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Abstract

One of the biggest challenges in healthcare is Emergency Department (ED)
crowding which creates high constraints on the whole healthcare system as
well as the resources within and can be the cause of many adverse events.
Is is a well known problem were a lot of research has been done and a lot
of solutions has been proposed, yet the problem still stands unsolved. By
analysing Real-World Data (RWD), complex problems like ED crowding could
be better understood. Currently very few applications of survival analysis has
been adopted for the use of production data in order to analyze the complexity
of logistical problems. The aims for this thesis was to apply survival analysis
through advanced Machine Learning (ML) models to RWD collected at a
Swedish hospital too see how the Length Of Stay (LOS) until admission or
discharge were affected by different factors. This was done by formulating the
crowding in the ED for survival analysis through the use of the LOS as the
time and the decision regarding admission or discharge as the event in order to
unfold the clinical complexity of the system and help impact clinical practice
and decision making.

By formulating the research as time-to-event in combination with ML, the
complexity and non linearity of the logistics in the ED is viewed from a time
perspective with the LOS acting as a Key Performance Indicator (KPI). This
enables the researcher to look at the problem from a system perspective and
shows how different features affect the time that the patient are processed
in the ED, highlighting eventual problems and can therefore be useful for
improving clinical decision making. Five models: Cox Proportional Hazards
(CPH), Random Survival Forests (RSF), Gradient Boosting (GB), Extreme
Gradient Boosting (XGB) and DeepSurv were used and evaluated using the
Concordance index (C-index) were GB were the best performing model with
a C-index of 0.7825 showing that the ML models can perform better than the
commonly used CPH model. The models were then explained using SHapley
Adaptive exPlanations (SHAP) values were the importance of the features
were shown together with how the different features impacted the LOS. The
SHAP also showed how the GB handled the non linearity of the features better
than the CPH model. The five most important features impacting the LOS were
if the patient received a scan at the ED, if the visited and emergency room,
age, triage level and the label indicating what type of medical team seems
most fit for the patient. This is clinical information that could be implemented
to reduce the crowding through correct decision making. These results show
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that ML based survival analysis models can be used for further investigation
regarding the logistic challenges that healthcare faces and could be further
used for data analysis with production data in similar cases. The ML survival
analysis pipeline can also be used for further analysis and can act as a first step
in order to pinpoint important information in the data that could be interesting
for deeper data analysis, making the process more efficient.

Keywords
SHAP, Explainable Al, Survival analysis, LOS, Machine Learning, ED Crowding.
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Sammanfattning

En av de storsta utmaningarna inom varden ir tringsel pa akuten som skapar
stora anstringninar inom vardsystemet samt pa dess resurser och kan vara
orsaken till ménga negativa hindelser. Det ér ett vilkdnt problem dar mycket
forskning har gjorts och ménga l6sningar har foreslagits men problemet
ar fortfarande olost. Genom att analysera verklig data sd kan komplexa
problem som tringsel pd akuten bli bittre forklarade. For ndrvarande har
fa tillimpningar av Overlevnadsanalys applicerats pa produktionsdata for att
analysera komplexiteten av logistiska problem. Syftet med denna avhandling
var att tillimpa Overlevnadsanalys genom avancerade maskininldrningsmetoder
pa verklig data insamlat pa ett svenskt sjukhust for att se hur vistelsens lingd
for patienten fram till inldaggning paverkades av olika faktorer. Detta gjordes
genom att applicera Overlevnadsnanalys pd tringsel pd akuten genom att
anvinda vistelsens ldngd som tid och beslutet om intagning eller utskrivning
som hindelsen. Detta for att kunna analysera systemets kliniska komplexitet
och bidra till att paverka klinisk praxis och beslutsfattande.

