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Prediction models of ischemic stroke using deep neural networks

Abstract: The ischemic stroke is one of the leading causes of death worldwide. Although,
there are many known risk factors for the disease the growing amount of electronic
medical data available gives opportunities for creating novel models for personal risk
prediction. Usage of deep neural network (DNN) for developing such models can offers
many benefits such as potential to encode multiple types of data, less feature selection and
engineering required, and sometimes even an increased prediction accuracy. This Thesis
focuses on developing a model for ischemic stroke prediction using electronic health
record (EHR) data. I show that TabNet, a state-of-the art DNN architecture for tabular
data analysis outperforms a simpler method, the FastAl tabular learner. Still, neither
of the DNN methods achieved better results than the Random Forest. The ensemble
models using Random Forest and DNN models were tested but only a small increase in
the performance was achieved compared to the singular model. These results indicate
that an ensemble-based methods such as Random Forest is sufficient for the data used.
Nevertheless, with increased number of features and addition of more complex data types
methods such as TabNet could still become valuable. All models developed resulted with
high prediction power for ischemic stroke. This indicates that personal risk predictions
for ischemic stroke can be given and the clinical utility of the models should be evaluated
further.
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Tehisnirvivorkudel pohinevad isheemilise insuldi ennustusmudelid

Lithikokkuvote: Isheemiline insult on iiks maailma juhtivatest surma pdhjustest. Kuigi
on teada mitmed isheemilise insuldi riskifaktoreid, siis aina kasvav elektrooniliste me-
ditsiiniandmete hulk loob vOimalusi uudsete personaalsete riskimudelite arendamiseks.
Stivandrvivorkudel pohinevatel mudelitel on mitmeid eeliseid - vOoimalus kodeerida eri-
vaid andmetiiiipe, viiksem vajadus tunnuste eelnevaks valimiseks ja modifitseerimiseks,
monikord ka suurenenud mudeli tdpsus. Kédesoleva t60 eesmérgiks on isheemilise insuldi
ennustusliku mudeli loomine kasutatades elektroonilisi terviseandmeid. Siivanérvivorku-
dena kasutatakse TabNet ja FastAl tehnoloogial baseeruvaid mudeleid, millest esimene
saavutab parema tdpsuse. Siiski jadvad molemad siivandrvivorkudel baseeruvad mudelid
alla juhumetsa metoodikal loodud mudelile. Mitme mudeli kooskasutus andis viikese
edu vorreldes iihe mudeli kasutamisele. Seega on juhumetsa kasutamine kiesolevas
t00s uuritava andmete jaoks piisav, kuid andmete lisandumisel vdivad siivanirvivorkudel
pohinevad mudelid osutuda kasulikeks. Koik t66 raames loodud mudelid ennustasid
isheemilist insulti histi ja mudelite kliinilise kasutuse vdoimalusi tuleks edasi uurida.

Votmesonad: masinope, tehisnirvivorgud, isheemiline insult

CERCS: P176
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1 Introduction

Stroke is one of the leading causes of death worldwide and can be categorized as hem-
orrhagic and ischemic [1]. Hemorrhagic stroke originates from a blood vessel burst
that causes bleeding in the brain. Ischemic stroke is caused by a blockage in a artery
supplying the brain with blood resulting in brain cell damage or death. This Thesis
is motivated by the increasing use of deep learning methods for genomic, proteomic
and metabolomic data integration in precision medicine (personalized medicine) [2, 3].
Disease risk model is a method used in precision medicine to estimate the individuals
absolute risk for the disease with the assessment of risk factors. These disease risk
models can be a valuable resource for better public health policy while giving individual
a personalized feedback about the disease risk [4]. There are many known risk factors
for stroke, such as age and genetic predisposition [5]. These factors have been used to
propose multiple stroke prediction models [6]. Some prediction models have been devel-
oped for patients with preexisting cardiovascular conditions while also being accurate
for patients without the condition [7]. Using EHR data for stroke prediction by DNN in
Estonian population is a novel venue. There are several methods for evaluating disease
risks and finding disease risk factors. The prediction methods used in this Thesis are
Machine Learning (ML) based binary classification models. Random Forest is chosen
as the benchmark model to compare against the DNN models. The usage of DNN for
tabular data is rather uncommon, as traditional ML methods have shown to perform
equally well on this type of data, but in recent years advancements in the field have been
made. Models like TabNet [8] and FastAl tabular learner [9] are designed for tabular
data type. The aim of the Thesis is to test these DNN methods on real life Estonia’s EHR
data. However, EHR data poses challenges for DNN methods due to factors such as low
signal to noise ratio, analytical variance and complex data integration requirements [2].
The aim of this Thesis is to evaluate the available DNN architectures for predicting
ischemic stroke using EHR data on the Estonian population. The usage of DNN
based models has many potential benefits.

Firstly, one can reasonably hope an increase in classification performance. Neural
network based models have been shown to have excellent performance for metabolomic
prediction models and outperform the other ML methods [10, 11]. Some Logical Obser-
vation Identifier Names and Codes (LOINC) codes mined from EHR that are used in this
Thesis represent metabolite measurements while the others describe various biological
processes.

Secondly, the architecture of DNNs will potentially allow to efficiently encode
multiple types of data [8]. For the EHR data this could be used to add medical images and
genetic information to the model. For this Thesis the LOINC codes are combined with
International Classification of Diseases version 10 (ICD-10) diagnoses. An embedding
layer is used on ICD-10 to capture the semantics of the codes.

Thirdly, the DNN models could alleviate the need for feature selection and engineer-



ing. In a multi-omics analysis the internal abstractions developed by the deep learning
on each individual Omics data set increases the signal-to-noise ratio and eliminate the
need for manual normalization of each individual Omics data type [2, 12, 13, 14]. As
the EHR data contains large selection of different features this can decrease the model
development time.

The FastAl Python library is used in the Thesis as it enables domain experts like
medical researches to start using the pre-existing neural network architectures without the
need of detailed implementation [15]. The library is not popular among metabolomics
researchers as it is not even mentioned in the long list of publicly available resources for
creating a DNN in a metabolomics article describing deep learning tools in year 2020 [3].

The research questions of this Thesis are the following:

Q1. Can the occurrence of ischemic stroke be predicted using pre-existing EHR
data using 3 ML methods: Random Forest, FastAl tabular learner and TabNet?
Q2. Will the DNN models (FastAl, TabNet) outperform Random Forest for our
tabular data?

Q3. What are the most important features for the predictive models?

Addressing the Q1 is essential for generation of disease risk model for ischemic
stroke. The usage of FastAl learner and TabNet has given great results on many data
sets and Q2 is focused on finding out weather this is true for the EHR data used in this
Thesis. A systematic comparison of machine learning methods is used to find answers
to QI and Q2. Random Forest is used to compare the DNN-based model for the binary
classification task. The Q3 requires the analysis of feature importance which is done
based on available methods for the implementation library used for ML modeling. The
most important features for the models are then compared. This information in valuable
for further research (not in scope of the Thesis) to analyse if the predictions are based on
the known biological mechanism or something else.

The Thesis has the following structure. First, the ischemic stroke and its risk factors
are described. Next, brief overview of the basis of EHR data and ML methods used is
given in the Background section. In Methodology, the data set and methods used in this
Thesis are explained in detail and the Results section presents the results of the analysis.
The Discussion section discusses the results and compares the models’ performances to
the other similar models published; the limitations and future work regarding this Thesis
are then discussed. Finally, the Thesis is summarized in the Conclusion.



2 Background

The Estonia’s Digilugu is a collection of EHR which in addition to helping medical
personnel can be a valuable resource for clinical research in an anonymised form. The
background gives insight into what the data from Digilugu contains and how it can be
used for ischemic stroke prediction. Firstly, the mechanisms and risk factors behind
ischemic stroke are characterized. Next, the section provides an overview of the data
present in EHR and problems related to EHR data usage. The ethical aspects of EHR
data usage are discussed. Thirdly, the basic principles of ML methods used for model
creation in the Thesis are presented and briefly explained. Finally, the focus is put on
available DNN models for tabular data analysis. Methods used by the DNN in this Thesis
such as batch normalization and embedding are explained. The reasons for choosing the
FastAl tabular learner and TabNet are explained.

