gate Ot. Forget

gate decides which information to discard, input gate decides which values

from the current input xt. will be stored in the cell state, candidate memory

decides which new values could be added to the state.

The input of the current time step and hidden state of the previous time

step is fed into these gates, each gate composed by a fully connected layer
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network and applies a sigmoid function to compute the values of forget gate

Ft, input gate It and output gate Ot. Different from the other three gates

Ĉt applies tanh as activation function, formally LSTM network computes

the current cell content (Ct) and the current hidden state (Ht) as follows:

Ft = σ(Wxf · xt + Whf ·Ht−1)

It = σ(Wxi · xt + Whi ·Ht−1)

Ĉt = tanh (Wxc · xt + Whc ·Ht−1)

Ot = σ(Wxo · xt + Who ·Ht−1)

Ct = Ft �Ct−1 + It � Ĉt

Ht = Ot � tanh(Ct)

(2.7)

where Wxf ,Wxi,Wxc, and Wxo are the network weight parameters re-

spectively related to forget gate, input gate, candidate memory, and output

gate. Ht−1 represents the previous hidden state, similarly Ct−1 denotes

previous cell content, and xt is the input at current time step.

2.2.3 Self-attention Mechanisms

As it is demonstrated in Figure 5.4, self-attention is an attention mecha-

nism that relates different positions of a single sequence in order to compute

a representation of the sequence [28]. The self-attention mechanism has

been employed successfully in a variety of tasks, including machine trans-

lation [29], abstractive summarization [30], and textual entailment [31].

Formally,

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (2.8)
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Figure 2.5: The architecture of self-attention

Where Q, K, V are computed by multiplying input with the learned

matrices WQ, Wk, WV during training.

This thesis employs multi-head self-attention, which projects queries, keys,

and values h times with different, learned linear projections. The scores

are computed in parallel and are concatenated to get one matrix score,

Formally:

Multihead(Q,K, V ) = Concat(head1, head2)W
O (2.9)

Where

headi = Attention(QWQ
i , KW

K
i , V W

V
i )

and matrices such as WQ
i , WK

i , W V
i , and WO are the projections [32].

In the next section, we explore varying interpretable techniques used in

the deep learning field, especially those employed in this thesis.
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2.3 Interpretablity

As shown in Figure 2.6, even though deep learning techniques outper-

form the conventional machine learning techniques, interpretability of deep

learning techniques remains one of the biggest challenges in the machine

learning domain. In this context, interpretability and explainability con-

cepts are often used interchangeably within the general Artificial Intelli-

gence (AI) community.

Figure 2.6: Trade-off between Descriptive and Predictive Performance

As outlined in Figure 2.7, interpretable methods can be categorized

depending on the various criteria. Interpretable models fall in the two
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Figure 2.7: Methods hierarchy for interpretability

main categories in which each method can be described by using its stage,

and scope. In the following sections, we explore the categories mentioned

earlier while the main focus is on the stage categories, namely, Ante-hoc

and Post-hoc stages.

2.3.1 Stage

The association of interpretable techniques concerning the predictive model

is defined as the stage in which we characterize two main relations between

a predictive model and an interpretable technique, namely ante-hoc and

post-hoc techniques. In the following sections, the concepts and differences

between ante-hoc and post-hoc approaches are provided.
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Ante-hoc interpretable approach

Ante-hoc approaches incorporate interpretable modules into the predictive

model from the beginning. As shown in Figure 2.9, ante-hoc approaches

include a natural way of interpretation based on the incorporated inter-

pretable module. Therefore, a unique model is employed for both predict-

ing and interpreting.

Figure 2.8: Ante-hoc interpretable technique schema

Ante-hoc approaches change the model’s predictive performance, and

it might lower the predictive performance as the interpretable module is

incorporated with the predictive model but yields higher descriptive ac-

curacy [33]. The main challenge of these approaches is to develop simple

enough models to be easily understood by the user yet sophisticated enough

to fit the underlying data properly. In the following, some of the ante-hoc

interpretable approaches are introduced:

Ante-hoc approaches:

• Attention-based approaches: the Reversed Time Attention Model (RE-

TAIN) is proposed by [34] to help doctors understand the deep learn-

ing predictions. The proposed architecture is composed of two RNNs
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with an attention mechanism. The attention mechanism incorporated

with RNNs helped explain which part the model was focusing on and

which features influenced the model’s choice.

• Bayesian deep learning approaches: Bayesian network is a graph com-

posed of factors in interest and relationships. An expert can imple-

ment knowledge and especially dependency between factors as the

graph structure. The relationships are expressed as simple probabilis-

tic functions, although they can now be expressed by deep learning

to obtain a deep generative model [35, 36]. We can mine the latent

variables and obtain new knowledge on the target domain. The model

is no longer a black-box but interpretable at a certain level [37].

Post-hoc interpretable approach

Post-hoc approaches allow models to be trained typically, with the inter-

pretable module being incorporated at inference time. These approaches

can be used on any machine learning model and usually work by analyz-

ing feature input and output pairs. These interpretation methods take a

trained model as input and extract information about what relationships

the model has learned. post-hoc methods aim to keep a trained model

unchanged and mimic or explain its behavior using an external module at

testing time.

At this stage, the practitioner analyzes a trained model to provide in-

sights into the learned relationships, mainly when the model’s parameters

do not clearly show what relationships the model has learned. Various post

hoc interpretability methods have been developed to provide insight into
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Figure 2.9: Post-hoc interpretable technique schema

what a trained model has learned without changing the underlying model.

These methods are particularly crucial for settings where the collected data

is high-dimensional and complex, such as image data. Once the informa-

tion has been extracted from the fitted model, it can be analyzed using

standards, exploratory data analysis techniques, such as scatter plots and

histograms.

Since explanations from post-hoc models do not correspond to how the

model predicts, there is skepticism regarding applying these models in

scenarios that may require critical decision-making. Several post-hoc ap-

proaches have been developed recently; in the following, we further explore

some of these approaches.

Post-hoc approaches:

• Local Interpretable Model-Agnostic Explanations (LIME): LIME [38]

attempts to understand the model by perturbing the input of data

samples and understanding how the predictions change. It modifies

a single data sample by tweaking the feature values and observing

the output’s resulting impact. Linear models are used to approximate

local behavior. The linear model might not be powerful enough to ex-

plain the behavior of the original model. Non-linearity at local regions

happens for those datasets that require complex, non-interpretable
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models. Not being able to apply LIME in these scenarios is a signifi-

cant pitfall.

• SHapley Additive exPlanations (SHAP): SHAP [39] is a method to

explain individual predictions. SHAP is based on the game theory.

Shapley values indicate a fair distribution of predictions among the

features. However, SHAP is computationally expensive and ignores

feature dependence while computing the interpretability of a model.

• Shapley Value Sampling (SVS): SVS is a perturbation-based method

to compute variable attribution, which is based on sampling theory

that can be used to estimate Shapley values [40]. The SVS produces

variable ranking concerning each variable input and ranks the vari-

ables based on their predictive power.

• Integrated Gradients (IG): IG [41] is a variation of computing the

gradient on the prediction output concerning the input. IG computes

the average gradient while the input varies along a linear path from a

baseline x̃ to input x.

• Guided Back-propagation (GB): GB [42] computes the gradient of the

target output concerning the input. GB does not compute a true

gradient but rather an imputed version of it.

Although post-hoc interpretability techniques are convenient, and in

some ways, are ideal, they often rely on surrogate models or other approx-

imations that can degrade the descriptive performance.
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2.3.2 Scope

Interpretation techniques can be classified regarding the scope of inter-

pretation, which refers to the portion of the prediction process they aim

to explain. They can explain either a single prediction made by a model

called a local scope or explain an entire model’s behavior, which is called

the global scope. The local scope is usually called the instance (sample)

explanation, and the global scope is usually called the model explanation.

Global

In the global scope scenario, the whole system can be explained, and the

logic can be followed from the input to every possible outcome. Addi-

tionally, global interpretations help us understand the inputs and their

entire modeled relationship with the prediction target. This level of inter-

pretability is about understanding how the model makes decisions based on

a holistic view of its features and the learned components such as weights,

parameters, and structures.

When a practitioner is interested in more general relationships learned

by a model, e.g., relationships relevant to a particular class of responses or

sub-population, they use global-level interpretations. At the global level,

feature importance scores try to capture how much individual features con-

tribute to a prediction across a dataset. These scores can provide insights

into the features that the model has identified as important for outcomes

and their relative importance. Varying methods have been developed to

score individual features in many models including neural networks [43],

random forests [44], and generic classifiers [45]. In addition to feature im-
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portance, methods have been developed to extract important interactions

between features. Interactions are important as ML models are often highly

non-linear and learn complex interactions between features. Methods ex-

ist to extract interactions from a variety of ML models including random

forests [46, 47] and neural networks [48, 49].

Local

In the local scope scenario, the algorithm can be explained solely for every

single prediction. Additionally, local scope interpretations can sometimes

be aggregated for the entire dataset to provide a global interpretability

scope. The most popular approach to prediction-level interpretation has

involved assigning importance scores to individual features. Intuitively, a

variable with a significantly positive (negative) score made a profoundly

positive (negative) contribution to a particular prediction. In the deep

learning literature, several different approaches have been proposed to ad-

dress this problem [41, 50]. These are often displayed in the form of a heat

map highlighting the most influential features. Note that feature impor-

tance scores at the prediction level can offer much more information than

feature importance scores at the global level. This results from heterogene-

ity in a non-linear model: the importance of a feature can vary for different

examples due to interactions with other features. Because small sections

of a machine-learned response function are more likely to be linear, mono-

tonic, or otherwise well-behaved, local explanations can be more accurate

than global explanations.

It is worthy to note that it is also very likely that the best explanations
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of a machine learning model will come from combining the results of global

and local interpretation techniques. In the next section, various aspects

such as machine learning applications, challenges, and limitations faced by

machine learning researchers in this field are investigated.

2.4 Machine learning in Critical care

In this section, varying applications of the machine in the critical care

domain and the existing challenges and limitations are discussed.

2.4.1 Applications

The typical machine learning applications in the critical care domain are

based on predictive modeling and clustering models.

Predictive models

Numerous predictive models in ICU exist, such as Acute Physiology and

Chronic Health Evaluation score (APACHE), and Simplified Acute Phys-

iology Score (SAPS). Currently, SAPS-III [51] and APACHE-IV [52] are

the most used predictive models in predicting in-hospital ICU mortality.

Knaus et al. [53] developed APACHE, which is one of the well-known

predictive models to estimate the risk of mortality in ICU patients based

on logistic regression models. Similarly, Churpek et al. [54] developed a

logistic regression model in a large dataset, including more than 250,000

patients who estimated the risk for ICU transfer, cardiac arrest, or mortal-

ity in ICU patients. In a follow-up study, Churpek et al. [55] showed that
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more advanced machine learning methods, such as random forests (RF)

and gradient boosted machines (GBM), could predict clinical deteriora-

tion better compared with classic logistic regression.

The first version of SAPS was developed by Le Gall et al. [56] in

1984. Moreover, Lee et.al [57] showed APACHE-IV outperforms SAPS-III

in mortality prediction after liver transplantation.

Clustering models

Many clustering techniques in critical care have been used to discover the

subgroups of patients with similar clinical characteristics, which may help

anticipate diagnostic and treatment strategies. In this regard, Hyun et

al. [58] applied the K-means clustering method, which identified three clus-

ters with different mortality rates, hemodialysis rates, and blood product

transfusion rates. In another study, Calfee et al. [59] assessed whether

subphenotypes exist within acute respiratory distress syndrome (ARDS);

in this context, they applied latent class modeling and identified two sub-

phenotypes using clinical data from two randomized controlled trials of

ARDS. The sub-phenotypes identified had distinct differences in inflam-

matory profiles, response to ventilator strategies, and clinical outcomes.

Furthermore, Luo et al. [60] analyzed multiple physiological variables

of patients in the MIMIC dataset and applied non-negative matrix factor-

ization to group-related trends, which were shown to predict 30-day mor-

tality while maintaining model interpretability effectively. Finally, Vranas

et al. [61] applied clustering analysis to discover and validate six clinically

recognizable subgroups of ICU patients who differed significantly in all
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baseline characteristics and clinical trajectories despite sharing common

diagnoses.

2.4.2 Challenges and Limitations

The following sections explore the main challenges and limitations of ma-

chine learning in the critical care domain. Additionally, we consider the

steps required to transfer these technologies from research to clinical prac-

tice.

Data accessibility and complexity

A significant challenge faced by researchers in critical care is the need for

data openness and reproducibility with the demand for data privacy and

security. In a recent study, Johnson et al. [62] showed an alarming lack

of reproducibility in data science studies using the same ICU data, which

suggests that algorithms, study procedures, source code, and even datasets

should be publicly available to ensure reproducibility. However, this data

openness must not result in poor data governance, lack of data security, or

loss of confidentiality, all of which are necessary to perform ethical research

and maintain public trust.

A common concern among clinicians is the loss of autonomy in the face

of machine learning systems. This concern exists even though clinicians

acknowledge that the complexity of medicine exceeds the unaided human

mind’s capacity and that perhaps these novel computational systems can

help manage some of this complexity [63]. In other words, humans typ-

ically make decisions using fewer than six data points because anything
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more than that becomes cognitively too expensive [64]. However, an ICU

patient can generate thousands of data points in a single day. When fa-

tigue and interruptions are added, it is not surprising that some clinical

decisions end up being suboptimal [65]. Conversely, computers can explore

continuously through tens of thousands of data points. They can quickly

analyze complex nonlinear interactions between variables effortlessly.

Data incompleteness and Imbalanced data

The data missing from patient profiles in intensive care units (ICUs) are

substantial and unavoidable [66, 67, 68]. However, this incompleteness

is not always random or because of imperfections in the data collection

process. Many studies have focused on resolving this issue [69]. Although

many researchers treat missing data as a challenge [70], others continue to

debate whether a lack of completeness also provides useful information [71].

Recently, Angiel et al. [71] demonstrated that the laboratory ordering time

for some laboratory tests is more informative than the actual values in

predicting 3-year survival. In general, two reasons are given for missing

data in EHRs:

• No intention to collect: the clinical variable was never measured be-

cause there was no clinical indication to do so.

• Intention to collect: variables are missing, although the variables were

measured [67].

Therefore, the health care process affects the recorded EHR and can cause

incompleteness in data.
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The imbalance property that is common to many real clinical datasets

makes classification a challenging task. The imbalanced classification prob-

lem in the healthcare domain, where data are often highly skewed due to

individual heterogeneity and diversity, affects issues such as cancer diag-

nostics [72], patient safety informatics [73], and disease risk prediction [74].

Most standard classifiers, such as logistic regression and the support vec-

tor machine, implicitly assume that both classes are equally distributed.

Additionally, these methods are designed to maximize overall classifica-

tion accuracy. As a result, they favor the majority class, resulting in low

sensitivity toward the minority class [75].

Real-world applications

Like most emerging technologies, machine learning research products in

critical care will undoubtedly go through a series of hype and disappoint-

ment before becoming accepted, proven assets in the study, and care of

critically ill patients. One of the main challenges that machine learning

faces in critical care are that, despite the increasing number of studies and

publications in the field, there have been few examples of machine learning

projects that have resulted in the successful implementation of data-driven

systems in the ICU [76]. This lack of exposure in the clinical setting in-

evitably results in clinicians’ mistrust of these data-driven systems.

Interpretability

Although clinicians are happy to use the machine learning model to inves-

tigate hidden patterns in the patient records, however, they are cautious of

35



2.5. EVALUATION METRICS

the idea of sharing clinical decision-making responsibilities with machine

learning algorithms, especially when they view them as “black boxes” [77].

Likely, only implementing well-designed, interpretable, and practical data-

driven systems in the ICU will make clinicians start to gain trust in them.

Furthermore, the implementation of these systems must be performed un-

der the rigorous umbrella of well-controlled experimental studies, including

(but not limited to) simulation testing and randomized controlled trials.

The medical informatics literature has good examples of using scientifically

rigorous approaches to implementing and testing digital solutions such as

clinical decision support tools and can serve as a model to follow.