Genom att formulera forskningsfrdgan som en dverlevnadsanalys i kombination
med maskininlirning kan den komplexitet och icke-linjéritet som logistiken
pa akuten innebir studeras genom ett tidsperspektiv dir vistelsens lingd
fungerar som ett nyckeltal. Detta gor det mojligt for forskaren att dven
studera problemet fran ett systemperspektiv och visar hur olika egenskaper
och situationer paverkar den tid som patienten bearbetas pa akuten. Detta
uppmirksammar eventuella problem och kan dirfor vara anvindbart for att
forbittra det kliniska beslutsfattandet. Fem olika modeller: CPH, RSF, GB,
XGB och DeepSurv anvindes och utvirderades med hjilp av C-index dar GB
var den bist presterande modellen med ett C-index pa 0.7825 vilket visar att
maskininldrningsmetoderna kan prestera bittre dn den klassiska och vanligt
forekommande CPH modellen. Modellerna forklarades sedan med hjélp utav
SHAP virden dér vikten utav de olika variablerna visades tillsammmans
med deras paverkan. SHAP visade dven att GB modellen hanterade icke-
linjdriteten bittre an CPH modellen. De fem viktigaste variablerna som
paverkade vistelsens ldangd till intagning var om patienten blev scannad pa
akutmottagningen, om de blev mottagna i ett akutrum, alder, triageniva och
vilket medicinskt team som ansdgs biast lampat for patienten. Detta ar klinisk
information som skulle kunna implementeras genom beslutsfattande for att
minska tringseln pd akuten. Dessa resultat visar att maskininldrningsmetoder
for overlevnadsanalys kan anvindas for vidare undersokning angéende de
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logistiska utmaningar som sjukvérden star infor och kan dven anvéndas ytterligare
for datanalys med produktionsdata i liknande fall. Processen med overlevnads
analys och ML kan @ven anvéndas for vidare analys och kan agera som ett forsta
steg for att framhiva viktig information i datan som skulle vara intressant for
djupare data analys. Detta skulle kunna gora processen mer effektiv.

Nyckelord

SHAP, Forklarbar Al Overlevnadsanalys, LOS, Maskininlédrning, Overbelastning
pa Akuten.
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Chapter 1

Introduction

Healthcare is a system that is extremely dynamic and characterised by high
complexity. Nowadays we have challenging problems regarding the delivery
of optimal care, e.g ageing of the population and high volume of request of
care. All this with high constraints regarding the resources like beds, staff and
experts. One of the most complex and dynamic subsystems from a clinical
point of view is the Emergency Department (ED). ED crowding is a global
and challenging problem, a lot of research has been done and a lot of solutions
has been proposed, however the problem is still not completely understood
and still stands unsolved [1]. As technology and computational resources
become more advanced, new opportunities for research opens up in order
to help impact clinical practice and design efficiently. As more technology
is used in several applications and stages of healthcare, more data can be
collected. Lately the use of this Real World Data (RWD) has been gaining
attention as it provides the opportunity to be used in research to improve
clinical practice, inform regulatory guidelines and design better policies for
improving healthcare [2]. Using state of the art engineering methods and
advanced data science to treat, process and analyze the RWD obtained from
within healthcare can provide valuable insights and generate recommendations
to provide better care. Finding secondary use for the data that is stored for other
purposes is challenging but proposing methodologies and advanced analysis of
RWD could be a game changer in understanding the value and limits of current
collected information and also by unfolding this complexity in order to inform
decision making and to improve hospital management. Doing research in this
field has many benefits to healthcare/society and can help to further improve
the health, quality of life for the patients and potentially save lives.
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Crowding in ED has the potential to lead to many adverse events and does
not only affect the patients, but also the healthcare system as a whole and the
personnel [1, 3, 4]. Overcrowding results in an increase of stress, burnouts,
mistakes but also a reduced quality of care [3, 4]. A correlation between
ED crowding and an increased risk of mortality has also been shown as well
as an increase in costs for the patients with longer Length Of Stay (LOS)
[5, 6]. High pressure on the ED’s is also related to the overcrowding of the
hospital system as a whole. High LOS are correlated to this “saturation” of
the healthcare system and the clinical complexity of the patients. ED flows
are characterized by high volume and high clinical variability, this makes it
extremely challenging not only the analysis of the patients themselves, but
also the organization of the system. Although the large amount of work and
previous research in this field, the problem still exists. We need to understand
who are the most common patients in the volume and who are the ones
spending more time in the ED better in order to combat the challenges it
provides and to provide better care. In order to do so this thesis aims to apply
survival analysis to unfold the clinical and logistic complexity of the system.
Survival analysis has the potential to be a good fit since it is a population
based approach enabling the analysis of time-based events with a multi-variate
approach. Survival analysis also has the capability of handling censoring in
the data where in this case the censoring occurs when patients are discharged
from the ED but are admitted to the hospital, still remaining in the system
and utilizing resources. The analysis of censored data enables the inclusion
of more patient data and the possibility of discovering previously unknown
connections hidden in the censored data.