2.1 Ischemic stroke

The stroke is one of leading causes of death responsible for 11% of global total deaths
in 2019 reported by the World Health Organization (WHO) [1]. The stroke can be
categorized as hemorrhagic and ischemic stroke. The latter being responsible for the
majority of strokes [16].

Ischemic stroke (163) also known as brain ischemia or cerebral ischemia is caused
by the blockage in a artery supplying the brain with blood. This blockage reduces the
blood flow to the brain causing decreased oxygen levels resulting in brain cell damage
or death. The blockage in the artery is caused by a blood clot or fatty build-up (plaque).
The hemorrhagic stroke is caused by blood vessel rupture which results in blood leakage
interfering with the brain functions. This either happens in the brain or between the brain
and the skull. The hemorrhagic stroke is accountable for about 20 % of stroke cases [16].
As majority of stroke cases are ischemic the prediction of ischemic stroke is chosen as
the objective of this Thesis.

The INTERSTROKE study identified 10 modifiable risk factors accounting for 91.5 %
of the population-attributable risk for stroke [17]. These risk factors include: history of
hypertension or a blood pressure of greater than 160/90 mmHg (carries the strongest risk),
low levels of regular physical activity, a high apolipoprotein B (ApoB)-to-ApoAl ratio,
diet, high waist-to-hip ratio, psychosocial stress and depression, smoking, cardiac causes
(such as atrial fibrillation and previous myocardial infarction), high alcohol consumption,
diabetes mellitus. Age, gender and genetic factors are included to be risk factors of
ischemic stroke [5]. The ischemic stroke has been associated with multiple metabolic
biomarkers related to excitotoxicity (nerve cell damage or death caused by increased
levels of neurotransmitters), oxidative stress and inflammation [18].



2.2 Electronic health records

The original purpose of the EHR was to organize and archive patients’ records. Later the
scope was broadened to include billing and service quality improvement as important
features of the system [19]. Nowadays, medical researches also use these records for
scientific studies. The primary stakeholders responsible for the development and use of
EHR can be divided as follows:

1. Doctors and other medical staff. The EHR serves the purpose of accurate and
available source of patient’s records across multiple healthcare providers.

2. Administrative staff and health insurance funds. The EHR are used for legal
documentation and auditing purpose.

3. Medical researchers. The data collected is used for research and clinical studies.

The different priorities and wishes of the stakeholders can cause challenges and limi-
tations for the usage of EHR data in medical research further discussed in section 2.2.3.
However, using the EHR data can be valuable for clinical research. The risk prediction
models can be built not just making use of the cohort based model but all patients who
have been in touch with the medical system [20].

2.2.1 Estonian EHR central database Digilugu

Digilugu is an Estonian nationwide EHR system owned and controlled by Estonian
Ministry of Social Affairs. The central system is built by integrating data from different
healthcare providers and databases in a common format so that every healthcare providers
and the patients can access it online. The electronic patient record can include test results,
medical images and doctors notes written in a free text format. The Health Level 7 version
3 format is used for all Digilugu documents [21]. Some parts of information in EHR
is structured strictly (patient and clinical data, medications, diagnoses) while the rest is
not (laboratory measurements, complaints). Many classifications standards are used to
structure the data and improve clarity in Digilugu and EHR in general. Classifications
standards that were used for this Thesis are described at the section 2.2.2. The extraction
of structured data out of Digilugu requires data mining work not in the scope of this
Thesis. This is further discussed in section 3.1.

The reporting of case summaries to the portal is mandatory to physicians and the
collection of data began in 2009 [22]. There is a singular state provided health insurance
broker in Estonia - Health Insurance Fund (Haigekassa) that covers 94% of the popula-
tion [23]. The insurance bills (100% of billing is done digitally) are handled electronically
motivating the clinicians to report in timely and well-formatted manner [22, 24].
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2.2.2 Medical classification standards

ICD-10 (International Statistical Classification of Diseases and Related Health Problems
10) is developed and monitored by the WHO. The system uses alphanumeric codes that
are used by medical professionals to interpret the diagnosis same way. Similar diseases
are grouped together, for example 100-199 are all diseases of the circulatory system. This
grouping is based on the organ system and does not necessarily take into account the
biological mechanisms behind the disease. Ischemic stroke studied in this Thesis is
described by the code 163.

LOINC (Logical Observation Identifier Names and Codes) is an international stan-
dard used for health measurements, observations, and documents. The LOINC system
i1s used in Estonia’s EHR since 2016 [25]. The LOINC codes are used for metabolic
measurements such as blood glucose, cholesterol and many others. The LOINC codes
used in this Thesis, however, contain more than just metabolomic codes. The codes
corresponding to cell counts and different biomarkers are used as well.

Anatomical Therapeutic Chemical (ATC) is a drug classification standard. It
assigns a unique code for every medication in accordance with the organ or system it
works on [26]. The code contains information from 5 levels: anatomical main group
(e.g., alimentary tract and metabolism - A), therapeutic subgroup (e.g drugs used in
diabetes - A10), pharmacological subgroup (e.g., blood glucose lowering drugs, excl.
insulins - A10B), chemical subgroup (e.g., biguanides - A10BA) and chemical substance
(e.g metformin - A10BAO2). In the Estonian EHR data this code is available for every
prescription drug that a person buys or is administered by a healthcare provider. The
digital prescription system e-Prescription 1s widely used and 99% of all perception in
Estonia are digital [27].

Both, the LOINC and ICD-10 codes are used as features in the predictive models of
ischemic stroke developed in this Thesis. ICD-10 and ATC codes are used for selection
of case and control groups further described in the section 3.1.

2.2.3 Challenges of using EHR data for research

The EHR data has many quality issues, such as high dimensionality (over 70 000 ICD-10
codes and over 70 000 different LOINC codes), heterogeneity (rarely 2 people have
exactly the same medical history), sparseness (the amount of medical data available
differs for subjects), random errors (data collection process is complex and prone to
human mistakes) and systemic biases (some tests are only done if a doctor has a strong
doubt of certain diagnosis) [28]. These problems combined make the reconstruction of
the true patient state from EHR a challenging task [29].
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Table 1. Common challenges of EHR data

Classification standard | Common problems identified

ICD-10 The reliability may be influenced on financial
compensations, associated paperwork and coder
bias.

LOINC The values have no measure of sample quality.

The methods and reagents used vary between
laboratories and across time.

ATC The time stamp describes the point of order not
necessarily the time of administration.

The common problems identified for the EHR data are described in Table 1.

2.2.4 Ethical considerations of EHR usage

The restrictions for using EHR data in medical research are not only of technical nature.
The ethical use of data is critical and the best practices are followed in all the experiments
done in this Thesis. Two principles are highlighted as they are central for ethical data
usage. Firstly, informed consent is required for all participants. This is achieved via
broad consent form signed by the gene donors of Estonian Biobank whose data is
collected and used. Secondly, the privacy and the duty of confidentiality is respected.
This means that the EHR data used had been previously anonymized and contained
only the necessary information. The confidentiality of the participant must not be
compromised under any circumstances.

2.3 Machine Learning

Machine learning (ML) is a subfield of Al research focused on computer algorithms
that improve automatically through experience. The following more formal definition is
proposed by Tom M. Mitchell [30], "A computer program is said to learn from experience
E with respect to some class of task 7" and performance measure P, if its performance at
task in 7', as measured by P, improves with experience £" In this thesis the experience F
is data from EHR. The task 7" is the prediction if a person will be diagnosed with ischemic
stroke or not. This is known as the binary classification problem. The performance
measure P, will help to define the accuracy of predictions.

The Thesis focuses on ML models know as DNNs. Random Forest is used as an
bench-marking model. These models are chosen as they are established methods for
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binary classification problems and have the ability to handle both the numerical and
categorical variables.

2.3.1 Random Forest

Random Forest is an ensemble learning method used for classification or regression
tasks. Random Forest utilises multiple decision trees and outputs the joint prediction of
singular trees [31]. A decision tree is a flowchart-like structure in which each internal
node represents a test on a feature and each leaf node represents a class label. The
branches of the decision tree represent conjunctions of features that lead to those class
labels.

The main hyper-parameters used when tuning the fit of Random Forest models
are: the number of individual trees ( n_estimators ), the maximum number of levels
in a individual tree (max_depth), number of features considered for splitting a node
(max_features).