The evaluation metrics employed in this thesis are studied further in

the following section.

2.5 Evaluation Metrics

To automatically evaluate predictive models’ performance, metrics rely-

ing on gold standard outcomes are used. Here we give an overview of

the automatic metrics that are used in our experimental settings, namely:

Sensitivity, Specificity, Positive Predictive Value (PPV), Negative Predic-

tive Value (NPV), Area Under Receiver Operating Characteristic (AU-

ROC), Area Under Precision-Recall Curve (AUPRC), Precision, Recall,

Matthews correlation coefficient (MCC), R-squared (R2), Mean Absolute

Error (MAE).
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Predicted

Actual
Positive Negative

Positive True Positive (TP) False Negative (FN)

Negative False Positive (FP) True Negative (TN)

Table 2.1: Confusion Matrix for Binary Classification

2.5.1 Classification

Sensitivity, Specificity, PPV, and NPV, collectively known as ”test char-

acteristics,” are important ways to express the usefulness of diagnostic

tests [78]. In this context, the Sensitivity metric is used to measure the

fraction of positive cases that are correctly classified as positive, while the

specificity metric is used to measure the fraction of negative cases that are

correctly classified as negative, by referring to Table 2.1 formally, we have:

Sensitivity =
TP

TP + FN
(2.10)

Specificity =
TN

TN + FP
(2.11)

PPV is the percentage of patients who are predicted as positive and have

the disease; NPV is the percentage of patients who are predicted as negative

and do not have the disease, formally:

PPV =
TP

TP + FP
(2.12)

NPV =
TN

TN + FN
(2.13)

Sensitivity and specificity are fixed for a particular type of prediction,

while PPV and NPV depend directly upon the prevalence of a disease in

a population. Therefore the PPV will increase with increasing prevalence,
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and NPV decreases with an increase in prevalence. AUROC is a graphical

plot that illustrates a binary classifier system’s diagnostic ability as its

discrimination threshold is varied. In other words, AUROC is equal to the

probability that a classifier will rank a randomly chosen positive instance

higher than a randomly chosen negative one.

As far as in the clinical domain, one of the challenges is class imbalance;

AUPRC is a highly informative metric in a imbalanced data setting. Sim-

ilarly, MCC is a measure of the quality of binary classification problems

because it takes into account the balance ratios of the four confusion matrix

categories (true positives, true negatives, false positives, false negatives),

formally:

MCC =
(TP ∗ TN)− (FP ∗ FN)√

(TP + FP ) ∗ (TP + FN) ∗ (TN + FP ) ∗ (TN + FN)
(2.14)

It is worth mentioning that in addition to AUROC and AUPRC, which

are applicable in multi-class classification, there is an additional metric

called F1-score that could be used to evaluate the model’s performance.

F1-score is calculated based on Precision and Recall. Formally:

F1− score = 2 ∗
(
Precision ∗Recall
Precision+Recall

)
(2.15)

The formula of F1-score can be interpreted as a weighted average be-

tween Precision and Recall, where F1-score reaches its best value at 1 and

worst score at 0, the harmonic mean is useful to find the best trade-off

between the two Precision and Recall [79].
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2.5.2 Regression

Several statistical metrics have been used to evaluate the regression meth-

ods’ predictive efficiency, as presented below. Among them, the coefficient

of determination or R-squared (R2) and Mean Absolute Error (MAE) are

predominantly used to measure these methods’ average error. R-squared

provides a measure of how well-observed outcomes are replicated by the

model, based on the proportion of total variation of outcomes explained

by the model, formally:

R2 = (
1

n

∑n
i=1[(xi − x̄) ∗ (yi − ȳ)]

σx ∗ σy
)2 (2.16)

Where n is the number of observations used to fit the model, xi is the

x value for observation i, x̄ is the mean x value, yi is the y value for

observation i, ȳ is the mean y value, σx is the standard deviation of x, and

σy is the standard deviation of y.

MAE is an excellent metric to measure the average error and a good

indicator of average model performance. Formally:

MAE =
1

n

n∑
i=1

|yi − ŷi| (2.17)

In the following Chapters, the main contributions of the thesis are de-

scribed in detail. In Chapter 3 a detailed description of “Benchmarking ma-

chine learning models on eICU-CRD dataset” is provided, while in Chapter

4 a comprehensive study regarding “Delirium Prediction in Critically Ill

Patients” is described, and in Chapter 5 we proposed and described an

interpretable machine learning algorithm for the time-series EHRs data.
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Chapter 3

Benchmarking Machine Learning

Models in eICU-CRD Dataset

Progress of machine learning in critical care has been difficult to track, in

part due to absence of public benchmarks. Other fields of research (such as

computer vision and natural language processing) have established various

competitions and public benchmarks. Recent availability of large clini-

cal datasets has enabled the possibility of establishing public benchmarks.

Taking advantage of this opportunity, we propose a public benchmark suite

to address four areas of critical care, namely mortality prediction, estima-

tion of length of stay, patient phenotyping and risk of decompensation.

We define each task and compare the performance of both clinical models

as well as baseline and deep learning models using eICU-CRD (Collab-

orative Research Database) of around 73,000 patients. This is the first

public benchmark on a multi-centre critical care dataset, comparing the

performance of clinical gold standard with our predictive model. We also

investigate the impact of numerical variables as well as handling of cate-
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gorical variables on each of the defined tasks. The source code, detailing

our methods and experiments is publicly available such that anyone can

replicate our results and build upon our work.

3.1 Introduction

Increasing availability of clinical data and advances in machine learning

have addressed a wide range of healthcare problems, such as risk assessment

and prediction in acute, chronic and critical care. Critical care is a particu-

larly data-intensive field, since continuous monitoring of patients in Inten-

sive Care Units (ICU) generates large streams of data that can be harnessed

by machine learning algorithms. However, progress in harnessing digital

health data faces several obstacles, including reproducibility of results and

comparability between competing models. While, other areas of machine

learning research, such as image and natural language processing have es-

tablished a number of benchmarks and competitions (including ImageNet

Large Scale Visual Recognition Challenge (ILSVRC) [80] and National

NLP Clinical Challenges (N2C2) [81], respectively), progress in machine

learning for critical care has been difficult to measure, in part due to ab-

sence of public benchmarks. Availability of large clinical data sets, includ-

ing Medical Information Mart for Intensive Care (MIMIC III) [4] and more

recently, a multi-centre eICU-CRD (Collaborative Research Database) [5]

are opening the possibility of establishing public benchmarks and conse-

quently tracking the progress of machine learning models in critical care.

Availing of this opportunity, we propose a public benchmark suite to ad-
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dress four areas of critical care, namely mortality prediction, estimation of

length of stay (LoS), patient phenotyping and risk of decompensation. We

define each task and evaluate our algorithms on a multi-centre dataset of

73,718 patients (containing 4,564,844 clinical records) collected from 335

ICUs across 208 hospitals. While there has been work in this area that has

focused on the single-center MIMIC III clinical dataset [82], our work is

the first to focus on a multi-center critical care dataset, the eICU-CRD [5].

Evaluating models on a multi-center dataset typically results in the inclu-

sion of a wider range of patient groups, larger number of patients, external

validity and lower systematic bias in comparison to a single-center dataset,

resulting in increased generalizability of the study [83, 84]. However build-

ing a predictive model on a multi-centre dataset is more challenging due to

heterogeneity of the data. Nevertheless, the performance of our models (as

measured by AUROC) compare favourably with the performance of the

models using the single-center MIMIC-III dataset as reported in [82].

The main contributions of this work are as follows: i) we provide the

baseline performance, (using either on clinical gold standard or Logis-

tic/Linear Regression algorithm) and compare it against our benchmark

result, achieved using a model based on bidirectional long short-term mem-

ory (BiLSTM); ii) investigate impact of categorical and numerical variables

on all four benchmarking tasks; iii) evaluate entity embedding for categor-

ical variables, versus one hot encoding; iv) show that for some tasks the

number of variables can be reduced significantly without greatly impacting

prediction performance; and v) report six evaluation metrics for each of the

tasks, facilitating direct comparison with future results.
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3.2 Related work

In this Section, we provide a brief review of the most relevant studies

related to each of the tasks, mortality, length of stay, phenotyping, and

physiologic decompensation. We briefly review the other benchmarking

studies in critical care, related to our work.

Mortality prediction. Many clinical scoring systems have been de-

veloped for mortality prediction, including Acute Physiology and Chronic

Health Evaluation (APACHE III [85], APACHE IV [52]) and Simplified

Acute Physiology Score [86] (SAPS II, SAPS III). Most of these scoring

systems use logistic regression to identify predictive variables to establish

these scoring systems. Providing an accurate prediction of mortality risk

for patients admitted to ICU using the first 24/48 hours of ICU data could

serve as an input to clinical decision making and reduce the healthcare

costs. In this regard, recent advances in deep learning have been shown to

outperform the conventional machine learning methods as well as clinical

prediction techniques such as APACHE and SAPS [82] [87] [88]. Mortal-

ity prediction has been a popular application for deep learning researchers

in recent years, though model architecture and problem definition vary

widely. Convolutional neural network and gradient boosted tree algorithm

have been used by Darabi et al. [89], in order to predict long-term mor-

tality risk (30 days) on a subset of MIMIC-III dataset. Similarly, Celi et

al. [90] developed mortality prediction models based on a subset of MIMIC

database using logistic regression, Bayesian network and artificial neural

network.

44



CHAPTER 3. BENCHMARKING MACHINE LEARNING MODELS IN EICU-CRD
DATASET

Length of stay. Resource allocation and identifying patients with

unexpected extended ICU stays would help decision-making systems to

improve the quality of care and ICU resource allocation. Therefore fore-

casting the length of stay (LoS) in ICU would be significantly important

in order to provide high-quality care to a patient, and it would avoid extra

costs for care providers. In this regard, Sotoodeh et al. [91] applied hidden

markov models to predict LoS by using the first 48 hours of physiologi-

cal measurements. Ma et al. [92] defined LoS as a classification problem in

which the objective was to create a personalized model for patients to fore-

cast LoS. Previous studies [87] [82] have shown that deep learning models

obtain good results on forecasting length of stay in ICU. In this regard,

Tu et al. [93] applied neural network based methods on a Canadian pri-

vate dataset, which includes patients with cardiac surgery. The developed

model was able to detect the patient with low, intermediate, and high

prolonged stay in ICU.

Phenotyping. Phenotyping has been a popular task in recent years [94] [95],

although problem definition varies widely, from focusing on ICD based di-

agnosis [88] up to including clinical procedures and medications [96] [97].

Several works on phenotyping from clinical time series have focused on

variations of tensor factorization and related models [94] [95] [98], and

the most recently published studies on phenotyping are focused on deep

learning methods. In this regard, Razavian et al. [99] and Lipton et al. [88]

applied deep learning methods to predict diagnoses. While the first trained

RNN LSTM and CNN for prediction of 133 diseases based on 18 labora-

tory tests on a private dataset including 298k patients, the latter applied an
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RNN LSTM on a single-center, private pediatric intensive care unit (PICU)

dataset in order to classify 128 diagnoses given 13 clinical measurements.

Physiologic decompensation. Early detection of physiologic decom-

pensation could be used to avoid or delay the occurrence of decompensa-

tion. Recently machine learning researchers have started to apply various

machine learning methods in order to predict the decompensation incident.

Recent study by Ren et al. [100] applied gradient boosting models (GBM)

to predict required intubation 3 hours ahead of time, in this work they

used a cohort of 12,470 patients to predict unexpected respiratory decom-

pensation. Differently, Xu et al. [101] proposed a deep learning model to

predict the decompensation event. The proposed attention-based model

was applied on MIMIC-III Waveform Database and it outperformed sev-

eral machine learning and deep learning models.

Benchmark. Harutyunyan et al. [82] developed a deep learning model

based on RNN LSTM called multi-task RNN, in order to predict a num-

ber of clinical tasks such as mortality prediction in hospital, physiologic

decompensation, phenotyping, and length of stay in ICU unit. The pro-

posed model was applied on MIMIC-III dataset. Similarly, Purushotham et

al. [87] have provided a single-center benchmark of several machine learning

and deep learning models trained on MIMIC-III for various tasks, showing

that deep learning models consistently outperformed conventional machine

learning models and clinical scoring systems. One common theme across

the reviewed work is that the current literature focuses on single-center

databases, while we did not find any work in this area that addressed

multi-centre datasets, including the associated challenges.
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3.3 Materials and methods

3.3.1 Ethics statement

The analysis using the eICU-CRD is exempt from institutional review

board approval due to the retrospective design, lack of direct patient in-

tervention, and the security schema, for which the re-identification risk

was certified as meeting safe harbor standards by an independent privacy

expert (Privacert, Cambridge, MA) (Health Insurance Portability and Ac-

countability Act Certification no. 1031219-2).

3.3.2 eICU dataset description and cohort selection

The eICU-CRD [5] is a multi-center intensive care unit database with

high granularity data for over 200,000 admissions to ICUs monitored by

eICU-CRD programs across the United States. The eICU-CRD comprises

200,859 patient unit encounters for 139,367 unique patients admitted be-

tween 2014 and 2015 to 208 hospitals located throughout the US. We se-

lected adult patients (age > 18) that had an ICU admission with at least

15 records, leading to 73,718 unique patients with a median age of 62.41

years (IQR, 52-75), 45.5% female. Hospital mortality rate was 8.3% and

average LoS in hospital and in unit were 5.29 days and 3.9 days respec-

tively (further details are provided in Table 3.1). Cohort selection criteria

are detailed in Figure 3.1.

The final patient cohort contained 4,564,844 clinical records where we

grouped these records on 1 hour window, imputed the missing values based

on the mean of that window and took the last valid record of that specific
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Figure 3.1: Cohort selection criteria

window. Out of 31 tables in the eICU-CRD (v1.0) we selected variables

from the following tables: patient (administrative information and pa-

tient demographics), lab (Laboratory measurements collected during rou-

tine care), nurse charting (bedside documentation) and diagnosis based
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Overall Dead at Hospi-

tal

Alive at Hospi-

tal

ICU Admissions 73,718 6,167 67,551

Age 62.41 [52-75] 68.12 [59-80] 61.8 [52-75]

Gender (F) 33,544 (45.5) 2,830 (45.8) 30,714 (45.4)

Ethnicity

Caucasian 56,973 (77.2) 4,866 (78.9) 52,107 (77.1)

African Ameri-

can

7,982 (10.8) 582 (9.4) 7,400 (10.9 )

Hispanic 2,937 (3.98) 226 (3.6) 2,711 (4)

Asian 1,174 (1.59) 97 (1.5) 1,077 (1.5)

Native Ameri-

can

413 (0.56) 42 (0.68) 371 (0.54)

Unknown 4,239 (5.7) 354 (5.7) 3,885 (5.7)

Outcomes

Hospital LoS*

(days)

5.29 [2.53-6.84] 3.9 [1.42-5.22] 5.41 [2.65-6.92]

ICU LoS* (days) 2.32 [1.01-2.91] 3.17 [1.19-4.43] 2.24 [1-2.83]

Hospital Death 6,167 (8.36) 6,167 (100) -

ICU Death 4,575 (6.2) 4,575 (74.1) -

Table 3.1: Characteristics and mortality outcome measures. *LoS (Length of Stay).

Continuous variables are presented as Median [Interquartile Range Q1–Q3]; binary or

categorical variables as Count (%)

on advice from a clinician as well as consistency with other similar tasks

reported in the related work section. Selected variables are shown in Table

3.2 and are common across all the four tasks.
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Variable Data Type

Heart rate Numerical

Mean arterial pressure Numerical

Diastolic blood pressure Numerical

Systolic blood pressure Numerical

O2 Numerical

Respiratory rate Numerical

Temperature Numerical

Glucose Numerical

FiO2 Numerical

pH Numerical

Height Numerical

Weight Numerical

Age Numerical

Admission diagnosis Categorical

Ethnicity Categorical

Gender Categorical

Glasgow Coma Score Total Categorical

Glasgow Coma Score Eyes Categorical

Glasgow Coma Score Motor Categorical

Glasgow Coma Score Verbal Categorical

Table 3.2: Selected variables for all the four tasks

3.3.3 Data Preprocessing

The clinical variables depending on the clinical needs and the nature of the

clinical variable, are measured in different intervals; for instance, the vital

signs are recorded more frequently than lab measurements. In this context,

to address the sparsity of data, all variables were aggregated into hourly
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intervals, where the last measured value was used as a candidate for that

interval. In cases where the last value for each variable is not measured in

the interval, the representative of that interval was computed by averaging

the available measurements in the interval. Missing values that were col-

lected hourly, like vital signs, were imputed by normal values. Categorical

variables were converted into a vector to capture the semantics of each

category at the model derivation phase. For all continuous variables, we

utilized the recorded value in the database without any adaptation. To

address the imbalanced data in the classification tasks, we employed an

over-sampling method to have an equal number of samples across different

classes while providing the data as input to the models.

3.3.4 Description of tasks

In this section, we define four different benchmark tasks, namely in-hospital

mortality prediction, remaining LoS forecasting, patient phenotyping, and

risk of physiologic decompensation. After applying selection criteria for

each task, the resulting patient cohorts are outlined in Table 3.3

Task No. of patients Clinical records

In-hospital Mortality 30,680 1,164,966

Remaining LoS 73,389 3,054,314

Phenotyping 49,299 2,172,346

Physiologic Decompensation 55,933 2,800,711

Table 3.3: Number of patients and records in four tasks
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Mortality prediction

In-hospital mortality is defined as the patient’s outcome at the hospital

discharge. This is a binary classification task, where each data sample

spans a 1-hour window. The cohort for this task was selected based on

the presence of hospital discharge status in patients’ record and length of

stay of at least 48 hours (we focus on prediction during the first 24 and

48 hours). This selection criteria resulted in 30,680 patients containing

1,164,966 records.

Length of stay prediction

Length of stay is one of the most important factors accounting for the

overall hospital costs, as such its forecast could play an important role in

healthcare management [102]. Length of stay is estimated through analysis

of events occurring within a fixed time-window, once every hour from the

initial ICU admission. This is a regression task, where we use 20 clinical

variables described in Table 3.2. For this cohort we selected patients whose

LoS was present in their records. These selection criteria resulted in 73,389

ICU stays, containing 3,054,314 records. The mean LoS was 1.86 days with

standard deviation of 1.94 days, as shown in Table 3.1.

Phenotyping

Phenotyping is a classification problem where we classify whether a con-

dition (ICD-9 code) is present in a particular ICU stay record. Since any

given patient may have more than one ICD-9 code, this is defined as a

multi-label classification problem.
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While our definition is focused on diagnosis using ICD codes for this

task, the definition of phenotyping may encompass other domains, such

as procedures [96] [97] for example. However, expanding the definition

of phenotyping beyond standardised ICD codes would have required de-

velopment of non-standardised rules, as no common standard approach

for defining and validating EHR phenotyping algorithms exists [103] [104].

Consequently, it would have been challenging to compare this work with

the already published benchmarks. Furthermore, there is some concern re-

garding reproducibility of rule-based phenotyping as found in [104]. Con-

sidering these issues, as well as keeping consistent with previously published

benchmarks, we settled on using ICD codes as the basis for the definition of

this task. Accordingly, the dataset contains 767 unique ICD codes, which

are grouped into 25 categories shown in Table 3.4. The cohort for this task,

considering initial inclusion criteria as well as recorded diagnosis during the

ICU stay, resulted in 49,299 patients.

Physiologic Decompensation

There are a number of ways to define decompensation, however in clinical

setting majority of early warning systems, such as National Early Warning

Score (NEWS) [105] are based on prediction of mortality within the next

time window (such as 24 hours after the assessment). Following suit and

keeping consistent with previously published benchmarks [82], we also de-

fine decompensation as a binary classification problem, where the target

label indicates whether the patient dies within the next 24 hours. The

cohort for this task results in 55,933 patients (2,800,711 records), where
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Type Phenotype

Acute 1- Respiratory failure; insufficiency; arrest

2- Fluid and electrolyte disorders

3- Septicemia

4- Acute and unspecified renal failure

5- Pneumonia

6- Acute cerebrovascular disease

7- Acute myocardial infarction

8- Gastrointestinal hemorrhage

9- Shock

10- Pleurisy; pneumothorax; pulmonary collapse

11- Other lower respiratory disease

12- Complications of surgical

13- Other upper respiratory disease

Chronic 14- Hypertension with complications

15- Essential hypertension

16- Chronic kidney disease

17- Chronic obstructive pulmonary disease

18- Disorders of lipid metabolism

19- Coronary atherosclerosis and related

20- Diabetes mellitus without complication

Mixed 21- Cardiac dysrhythmias

22- Congestive heart failure; non hypertensive

23- Diabetes mellitus with complications

24- Other liver diseases

25- Conduction disorders

Table 3.4: Phenotype categories

the decompensation rate is around 6.5% (3,664 patients).

3.3.5 Prediction algorithms

Baselines

We compare our model with two standard baseline approaches namely, lo-

gistic/linear regression (LR) and a 1-layer artificial neural network (ANN).

The embeddings for these models are learned in the same way as for the

proposed BiLSTM model as explained in the section that follows.
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Deep Learning models

In this section, we describe the selected clinical variables, approaches to

represent these variables as well as baseline and deep models used in this

study. The architecture of this work consists of three modules, namely

input module, encoder module and output module as shown in Fig. 3.2.

Figure 3.2: Model architecture

Input representation: We process and model both numerical and cate-

gorical variables separately, as shown in Table 3.2. Categorical variables

are represented using either one-hot encoding (OHE) or entity embedding

(EE). OHE is the baseline approach that converts the variables into binary

representation. Using this approach for our 7 categorical variables results

in 429 unique records, rendering a large sparse matrix. In response, we rep-

resent each variable as an embedding and compare the performance with

the OHE approach. We use entity embedding [106], where each categorical
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variable in the dataset is mapped to a vector and the corresponding embed-

ding is added to the patient’s record. This entity embedding is learned by

the neural network during the training phase along with other parameters.

As such, the final representation of the input at time t is as follows:

xt = [Numt;U(Catt)]

where Numt is the numerical variable, Catt is the categorical variable at

time t and U is the embedding matrix learned by the model.

Encoder: To capture sequential dependency in our data, we use Recur-

rent Neural Network (RNN) that resemble a chain of repeating mod-

ules to efficiently model sequential data [107]. They take sequential data

X = (x1, x2, ....xn) as input and provide a hidden representation H =

(h1, h2, ....hn) which captures the information at every time step in the

input. Formally,

ht = f(xt +Wht−1)

where xt is the input at time t, W is the parameter of RNN learned during

training and f is a non-linear operation such as sigmoid, tanh or ReLU.

A drawback of regular RNNs is that the input sequence is fed in one

direction, normally from past to future. In order to capture both past

and future context, we use a Bidirectional Long Short Term Memory (BiL-

STM) [108] [26] for our model, which processes the input in both forward

and backward direction. Using a BiLSTM the model is able to capture

the context of a record not only by its preceding records but also with the

following records, allowing the model to produce more informed predic-

tions. The input at time t is represented by both its forward context
−→
ht
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and backward context
←−
ht as ht = [

−→
ht ;
←−
ht ]. Similarly, the representation of

the completed patient record is given by hT = [
−→
hn;
←−
h1].

Output: The choice of output layer is based on whether the benchmarking

task is a regression or a classification task.

Remaining LoS prediction is a regression task, in which we predict the

remaining LoS record-wise. That is, each patient record is fed to the model

to predict the remaining LoS for that specific time step. This task is

realized using a many to many architecture, where we assign a label to

each patient record. The score for this task is obtained using:

ŷt = ReLU(W · ht) (3.1)

where yt is the remaining LoS predicted and ReLU is the non-linear activa-

tion function used as the prediction of remaining LoS cannot be negative.

In-hospital mortality and decompensation are binary classification tasks.

For the in-hospital mortality the many to one architecture is applied and

the classifier is as follows:

ŷ = σ(W · hT ) (3.2)

For the decompensation task, a many to many architecture is applied.

Prediction at each-time step is treated as a binary classification and the

classifier is defined as:

ŷt = σ(W · ht) (3.3)

Phenotyping is defined as a multi-label task with 25 binary classifiers

for each phenotype, and the score for the task is obtained using:

ŷt
n = σ(Wn · ht) (3.4)
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where t is the time step and n is the phenotype being predicted and Wn

is the model parameter.

3.3.6 Source Code

We made use of several open-source libraries based on Python to conduct

our experiments; machine learning framework Scikit-learn [109] and DL

framework Pytorch [110].

The source code for our experiments is publicly available at this GitHub

repository, so that anyone with access to the public eICU-CRD can repli-

cate our experiments and build upon our work.

3.4 Results

In this section, we report benchmarking results of methods and predic-

tion algorithms, focusing on answering the following questions: (a) How

does performance of our model compare to the performance of clinical

scoring systems as well as baseline algorithms (logistic/linear regression in

our case); and (b) What is the impact on prediction performance when us-

ing different feature sets, such as categorical and numerical variables, solely

categorical and solely numerical variables? We evaluate our model through

a 5-fold cross-validation using the following evaluation metrics: for the re-

gression task we report coefficient of determination R2, and Mean Absolute

Error (MAE), while for the classification tasks we report AUROC (Area

Under the Receiver Operating Characteristics), AUPRC (Area Under the

Precision Recall Curve), Specificity and Sensitivity (set to 90% to facilitate
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direct comparison of results), Positive Predictive Value (PPV) and Nega-

tive Predictive Value (NPV); all the numerical results are presented with

95% confidence interval (CI).

3.4.1 Mortality prediction

Results from this task indicate that the proposed approach of learning

embeddings for categorical variables is more effective than OHE represen-

tation. This holds true for both baseline models (LR and ANN) as well

as BiLSTM model, reflected in the prediction performance of each model.

Furthermore, BiLSTM model result difference is statistically significant

compared to all the other approaches in predicting mortality in both the

24 hour window and the 48 hour window considering AUROC, AUPRC,

and Specificity metrics as shown in Table 3.5. It is interesting to note that

using only categorical variables (reducing the number of variables from

20 to only 7) with embedding provides a better performance than using

numerical variables only (AUROC 78.23% (95% CI, 77.08% - 79.43%) vs.

76.60% (95% CI, 76.03% - 77.24%) for the first 24h). These results sug-

gest that EE of categorical features in vector space is more effective in the

prediction of mortality.
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Data Model Num. Cat. Repn. AUROC% (95% CI) AUPRC% (95% CI) Spec.% (95% CI) Sens.% PPV% (95% CI) NPV%(95% CI)

F
ir

st
24

h
ou

rs APACHE X X Not spec. 77.30 41.23 38.74 86 57.09 93.07

LR X X EMB 79.95 (79.10 - 80.85)† 40.56 (38.84 - 42.27)† 46.82 (43.34 - 50.30)† 90 64.73 (60.08 - 69.37) 90.10 (89.93 - 90.27)†

ANN X X EMB 82.46 (81.75 - 83.24)† 45.94 (44.77 - 47.11)† 50.70 (46.52 - 54.89) 90 66.02 (64.01 - 68.03) 90.68 (90.38 - 90.98)

BiLSTM X X EMB 83.70 (83.07 - 84.40) 48.47 (46.53 - 50.40) 53.44 (50.54 - 56.34) 90 65.91 (57.07 - 74.76) 91.16 (90.18 - 92.13)

BiLSTM X X OHE 82.89 (82.18 - 83.65)‡ 46.71 (44.52 - 48.90) 50.78 (48.18 - 53.37) 90 64.36 (59.12 - 69.60) 91.21 (90.67 - 91.75)

BiLSTM 5 X EMB 78.23 (77.08 - 79.43)† 39.89 (37.60 - 42.18)† 41.74 (39.58 - 43.91)† 90 65.19 (53.04 - 77.34) 90.42 (89.62 - 91.22)

BiLSTM X 5 5 76.60 (76.03 - 77.24)† 38.61 (36.89 - 40.34)† 36.80 (34.40 - 39.20)† 90 63.95 (60.40 - 67.50) 90.18 (89.76 - 90.60)‡

F
ir

st
48

h
ou

rs LR X X EMB 82.31 (81.56 - 83.12)† 45.41 (44.01 - 46.80)† 50.96 (46.72 - 55.20)† 90 68.54 (64.91 - 72.18) 90.34 (90.11 - 90.57)†

ANN X X EMB 85.27 (84.69 - 85.90)† 52.34 (51.01 - 53.67)† 57.31 (55.03 - 59.58) 90 67.73 (64.27 - 71.19) 91.73 (91.33 - 92.13)

BiLSTM X X EMB 86.55 (85.65 - 87.52) 54.98 (53.20 - 56.77) 59.70 (54.85 - 64.54)† 90 67.16 (56.38 - 77.95) 92.22 (90.82 - 93.63)

BiLSTM X X OHE 85.28 (84.29 - 86.37)‡ 52.38 (51.25 - 53.50)† 57.22 (53.17 - 61.26) 90 63.63 (56.36 - 70.90) 92.01 (91.20 - 92.82)

BiLSTM 5 X EMB 80.33 (79.19 - 81.54)† 45.51 (42.88 - 48.14) 45.51 (43.00 - 48.02)† 90 63.00 (46.27 - 79.73) 91.33 (90.12 - 92.54)

BiLSTM X 5 5 81.21 (79.75 - 82.74)† 45.78 (44.07 - 47.49)† 47.90 (43.48 - 52.31)† 90 66.30 (58.76 - 73.83) 90.85 (90.53 - 91.17)‡

Table 3.5: In-hospital mortality prediction during first 24 and 48 hours in ICU. (Num.

and Cat. indicate presence of numerical and categorical variables respectively. Repn.

indicates representation of categorical variables, either One Hot Encoding (OHE) or

embedding (EMB) ). If the differences between BiLSTM result and other models (LR,

ANN, and BiLSTM with varying data representation) is statistically significant on a

two-tailed t-test then it is indicated with †, ‡ († p < 0.05, ‡ p < 0.1). The

best-performing metric values are represented in bold font.

3.4.2 Remaining length of stay in unit prediction

Predicting remaining LoS in the ICU with a limited number of clinical

variables is a highly challenging task, as shown by [82]; As Indicated in

Figure 3.1 to predict remaining LoS in ICU, we included patients who

stayed in ICU, which resulted in a wide range of LoS in ICU from 0 to 51

days as shown in Figure 3.4 which makes the prediction of remaining LoS

in the ICU more challenging.

Our approach is designed in a way that the model requires 12 hours

(derivation window) of observation data to predict the remaining LOS at

the 13th hour, with a 6-hour sliding window, as shown in Figure 3.3. By

using the past 12 hours of stay in the ICU, the model creates a data

representation and subsequently predicts the remaining LoS at the 13th
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hour up to the ICU discharge.

Figure 3.3: Remaining LoS prediction schematic
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Figure 3.4: Remaining LoS in ICU distribution

Results from this task indicate that comparing BiLSTM with ANN, we

achieved incremental improvements in the R2 although the result differ-

ences were not statistically significant due to the low number of time steps

provided to BiLSTM. Moreover, statistically significant differences were

found comparing BiLSTM result to LR, BiLSTM with OHE representa-

tion, BiLSTM with solely numerical, and BiLSTM with solely categorical

variables in predicting remaining LoS in the ICU as shown in Table 3.6. It
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is noteworthy that using only numerical variables provides better perfor-

mance than categorical variables only (R2 0.046 (95% CI, 0.037 - 0.056) vs.

-0.003 (95% CI, -0.042 - 0.035)). We focus the comparison of our results on

R2 as there is some evidence to suggest that R2 metric is more informative

than MAE in evaluation of regression analysis [111].