2.3.2 Deep neural network

Inspiration for the DNN is drawn from the brain where connected neurons transmit
signals to one another. The first mathematical model of the neuron was proposed by
Warren McCullough and Walter Pitts in 1943 [32]. All logical operations could be
implemented using the McCullough-Pitts neuron, with the exception of XOR that would
require more than one neuron. However, the McCullough-Pitts neuron lacked a learning
algorithm and the network had to be built manually. This model was developed further
in 1958 by Frank Rosenblatt to be more generalized computational model called the
perceptron. The major improvements of the perceptron where the use of a learning
algorithm and non-integer connection weights [33]. Since the perceptron is considered
the first generation of neural networks where the network is composed of only a single
layer of neurons, the underlying mechanisms behind it are pictured in Figure 1. The
artificial neuron has one or multiple inputs (x;...x,,) and each input has an associated
weight(wy;...w,). Each input is multiplied by the corresponding weight value and is then
summed together by the transfer function. Activation function is used to evaluate the
value of the transfer function and if the threshold is exceeded an output of 1 is returned.

A DNN is an artificial neural network (ANN) with multiple layers between the input
and the output layer. Fully-connected layers is the term used for this kind of structure
when neurons of the consecutive layers are connected in an all-to-all manner [34]. This
can be described mathematically as calculating the activation vector a described by the
Equation 1. Given an input of a row-vector ¢ the layer multiplies this input with the
matrix composed of weight values IV and adds a bias vector b. Both the weight matrix
W and bias vector b are learned by training the network.

a=1i-W+b (D
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Figure 1. The perceptron. The z;...x,, indicate inputs and w;;...w,, the corresponding
weights. The X is the transfer function that is calculated as the inputs and corresponding
weights are multiplied and then summed together. Activation function f(z) evaluates the
value of the transfer function and returns an output of 0 or 1.

Figure 2 depicts how layers are organized in a feed-forward neural network. This
model can represent non-linear functions thanks to the use of multiple layers of thresh-
olded neurons [34]. However, the learning algorithm of the perceptron did not allow
stacking of multiple layers. The use of interconnecting layers was made possible by
Rummelhart, Hinton and Williams with the efficient way of back-propagating error gra-
dient thorough multiple layers [35]. To understand the importance of back-propagation
the learning algorithm of the fully-connected neural networks should be explained first.
The binary cross entropy loss (calculated as in the equation 2) is used as a loss function
in this Thesis.

L= Z[—ti log(pi) — (1 —t;) - log(1 — p;)] 2)

The true value ¢; = 1 when the i-th data points correct answer was positive. A negative
correct answer of ¢-th data point would result in ¢; = 0. The prediction p; is the probability
of i-th sample belonging to the positive class according to the model. The L is calculated
given all NV samples, the predictions p; and true values ¢; according to Equation 2. The
aim of the training process is to find such values for the weight parameters that minimal
number of mistakes are made. The learning from examples begins by finding the gradient
of the loss with respect to each parameter in each of the weight matrices and the bias
vectors used [34, 35]. The idea of gradient decent is to change each parameter value by a
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Input Hidden Ouput
layer layer layer

Figure 2. Layers of deep neural network. The input layer contains inputs /4, ...., I,, and
output layer outputs O1, ..., O,,. Between input and output layer there are hidden layer(s).

small step in opposite to the respective gradient with the aim to decrease the error by a
little [35]. This process is made more stable and computationally efficient by computing
average gradient over a mini-batch (smaller subset of samples) and performing the
learning step based on that average. This method of randomly assigning the data points
into batches is called Stochastic Gradient Descent optimization algorithm [36]. The size
of each update is calculated as the averaged gradient times a learning rate. An extension
of stochastic gradient descent algorithm called Adam is used in this Thesis [37]. The
name Adam is derived from "adaptive moment estimation". Adam was chosen as it is
an optimization algorithm that can handle sparse gradients on noisy problems, and it
is relatively easy to configure (default parameters do well on most problems). Adam
has been shown to efficiently solve practical deep learning problems [37]. The back-
propagation method is used to compute all the gradients mentioned previously. The
computation of gradients begins by finding the derivatives in the last layer and then
moving layer by layer back toward the inputs while calculating all gradients needed
for the learning. The gradient descent is guaranteed to only converge toward some
local minimum, and not necessarily the global minimum error (indicating that there is
no guarantee of finding the p; that would result with the lowest loss via this process).
Despite this, the back-propagation has yielded excellent results in many real-world
applications [30].
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2.4 DNN for tabular data

Tabular data (also sometimes referred as relational data' or structured data) is something
that is held in a table (such as SQL database, Excel sheet or a Pandas data frame). The
data is composed of rows and columns. The aim of the model would be to predict the
values of one column based on the other columns for every row in the table. Popular
approaches for classification of tabular data are ensemble methods like Random Forest
and XGBoost[38].

EHR data may not be inherently in a tabular format (Digilugu uses XML data
structure) but is often converted to tables for research purposes as a result of data mining
and processing. This is the case for EHR data used for this Thesis as well. For a
more detailed snapshot of biological processes many layers of Omics data are added
together [39]. This approach would be possible for many other Omics data types (such
as metabolomics, microbiomics, transcriptomics) collected by the Estonian Biobank [40].
For the scope of this Thesis only the data available in EHR are used (disease diagnosis,
some metabolomic and cellular measures).

The usage of DNN models for EHR and Omics tabular data is motivated by the
following:

* (Classification performance improvement (particularly on large data sets) [10, 11,
41].

* Potential to efficiently encode multiple types of data (e.g., medical images) along
with tabular data [8].

* Alleviate the need for feature engineering [8].

* Potential for data-efficient domain adaptation [34].

The two DNNs implemented in this Thesis are the FastAl tabular and TabNet.
More details about these methods is given in sections 2.4.3 and 2.4.4. Both of these
methods use embedding and batch normalization layers that are further explained
below.

2.4.1 Batch normalization

Batch normalization is a widely adopted technique of adaptive reparameterizations which
enables faster and more stable training process of DNNs [42]. The exact reasons for
batch normalization effectiveness are not fully understood [43]. The Batch normalization
transform algorithm proposed in [42] is shown in Algorithm 1 where the input layer is
normalized by re-centring and re-scaling.

'The author of this Thesis is aware of the definition of relational model by Edgar F. Codd. As the
practical use of these data structures does not differ in the context of the Thesis relational and tabular are
used interchangeably.
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Algorithm 1: Batch Normalizing Transform

Input: Values of z over a mini batch: B = {z1, ...x,, };
Parameters to be learned: v, 3
Result: {y; = BN, g(z;) }

1 g $— % Do T

2 0f «— =5 " (@ — pp)?

3 4 ¢ LiZhB

1/ 02B+e

4 y; «— i+ B = BN, g(x;)

The first step of algorithm 1 is finding the mean for the mini-batch. Next, on the line
2 the mini-batch variance is calculated. After that the values are normalized using the
mean and variance found on previous steps. Finally, on line 4 scale and shift are applied.

2.4.2 Embedding

51]1-3(0.1]32(13

4 |75|-2134]05
2| =) [ofo]1]o] = [r2] 2 [oa] 4 [20]
&3 12|27 |0a| 1 [28] &

11512110211

index one-hot vector weight matrix embedding

Figure 3. Example of embedding process. A index is transformed to one-hot encoded
vector which is multiplied by the weight matrix. As a result embedding is created. Image
orginates from Tambet Matiisen blog post [44].