Data Model Num. Cat. Repn. R2(95% CI) MAE [Day](95% CI)

In
IC

U
u

n
it LR X X EMB 0.042 (0.040 - 0.044)† 1.301 (1.288 - 1.314)

ANN X X EMB 0.066 (0.056 - 0.076) 1.282 (1.246 - 1.319)

BiLSTM X X EMB 0.075 (0.066 - 0.083) 1.292 (1.256 - 1.328)

BiLSTM X X OHE 0.054 (0.036 - 0.071)† 1.293 (1.262 - 1.322)

BiLSTM 5 X EMB -0.003 (-0.042 - 0.035)† 1.320 (1.286 - 1.354)

BiLSTM X 5 5 0.046 (0.037 - 0.056)† 1.317( 1.282 - 1.353)

Table 3.6: Remaining LoS prediction in rolling window manner.

If the differences between BiLSTM result and other models (LR, ANN, and BiLSTM

with varying data representation) is statistically significant on a two-tailed t-test then it

is indicated with †, ‡ († p < 0.05, ‡ p < 0.1). The best-performing metric values are

represented in bold font.

3.4.3 Phenotyping

For the phenotyping task, we focus on comparing performance (AUROC

with 95% CI) of the proposed model on different subset of features, namely

numerical versus categorical variables. Results from this task indicate that

using both numerical and categorical features we achieved statistically sig-

nificant differences compare to results from employing solely numerical and

solely categorical features. Moreover, using only the categorical features,

modelled as entity embeddings shows a significantly higher performance

79.40% (95% CI, 77.54% - 81.26%) compared to using only the numeri-
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cal features 66.25% (95% CI, 63.68% - 68.60%) as outlined in Table 3.7.

Clearly categorical features are more effective in representing patients’ phe-

notype, since integrating both of the subsets does not significantly improve

the result of 79.40% from 78.12%.

In this task there is a wide difference between performance of the model

on individual diseases, varying from 60.81% (95% CI, 54.86% - 66.76%)

(diabetes mellitus without complications) to 94.34% (95% CI, 93.64% -

95.04%) (acute cerebrovascular disease). As a general trend prediction per-

formance on acute diseases is higher (82.06% (95% CI, 80.58% - 83.54%))

than that on chronic diseases (73.03% (95% CI, 70.60% - 75.46%)). This

may be due to the slow-progressing nature of chronic diseases, where

recorded ICU data is relatively short and thus unable to fully capture

events related to chronic diseases.

3.4.4 Decompensation prediction

As mentioned in Section Physiologic Decompensation, mortality prediction

and decompensation are related, with the difference that in decompensa-

tion we predict whether the patient survives in the next 24 hours, given

the previous 12 hours. Similar to the remaining LoS task, as shown in

Figure 3.5 the model, using the previous 12 hours of data, predicts the

decompensation state in a 6-hour rolling-window.

As demonstrated in Table 3.8 the BiLSTM outperforms ANN although

the result differences were not statistically significant due to the low num-

ber of time steps provided to BiLSTM. Moreover, the results differences

comparing BiLSTM to LR, BiLSTM with solely categorical variables, and
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Phenotype Prevalence Type Variable

Num & cat Num. Cat.

AUROC% (95% CI) AUROC% (95% CI) AUROC% (95% CI)

Respiratory failure; insufficiency; arrest 0.241 acute 82.69 (81.94 - 83.44) 72.56 (71.48 - 73.64)† 81.45 (81.20 - 81.70)†

Fluid and electrolyte disorders 0.156 acute 70.92 (69.57 - 72.26) 60.14 (59.02 - 61.27)† 71.89 (71.07 - 72.72)

Septicemia 0.145 acute 91.16 (90.56 - 91.76) 70.56 (68.85 - 72.28)† 91.14 (90.49 - 91.80)

Acute and unspecified renal failure 0.142 acute 75.46 (74.70 - 76.22) 65.20 (64.16 - 66.25)† 74.16 (73.09 - 75.23)‡

Pneumonia 0.120 acute 88.49 (87.18 - 89.79) 69.46 (67.95 - 70.97)† 88.93 (88.19 - 89.67)

Acute cerebrovascular disease 0.108 acute 94.34 (93.64 - 95.04) 73.88 (72.34 - 75.42)† 94.16 (93.82 - 94.50)

Acute myocardial infarction 0.090 acute 91.16 (89.53 - 92.78) 69.55 (67.75 - 71.35)† 91.27 (90.14 - 92.40)

Gastrointestinal hemorrhage 0.079 acute 90.43 (89.18 - 91.67) 60.22 (58.95 - 61.48)† 91.20 (90.43 - 91.96)

Shock 0.068 acute 85.23 (84.62 - 85.83) 76.61 (75.30 - 77.93)† 83.06 (82.00 - 84.11)†

Pleurisy; pneumothorax; pulmonary collapse 0.039 acute 69.34 (67.04 - 71.63) 59.96 (57.59 - 62.33)† 70.78 (68.34 - 73.21)

Other lower respiratory disease 0.030 acute 80.14 (78.97 - 81.31) 57.24 (55.86 - 58.61)† 80.74 (78.98 - 82.50)

Complications of surgical 0.011 acute 68.12 (64.25 - 71.97) 52.27 (47.70 - 56.83)† 69.03 (65.80 - 72.26)

Other upper respiratory disease 0.007 acute 79.34 (76.36 - 82.31) 52.94 (42.95 - 62.94)† 76.23 (68.17 - 84.29)

Macro-average (acute diseases) — — 82.06 (80.58 - 83.54) 64.66 (62.30 - 67.02)† 81.85 (80.13 - 83.56)

Hypertension with complications 0.019 chronic 84.92 (82.03 - 87.80) 79.51 (78.07 - 80.94)† 80.79 (78.25 - 83.32)†

Essential hypertension 0.203 chronic 71.00 (70.44 - 71.55) 66.40 (65.28 - 67.51)† 68.33 (67.07 - 69.59)†

Chronic kidney disease 0.104 chronic 65.83 (63.70 - 67.96) 61.88 (60.25 - 63.50)† 60.53 (58.10 - 62.96)†

Chronic obstructive pulmonary disease 0.093 chronic 76.12 (74.35 - 77.88) 63.49 (61.78 - 65.20)† 74.03 (71.16 - 76.90)

Disorders of lipid metabolism 0.054 chronic 72.22 (69.88 - 74.56) 62.94 (61.81 - 64.06)† 71.74 (70.47 - 73.01)

Coronary atherosclerosis and related 0.041 chronic 80.34 (78.97 - 81.71) 64.46 (61.11 - 67.81)† 79.55 (77.84 - 81.26)

Diabetes mellitus without complication 0.006 chronic 60.81 (54.86 - 66.76) 58.16 (50.89 - 65.43)† 57.89 (51.47 - 64.31)

Macro-average (chronic diseases) — — 73.03 (70.60 - 75.46) 65.26 (62.74 - 67.77)† 70.40 (67.76 - 73.05)

Cardiac dysrhythmias 0.165 mixed 74.85 (72.12 - 77.57) 65.68 (65.11 - 66.25)† 71.35 (70.70 - 72.00)†

Congestive heart failure; non hypertensive 0.106 mixed 78.98 (78.16 - 79.79) 65.72 (64.94 - 66.51)† 76.72 (74.13 - 79.31)‡

Diabetes mellitus with complications 0.047 mixed 92.96 (92.41 - 93.50) 89.03 (87.08 - 90.97)† 89.36 (88.05 - 90.66)†

Other liver diseases 0.039 mixed 76.48 (73.34 - 79.62) 68.29 (66.21 - 70.37)† 76.15 (73.40 - 78.90)

Conduction disorders 0.013 mixed 83.80 (80.76 - 86.84) 67.37 (59.55 - 75.19)† 82.54 (78.14 - 86.93)

Macro-average (mixed diseases) — — 81.41 (79.36 - 83.46) 71.81 (68.58 - 73.86)† 79.22 (76.88 - 81.56)

Macro-average (all diseases) — — 79.40 (77.54 - 81.26) 66.25 (63.68 - 68.60)† 78.12 (76.01 - 80.22)

Table 3.7: Phenotyping task on eICU-CRD (reported scores are AUROC with 95% CI)

If the differences between BiLSTM result and other models If the differences between

the proposed BiLSTM model result using Num & cat variables is statistically significant

than only Num variables or Cat variables on a two-tailed t-test then it is indicated with

†, ‡ († p < 0.05, ‡ p < 0.1).

BiLSTM with solely numerical variables are statistically significant con-

sidering AUROC, AUPRC, and NPV metrics. Furthermore, unlike the

remaining LoS task, the prediction of decompensation using the categori-
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cal variables solely outperforms employing the numerical variables solely.

Figure 3.5: Decompensation prediction schematic

Data Model Num. Cat. Repn. AUROC% (95% CI) AUPRC% (95% CI) Spec.% (95% CI) Sens.% PPV% (95% CI) NPV% (95% CI)

In
IC

U
u
n
it LR X X EMB 78.99 (77.06 - 80.95)† 22.78 (19.88 - 25.67)† 43.92 (40.02 - 47.82)† 90.00 49.44 (35.70 - 63.19) 95.08 (94.64 - 95.52)

ANN X X EMB 83.57 (82.31 - 84.87) 27.86 (24.95 - 30.78) 54.08 (49.75 - 58.41) 90.00 48.55 (42.14 - 54.97) 95.01 (94.71 - 95.32)

BiLSTM X X EMB 83.78 (81.86 - 85.73) 30.79 (28.09 - 33.49) 53.36 (45.92 - 60.80) 90.00 51.83 (43.80 - 59.86) 95.15 (94.83 - 95.46)

BiLSTM 5 X EMB 78.17 (75.80 - 80.56)† 20.87 (19.45 - 22.23)† 42.27 (37.33 - 47.21)† 90.00 43.55 (38.21 - 48.89)‡ 95.08 (94.63 - 95.52)

BiLSTM X 5 5 72.96 (71.05 - 74.92)† 20.00 (18.91 - 21.10)† 29.05 (23.02 - 35.08)† 90.00 53.58 (38.43 - 68.72) 94.93 (94.61 - 95.25)

Table 3.8: Decompensation risk prediction in eICU-CRD in a rolling-window manner

If the differences between BiLSTM result and other models (LR, ANN, and BiLSTM

with varying data representation) is statistically significant on a two-tailed t-test then it

is indicated with †, ‡ ( † p < 0.05, ‡ p < 0.1). The best-performing metric values are

represented in bold font.

3.5 Discussion

In this study we have described four standardised benchmarks in machine

learning for critical care research. Our definition of benchmark tasks is

consistent with previously published benchmarks to facilitate comparison

with already published results. However, in this work we focus on the more
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recent eICU-CRD, where clinical data has been collected from 335 ICUs

across 208 hospitals across the United States. Our dataset contains a larger

number of patients and a wider range of patient groups, in comparison to

benchmarks published using a single center dataset, which should result in

lower systematic bias and increased generalisability of the study.

3.6 Conclusion

We provided a set of baselines for our benchmarks and show that BiLSTM

model outperforms clinical gold standard as well as the baseline models.

Of note is the impact of entity embedding of categorical variables in fur-

ther improving the performance of our LSTM-based model. Clearly, inter-

pretability remains a significant challenge of models based on deep neural

networks, including our BiLSTM model. However, there has been sig-

nificant progress in ”opening the black box” [112] as demonstrated by a

recently updated review of interpretability methods [113], bringing these

models one step closer to clinical practice. As our work is meant to track

the progress of machine learning in critical care, interpretability is cer-

tainly an important aspect of this progress. We believe that our work will

provide a solid basis to further improve critical care decision making and

we provide the source code for other researchers that wish to replicate our

experiments and build upon our results.

In the next chapter, we provide a comprehensive study related to the

prediction of delirium in critically ill patients in ICU which employs two

publicly available datasets such as eICU-CRD and MIMIC-III.
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Chapter 4

Delirium Prediction in the ICU

Delirium adversely affects both short and long-term patient outcomes.

Current methods of identifying patients at risk of delirium are based on

questionnaires with moderate accuracy or more advanced predictive models

require hundreds of variables. This chapter proposes developing a delirium

prediction model using machine learning models by using a limited number

of commonly available variables. Studying the linear or non-linear relation-

ship between these variables over temporal windows using machine learning

models, we aim to predict the risk of delirium in the varying observation

and prediction windows. Moreover, we rank the variables based on the

variables’ predictive influence to help the caregivers with interpretability,

and this should help to facilitate for implementation of a screening tool to

help caregivers at the bedside.

Delirium occurrence is common but preventive strategies are resource

intensive. Screening tools can prioritize patients at risk. Using machine

learning we can capture time and treatment effects that pose a challenge to

delirium prediction. We aim to develop a delirium prediction model that
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can be used as a screening tool. We retrospectively studied patients from

the eICU Collaborative Research Database (eICU-CRD) and the Medical

Information Mart for Intensive Care version III (MIMIC-III) database. The

eICU-CRD contains 200,859 intensive care unit (ICU) admissions collected

from 335 ICUs across 208 hospitals in the US from 2014 to 2015. The

MIMIC-III database contains 53,432 adult ICU admissions between 2001-

2012.

Patients with at least one Confusion Assessment Method -Intensive Care

Unit (CAM-ICU) value and ICU length of stay greater than 24 hours were

included in our study. We compared 21 quantitative clinical parameters be-

tween CAM-ICU-positive and CAM-ICU-negative patients to validate our

predictive model. We assessed performance of models built using multi-

ple machine learning methods against multiple observation and prediction

windows.

We evaluated 16546 and 6294 patients from eICU-CRD and MIMIC-III

databases respectively. Performance was best in BiLSTM models where,

precision and recall changed from 37.52% (95% CI 36.00%-39.05%) to 17.45

(95%CI 15.83%-19.08%) and 86.1% (95% CI 82.49%-89.71%) to 75.58%(95%

CI 68.33%-82.83%) respectively as prediction window increased from 12 to

96 hours. After optimizing for higher recall, precision and recall changed

from 26.96% (95% CI 24.99%-28.94%) to 11.34% (95% CI 10.71%-11.98%)

and 93.73% (95% CI 93.1%-94.37%) to 92.57% (95% CI 88.19%-96.95%)

respectively. Similar results were obtained in the MIMIC-III cohort. Our

model performed comparably to contemporary models using fewer vari-

ables. Using techniques like sliding windows, modification of threshold
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to augment recall and feature ranking for interpretability helped address

shortcomings of current models and build a model suitable for a screening

tool.

4.1 Introduction

The diagnosis of delirium is common in critically ill patients and depending

on the patient population its incidence can be up to 80% [114]. Delirium

leads to increased hospital length of stay and need for prolonged institu-

tionalization for critically ill patients [115, 116, 117]. Delirium drives up

healthcare costs, and its impact often persists beyond the intensive care

unit (ICU) including risk for functional decline in daily living activities,

and long-term cognitive impairment [118, 119, 120, 121, 122]. Treatment

and prevention of delirium is dependent on identifying the complex in-

terplay of multiple triggers in the ICU [123]. A multimodal strategy of

evidence-based best-practice recommendations aimed at coordinating mul-

tidisciplinary care to reduce delirium risk and expedite ICU discharge com-

monly referred to as the ABCDEF bundle is effective in both preventing

and treating delirium [124, 125]. Unfortunately this bundle of interventions

requires education of caregivers, coordination between a multidisciplinary

team, is labor and resource intensive, and therefore not consistently imple-

mented across all ICU patients and all health care settings [124, 126].

A screening tool to prioritize ABCDEF implementation to those who are

most vulnerable can be an invaluable tool to maximize the benefit of the

resource-intensive preventive measures. Current assessment tools, such as
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the Confusion Assessment Method for the Intensive Care Unit (CAM-ICU),

only diagnoses delirium after its onset [127]. Although certain patient

characteristics, such as age, illness severity, and certain medications, are

considered high risk for development of delirium or while elevations in

inflammatory bio-markers possibly associated with severe disease, these

risk factors have been inconsistent in their ability to predict the onset of

delirium [128, 129, 130].

Previous prediction models trained on small patient cohorts lacked ad-

equate power to capture the complex relationships between delirium and

the time-varying predictor variables [131, 132]. To improve accuracy larger

administrative datasets were used to develop prediction models, using sev-

eral hundred variables, but these models lack interpretability, and are al-

most impossible to adopt in day-to-day practice (PMID 30646095) [133].