Embedding improves ML on large inputs like sparse vectors representing words. This
is achieved via the relatively low-dimensional embedding space (which is continuous)
into which high-dimensional vectors (one-hot encoded) are translated. The aim of this
process is to capture some semantics of the input and place semantically similar inputs
closer together in the embedding space. [45] Figure 3 demonstrates how a value (index) is
converted to one-hot vector that is multiplied by an weight matrix resulting in emebdding.
The embedding layer is trained with the network or an already pretrained embedding
is used. For this Thesis the embedding is used for both DNNs in the hope that it will
increase the model’s performance via capturing the semantics of categorical variables
such as ICD-10 codes.
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2.4.3 FastAl tabular

FastAl is a Python library built on PyTorch by Jeremy Howard [9]. The version 1 was
released in 2018. The motivation behind FastAl is to enable building state-of-the-art
deep learning models simply and quickly. This enables domain experts like medical
researches to start using the pre-existing neural network architectures without the need
for detailed implementation [15]. Nevertheless FastAl is not widely known or used
among metabolomics researchers. An article released in 2020 listing publicly available
resources and modules for deep learning in metabolomics research did not even mention
the FastAl [3]. Regardless, FastAl libary is still a powerful tool utilising many state-of-
the art practices for tabular data. FastAl tabular uses embedding layer (inspired by word
embedding) for categorical features. This means that categorical variables are mapped
into Euclidean space in a functional approximation problem. This mapping is learned
by the neural network during the supervised training process. Intrinsic properties of the
categorical variables may be revealed by the mapping. Other benefits of entity embedding
are a reduction of memory usage and an increased speed of the neural network compared
to one-hot encoding. It has been demonstrated that for sparse data the embedding helps
the neural network to generalize better. As EHR data have high cardinality features this
helps to avoid the overfitting. [45]

FastAl implements the cyclical learning rates for training. The learning rate cycli-
cally varies between reasonable boundary values which improves the classification
accuracy [46].

In summary, FastAl tabular was chosen as it is relatively easy to use and is designed
for domain experts while having a built-in functionality for tabular data.

2.4.4 TabNet

TabNet is a high-performance interpretable canonical deep tabular learning architecture
developed by Sercan O. Arik and Tomas Pfister at Google [8]. Sequential attention is
used by TabNet to choose features at each decision step to reason from. This results
in model being interpretable by differentiating the important features from others. The
authors of TabNet have demonstrated that TabNet outperforms other methods such as
Decision Trees, Random Forest and many others on a wide range of publicly available
data sets[8]. The TabNet adaption for FastAl (fast-tabnet 0.2.0 [47]) was used in this
Thesis.

TabNet was chosen as it requires minimal data pre-processing while offering im-
proved interpretability compared to classical DNN used by FastAl tabular learner.
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Figure 4. Figure taken from S. O. Arik and T. Pfister TabNet article [8]. Example of
sparse feature selection of TabNet on Adult Census Income prediction[48]. Multiple
decision blocks are used that focus on processing a subset of input features for reasoning.
Figure depicts 2 feature blocks that process features related to professional occupation
and investments. These features are then used to predict the income level [8].

3 Methodology

The code for data pre-processing was written in R (version 4.0.3) while all imple-
mentations of the models (Random Forest, FastAl tabular and TabNet) were written
in Python (version 3.7.10). The FastAl version 2.3.1 was used to build the DNN:s.
Data analysis and plotting was done either in R using ggplot2 [49] or in Python. The
code written for this Thesis is available in the following GitHub repository: https:
//github.com/skurvits/Ischemic-stroke-models-using-DNN.

The next subsections will describe the data and the analytical methods that are used
in this Thesis.

3.1 Data preprocessing

The EHR data used in this Thesis was processed and imputed from epicrises documents
by Software Technology and Applications Competence Center (STACC). The details
of the process are described in the technical report [50]. The LOINC codes with values
were mined from EHR data fields as they are not always held in a tabular format. The
data set was produced using the data from February 2004 to March 2020 and contained
2.7 million entries.

After gaining access to the data mined by STACC all measurements after the first
stroke were removed. The data gained was cleaned further and some LOINC values
imported from other columns (not all LOINC codes were actually in the same column,
but were mixed between few other columns). In some cases a LOINC measure was
available with more than one measurement unit in the data. No unit conversion was done
and each unit was considered as a different features (in the Results section these variables
are referred to using additional number such as B.Hct_1 and B.Hct_2 for measures of
hematocrit using 2 different measurement units). Rare analyses (columns with less than
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45 occurrences) were removed same is true for the individuals with less than 10 different
LOINC measurements available. The measurements that were taken more than 1000
days before the stroke were also removed. As the result of the cleaning process, out of
the 783 LOINC codes available from the original data only 145 were used in the models.

The age during the time of measurement is calculated for each person based on
the birth year. As the exact date of birth is unknown due to the ethical considerations
(explained in the section 2.2.4) the age value may not be exact but cannot differ more
than 1 year of the real value during the measurement.

No manual feature selection was used for any of the 3 models implemented, this
is to validate the claim of TabNet’s feature selection ability. Additional features were
created for counting the number of LOINC codes available per person. Next, all LOINC
measurements made on the same date were aggregated by the person.

3.1.1 Missing data and imputations

The EHR has a value for LOINC code only if the analysis has been done for that person.
As there are many different LOINC codes, for every person some of them are missing
for every person in the data set. The last observation carried forward approach is used
so that the last available LOINC and ICD-10 values are used, if the last measurement
date had no such value available then the value is imputed with the previous value when
available. If after the last observation carried forward approach still a value is missing it
is imputed with zero. This imputation mimics better the "non-measured" characteristic
of the feature. Imputation with the mean value was also tested but yielded worse results.

3.1.2 Categorical data

For Random Forest the one-hot encoding was used for categorical data. The one-hot
encoding encodes each of the n features in a vector of n elements, with all elements set
to O but one, at a different index for each feature. Both the FastAl tabular and TabNet
DNN use embedding for the categorical features, thus a prior one-hot encoding prior is
not necessary.

3.1.3 Selection of cases and controls

From the data case and control groups were formed using the PopSel software [51].
For every case suitable controls (no ischemic stroke diagnosis) are found with the
corresponding sex and the most similar birth year. The last known measurement date
must not be more than 1000 days before the diagnosis of stroke for the cases. This
resulted in 749 cases and 2033 controls. The similarities of case and control groups are
described in Figure 5. The Venn diagram in the figure shows that 62 out of the total
of 473 ICD-10 codes in the data were only present for the cases group while 229 only
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occurred in the control group. The 182 ICD-10 values have occurred in both groups. In a
later section, a sensitivity analysis is performed (Section 4.4) to confirm that the machine
learning models do not learn to rely too heavily on this information.
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Figure 5. Case and control groups by birth year, sex and measurements data. Boxplot A
compares the case and control group by sex and age. Boxplot B compares the case and
control groups by sex and number of analytes available. The Venn diagram D shows how
many ICD-10 codes are shared and how many are unique to the case and control groups.

In addition, the control group was selected such that no individuals with the fol-
lowing ICD-10 codes or drugs codes were included. ICD-10 codes selected against
are the following cerebrovascular diseases: 160, 161, 162, 164. This selection is used
to avoid individuals with hemorrhagic stroke or similar symptoms and was selected
after consultation with medical doctor. ATC codes selected against: BO1 (antithrom-
botic agents), MO1A (anti-inflammatory and anti-rheumatic products, non-steroids) ,
MOI1BAO3 (acetylsalicylic acid and corticosteroids), NO2BA (salicylic acid and deriva-
tives). These medications directly influence the biological mechanism of stroke and so
may directly influence other biological signals indicating stroke.
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This type of case-control matching introduces the underlying problem of imbalanced
classes for binary classification task. There is a stronger incentive for the model to predict
a more popular class when in doubt. This issue is addressed by selecting a non-biased
evaluation metric as described in the section 3.2.2 and using methods for imbalanced
class training as described in section 3.3.

3.2 Evaluation framework

EHR data processed by STACC

AN S/

¥

Data preprocessing & case-control
matching

.

Training & validation o
data 90% Test data 10%
Best hyperparameters
h h
Y
Hyperparameter seach
via 10-fold cross Final model
validation
e

Figure 6. Workflow of model creation and testing

Section 2.3 described how ML algorithms use training data as examples to learn the
rules for the classification problem. One problem of finding such rules is the over-fitting
of the model. This happens when the model performs well on the training data but fails
to generalize and thus the performance drops when used on new data. These models
have less practical value as usually the purpose of a model is to use it on new and
unencountered data. To evaluate the over-fitting the available data are split into training
and test data sets. Use of test samples is the most fair estimate of a model’s ability to
generalize[52]. The test data set is used only for the final evaluation of the model and
is not used in the training or hyper-parameter selection process. As selecting the right
hyper-parameters for the data is crucial for good performance of the model this is solved
with using k-fold cross validation described next.
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3.2.1 Stratified k-fold cross validation

Cross validation is a method from Monte Carlo family used to sort data into training
and validation sets. The stratification means that each set created contains the same
proportion of samples of each class as the whole data set. A 10-fold cross validation is
illustrated on the Figure 7.
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Figure 7. 10-fold Cross validation. Each yellow box is a 10% validation set that is used
as a test set for the corresponding experiment.

Although, the k-fold cross validation gives insight into the performance of the models,
the final comparison of 3 models is made using test data not previously used for the
hyper-parameter tuning. This approach helps to better understand how well the model
performs on novel data and gives assurance that the hyper-parameters were not tuned
in accordance with the test data selected. To compare the results of the 3 models the
stratified 10-fold cross validation implemented uses exactly the same data for every fold
across all three models.

3.2.2 Evaluation metric

The confusion matrix is a table used for classification model evaluation on test data
where the true values are known. The figure 8 illustrates how all predicted values are
divided into 4 sets. Using the confusion matrix, the following performance metrics
are commonly calculated: accuracy, precision, F1-score. All the performance metrics
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Figure 8. Confusion matrix and common performance metrics

mentioned before should be calculated for both classes (predicted to have ischemic stroke
and predicted to not have the stroke) due to the class imbalance present in data.

The receiver operating characteristic curve (ROC) is commonly used for medical
decision making and ML model evaluations [53]. The ROC graph is a two-dimensional
graph in which true positive rate is plotted on the Y-axis and false positive rate is plotted
on the X-axis. The ROC graph illustrates the relative trade-offs between benefits (TP
rate) and costs (FP rate). The diagonal line y = x on ROC graph represents randomly
guessing a class. For a classifier to be better than random it must appear in the upper
left triangle of the ROC graph. In this case-control study the class distribution between
cases and controls is skewed (number of controls is higher to increase power of the
study). The ROC curves are however insensitive to changes in class distribution. The
change in proportion of the positive to negative instances in test set will not change the
ROC curve. This can be illustrated using the confusion matrix (Figure 8). The class
distribution of positive to negative instances is the relationship of the left column to the
right column. The performance metric using values from both columns are inherently
sensitive to class skew. Accuracy, precision and F1-score use both of these columns from
the confusion matrix. The change of class distribution results in a change in these values.
ROC, however, is calculated using only true positive rate and false positive rate. Both of
these metrics are strict columnar ratios and therefore do not depend on class distributions.
Any performance metric that uses values from both columns will be inherently sensitive
to class skew.
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3.3 Model implementations

For all models stratified 10-fold cross validation was used to select the optimal hyper-
parameters for the task. The evaluation metric used for each model was the average area
under the curve (AUC) value calculated across all 10 folds. The results of the 10-fold
cross validation are shown in detail in section 4.1.

3.3.1 Random Forest

The Python sklearn library’s Random Forest algorithm was implemented [54]. The
best hyper-parameters were found using grid search. The following ranges of hyper-
parameters were used:

* max features € {sqrt ,25,50}

» max depth € {10, 20, 30,40, 50,60}

* min samples leaf € {2,5,8 11}

» number of estimators € {600,1000, 1400, 1800}

The best parameters were selected based on AUC value of 10-fold cross validation
described in section 4.1.1.

3.3.2 FastAl tabular

The FastAl tabular model was implemented using Python FastAl library [9]. Stratified
10-fold cross validation was used for hyper-parameter search. The best hyper-parameters
were found using grid search. The following ranges of hyper-parameters were used:

* learning rate € {0.005,0.01,0.02,0.025,0.05}
» number of layers € {2,3}

» number of nodes € {100, 300, 500, 1000}

The best parameters were selected based on AUC value of 10-fold cross validation
described in section 4.1.2.
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3.3.3 TabNet

Grid search was used in combination with 10-fold cross validation to find the most
suitable hyper-parameters. The tested hyper-parameters were chosen based on the
recommendations in the TabNet article [8].

* learning rate € {0.005,0.01,0.02,0.025}

Niteps € {3,4,5,6,7,8,9,10}

Nqg= N, € {8,16,32,64,128}

v € {1.0,1.2,1.5,2.0}

B € {256,512,1924, 2048}

The best parameters were selected based on AUC value of 10-fold cross validation
described in section 4.1.3.

3.4 Interpreting the model by feature importance

A mathematical definition of interpretability does not exist. Nonetheless, the model’s
interpretability can be described as the degree to which a human can understand the
cause of a decision [55]. Another definition proposed is that interpretability is the degree
to which a human can consistently predict the model’s result [56]. The inerpretability
has critical value for clinical models as it builds trust and transparency.

This Thesis focuses on finding the most important features for every model tested to
answer the research question Q3. The tools used for finding the most important features
are either available by the implementation library (sklearn, TabNet) and/or commonly
used for such model. The top 20 most important features were found for every model.

For Random Forest the feature importance was calculated using sklearn. The sklearn
package uses Gini importance (mean decrease impurity) that is defined as the total
decrease in node impurity averaged over all trees of the ensemble. As one feature
can occur in multiple nodes the feature importance is calculated over the sum of all
occurrences and the sum is divided by the total impurity reduction of all nodes [57].

The FastAl tabular model has no built-in feature importance functionality. A model-
agnostic approach of finding the feature importance (model reliance) is used [58] instead.
The model reliance is found by a permutation importance method that was implemented
by the author of the Thesis. The permutation feature importance is defined as the decrease
in a model score when the values of a single feature are permuted [59]. The relationship
between the feature and the target is broken by this procedure, and the drop in the model
score is indicative of how much the model depends on the feature. Firstly, the original
error is estimated. Then for each feature a new feature matrix is built by permuting the

26



feature. The new permuted feature matrix is used to estimate the error. The permutation
feature importance is found as the error of the permutation divided by the original error.

TabNet sparse feature selection enables the model to be interpretable via finding
the most important features [8]. This built in functionality was used to find the top 20
important features.
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4 Results

This Chapter describes the results of the analysis conducted in this Thesis. In Section 4.1
the results of 10-fold cross-validation experiments for finding the best hyper-parameters
are described. These hyper-parameters were used for training the final model which is
evaluated on a test set. The results of the final models are detailed in Section 4.2. In
addition, simple ensembles models using the 3 trained models were evaluated on test
set. Next, the most important features for every model were found and are reported
in the Section 4.3. The ICD-10 was the most important feature for both DNN models
used. To evaluate the impact of disparity of ICD-10 codes between cases and controls
the sensitivity analysis on that feature was performed. Finally, the classification errors
for all 3 models were analyzed further.

4.1 10-fold cross validation

All 10-folds used were identical across all models meaning that that the fold 1 contained
the same individuals in training and test data for the random forest, FastAl and TabNet
models.

4.1.1 Best hyper-parameters for Random Forest

The following hyper-parameters resulted with the highest average AUC value of 0.92 in
the 10-fold cross validation.

n_estimators = 1800
max_features = sqrt
max_depth = 60
min_samples_leaf =5
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Figure 9. Random Forest ROC plots for 10-fold cross validation

The results of 10-fold cross validation on training data using Random Forest are
shown in Figure 9. All 10-folds were similar with the lowest AUC value of 0.89 and
highest of 0.97 resulting in standard deviation of 0.02 for the AUC values.

4.1.2 Best hyper-parameters for FastAl

The following hyper-parameters resulted with the highest AUC value in the 10-fold cross
validation.

learning_rate = 0.05
number of layers = 2
number of nodes layer 1 = 500
number of nodes layer 2 = 1000
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Figure 10. AUC measures of 10-fold cross validation of FastAl tabular model

The results of 10-fold cross validation on training data using FastAl tabular learner
are shown in Figure 10. The average AUC value was 0.86 with the standard deviations
of 0.04. The cross validation results indicate more variance between models tested on
different fold. The lowest fold achieved the AUC value of only 0.798 while the highest
value achieved was 0.933. The FastAl learner model was less stable and had a lower
mean AUC score compared to Random Forest. The model was more sensitive to the data
set used for training and testing indicated by higher standard deviation of AUC scores
and lower overall score.