Additionally, most of these models are not specific to the critically ill pop-

ulation and cannot be extrapolated to the ICU [132]. We propose to build

an ABCDEF screening tool by developing and fine tuning a delirium pre-

diction model that requires fewer variables than existing models and is able

to predict the risk of delirium in a continuous fashion using a sliding win-

dow. Using both conventional machine learning methods and deep learning

algorithms we will evaluate performance of our model across various ob-

servation and prediction windows to address the issues of variability across

time and treatment effects. In addition, we will rank the independent

variables in order of their predictive importance to help with interpretabil-

ity. These attributes should help pave the way for implementation of a

screening tool to help caregivers at the bedside.
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4.2 Methodology

4.2.1 Ethical Review

The data in the MIMIC-III is de-identified, and the institutional review

boards of the Massachusetts Institute of Technology (No. 0403000206) and

Beth Israel Deaconess Medical Center (2001-P-001699/14) both approved

the use of the database for research. The analysis using the eICU-CRD

is exempt from institutional review board approval due to the retrospec-

tive design, lack of direct patient intervention, and the security schema,

for which the re-identification risk was certified as meeting safe harbor

standards by an independent privacy expert (Privacert, Cambridge, MA)

(Health Insurance Portability and Accountability Act Certification no.

1031219-2).

4.2.2 Study Population

The eICU-CRD is a freely available multicenter database comprising 200,859

patient unit encounters for 139,367 unique patients admitted between 2014

and 2015 in over 200 hospitals located throughout the US [134]. The

MIMIC-III database is an open-access single-center ICU database includ-

ing 53,423 distinct hospital admissions for 46,476 unique patients admitted

from 2001 to 2012 [135]. Both datasets comprise data on patient demo-

graphics, vitals, clinical flowsheets, laboratory values, medications, inter-

ventions, and outcomes.

Any patient admitted to the ICU for 24 hours or more and with at least

one CAM-ICU assessment was included in our study population Figure
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4.1.

Figure 4.1: Cohort selection criteria

4.2.3 Delirium Assessment

We evaluated the ability of our model to predict delirium at 12 hours, 24

hours, 48 hours, 72 hours and 96 hours after observing for 12 hours, 24

hours or 48 hours. The diagnosis of delirium was made when at least one

CAM-ICU value was positive [127]. In instances with multiple CAM-ICU

assessments, onset of delirium was determined from the time of the first

positive CAM-ICU.

4.2.4 Variable Selection

The rationale for selection of independent variables was based on their abil-

ity to predict delirium in prior literature, availability in our databases, ease

of extracting and monitoring in a real-time environment. We identified 21

categorical or numerical variables classified into demographic data, vital

signs, laboratory values, and vasopressor dose that fulfilled above crite-

ria [136, 137, 138, 139, 140, 141, 142, 143, 144, 145, 146, 147]. We also cal-
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culated daily sequential organ failure assessment (SOFA) scores to provide

overall patient status. Since admission diagnoses or past medical history

were not consistently available in the applied datasets, we excluded them.

Downstream variables such as outcomes would not be available in real-time

and similarly excluded. Initiation of delirium therapies like antipsychotic

drugs could be a reaction to onset of delirium, and hence excluded to avoid

confounding. Table 5.2 lists all the variables used.

Variable group Variable name

Demographic data age, gender, height, weight

Vita signs oxygen saturation (SpO2), heart rate (HR), temperature

Other Measurements sofa, sofa without GCS, Ventilation

Laboratory Measurements white blood cell count (WBC), sodium (Na),

blood urea nitrogen (BUN), glucose, hemoglobin, platelets,

potassium, chloride, bicarbonate, creatinine

Medications as continuous drips Dopamine, epinephrine, norepinephrine, phenylephrine

(all calculated as norepinephrine equivalent)

Table 4.1: Variables included in the prediction models

4.2.5 Data Pre-processing

All variables were aggregated into hourly intervals, where the last recorded

value was used as a candidate for that interval. In cases where the last

value for each variable is not measured in the interval, the representative

of that interval was computed by averaging the available measurements in

the interval. Missing values that were collected hourly like vital signs were

imputed by forward and backward imputation. Categorical variables were
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converted into a vector in order to capture the semantics of each category

at the model derivation phase. For all continuous variables, we utilized

the recorded value in the database without any adaptation. As depicted

in Table 4.2, heat-map further details the set of variables, including linear

correlations between each variable.

Panel A.

Panel B.

Table 4.2: Heat-map showing correlation between variables. Blue shows strong positive

correlation, Red shows strong negative correlation. Panel A: eICU-CRD, Panel B:

MIMIC-III
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4.2.6 Model Derivation and Validation

We evaluated the results based on 5-fold stratified cross-validation. This

method divides data into 5 folds where in each fold there exist 5 subsets of

data. Four of these subsets are considered a derivation set and one subset

is considered as a mutually exclusive validation set. Typically, metrics cal-

culated based on the k-fold stratified cross-validation can effectively assess

overfitting and has lower variance [148].

We used 3 sets of algorithms to evaluate delirium prediction, namely

Logistic Regression (LR), Random Forest (RF), and Bidirectional Long

Short-Term Memory (BiLSTM). BiLSTM represents an evolution from re-

current neural network-based LSTM, and with a backward input, preserves

information from both past and future. This produces more accurate pre-

dictions [149, 150].

Considering that both LR and RF are unable to process time series

variables efficiently, we pre-processed the clinical variables and all time

steps and corresponding variables were flattened into a single record. This

was done to ensure that both LR and RF have access to the same data

about the changes in patient state as BiLSTM, to ensure a fair performance

comparison.

4.2.7 Statistical Analysis

The classification results for delirium prediction are reported using the Area

Under Receiver Operating Characteristic (AUROC), Area Under Precision

Recall Curve (AUPRC), Precision and Recall.

75



4.2. METHODOLOGY

4.2.8 Model Interpretability

Although there are many definitions of interpretability, we focused on how

the model ranks each input variable with respect to outcome prediction.

LR and RF have been successfully employed in the clinical domain due

to their ease of interpretation, but they perform poorly on large, high-

dimensional, longitudinal and irregular EHR datasets [151].

In this context, we employed the Shapley Value Sampling (SVS) method

to probe the Bi-LSTM model [152]. SVS is a perturbation-based method to

compute variable attribution, which is based on sampling theory that can

be used to estimate Shapley values [40]. The SVS produces feature ranking

with respect to each feature input, allowing us to rank these variables based

on their predictive power. Given that interpretability of neural networks

is still an open research question, especially for temporal neural networks,

we also provide results from two other methods, namely Integrated Gra-

dient (IG) and Guided Backpropagation (GB), to ensure that the variable

importance results are consistent across the three methods [153, 154, 42].

4.2.9 Source Code

We made use of several open-source libraries based on Python to conduct

our experiments; machine learning framework Scikit-learn [109] and DL

framework Pytorch [110]. The entire source code detailing our methods

and experiments is publicly available at this GitHub repository such that

anyone can replicate our results and build upon our work.
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4.3 Results

4.3.1 Patient characteristics

The eICU-CRD cohort consisted of 16,546 patients, with a mean age of

62.84 (±16.02) years and 46.53% were female. The incidence of delirium

was 19.06% as shown in Table 5.1. In the first 48 hours of admission,

59.30% of patients presented with delirium. The MIMIC-III cohort con-

sisted of 6,294 patients, with a mean age of 63.58 (±15.79) years and 43.82%

were female. The incidence of delirium was 20.15% and 66.34% of patients

presented within the first 48 hours of ICU admission. For vital signs and

laboratory values that were generated hourly, an average of approximately

7% were missing values.
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CHAPTER 4. DELIRIUM PREDICTION IN THE ICU

4.3.2 Performance of Machine Learning Models

The BiLSTM algorithm was noted to have had the highest AUROC and

AUPRC values for most of the observation-prediction combinations. With

24 hour observation of the eICU-CRD cohort and 48 hour prediction,

the AUROC of BiLSTM model was 84.87% (95% CI, 83.32%-86.41%),

LR 82.57% (95% CI, 79.64%-85.47%) and RF 83.24% (95% CI, 81.83%-

84.67%), and AUPRC of 34.97% (95% CI,32.22%-37.27%), 31.07% (95%

CI, 27.62%-33.81%) and 32.82% (95% CI, 28.89%-36.75%) respectively

(Figure 4.4).

As shown in Figure 4.4, BiLSTM outperforms LR and RF by a small

margin when the observation window is small (12 hours); however, the

observation window has a direct effect on this difference margin between

BiLSTM, LR, and RF. This margin increases as the observation window

increases, meaning by providing more data sequences to BiLSTM, the per-

formance margin increases among BiLSTM, LR, and RF.

79



4.3. RESULTS

O
b
s.P

re
d
.

12
h

24
h

48
h

72
h

96
h

P
a
n
e
l

A
.

u
n
m

o
d
ifi

e
d

th
re

sh
o
ld

s

12
h

24
h

48
h

P
a
n
e
l

B
.

th
re

sh
o
ld

s
o
p
ti

m
iz

e
d

fo
r

h
ig

h
e
r

re
ca

ll

12
h

24
h

48
h

T
ab

le
4.

4:
A

U
R

O
C

G
ra

ph
s

fo
r

M
ac

hi
n

e
L

ea
rn

in
g

M
od

el
s

on
eI

C
U

-C
R

D
-

M
od

el
de

ri
ve

d
an

d
va

li
da

te
d

u
si

n
g

C
ro

ss
-v

al
id

at
io

n
.

P
an

el
A

:
u

n
m

od
ifi

ed
th

re
sh

ol
ds

,
P

an
el

B
:

th
re

sh
ol

ds
op

ti
m

iz
ed

fo
r

hi
gh

er
re

ca
ll

80



CHAPTER 4. DELIRIUM PREDICTION IN THE ICU

Since BiLSTM had the best AUROCs and AUPRCs, we calculated the

precision and recall values in each observation-prediction window using

BiLSTM. In the eICU-CRD derivation cohort, for the 12 hour observation

window, the precision and recall decreased from 37.52% (95% CI,36.00%-

39.05%) to 28.68% (95% CI, 24.88%-32.49%) and from 86.1% (95% CI,

82.49%-89.71%) to 63.49% (95% CI, 52.91%-74.08%) respectively when the

prediction window changed from 12 hour to 96 hours (Table 4.5 and Table

4.6). When increasing the observation window for 48 hour prediction,

the precision and recall changed from 32.82% (95% CI, 29.6%-36 .04%)

to 17.9% (95% CI, 15.37%-20.44%) and from 82.22% (95% CI, 78.16%-

86.27%) to 73.95% (95% CI, 64.8%-83.11%).

As we were interested in making our model more sensitive for screening,

we changed thresholds to have higher recall at the expense of precision. For

a 12 hour observation window, while recall changed slightly from 93.73%

(95% CI, 93.1% - 94.37%) to 92.57% (95% CI, 88.19%-96.95%) as the pre-

diction window changed from 12 hour to 96 hours, the precision decreased

from 26.96% (95% CI, 24.99%-28.94%) to 11.34% (95% CI, 10.71%-11.98%)

(Table 4.6). For the 48 hour prediction window as we increased the obser-

vation window from 12 hours to 48 hours, the precision and recall changed

from 16.82% (95% CI, 15.61%-18.02%) to 15.64% (95% CI, 13.96%-17.42%)

and 92.15% (95% CI, 88.47%-95.82) to 91.13% (95% CI, 89.57%- 92.69%)

respectively. Similar results for the MIMIC-III cohort are presented in (Ta-

ble 4.9, Figure 4.7 and Figure 4.8). A heat map demonstrating correlation

among features is presented in Table 4.2 for the eICU-CRD and MIMIC-III

populations.
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Panel A. Panel B.

Panel C. Panel D.

Table 4.5: Comparison of Precision and Recall in different observation and prediction

windows in the eICU cohort. Panel A. Precision with unmodified thresholds, Panel B:

Precision with thresholds adjusted for higher recall, Panel C. Recall with unmodified

thresholds, Panel D: Recall with thresholds adjusted for higher recall
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Obs.

Pred.
12 hours 24 hours 48 hours 72 hours 96 hours

A. Unmodified thresholds

AUROC

12 hours 87.82 (87.17-88.30) 86.82 (85.15-88.64) 84.00 (81.68-86.13) 81.45 (78.61-84.10) 79.03 (76.69-82.11)

24 hours 88.39 (86.41-89.96) 86.68 (85.79-88.15) 84.87 (83.32-86.41) 81.99 (80.66-83.38) 79.93 (76.57-83.34)

48 hours 88.00 (75.78-89.59) 87.23 (86.30-88.20) 84.51 (82.14-86.92) 82.19 (80.99-83.41) 79.78 (75.37-84.25)

AUPRC

12 hours 46.86 (42.52-50.85) 40.92 (37.03-44.46) 34.04 (28.99-38.24) 26.78 (25.24-27.71) 24.90 (18.48-30.22)

24 hours 44.62 (39.11-50.02) 40.85 (38.38-43.10) 34.97 (32.22-37.27) 28.68 (23.78-33.02) 26.37 (21.00-31.28)

48 hours 41.67 (37.52-45.62) 39.64 (37.00-42.07) 33.35 (27.58-38.88) 29.75 (26.06-32.90) 26.43 (19.65-32.71)

Precision

12 hours 37.52 (36.00-39.05) 32.68 (29.09-36.28) 25.01 (22.73-27.28) 21.30 (20.09-22.49) 17.45 (15.83-19.08)

24 hours 35.27 (33.51-37.03) 30.69 (28.71-32.66) 24.84 (23.35-26.32) 20.69 (18.24-23.15) 19.08 (17.85-20.31)

48 hours 32.82 (29.60-36.04) 29.37 (25.18-33.56) 24.17 (21.68-26.67) 22.25 (18.85-25.66) 17.90 (15.37-20.44)

Recall

12 hours 86.10 (82.49-89.71) 84.09 (81.81-86.37) 80.53 (76.76-84.30) 77.96 (69.87-86.05) 75.58 (68.33-82.83)

24 hours 84.74 (81.57-87.90) 83.87 (81.24-86.50) 79.44 (75.53-83.35) 78.73 (72.41-85.05) 71.20 (61.95-80.45)

48 hours 82.22 (78.16-86.27) 82.06 (78.55-85.56) 80.38 (75.53-85.24) 75.11 (67.85-82.37) 73.95 (64.80-83.11)

B. Threshold optimized favoring a higher recall

AUROC

12 hours 87.45 (86.87-88.03) 86.41 (84.12-88.71) 83.63 (81.43-85.83) 81.19 (78.49-83.89) 79.01 (76.10-81.92)

24 hours 87.93 (86.39-89.48) 86.63 (85.41-87.86) 84.25 (82.92-85.62) 81.50 (80.13-82.90) 79.66 (76.61-82.72)

48 hours 87.24 (85.34-89.15) 85.93 (84.29-87.60) 83.94 (81.72-85.90) 81.76 (81.03-82.61) 78.99 (74.90-83.01)

AUPRC

12 hours 46.63 (42.17-50.93) 39.52 (34.88-43.89) 33.21 (28.84-36.83) 26.55 (23.55-28.97) 24.30 (18.52-29.21)

24 hours 44.55 (39.40-49.02) 39.95 (38.25-41.47) 33.70 (30.96-36.07) 27.49 (22.86-31.46) 26.11 (22.02-29.85)

48 hours 40.96 (36.55-44.72) 36.98 (32.38-41.33) 32.12 (26.50-37.45) 29.55 (25.26-33.35) 24.65 (15.60-33.20)

Precision

12 hours 26.96 (24.99-28.94) 22.04 (20.66-23.42) 16.82 (15.61-18.02) 13.33 (13.03-13.60) 11.34 (10.71-11.98)

24 hours 23.61 (22.55-24.66) 21.73 (20.63-22.83) 16.57 (15.74-17.38) 13.46 (12.29-14.62) 12.60 (11.81-13.39)

48 hours 23.18 (20.49-25.87) 18.70 (14.49-22.87) 15.64 (13.96-17.42) 14.02 (12.06-16.04) 11.69 (10.75-12.73)

Recall

12 hours 93.73 (93.10-94.37) 93.08 (90.42-95.75) 92.15 (88.47-95.82) 92.08 (90.25-93.91) 92.57 (88.19-96.95)

24 hours 93.59 (91.69-95.48) 92.29 (88.83-95.76) 91.65 (89.07-94.23) 89.72 (86.74-92.69) 90.40 (88.58-92.23)

48 hours 90.49 (86.48-94.50) 91.46 (89.97-92.95) 91.13 (89.57-92.69) 89.37 (84.87-93.41) 90.20 (82.79-97.61)

Table 4.6: Performance metrics of derived model in eICU-CRD cohort, metrics are

reported in percentage with (95 %CI). Panel A. Unmodified thresholds. Panel B. After

thresholds were optimized favoring higher recall.
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4.3.3 Interpretability

As discussed earlier, we employed SVS, IG, and GB interpretable methods

to probe the Bi-LSTM model [152, 153, 154, 42]. Table 4.10 depicts how

each of the interpretable methods ranks the features that have contributed

to delirium prediction according to their relative importance in the eICU-

CRD derived model. In this regards, clinical features such as ventilation,

heart rate, age, white blood cell count, SOFA score and vasopressor use

are the highest ranked features across different prediction windows. Most

of these features are also the highest ranked features when assessing inter-

pretability in the MIMIC III cohort as depicted in Table 4.11.