4.1.3 Best hyper-parameters for TabNet

The following hyper-parameters resulted with the highest mean AUC value in the 10-fold
cross validation.

learning_rate = 0.02

N_steps = 3
N_d=N_a=128
v=1.0
B = 2058

The results of 10-fold cross validation on training data using TabNet are shown in
Figure 11. The average AUC value was 0.93 with the standard deviations of 0.01. The
highest AUC value of the 10-folds was 0.954 and the lowest 0.904.
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Figure 11. TabNet ROC plots for 10-fold cross validation

4.2 Model performance on test data

In this section we are interested how our models perform on novel data not used for the
training and parameter tuning processes. The results of this section answer the research
questions Q1 about weather ischemic stroke could be predicted using the pre-existing
EHR data. This section is used as the final comparison of the 3 models used in the Thesis
to answer the question Q2 weather the usage of DNN offered a performance increase
compared to the Random Forest baseline model.

4.2.1 Random Forest performance

The hyper-parameters described in Section 4.1.1 were now used to train one model using
the whole training set (90% of the available data) and the model was then evaluated on
the training data (10% of data unused in the training process before). The results are
shown in Figure 12.
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Figure 12. Random Forest ROC plot of the final model

The AUC value for test data was 0.94. A lower score was achieved as the average of
10-fold cross validation. This indicates that this model extrapolates well for new data.

4.2.2 FastAl performance

True Positive Rate

Receiver operating characteristic

1.04

0.8 1

0.6 1

0.4 1

0.2

0.0

—— AUC: 0.879
——- Chance

0.0 0.2 0.4 0.6

False Positive Rate

1.0

Figure 13. ROC of FastAl tabular final model

The ROC of the final model for FastAl tabular learner is shown on figure 13. The
AUC value of 0.89 is in the expected range given the 10-fold cross validation results.
Detailed architecture of the model implemented is given in the Appendix II.
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4.2.3 TabNet performance
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Figure 14. ROC of TabNet final model

The ROC of the final model for TabNet ( Figure 14). The AUC value of 0.90 was in
the lower end of the 10-fold cross validation results, as the lowest of all 10 experiments
had the AUC of 0.90.

4.2.4 Comparison of models

Table 2. Results of 10-fold cross validation and test set

Evaluation framework | Random Forest | FastAl tabular | TabNet
10-fold cross validation | 0.92 + 0.02 0.86 = 0.04 0.93 £0.01
Test set 0.94 0.88 0.90

As described by Table 2 Random Forest yielded the best results on test data followed
closely by the TabNet. FastAl tabular did not perform as well, but was still able to
generalize to test data. Detailed architecture of the models implemented is given in the
Appendix section II.

4.2.5 Ensemble models

The ensemble models are created such that the average prediction values for all models in
the ensemble are found. A few ensemble models are also calculated with using weights
on the best singular models. For example in Table 3 3x Random Forest + FastAl + 2x
TabNet means that the predictions of Random Forest model are multiplied by 3, the
prediction value of FastAl is added with the prediction value of TabNet multiplied by 2.
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The resulting value is then divided by 6 and based on this new prediction value a AUC is
calculated.

Table 3. Calculated AUC values for different ensembles of 3 models for the test data.

Model AUC
Random Forest 0.942
FastAl 0.879
TabNet 0.904
Random Forest + FastAl 0.943
Random Forest + TabNet 0.935
FastAl + TabNet 0.927
Random Forest + FastAI + TabNet 0.943

3 x Random Forest + FastAl + 2 x TabNet | 0.945
3 x Random Forest + FastAl + TabNet 0.947

2 x Random Forest + FastAl 0.947
3 x Random Forest + FastAl 0.948
4 x Random Forest + FastAl 0.949
5 x Random Forest + FastAl 0.948

The best ensemble model composed of Random Forest and FastAl models achieved
0.95 AUC value compared to the highest single model of Random Forest AUC of 0.94.
All simple ensembles created and tested (except for the Random Forest and TabNet pair)
achieved a higher AUC than the single models used in the ensemble. This indicates that
even if the DNN models alone may not achieve better results than Random Forest, the
ensemble model using the DNN models and Random Forest may improves the results.

4.3 Feature importance

In this section, the results for feature importance analysis for research question Q3 are
presented. Firstly, 20 most important features for each model are given. Next, the overlap
of important features is found.

34



4.3.1 Most important features for Random Forest
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Figure 15. Random Forest model 20 most important features. The ICD-10* is the sum of
all one-hot encoded ICD-10 code feature importance and is not actually one of the 20
most important features.

As for feature importance of Random Forest model the top 20 most important features
are shown in Figure 15. All the features have rather small importance varying between
0.015 and 0.055. Feature with the highest importance is the LOINC code: 62238-1 which
corresponds to eGFR-CKD-EPI. The eGFR-CKD-EPI is the estimated glomerular
filtration rate using Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI)
formula. The eGFR-CKD-EPI value is calculated using age, sex, race’ and serum
creatinine levels. Next features following the eGFR-CDK-EPI are the LOINC code
4544-3 (B.Hct_2) measuring hematocrit, the proportion(percentage) of red blood cells
in the blood and (LOINC code: 50560-2, U.pH.strip) the pH of urine. Out of non
LOINC values the year of birth and the number of LOINC codes available are were the
top 20 most important features for the model.

2Estonia’s EHR does not use race in calculation formula.
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4.3.2 Most important features for FastAl
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Figure 16. FastAl tabular model 20 most important features

As seen in Figure 16 the most important feature for the FastAl models is the ICD-10
code having over 10 times the importance of the least important feature pictured. Other
top features are the hematocrit (LOINC code: 4544-3, B.Hct_2), eGRF-CKD-EPI,
year of birth and the pH of urine. The FastAl feature importance plot differs from
the Random Forest and TabNet as the feature importance drops significantly after the
first feature while Random Forest and TabNet top features decrease in importance more

gradually.
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4.3.3 Most important features for TabNet
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Figure 17. TabNet model 20 most important features

The ICD-10 code is the most important feature for the TabNet model as pictured in
Figure 17. It is followed by the number of neutrophils is blood (LOINC code: 751-8
, B-Neut#), the hematocrit (LOINC code: 4544-3, B.Hct_2) and the cancer Ag 19-9
(LOINC code: 24108-3, S.P.CA-19.9) which is a tumor marker.

4.3.4 Comparison of models

The overlap between the most important features found is displayed on the Venn diagram
(Figure 18). For every model about half or more of the top 20 features found are unique
to that model. The 5 features that are important to all 3 models are the year of birth,
the hematocrit (B-Hct, LOINC code: 4544-3), pH of urine (U-pH-strip, LOINC code:
50560-2), platelet mean volume (B-MPV, LOINC code: 32623-1) and erythrocyte
distribution width (B-RDW-SD, LOINC code: 21000-5). The hematocrit, platelet
mean volume and erythrocyte distribution are measured as a subsets of complete blood
count (hemogram) panel (LOINC code 58410-2), which is one of the most common
analysis performed.

The 3 features shared only by FastAl and Random Forest are glomerular filtration
rate (LOINC code:33914-3, eGFR), eGFR-CKD-EPI (LOINC code 62238-1), erythro-
cyte distribution width (LOINC code:788-0, B-RDW-CV). The erythrocyte distribution
width found important here is not the same as the one mentioned previously to be impor-
tant for all 3 models as it has a different LOINC code and measurement principle. The
2 features shared by only TabNet and Random Forest are the count of erythrocytes in
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blood (LOINC code: 789-8 B-RBC) and hematocrit (B-Hct_1) measured in different
units than the one mentioned previously.

FastAl and TabNet share 4 features not named before. Firstly, ICD-10 the diagno-
sis given on that day which was the most important feature for both models. As this
feature was one-hot encoded in the Random Forest model it is not properly accounted
for in the Random Forest feature importance calculations. To get an estimate for com-
parison all ICD-10 one-hot encoded feature importances were summed together in the
Random Forest feature importance analysis. The sum of all binary ICD-10 codes in Ran-
dom forest achieved feature importance value of only 0.0048. Secondly, the following
LOINC code of 32623-1 (B.-MPV) used for the platelet mean volume. Thirdly, the
count of neutrophils in blood (LOINC code: 751-8, B-Neut). Finally, the hemoglobin
Alc/Hemoglobin total in blood (LOINC code: 4548-4 , B.HbA1c), which measures
the amount of hemoglobin with attached glucose and is a common test in diabetes
diagnostics.

Random Forest FastAl

10 8
(24.4%) (19.5%)

TabNet

Figure 18. Venn diagram of the TOP 20 most important features for each model. The
Random Forest is in upper left circle, FastAl tabular learner upper right circle and TabNet
bottom circle.

4.4 Sensitivity analysis of ICD-10

The sensitivity analysis of the ICD-10 feature is done for all models implemented. The
overall idea of the analysis performed is simple. If the model is very sensitive to certain
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diagnosis, setting the diagnosis true for control group samples, should lead to them being
misclassified as positive cases. This process is implemented as Algorithm 2.
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Figure 19. Distribution of the algorithm 2 results using 3 model: Random Forest, FastAl
tabular learner and TabNet. The blue dashed line indicates the original test data AUC
value for each model.

Figure 19 displays sensitivity analysis done for the Random Forest model. Overall
all AUC values are a litter lower but the decrease in value is so small that it holds no
practical importance. The imputation with the 169 resulted the lowest AUC value of
0.9405. These results are supported by the low feature importance of the ICD-10 codes
as the sum of all one-hot encoded features was only 0.0048 not being even listed among
the top 20 most important features for the model.

Figure 5 shows that 62 out of the total of 473 ICD-10 codes in the data used are
only present for the cases group. The FastAl and TabNet models feature importance
analysis ranked the ICD-10 as the most important feature (Figures 16 and 17) for both
models. The aim of this sensitivity analysis is to detect to what extent the models rely on
ICD-10 codes only available for cases groups as classification criteria. The experiment
is explained by Algorithm 2. The general idea is to set the ICD-10 diagnosis of control
group to a value only present in the case group and see if this leads to misclassification
to a case. This is implemented for all ICD-10 codes present in only cases group and the
misclassification is measured by the AUC value.

The FastAl sensitivity analysis results are displayed in Figure 19. The AUC value
calculated on the original test data of 0.88 is higher than the average of AUC values.
Overall, the AUC values seem to decrease (some are even as low as 0.75), indicating
that the ICD-10 values are important for making decisions. The ICD-10 codes having
the largest impact on the models predictive power (lowering the AUC below 0.8) are
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Algorithm 2: ICD-10 sensitivity analysis

Input: S;cp_10, the set of ICD-10 codes present only in the cases group.
Result: The AUC values for modified data sets.

1 foreach s in S;cp_19 do
2 Change all original values for the control group ICD-10 variable to s

3 Use the model on the modified data and calculate new ROC AUC value;
4

following: 091, T22, A56, H47, L43. These codes represent different medical condition
without a common cause such as breast infection, burn on the wrist and chlamydia
infection.

The TabNet sensitivity analysis results are displayed in Figure 19 revealing that the
change of ICD-10 codes has only a marginal effect on the models predictive power as
the overall AUC values were all about 0.9. As the ICD-10 code was the most important
features for the TabNet model having the overall highest value for the feature importance
across all three models this lack of change is unexpected. This could be explained by the
overall low value of the ICD-10 feature importance of only 0.08.

4.5 Comparison of classification errors

All 3 models gave adequate results in predicting ischemic stroke, but none of the models
were perfect. To analyse and compare the models further such value threshold for
prediction scores is taken that for each model the number of true positive result for the
test data is 61 and the number of false negative results are 24. This way all three models
have made the same number of mistakes either by missing cases or wrongly classifying
controls as cases. The Figure 20 shows that out of 61 true positive cases 52 are shared
between three models. The Random Forest and TabNet share total of 6 cases that FastAl
did not predict correctly. Likewise, the FastAl classified correctly 7 cases that both the
Random Forest and TabNet missed. Both the Random Forest an TabNet had unique 2
cases that were predicted correctly using only that model.

A closer examination of the 24 false negative predictions of all models reveals that
14 cases are missed by all three approaches. These cases seem not to differ from the
overall cases group of the study as described by the Table 4. Out of the 14 cases 5 were
male and 9 females. The last measurement was taken in between of 6 to 996 days before
stroke with the average of 369 days. The year of birth varies between 1920 to 1989 with
the average of 1947. The number of LOINC codes available is between 21 to 67 with the

3The method for feature importance calculation differ for the FastAl and TabNet models.
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Figure 20. Overlap of true positive predictions of the 3 models (Random Forest upper left
circle, FastAl tabular learner upper right circle, TabNet bottom circle) using the test data.
Confidence thresholds for each model was select such that the number of true positive
predictions would be 61 and false negatives 24.

Table 4. Comparison of the 14 false negatives cases for all models and all cases in the
cohort

Feature FN avg (+ std) | All cases avg (+ std)
Last measurement taken before stroke 369 £+ 303 days | 281 + 268 days

Year of birth 1947 £ 12 1944 + 13

Number of LOINC codes available 43 £ 15 47 £+ 16

The proportion of ICD-10 codes available | 0.57 0.76

The proportion of males 0.357 0.411

average of 43. The ICD-10 codes were available for 8 cases. All in all, the false negative
cases seem not to stand out in any way from the cases that were correctly classified.
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5 Discussion

This Chapter discusses the clinical and biomedical relevance of the results. Next, the
limitations and future work related to this Thesis are described.

5.1 Comparing results

Risk factors (epidemiological or poly-genetic risk scores) with only modest discrim-
inatory ability (AUC of 0.65) can provide sufficient stratification of risk to be useful
for identifying high-risk individuals [60]. This indicates that all models created could
be evaluated further for clinical utility as the lowest AUC on test data by the FastAl
tabular learner was 0.88. This is answering Q1 that the occurrence of ischemic stroke
can be predicted using the pre-existing EHR data using all 3 ML methods. Random
Forest scored the highest AUC value using the test data. Although, the 10-fold cross
validation results for TabNet looked promising the model’s AUC value for test data was
a bit lower. This indicates that usage of DNN did not give the performance increase
hoped for. For the Q2 proposed the DNN methods used did not outperform the Random
Forest. Similar AUC values for Random Forest and DNN models are not uncommon. In
a study diagnosing Alzheimer’s type dementia from blood samples the deep learning
model produced AUC value of 0.85 while XGBoost resulted in AUC of 0.88 [61]. If the
goal is to build a prediction model for ischemic stroke then the Random Forest method
is preferred as it achieved the highest AUC value while also being easy to implement.
Other ensemble based methods such as XGBoost, CatBoost and LightGBM could be
implemented next as potential methods to increase the AUC value even further.

The results of the Thesis are promising as all models achieved very high AUC scores
compared to other similar studies. The study using 3 US-based healthcare databases
claimed AUC scores from 0.69 to 0.77 for predicting ischemic stroke in patients without
atrial fibrillation in a 1 and 3 year time frames [7]. The model developed on Korean
national health examination data for a 10-year stroke prediction claims to have AUC
value of 0.83 for men and 0.82 for women [62].

The most important feature differed between DNN based models and Random Forest
as the ICD-10 codes feature was most important for both the FastAl learner and TabNet
and not used for Random Forest. Still out of the top 20 most important features the 5
features were shared by all 3 models. The research question Q3 was about most important
features for the models and as we take a closer look at the 5 features important in all
models we find links to previous studies of ischemic stroke risk factors. The hematocrit
was found important for all 3 models. This is interesting as the association between
hematocrit and the incidence of stroke has been a controversial topic and some studies
have shown that higher levels of hematocrit are associated with a higher incidence of
stroke [63]. The mean platelet volume and red blood cell distribution width which were
again important in all models have been shown as risk factors for ischemic stroke [64, 65].
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The explanation for why the pH of urine was a important feature for all models might
not be as simple. On possibility is the usage of thiazide diuretics (ATC code C0O3 which
was not considered in forming study cohort) which have shown to have some effect in
alleviating (or protecting against) the ischemic stroke via blood pressure control. The
usage of thiazide diuretics can change the pH of urine [66]. This should be researched
further. One possibility is by removing the thiazide diuretics users from the study.
Interestingly, while the estimate of age (varying between £ 1 year) was not important in
all models but the year of birth was.

5.2 Limitations

The measurements taken from blood and urine samples used in this Thesis may not be
the optimal parameters to measure for modelling the risk of ischemic stroke.

The selection of cases with stroke occurring up to 1000 days after the last measure-
ment limits the capability of the model - the occurrence of stroke could be predicted no
more than 1000 days after the last measurements. The impact on measurement times
before occurrence of stroke has not been analyzed further.