4.4 Discussion

Our study shows that a machine learning model using only a few routine

clinical variables replicated the performance of previously reported models

that were developed using hundreds of variables. Our study successfully

demonstrated that we can modify the performance of a model to fit our

clinical needs as an effective screening tool. We took the following steps

that helped us achieve our goal: 1.) we studied the peak delirium onset

time in our population and optimized the model to maximize predictive

accuracy in that time frame; 2.) we incorporated sliding windows in our

model for continuous prediction across time and address drop in perfor-

mance associated with predictions further ahead; and 3.) We adjusted our

thresholds to favor a high recall to ensure the model detects all patients at

risk of delirium. Furthermore, we demonstrated that performance across
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different datasets diminish in accuracy and needs to be individualized to

the population. Our features when ranked suggest older and more critically

ill patients are at greater risk of delirium, especially in combination with

mechanical ventilation and vasopressor therapy. Our model’s ranking of

features is consistent with what we already know as high-risk features. We

have shared our code for replication and for adjustments based on specific

needs.

Screening tools like CAM-ICU describe a snapshot in time and do not

give an idea of the patient’s progress nor are predictive. Strategies based

on established best practices such as ABCDEF are resource intensive and

challenging to implement universally [124]. Despite effective prevention

strategies, delirium is still commonplace in the ICU highlighting a need for

a screening tool that prioritizes patients at risk. Few models exist that can

both accurately predict and be easy to implement. Most models use sev-

eral hundred variables or use only a snapshot of features that can vary with

time. Also, many of these models were trained on small datasets and use

inconsistent approaches for collecting and/or stratifying data into training

and validation cohorts limiting generalizability [131, 133]. The Pre-Deliric

and e-Pre-Deliric, were built with a handful of predictor variables from a

large patient cohort, and been externally validated [155, 156]. However,

they employ data from admission variables that change and lose predictive

power with time. Recent machine learning based algorithms were able to

predict delirium accurately, but using over 700 predictor variables [133].

Importantly, these models have not investigated how their performance

changes with different prediction windows, optimal time of observation,
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capture the evolution of a patient’s state through time and unable to ad-

just delirium risk estimation temporally. In our knowledge, our report is

one of the first instances of delirium prediction, where we have not only

tried to predict accurately across different scenarios but also addressed the

aforementioned issues with prior prediction models. Notably, we have iter-

atively developed our model to address the challenges that are posed by low

incidence of delirium, temporal progression of disease and different patient

populations. Additionally, we have ventured into the realm of explaining

how our features contribute, something that is rare in models using deep

learning.

The BiLSTM-based model, which has the advantage of capturing tem-

poral dependencies, performed the best of the 3 models evaluated, suggest-

ing that the trajectory of predictive features is more informative than a

single value. A longer observation window gained little in terms of model

performance. A 48 hour observation window even led to a drop in accu-

racy but this is likely due to a decrease in the size of the training cohort.

Another possibility is that factors contributing to delirium are proximal to

its onset, further justifying the use of continuous prediction using a sliding

window. The decay in performance of the algorithm as it predicts delirium

with longer lead time is similar in both MIMIC-III and eICU-CRD.

A screening tool needs to be highly sensitive. This is best addressed

by a model with a high recall. We adjusted thresholds favoring a high

recall while sacrificing precision (Table 4.6) to achieve this purpose. Also

it is desirable to have prediction algorithms that have short observation

duration and predict the furthest ahead. In our case, since most (59% in
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eICU-CRD, 66% in MIMIC-III) delirium cases occurred within 48 hours of

ICU admission as shown in Table 4.12 ,hence we targeted performance for

a 48 hour prediction window with a 12 or 24 hour observation window. We

also demonstrated that as the prediction window moved beyond 48 hours

the model maintained recall, but with a precipitous drop in precision. Non-

trivial tuning of hyper-parameters is required when algorithms are ported

across populations. We suggest the performance of different observation

and prediction times be studied on the local dataset and depending on the

objective of the algorithm the optimal windows are determined.
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Obs.

Pred.
12 hours 24 hours 48 hours 72 hours 96 hours

A. Unmodified thresholds

AUROC

12 hours 80.34 (78.31-82.21) 77.64 (75.92-79.28) 73.38 (69.43-77.15) 71.47 (66.24-76.77) 69.21 (63.95-74.41)

24 hours 81.72 (78.09-85.36) 78.25 (75.97-80.63) 72.14 (64.37-79.61) 69.06 (61.33-77.29) 66.26 (56.31-76.38)

48 hours 81.15 (79.46-82.30) 77.90 (74.96-80.84) 70.38 (64.35-76.59) 65.87 (58.36-73.44) 67.20 (61.93-72.46)

AUPRC

12 hours 41.61 (36.14-46.56) 40.97 (34.96-46.05) 33.52 (30.06-37.08) 34.93 (29.39-39.89) 31.16 (26.65-35.69)

24 hours 48.00 (43.11-52.94) 42.54 (36.27-48.58) 34.19 (27.39-40.66) 32.76 (24.17-41.03) 27.29 (19.35-34.66)

48 hours 48.08 (42.59-53.32) 43.48 (36.68-50.22) 34.15 (29.67-38.03) 28.02 (22.75-32.56) 29.33 (24.80-33.66)

Precision

12 hours 30.14 (26.54-33.74) 35.12 (31.85-38.39) 30.99 (27.91-34.07) 30.86 (26.90-34.82) 28.68 (24.88-32.49)

24 hours 34.07 (31.36-36.79) 33.35 (29.82-36.88) 30.21 (27.00-33.41) 28.36 (23.08-33.65) 24.71 (19.89-29.52)

48 hours 36.05 (32.37-39.74) 34.27 (32.22-36.32) 30.61 (28.27-32.95) 26.69 (21.06-32.32) 26.92 (22.57-31.26)

Recall

12 hours 71.75 (68.75-74.74) 64.80 (57.11-72.49) 65.36 (62.42-68.29) 62.91 (58.26-67.57) 63.49 (52.91-74.08)

24 hours 73.93 (67.53-80.32) 69.23 (66.58-71.89) 65.38 (59.77-70.99) 60.35 (49.13-71.57) 60.42 (46.04-74.80)

48 hours 74.35 (67.09-81.61) 70.00 (66.75-73.25) 64.04 (53.35-74.74) 60.69 (48.72-72.66) 64.00 (49.96-78.04)

A. Threshold optimized favoring a higher recall

AUROC

12 hours 80.25 (78.31-82.21) 77.61 (75.92-79.28) 73.27 (69.43-77.15) 71.51 (66.25-76.76) 69.12 (63.96-74.38)

24 hours 81.67 (78.09-85.36) 78.26 (75.97-80.63) 71.99 (64.37-79.62) 69.31 (61.33-77.28) 66.35 (56.31-76.38)

48 hours 80.89 (79.46-82.30) 77.87 (74.96-80.83) 70.47 (64.35-76.60) 65.86 (58.35-73.44) 67.09 (61.94-72.40)

AUPRC

12 hours 41.30 (36.12-46.04) 41.02 (35.64-45.60) 33.56 (29.61-37.58) 35.07 (29.90-39.51) 31.07 (26.63-35.49)

24 hours 47.35 (43.17-51.63) 42.61 (36.53-48.48) 34.07 (26.91-40.81) 32.74 (24.69-40.53) 27.24 (19.51-34.35)

48 hours 47.30 (43.15-51.42) 43.50 (36.80-50.05) 34.86 (30.14-39.06) 29.53 (21.64-36.90) 29.44 (24.71-33.94)

Precision

12 hours 20.98 (19.31-22.64) 23.78 (20.54-27.01) 21.67 (19.08-24.26) 23.27 (21.34-25.21) 23.30 (21.45-25.14)

24 hours 25.67 (24.48-26.86) 25.41 (21.16-29.65) 23.09 (21.71-24.47) 23.35 (21.12-25.57) 20.90 (18.66-23.15)

48 hours 28.08 (24.45-31.75) 26.67 (25.20-28.14) 24.57 (23.20-25.93) 22.51 (19.89-25.05) 23.70 (22.20-25.20)

Recall

12 hours 86.63 (83.32-90.01) 76.95 (73.08-80.82) 81.46 (71.94-90.98) 84.47 (77.72-91.22) 87.38 (73.19-99.05)

24 hours 82.22 (76.40-88.05) 81.14 (79.88-82.40) 87.36 (74.76-92.75) 84.11 (74.56-93.66) 86.14 (73.04-99.24)

48 hours 83.18 (76.24-90.13) 83.79 (76.92-90.66) 82.24 (71.18-93.30) 83.20 (70.13-96.27) 87.38 (78.40-96.36)

Table 4.9: Performance metrics of derived model in MIMIC-III cohort, metrics are

reported in percentage with (95 %CI). Panel A. Unmodified thresholds. Panel B. After

thresholds were optimized favoring higher recall.
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Table 4.10: Interpreting features. Features ranked according to their importance in

descending order in long short term memory model in eICU-CRD. Color shows whether

ranked variable value is high (red) or low (blue) for that observation
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Table 4.11: Interpreting features. Features ranked according to their importance in

descending order in long short term memory model in MIMIC-III. Color shows whether

ranked variable value is high (red) or low (blue) for that observation
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4.5. CONCLUSION

Delirium is precipitated through many factors, some that are unique to

the ICU. Our variables were chosen a priori based on literature review. We

only included variables that can be easily extracted in real time. Instead

of using static values, we employed a sliding window for prediction and

incorporated the trajectory of each variable over time. Our results indicate

that this strategy predicts delirium more accurately than values captured

at a moment in time and eliminates the need for long term prediction.

Since we conducted a retrospective study, causality between the features

and delirium cannot be established. Other limitations include selection

bias (we excluded observations with missing CAM-ICU values) and inter-

preter bias (the data recorded in the databases might have been collected

after the onset of delirium, given the noncontinuous nature of CAM-ICU

measurement). Additionally CAM-ICU was scored by different nurses at

different times and in different units, potentially resulting in inter-operator

variability.

4.5 Conclusion

We successfully designed a delirium prediction model as a potential screen-

ing tool for ABCDEF bundle implementation. Using a few clinically rele-

vant predictor variables we were able to achieve comparable performance

to contemporary and well reported models. We were able to tackle the

challenge presented by evolving temporal and treatment effects by using

methods that captured temporal trends in data rather than static values

and sliding observation windows, threshold adjustments to ensure consis-

94



CHAPTER 4. DELIRIUM PREDICTION IN THE ICU

tently high recall. Additionally we peeked at interpreting the model and

shared our code online for reproducibility. We believe our model will help

with identifying patients at risk of delirium early and will allow us to target

preventive therapies, which is often time consuming and resource-intensive,

to the patients who are most likely to benefit.

In the next chapter, an interpretable attention-based deep learning

model for time-series EHRs is proposed and implemented to facilitate the

interpretability and rank the most influential variables in predicting the

delirium outcomes.
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Chapter 5

An Interpretable Deep Learning

Model for Time-Series Electronic

Health Records: Delirium Prediction

in ICU

The adoption of deep learning (DL) models has received increasing atten-

tion in the clinical domain, particularly in the intensive care unit (ICU). In

this context, the interpretability of the outcomes predicted by DL models

becomes an essential step towards the applicability of DL models in clinical

practice. To address this challenge, we propose two ante-hoc attention-

based neural network models to interpret the DL models outcome. The

proposed models employ two attention-based mechanisms, including self-

attention and effective-attention, to capture influential variables on the

predicted outcome. We evaluated our proposed models on two real-world

clinical datasets comprising 15726 patients, to predict the incidence of delir-

ium 12 hours or 48 hours before the delirium onset.
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Besides, the proposed models are compared to three post-hoc inter-

pretable algorithms considering descriptive performance. In this context,

the proposed models cover most of the top-10 variables ranked by the other

three post-hoc interpretable algorithms, with the advantage of taking into

account the dependencies among variables and additionally the dependen-

cies between varying time steps. The experimental results demonstrate

that the proposed models can improve predictive and descriptive perfor-

mances by employing the BiLSTM model with the effective-attention mech-

anism.

5.1 Introduction

Deep learning (DL) methods and specifically recurrent neural networks

(RNNs) are revolutionizing many fields such as natural language process-

ing [157], machine translation [158], and as well clinical domain [159]. In

this regard, the use of DL models has demonstrated an upward trend in

the clinical field for the past years [160]. These models can capture the

non-linear relationships in clinical data and significantly outperform the

conventional machine learning (ML) models. However, DL models show

a limited degree of interpretability and are considered black-boxes [161].

Therefore, we need to probe these models better to extract a degree of in-

terpretability from them to make these models more reliable for clinicians.

The conventional machine learning models have been used in the in-

tensive care unit (ICU), which are interpretable [162] but cannot capture

the non-linear relationship in data. This is because the data in ICU is

98



CHAPTER 5. AN INTERPRETABLE DEEP LEARNING MODEL FOR
TIME-SERIES ELECTRONIC HEALTH RECORDS: DELIRIUM PREDICTION IN
ICU

recorded in a time-series manner and conventional ML models do not have

the ability to deal with time-series inputs. More advanced models can deal

with time-series data and consider the patients’ status evolution frequently

such as RNNs but are not inherently interpretable.

The interpretability of DL models remains one of the biggest challenges

in the ML domain. In this context, interpretability and explainability

concepts are often used interchangeably within the general Artificial Intel-

ligence (AI) community [163]. Interpretable models are categorized into

post-hoc and ante-hoc models. Post-hoc models incorporate the inter-

pretable module only at inference and as such, they aim to keep a trained

model unchanged, while explaining their behavior externally. Examples of

post-hoc methods include Shapley Value Sampling (SVS)[164], Integrated

Gradients (IG) [41], and Guided Back-propagation (GB) [165].

In contrast, the ante-hoc models incorporate the interpretable module

during the training. As a consequence, a single model is employed for both

prediction and interpretation. Attention-based models, such as [11] belong

to ante-hoc interpretable models.

Self-attention is an attention mechanism that relates different positions

of a single sequence in order to compute a representation of the sequence.

The self-attention mechanism has been employed successfully in a variety of

tasks, including machine translation [29], abstractive summarization [30],

and textual entailment [31].

Recently developed attention models offer the promise of providing in-

terpretability while retaining the flexibility and versatility of DL models.

The attention-based models were initially employed to predict outpatient
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disease progression [11]. The Attend and Diagnose model of Song et al.