Any biological interpretations based on the feature importance and overall models
behaviours is not directly linked to biological relevance. The physicians order certain
test based on their suspected diagnosis and the models may learn to predict the ischemic
stroke based on the tests ordered. Even if the models don’t provide insight into the
underlying disease beyond physicians activity the model could still be beneficial for early
discovery and disease risk evaluation. Moreover, the feature importance was evaluated
differently for all models - when using a universal approach the most important features
may change.

The amount of data used may not seem small but taking into account the high
dimensionality, heterogeneity and sparseness of data more subject for the case and
control groups would be beneficial for the DNN used. Despite this the models managed
to generalize to test set.

The ensemble models AUC values were calculated on the test data and no k-fold
cross validation process was involved in the evaluation of ensemble models. For selection
of best ensemble model cross-validation could be used and then tested on another data
set.

Finally, the ML algorithms compared to a human are more prone to the mistake of
misclassification of adversarial examples [67, 68]. The semantics of the objects presented
are not understood by the algorithm.

5.3 Future work

Firstly, the AUC value itself has no direct clinical interpretation. Other measures, such
as the proportion of the population and the proportion of cases whose estimated risks
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exceed clinically meaningful risk thresholds can be used to obtain more direct insight
into the clinical utility of the models.

Secondly, the external validation could be used to prove the predictive power of
the models. This means testing the models using sample of subject different from the
original cohort.

Thirdly, and most importantly the models ability to influence patient outcomes could
be measured [69]. This is affected by the models influence over clinicians and patients
behavior.

Due to time limitations some popular ML methods for tabular data such as XGBoost,
LightGBM and CatBoost were not implemented. In the future, these models could
be explored with thorough hyper-parameter search and tuning. Additional sensitivity
analysis could be done for other important features found in addition to the ICD-10 codes
feature. As for the ensemble model created the model should be selected using k-fold
cross validation and validated by a different test data.

Naturally, these methods used in this Thesis could be used to train models for other
prevalent disease such as diabetes, Alzheimer’s disease and even cancer. This Thesis
focused on using the available EHR data as tabular type. The data could also be views
as time series and other types of DNN could be tested such as long short-term memory
architecture [70].
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6 Conclusion

The aim of this Thesis was to evaluate the available DNN architectures for predicting
ischemic stroke using EHR data on the Estonian population.

The three research questions that were stated at the beginning of the Thesis are the
following:
Q1. Can the occurrence of ischemic stroke be predicted using pre-existing EHR
data using 3 ML methods: Random Forest, FastAl tabular learner and TabNet?
Q2. Will the DNN models (FastAl, TabNet) outperform Random Forest for our
tabular data?
Q3. What are the most important features for the predictive models?

The Thesis used EHR data from Digilugu which was pre-processed by STACC
using data mining methods described in [50]. The LOINC and ICD-10 values were
extrapolated from the data and used to predict the ischemic stroke.

To tackle the Q1 the stratified 10-fold cross validation was first used to find the
optimal hyper-parameters for each model. Next the model was trained using the best
hyper-parameters found and validating using test data. All the models used resulted in
high AUC values for the classification task. Best results were achieved by the Random
Forest with the AUC value of 0.94 on the test data. This was followed by the AUC of
0.90 by the TabNet and FastAl tabular learner achieved the AUC value of 0.88 for the
test data. Different ensemble models using the previous models were tested as well and
a modest increase was achieved with final AUC value of 0.95. As all 3 models tested
achieved high AUC values and generalized well on test data the occurrence of a ischemic
stroke can be predicted using the pre-existing EHR data.

As the Random Forest scored the highest AUC value on the test data the answer
to the Q2 is that the DNN did not achieve a performance increase. Still, a closer look
on classification errors by all 3 models reveals that Random Forest and TabNet shared
more true positive predictions while FastAl tabular learner had some unique true positive
predictions not classified by Random Forest nor the TabNet model. A combined model
of FastAl and Random Forest achieved a AUC value of 0.95 indicating that even if the
DNN-based models alone do not increase the performance of the Random Forest-based
model an ensemble of multiple models can results in increased performance.

The top 20 most important features were found for every model to answer the Q3.
These 5 features were important for all three models: year of birth, hematocrit, pH
of urine, platelet mean volume and erythrocyte distribution width. Almost all of the
features named have been associated with stroke by previous studies. The pH of urine
has no direct link to stroke but could be associated with usage of thiazide diuretics, which
can change the pH of urine and possible interact with occurrence of stroke. The effect of
the thiazide diuretics usage should be further studied. For the DNN based models the
ICD-10 code was the feature with the highest importance. As there are some ICD-10
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codes present only in the cases (or controls) sensitivity analysis was performed for the
importance of theICD-10 on the DNN models. This experiment demonstrated that the
models predictive power was not solely dependent on the ICD-10 codes difference in 2
groups. The TabNet and Random Forest models relied less on ICD-10 codes missing in
controls group and the FastAl model was influenced more by the ICD-10 code disparity
between cases and controls.

These results highlight that EHR data can be a valuable resource for development of
disease prediction models. In the future the clinical utility of the models for ischemic
stroke prediction need to be evaluated.
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I1I. Neural network architectures in detail

Architecture of the FastAl tabular learner

TabularModel (Input shape: 2048 x torch.Size([2048, 149]))

Layer (type) Output Shape Param # Trainable
2048 x 3

Embedding 9 True
2048 x 49

Embedding 21854 True

Dropout

BatchNorm1d 298 True

BatchNorm1d 402 True
2048 x 500

Linear 100500 True

ReLU

BatchNorm1d 1000 True
2048 x 1000

Linear 500000 True

ReLU
2048 x 2

Linear 2002 True

Total params:

Total trainable params: 626,065

Total non—trainable params: 0

Optimizer used: <function Adam at 0x7f50a48c5d40>

Loss function:

FlattenedLoss

of CrossEntropyLoss ()
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Architecture of the TabNet

TabNetModel (Input shape: 2048 x torch.Size([2048, 149]))
Layer (type) Output Shape Param # Trainable
2048 x 3
Embedding 9 True
2048 x 49
Embedding 21854 True
Dropout
BatchNorml1d 298 True
BatchNorm1d 402 True
2048 x 512
Linear 102912 True
Linear 131072 True
Linear 102912 True
BatchNorm1d 1024 True
Linear 131072 True
BatchNorml1d 1024 True
Linear 131072 True
BatchNorm1d 1024 True
Linear 131072 True
BatchNorm1d 1024 True
Linear 102912 True
Linear 131072 True
Linear 102912 True
BatchNorm1d 1024 True
Linear 131072 True
BatchNorml1d 1024 True
Linear 131072 True
BatchNorml1d 1024 True
Linear 131072 True
BatchNorm1d 1024 True
Linear 102912 True
Linear 131072 True
Linear 102912 True
BatchNorm1d 1024 True
Linear 131072 True
BatchNorml1d 1024 True
Linear 131072 True
BatchNorml1d 1024 True
Linear 131072 True
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BatchNorm1d 1024 True
Linear 102912 True
Linear 131072 True
Linear 102912 True
BatchNorm1d 1024 True
Linear 131072 True
BatchNorml1d 1024 True
Linear 131072 True
BatchNorml1d 1024 True
Linear 131072 True
BatchNorm1d 1024 True

2048 x 201
Linear 25728 True
BatchNorm1d 402 True
Entmax15

2048 x 201
Linear 25728 True
BatchNorml1d 402 True
Entmax15

2048 x 201
Linear 25728 True
BatchNorm1d 402 True
Entmax15

2048 x 2
Linear 256 True
Total params: 3,038,041
Total trainable params: 3,038,041

Total non-trainable params: 0

Optimizer used:
Loss function:

FlattenedLoss

<function Adam at 0x7fb0dca39710>
of CrossEntropyLoss ()
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III. Embedding of the ICD-10 value
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Figure 21. First 2 principal components calculated for the ICD-10 embedding created by
the FastAl neural network. Orange dots represent ICD-10 values that were available only
in the cases group.
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Figure 22. First 2 principal components calculated for the ICD-10 embedding created
by the TabNet neural network. Orange dots represent ICD-10 values that were available
only in the cases group.
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