[166] used a self-attention mechanism to improve an RNN’s predictive ac-

curacy for four clinical tasks but did not explore interpretability. While

important time points were easily extracted from this model, identifying

important variables at a given point in time required additional calculation

which is not considered in the proposed method. Choi et al. [34] proposed

RETAIN model, which uses two separate RNN layers integrated with an

attention layer over both variables and time using embedded variables. In

contrast to our model, Choi et al. do not consider the dependencies be-

tween time-steps and dependencies between different variables and use two

separate RNN networks, which could be computationally expensive; their

model is trained and validated on EHR data to predict heart failure. The

attention-based model of Kaji et al. [11], which is applied to three clini-

cal tasks, focused on variable-level interpretability. However, it does not

consider the time-level importance, and dependencies among variables and

times-steps are not considered. Similar to [11], a possible way of interpret-

ing the structured data is to employ an attention-layer straight after the

input layer, which computes the coefficient of each variable before being

fed into RNN. In the study done by Zhang et al. [167] an LSTM-based

model with event embedding and time encoding is leveraged to model clin-

ical time series for early prediction of sepsis in the emergency department.

Additionally, an attention mechanism and global max pooling techniques

are employed to enable interpretation for the LSTM-based model. Unlike

[167] that converted numerical values into categorical values and created

an embedding out of them, in our study, we deal with actual numerical val-
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ues and for the categorical variables we converted them into embeddings.

Additionally, we employed double self-attention architecture to provide a

meaningful interpretability.

However, the above-mentioned ante-hoc interpretable models have three

limitations as follows:

1. The dependencies among clinical variables and time-steps are not cap-

tured.

2. Time-step importance is not considered as the attention is applied on

variable-level.

3. The predictive performance is worsened compared to the BiLSTM

(Bidirectional long short-term memory) by 3%.

To address the limitations as mentioned earlier, we propose a Dou-

ble Self-attention Architecture (DSA), which employs a self-attention [32]

mechanism at a variable-level and another self-attention mechanism at the

time-step level. Additionally, an effective-attention model is used to inter-

pret the model’s outcome as it was found to be more effective than self-

attention in [168]. Effective-attention is computed from a matrix decom-

position of self-attention mechanism which is explained comprehensively

in the explanation module section.

For brevity and concerning the use of self-attention in both algorithms,

we term both double self-attention and double effective-attention architec-

tures as DSA in the rest of this article. In summary, the contributions of

this work are as follows:
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• DSA simultaneously attends over the variable level and the time-step

level.

• DSA takes into account the dependencies between different time-steps

and as well considers the correlation among clinical variables while

computing the importance of each variable and time-step.

• DSA outperforms the ante-hoc interpretable models while providing

a meaningful interpretability.

• Comparison to the other post-hoc interpretable models verifies the

soundness of variable ranking provided by DSA.

We developed and validated an interpretable DL model to provide a

variable ranking based on prediction of the onset of delirium in critically ill-

patients to prioritize the patients at risk. This is a clinically important case

study, because delirium occurrence is common in the ICU. At the same time

its etiology is not well understood, while the preventive strategies, such as

ABCDEF bundle, are very resource intensive [169]. Our model allows for

(1) an interpretable DL model, (2) variable ranking by considering varying

aspects such as variable inter-dependence and time-step dependencies, and

(3) an interpretable screening tool that can prioritize patients at risk, thus

reducing the burden on care providers.

We developed and validated an interpretable DL model to provide a

variable ranking based on prediction of the onset of delirium in critically

ill-patients to prioritize the patients at risk. This is important because

delirium occurrence is common in the ICU, with a not fully understood

etiology, while the preventive strategies are resource intensive [169]. Such
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a model allows for (1) an interpretable DL model, (2) variable ranking by

considering varying aspects such as variable inter-dependence and time-

step dependencies, and (3) an interpretable screening tool that can priori-

tize patients at risk, thus reducing the burden on care providers.

5.2 Materials and methods

5.2.1 Data description, cohort selection and outcome definition

The eICU-CRD is a freely available multi-center database comprising 200,859

patient unit encounters for 139,367 unique patients admitted between 2014

and 2015 in over 200 hospitals located throughout the US [5]. The MIMIC-

III database is an open-access single-center ICU database including 53,423

distinct hospital admissions for 46,476 unique patients admitted from 2001

to 2012 [4]. Both datasets comprise patient demographics, vitals, clinical

flowsheets, laboratory values, medications, interventions, and outcomes.

Any patient admitted to the ICU for 24 hours or more and with at least

one CAM (Confusion Assessment Method) was included in our study pop-

ulation. In the patient records, in the case of multiple positive CAM-ICU

records, the first CAM-ICU was considered as the incidence of delirium.

The patients older than 18 and younger than 89 are included in the study,

resulting in 22840 patients (16546 patients from eICU-CRD and 6294 pa-

tients from MIMIC-III). The patients characteristics for both datasets are

demonstrated in the table 5.1
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5.2.2 Variable selection

We compiled 21 clinical variables identified by critical care clinicians as rel-

evant to delirium prediction, commonly used in the literature, and available

in both data-sets, including demographics, vital signs, laboratory measure-

ments, and medication data. A more detailed list of the included clinical

variables in this study is depicted in Table 5.2.

Variable group Variable name

Demographic data age, gender, height, weight

Vita signs oxygen saturation (SpO2), heart rate (HR), temperature

Other Measurements sofa, sofa without GCS, Ventilation

Laboratory Measurements white blood cell count (WBC), sodium (Na),

blood urea nitrogen (BUN), glucose, hemoglobin, platelets,

potassium, chloride, bicarbonate, creatinine

Medications as continuous drips Dopamine, epinephrine, norepinephrine, phenylephrine

(all calculated as norepinephrine equivalent)

Table 5.2: Variables included in the prediction models

5.2.3 Outcome assessment

In this study, we evaluated the ability of the proposed model to provide a

meaningful variable ranking in the case of delirium prediction in different

settings, such as varying observation window (12h and 24h) and different

prediction window (12h and 48h) illustrated in Figure 5.1. In this work,

the derivation windows of 12h or 24h are chosen based on the Intensive

Care Delirium Screening Checklist (ICDSC) [170] which is an 8-24 hours

window [171] to predict the incidence of delirium in the following 12h or

48h. Prediction of delirium incidence is based on the ability of our model

using a multi-variable sequence of clinical variables in the observation win-
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dow to infer the presence or absence of delirium in the next 12 hours or 48

hours based on the defined settings.

Figure 5.1: Delirium prediction schema; derivation window represents the collected data

for each study (12h, 24h), and the prediction window represents time to predict delirium

prior to its incidence (12h, 48h)

5.2.4 Model development

Each patient can be viewed as a sequence of medical records (vital signs,

laboratory measurements, and demographics) ordered by time, and each

record contains a set of clinical variables. A three dimensional data with

patient ICU stays (n = 15,726), time steps (n = 24 or 12), and variables (n

= 21) serves as input to the model. As is demonstrated in Figure 5.2, the

proposed model is divided into three modules, namely input preparation,

explainable module, and prediction module.
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Figure 5.2: Proposed architecture

In the input preparation phase, similar to [172] the embedding layer

converts categorical variables into vectors. The model in the training phase

learns the vectors related to each categorical variable. The vectors of the

categorical variable are concatenated with the numerical variables to be

fed into the model. The input representation at time t is as follows:

xt = Concat[(Numericalt, U(Categoricalt)] (5.1)

Numericalt stands for the numerical variable, Categoricalt stands for the

categorical variable at time t, and U is the embedding matrix.

In the explanation module, the input xt is fed into two different self-

attention layers, as shown in Figure 5.2. The self-attention mechanism on
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the right side is applied on the variables to compute the variable impor-

tance, namely αv. The self-attention mechanism on the left side is applied

on the time-steps to compute the time-step importance named as αt. The

coefficient of the contribution is computed via both αv and αt using a

dot-product applied as follows:

c(xt) = αv︸︷︷︸
self-attention on variable

� αt︸︷︷︸
self-attention on time

(5.2)

The input data is weighted with the computed attention using a residual

connection as shown in the equation 5.3

wit = xt � c(xt)︸︷︷︸
contribution coefficient

(5.3)

where wit is the weighted input at time t, xt is the input which was com-

puted in equation 5.1, and c is the computed coefficient of the contribution

in equation 5.2.

In the prediction module, similar to [11] the weighted input is fed to a

masking layer to filter the time steps where patients have less than 12 or

24 hours of data available and are fed into a BiLSTM layer to get the data

representation for each patient. Formally:

ht = f(wit + Wht−1) (5.4)

where wit is the weighted input at time t, W is the parameter of RNN

learned during training, and f is tanh non-linear operation.

The BiLSTM layer with 128 units is connected to a hyperbolic tangent

activation function. The output layer of our network consists of one dense
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neuron with a softmax activation to output the probability of a given event

over ICU stays.

5.2.5 Model training and evaluation

We evaluated both the descriptive and the predictive performance of our

model. The predictive performance of our model Was compared to the

model proposed by Kaji et al. [11] and to BiLSTM. While all the prediction

scenarios employed the same architecture, hyper-parameter optimization

was manually done based on a better convergence of the model and higher

predictive performance. BiLSTMs were trained with Adam optimizer with

a learning rate of 7.5 ∗ 10−4, and decay of 1 ∗ 10−6 was used in all models.

Batch sizes of 128 were used for all models. The models, as mentioned

earlier, were trained for 50 epochs, and cross-entropy defined the loss func-

tion. We evaluated the results based on 5-fold stratified cross-validation.

Typically, metrics computed based on the k-fold stratified cross-validation

can assess overfitting and have lower variance [173]. We report the predic-

tive performance using the Area Under Receiver Operating Characteristic

(AUROC), Area Under Precision-Recall Curve (AUPRC), Precision and,

Recall with the Confidence Interval (CI) of 95%.

5.2.6 Explanation module

Understanding how the model predicts a patient’s delirium is an essential

step in validating its use. DL techniques are typically considered black

boxes where it is difficult to determine how a predictive model generates a

prediction. A model should provide meaningful explanations related to the
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clinical variables and which can be utilized by clinicians during a day-to-

day routine. Recent advances in ML techniques like attention mechanisms

have produced a better way to probe interpretability. Attention-based [11]

models give importance to the classification associated with each input

variable given to the model, and this allows us to identify the most pre-

dictive variables that contribute to the severity of the diagnosis. In this

section, we employ two attention-based models to understand what has

been learned by our models. In detail, we can observe which time-steps

and variables the model relies on assigning a degree of significance to the

time-steps and variables.

As it is shown in Figure 5.3.a, the data of each patient is fed as in-

put into attention-based (self-attention or effective-attention) layers. We

employ two 3-head attention mechanisms in order to compute time-step

importance and variable importance. As it is shown in Figure 5.3.b, to

compute the importance of a single time-step, we need to score each time-

step of the input sequence against this single time-step. The score is com-

puted as it is shown in equation 5.6 and determines focus that needed to

be placed on other time-steps as we encode a time-step at a specific po-

sition. In this way, we can capture the dependencies between time steps

while computing the importance of each time step. As is depicted in Fig-

ure 5.3.c, to compute the importance of a single variable, we need to score

each variable of the input sequence against this single variable, and the

score determines focus that needed to be placed on other variables as we

encode a variable. While computing the importance of each variable, the

self-attention enables capturing dependencies among variables, including
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Figure 5.3: Explanation module: a.Input data; b.Time importance;

c.Variable importance; d.Variable importance by considering time

importance

the temporal dimension.

In the following sections, we provide a detailed description of the vary-

ing version of attention mechanisms which provide interpretable outputs,

namely self-attention and effective-attention.
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Self-attention

The implications of time steps and clinical variables vary depending on

the context. To capture this contextual information, we applied two self-

attention layers to which one self-attention layer attends over time-steps

and the other self-attention layer attends over variables.

Figure 5.4: The architecture of self-attention

As it is demonstrated in Figure 5.4, Self-attention is an attention mecha-

nism that relates different positions of a single sequence in order to compute

a representation of the sequence. The self-attention mechanism has been

employed successfully in a variety of tasks, including machine translation

[29], abstractive summarization [30], and textual entailment [31]. Formally,

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (5.5)

Where Q, K, V are computed by multiplying input with the learned

matrices WQ, Wk, WV during training.

DSA employs multi-head self-attention, which projects queries, keys, and

values h times with different, learned linear projections. The scores are

computed in parallel and are concatenated to get one matrix score, For-

mally:

Multihead(Q,K, V ) = Concat(head1, head2)W
O (5.6)
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where headi = Attention(QWQ
i , KW

K
i , V W

V
i )

Where parameters matrices such as WQ
i , WK

i , W V
i , and WO are the

projections [32].

Effective-attention

As it is demonstrated in [174], self-attention can be decomposed into two

matrices: i) the component in the left nullspace of V which is indicated

with (A‖) and ii) the component orthogonal to the nullspace (A⊥). The

matrix A‖ is irrelevant for the model output because its product with the

value matrix is equal to zero. The matrix A⊥ contributes to the model

output, which is so-called effective-attention.

Additionally, as Sun et al.[168] noted effective-attention is associated

less with the variables related to the language modeling pretraining such

as separator [SEP], and it has the potential to illustrate linguistic vari-

ables much better than self-attention. Equivalent to our study, we believe

that effective-attention is less associated with with less important clinical

variables and it can capture better than self-attention the most relevant

clinical variables to predict the outcome, namely delirum onset.

AV = (A‖ + A⊥)V = ~0 + A⊥V = A⊥V (5.7)

As it is illustrated in equation 5.7, A‖V is equal to zero, therefore the

effective-attention matrix is equal to A⊥.

The effective-attention matrix A⊥, is computed as the following[174]:

• We first compute the singular value decomposition (SVD) of the value
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matrix V which is V = U
∑
WT

• The rows of U that correspond to singular values equal to zero span

LN(V ):

LN(V ) = span{u1, ..., uk},

Where k is the number of singular values that equal zero.

• We project each row ai of the attention matrix A to LN(V) to con-

struct a projection of the matrix A to LN(V):

PLN(V )(ai) =
∑k

j=1 〈ai, uj〉 uj, ∀i ∈ {1, ..., ds},

PLN(V )(A) = [PLN(V )(a1), ..., PLN(V )(ads)]

where 〈., .〉 denotes the dot product.

• effective-attention is equal to

A⊥ := A− PLN(V )(A)

It is worth mentioning that similar to [168], for analyzing effective-

attention, we replace self-attention with effective-attention at the model

test phase.

5.2.7 Data and code availability

We made use of several open-source libraries based on Python to conduct

our experiments; machine learning framework Scikit-learn [109] and DL

framework Pytorch [110]. We have made the experiments and implemen-

tation details publicly available at this GitHub repository such that anyone

can implement the proposed method in this study.

114

https://github.com/mostafaalishahi/Delirium_prediction_models


CHAPTER 5. AN INTERPRETABLE DEEP LEARNING MODEL FOR
TIME-SERIES ELECTRONIC HEALTH RECORDS: DELIRIUM PREDICTION IN
ICU

5.3 Results

In this section we report both, the descriptive evaluation of the model

as well as predictive performance. The descriptive performance is evalu-

ated against the well known algorithms, including Shapley Value Sampling,

Integrated Gradients and Guided Back-propagation, while the predictive

performance is based on evaluation metrics such as AUROC, AUPRC, pre-

cision and recall with 95% CI.

5.3.1 Descriptive performance

As mentioned earlier the importance of interpretable deep learning models

in the clinical domain, in this section we explore further interpretability by

providing the most important clinical variables for delirium-onset predic-

tion task. In this regard, we compute variable importance by considering

the importance of one variable over other variables across the while co-

hort as shown in the Equation 5.2. Although there are many definitions

of interpretability, we focused on how the model ranks each input variable

with respect to outcome prediction. Given that interpretability of neural

networks is still an open research question, especially for temporal neural

networks [175], we also provide results from three other post-hoc models

to compare with our proposed model. In this context, we employed as the

benchmark the Shapley Value Sampling (SVS) [164], Integrated Gradient

(IG) [41], and Guided Backpropagation (GB) [165], to ensure that the vari-

able importance results computed by DSA are consistent across the three

benchmark models. The top-10 influential variables ranked for MIMIC-III
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and eICU-CRD are reported in Table 5.3 and Table 5.4 respectively. The

variable ranking is reported using three different post-hoc interpretable al-

gorithms, namely IG, SVS, and GB, compared to two proposed ante-hoc

attention-based interpretable models, namely self-attention and effective-

attention.

The most influential variables that have contributed to delirium pre-

diction according to their relative importance in the eICU-CRD dataset

as reported in Table 5.4 are heart rate, Ventilation, age, white blood cell

count, and vasopressor dose according to the five algorithms. Most of these

variables are also ranked in the top-10 in the MIMIC-III dataset as depicted

in Table 5.3. Both proposed attention-based interpretable models (DSA)

captured most of the important variables ranked by IG, SVS, and GB and

in both datasets, validating the soundness of the proposed model, with the

additional advantage of providing also inter-variable dependencies as well

as temporal importance.

It is interesting to note that, effective-attention which was previously

used in [168] shows a slightly higher number of variables in common with

the other three post-hoc algorithms that is an extra point for effective-

attention to be studied further in the case of clinical time-series data.

5.3.2 Predictive performance

We evaluated 12014 (24h derivation – 12h prediction) and 9481 (12h deriva-

tion – 48h prediction) from eICU-CRD and 3712 (24h derivation – 12h pre-

diction) and 2128 patients (12h derivation – 48h prediction) from MIMIC-

III databases. Considering AUPRC, Precision, and Recall, DSA outper-

116



CHAPTER 5. AN INTERPRETABLE DEEP LEARNING MODEL FOR
TIME-SERIES ELECTRONIC HEALTH RECORDS: DELIRIUM PREDICTION IN
ICU

Observation window 12h – Prediction window 48h

Variable ranking

Algorithm
IG SVS GB DSA (self-attention) DSA (effective-attention)

1 ventilation ventilation ventilation weight heart rate

2 WBC gender WBC hemoglobin platelets

3 creatinine WBC creatinine heart rate BUN

4 vasopressor dose vasopressor dose vasopressor dose sodium hemoglobin

5 sodium sofa sodium BUN SpO2

6 BUN sodium BUN WBC potassium

7 glucose age glucose potassium WBC

8 platelets sofa w/o GCS platelets vasopressor dose height

9 hemoglobin creatinine hemoglobin glucose sofa w/o GCS

10 heart rate BUN heart rate bicarbonate creatinine

Observation window 24h – Prediction window 12h

1 ventilation ventilation ventilation temperature WBC

2 gender gender heart rate ventilation weight

3 sodium heart rate sodium sodium age

4 heart rate sodium creatinine SpO2 ventilation

5 sofa sofa bicarbonate platelets bicarbonate

6 age age age BUN SpO2

7 bicarbonate sofa w/o GCS BUN age height

8 vasopressor dose vasopressor dose vasopressor dose chloride gender

9 sofa w/o GCS bicarbonate platelets weight potassium

10 creatinine creatinine WBC vasopressor dose vasopressor dose

Table 5.3: Variable ranking presented by different algorithms versus DSA (top-10 vari-

ables) on MIMIC-III dataset.

.

forms the proposed model by Kaji et al. in two different scenarios as shown

in Table 5.5 for MIMIC-III and for eICU-CRD datasets as depicted in Ta-

ble 5.6 . Another point to mention, although the predictive performance of

the DSA is better than Kaji’s model, its predictive performance is slightly

worse than BiLSTM. This is due to the nature of ante-hoc interpretable

models in which there is a trade-off between predictive performance power

and descriptive performance [11].
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Observation window 12h – Prediction window 48h

Variable ranking

Algorithm
IG SVS GB DSA (self-attention) DSA (effective-attention)

1 ventilation ventilation ventilation heart rate sodium

2 heart rate heart rate heart rate sodium heart rate

3 age age WBC platelets hemoglobin

4 WBC WBC age height WBC

5 sofa sofa vasopressor dose age sofa w/o GCS

6 vasopressor dose vasopressor dose bicarbonate chloride ventilation

7 bicarbonate bicarbonate chloride weight glucose

8 BUN BUN BUN WBC age

9 chloride chloride glucose sofa w/o GCS weight

10 weight weight weight SpO2 height

Observation window 24h – Prediction window 12h

1 ventilation ventilation vasopressor dose potassium age

2 vasopressor dose vasopressor dose ventilation temperature WBC

3 age age WBC creatinine vasopressor dose

4 heart rate heart rate heart rate vasopressor dose potassium

5 WBC WBC age SpO2 weight

6 potassium potassium potassium weight sodium

7 sofa sofa platelets heart rate hemoglobin

8 bicarbonate bicarbonate bicarbonate age creatinine

9 gender weight weight platelets gender

10 weight platelets BUN BUN ventilation

Table 5.4: Variable ranking presented by varying algorithms vs. proposed model (top-10

variables) on eICU-CRD dataset.

5.4 Discussion

Our study shows that the proposed models outperform the state-of-the-

art interpretable model proposed by [11], while being interpretable and

comparable to a handful number of post-hoc interpretable algorithms such

as IG, SVS, and GB. This demonstrates the strength of DSA in both the

predictive performance and the associated interpretable matrix.

Improving the prediction of delirium is a critical step towards improving

ICU outcomes, and costs [176]. This study found that incorporating two

self-attention layers with a BiLSTM layer can achieve informative AUROCs

in modeling delirium-related tasks. The AUROC, AUPRC, Precision, and
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Observation window 12h – Prediction window 48h

Model AUROC% (95% CI) AUPRC% (95% CI) Precision% (95% CI) Recall% (95% CI)

BiLSTM 71.37 (67.99 - 74.72) 29.81 (27.33 - 31.88) 28.45 (25.74 - 31.17) 65.98 (59.82 - 72.13)

DSA 68.66 (64.99 - 72.33) 28.58 (23.64 - 33.20) 26.70 (22.56 - 30.85) 59.85 (51.93 - 67.77)

Kaji model 67.56 (64.91 - 70.22) 27.90 (25.68 - 30.46) 24.31 (22.01 - 26.60) 58.07 (52.48 - 63.66)

Observation window 24h – Prediction window 12h

Model AUROC% (95% CI) AUPRC% (95% CI) Precision% (95% CI) Recall% (95% CI)

BiLSTM 81.24 (76.44 - 86.11) 44.45 (40.35 - 48.81) 35.03 (30.73 - 39.33) 71.16 (64.54 - 77.77)

DSA 80.50 (77.23 - 83.85) 44.90 (41.28 - 49.40) 35.58 (33.71 - 37.44) 68.98 (62.69 - 75.27)

Kaji model 78.33 (76.11 - 80.62) 41.69 (38.55 - 45.15) 32.39 (28.52 - 36.25) 65.63 (57.78 - 73.48)

Table 5.5: Predictive performance on MIMIC-III dataset

Observation window 12h – Prediction window 48h

Model AUROC% (95% CI) AUPRC% (95% CI) Precision% (95% CI) Recall% (95% CI)

BiLSTM 84.20 (82.52 - 85.86) 33.24 (29.41 - 36.54) 28.37 (27.15 - 29.58) 74.44 (70.91 - 77.98)

DSA 82.51 (80.33 - 84.67) 31.21 (28.01 - 33.70) 24.92 (24.22 - 25.61) 75.99 (72.20 - 79.78)

Kaji model 81.64 (80.05 - 83.27) 30.19 (27.41 - 32.27) 24.60 (23.23 - 25.97) 75.00 (70.56 - 79.44)

Observation window 24h – Prediction window 12h

Model AUROC% (95% CI) AUPRC% (95% CI) Precision% (95% CI) Recall% (95% CI)

BiLSTM 88.02 (86.31 - 89.75) 42.69 (38.71 - 46.1) 38.19 (36.78 - 39.6) 80.39 (76.62 - 84.16)

DSA 87.10 (85.15 - 89.03) 42.20 (38.78 - 45.69) 34.17 (32.88 - 35.46) 82.89 (78.54 - 87.25)

Kaji model 85.85 (84.16 - 87.57) 38.03 (34.64 - 41.02) 35.82 (34.48 - 37.15) 76.63 (72.84 - 80.42)

Table 5.6: Predictive performance on eICU-CRD dataset

Recall for the delirium prediction suggest that employing self-attention

performs comparably to the BiLSTM while providing a meaningful variable

ranking.

In this study, we demonstrated how to get a level of interpretability

for a DL model for clinical events in ICU by incorporating self-attention

mechanisms. As [177] noted, the interpretability of DL can facilitate the

process of understanding the inferential process of a neural network and

improve the model in terms of descriptive and predictive performance.
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5.4. DISCUSSION

While many BiLSTM based models to predict clinical outcomes have

incorporated attention, we are aware of a handful of them that used at-

tention to identify the variables driving the prediction [34, 11, 166, 167,

178, 179, 180]. Several of the studies as mentioned earlier employed at-

tention; however, none of them compared the proposed model with other

interpretable models.

We demonstrated how self-attention could be applied to the input vari-

ables to provide a degree of interpretability by capturing variable depen-

dencies and time-step dependencies. Our study has several limitations.

Many variables that clinicians wanted to incorporate into this study were

not available in eICU-CRD and MIMIC-III datasets or had a very high

rate of missing data. We note that the proposed self-attention model can

underline the importance of each variable but cannot identify whether a

variable increase or decreases the probability of an event without additional

analysis.

In conclusion, we believe that self-attention mechanisms could create

interpretable decision support systems for intensivists. This study demon-

strated that such an approach could learn informative models for predict-

ing delirium and has shown how the individual variables underlying these

predictions can be explored using self-attention mechanisms. We demon-

strated that the explainability module proposed in this paper could be

used effectively to visualize the variable importance to help understand

the input variables.

We believe that the proposed interpretable model can aid in clinical

decision making by helping clinicians focus on particular variables that
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CHAPTER 5. AN INTERPRETABLE DEEP LEARNING MODEL FOR
TIME-SERIES ELECTRONIC HEALTH RECORDS: DELIRIUM PREDICTION IN
ICU

the model has deemed important at time points of interest of the disease

trajectory.

In the next chapter, we conclude the thesis and a discussion regarding

the future studies are provided.
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Chapter 6

Conclusion and Future Directions

6.1 Conclusions

In this thesis, we presented our approaches to some limitations in ap-

plying machine learning in ICU. We focused on several clinical problems,

namely mortality prediction, length of stay in ICU, phenotyping, decom-

pensation, and delirium prediction in critically ill patients. Moreover, the

interpretability of deep learning models applied to time series data is in-

vestigated. Our solutions presented in Chapter 3, 4, and 5 are built on

top of RNN BiLSTM and leverage entity embedding and interpretability

techniques.

The lack of publicly available benchmarks is an obstacle to accelerate

the progress of machine learning in ICU. In this context, in Chapter 3 we

proposed a benchmark on the application of machine learning models in

multi-center ICU, which allows researchers to build on top of our work by

improving the models or addressing other existing challenges in the appli-

cation of machine learning in ICU. Our findings confirmed the advantages
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of using entity embedding over one-hot encoding, RNN BiLSTM to cap-

ture temporal dependencies than conventional machine learning better. In

some tasks, the ability to use fewer clinical variables while achieving the

same predictive performance.

Delirium adversely affects both short-term and long-term patient out-

comes. In Chapter 4, we proposed a delirium prediction model as a poten-

tial screening tool for ABCDEF bundle implementation to provide a higher

quality of care for the patients and optimize the resources in ICU by using

a few clinical variables. The proposed method, which employed RNN BiL-

STM with entity embedding, tackled the challenge presented by evolving

temporal and treatment effects in a sliding window manner. In addition

to that, we attempted to make transparent the opacity of the proposed

method (black-box) by applying three different interpretable methods. In

this context, we provided variable ranking according to the variable influ-

ence in the prediction model’s outcome. We believe our model will help

with identifying patients at risk of delirium early and will allow us to

target preventive therapies, which are often time-consuming and resource-

intensive, to the patients who are most likely to benefit.

Building on these results, in Chapter 5, we proposed a novel ante-

hoc interpretable deep learning model for time series EHRs. The pro-

posed method utilizes self-attention or effective-attention mechanisms. The

approach consists of two 3-head self/effective-attention mechanisms, one

mechanism for capturing the variable dependencies and the other mech-

anism to capture the time dependencies to capture the most influential

variables. Experimental results show that our solution can outperform

124



CHAPTER 6. CONCLUSION AND FUTURE DIRECTIONS

other ante-hoc interpretable methods considering predictive performance

and performs comparably with the other three post-hoc interpretable meth-

ods. Our findings show that self-attention and effective-attention can pro-

vide some degree of interpretability while providing an acceptable predic-

tive performance compare to the baselines. The soundness of the proposed

method is verified by intensivists and additionally by comparison to the

other three post-hoc interpretable methods.

6.2 Future Directions

To further advance the predictive and descriptive performances of machine

learning models in ICU, we outline the following aspects as future work:

Healthcare data are usually difficult to access and share across research

institutions and hospitals because of their sensitive nature, and this makes

a big obstacle for developing generalizable and effective analytical ap-

proaches. Federated learning could be applied in this scenario to address

the data accessibility issue. In this regard, federated learning provides the

excellent potential to make a generalized and effective model while pre-

serving data privacy [181].

The availability of the pre-trained models for some of the common

clinical tasks could significantly improve the model performance and its

generalizability as it has been done in varying fields such as image anal-

ysis [182, 183], natural language processing [184], and machine transla-

tion [185]. In this context, the transfer-learning approach could be applied

to learn a better representation of the data and associated parameters of
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6.2. FUTURE DIRECTIONS

pre-trained models for a new dataset or a new task [186].

Towards interpretability of the deep learning prediction outcome, inter-

pretable deep learning models are gradually dominating the black-box deep

learning models. However, the possible loss of the predictive performance

for gaining descriptive performance is often unavoidable. This loss puts re-

searchers in the difficulty of choosing between high predictive performance

(black-box) and high descriptive performance (interpretable) models. In

this regard, a hybrid interpretable model is desired. A hybrid interpretable

model consists of varying modules for interpretability and prediction. This

model can address the challenge of choosing between high predictive per-

formance and high descriptive performance by providing high predictive

and descriptive performances [187]

To conclude, recent studies show that the number of publicly available

datasets in ICU is increasing gradually [188, 6]. Hence, even with many

variants of deep learning modeling and a few publicly available datasets,

the dependency on the generalizability and applicability of a model in ICU

remains a primary challenge for machine learning research in ICU. With

the increasing digitization of activities in the healthcare domain, work-

ing machine learning models for the majority of the clinical tasks creates

a higher quality of healthcare services in the day-to-day lives of billions

of people. In conclusion, we would like to highlight the importance of im-

proving the predictive performance, generalizability, and interpretability of

machine learning in the different clinical tasks, improving patients’ quality

of care, and optimizing the resources in the clinical domain to prioritize

the patients at higher risk.
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Frédéric Aubrun, Frédéric Dailler, Jean-Jacques Lehot, Vincent

Piriou, Jean Neidecker, Thomas Rimmelé, et al. Patient mortality is
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Gülhaş. Cost analysis on intensive care unit costs based on the

length of stay. Turkish journal of anaesthesiology and reanimation,

47(2):142, 2019.

[103] Spiros Denaxas, Arturo Gonzalez-Izquierdo, Natalie Fitzpatrick, Ke-

nan Direk, and Harry Hemingway. Phenotyping uk electronic health

records from 15 million individuals for precision medicine: The cal-

iber resource. Studies in health technology and informatics, 262:220–

223, 2019.

[104] Spiros Denaxas, Helen Parkinson, Natalie Fitzpatrick, Cathie Sud-

low, and Harry Hemingway. Analyzing the heterogeneity of rule-

based ehr phenotyping algorithms in caliber and the uk biobank.

BioRxiv, page 685156, 2019.

143



BIBLIOGRAPHY

[105] Ann McGinley and Rupert M Pearse. A national early warning score

for acutely ill patients, 2012.

[106] Cheng Guo and Felix Berkhahn. Entity embeddings of categorical

variables. arXiv preprint arXiv:1604.06737, 2016.

[107] David E Rumelhart, Geoffrey E Hinton, Ronald J Williams, et al.

Learning representations by back-propagating errors. Cognitive mod-

eling, 5(3):1, 1988.

[108] Mike Schuster and Kuldip K Paliwal. Bidirectional recurrent neu-

ral networks. IEEE Transactions on Signal Processing, 45(11):2673–

2681, 1997.
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