The use of survival analysis are widely used in the medical fields but mainly
focused on mortality, estimating the effect of a treatment in clinical trials
and prognostic outcomes of specific disease studies. Currently, very few
applications have been adopted for the use to analyse production data and the
associated events such as discharge and admission of the hospital. Classic
survival analysis approaches like the Cox Proportional Hazards CPH model
are often employed both in oncology to look for prognostic outcomes like the
prediction of cancer [7] but have also been used to determine how crowding
of the ED affects the mortality [3]. CPH model has many pros for example its
meaningful outputs and ease of use [7], however it is not able to model non-
linearities and interactions and are not useful for models with high dimensions
[7]. This is where the use of newly developed ML models comes in. In
the field of oncology where prognostic outcomes are analysed, ML models
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have been tested as an alternative to the use of the classical CPH and have
been valuable due to the fact that many ML models are able to handle non-
linearity and the interaction effects that may be missed by the use of classical
statistics models [7]. Due to the success with the implementation of survival
analysis ML models in the clinical field of oncology for prognostic analysis,
there may be many other fields in healthcare that could benefit by the use
of these models. One field can be the complex logistics of healthcare and
the ED department where overcrowding is such a big issue. There are many
factors, both clinical and logistic that can influence the LOS. On the one side
we have as mentioned, the high volume and clinical variability of the patients
resulting in that staff needs to have time in order to take care of these complex
patients. On the other side we have the logistics, where there are a lot of
patients that need to be processed and scarce resources. Furthermore, the
decision regarding discharge or the admission is a very important decision to
make due to the fact that it affects both the ED and the hospital. Understanding
this complexity between logistics, patient characteristics and decision making,
and the length it takes to process these patients is of high interest. LOS and
admission/discharge decisions are therefore very important aspects for the
functioning of the ED and this logistic-clinical problem would be fit for a
time-to-event analysis. This presents a perfect occasion to unfold the clinical
complexity of the ED flows connected to these important factors. Using
time-to-event analysis where the event is the final decision done in the ED
either to discharge or admit the patient and the time that is required to make
this important decision is the novelty of this approach and can help decision
making in this very complex environment.

1.1 Aim

The aim of the project was the design and development of a pipeline to treat,
process and analyze RWD in order to generate reliable evidence to increase
the understanding of the patient flow to further improve the ED system. A
novel analytic approach was used which consists of applying several survival
analysis methods, including ML models to detect the main characteristics and
the sub flows of patients and assess which variables have a relevant impact in
the length of stay and the decision of either discharge of the patient from the
ED or admitting the patient in one of the hospital wards.

Analyzing the outcomes to see what factors that affect the LOS and the event
as admission can help to improve decision making when it comes to priority or
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intervene in staff planning, specialization, etc. to optimize time and resources
in a crowded system. In the present work, the approach was tested on a real-
world case study. RWD collected from “Akademiska Sjukhuset” is used as the
case. During the thesis the detection of specific groups of flows to analyze was
defined (e.g generic symptoms, basic care geriatric, acute flow, etc.). The aim

of this thesis is divided an formalized into these three categories:
1. Feature importance in a real world case
2. Benchmark comparison between different models

3. Explanation of the variables compared to the real world settings
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Chapter 2

Background

This chapter provides background information regarding the problems that
healthcare is facing including crowding and what affects the crowding in
the hospital system covering LOS. Secondly it will present an introduction
to multiple survival analysis methods and the different approaches that are
used for the data processing and analysis in this field including performance
measurements and interpretability measurements.

2.1 Healthcare Challenges

Healthcare is one of the primary components in society. It is a constantly
developing complex system that can be divided into several subsystems and
aspect systems. The primary goal of healthcare is to provide the right care
at the right time and to improve the quality of life of the patients. It is a
tightly coupled system and it is under constant pressure with high constraints
on resources like hospital beds, experts and staff. New approaches needs to be
developed in order to help clinical practice. As the systems in healthcare are
so tightly coupled changes and interactions in one part of the system often
leads to a chain of effects throughout the whole system [8]. This creates
an increased complexity that can lead to unwanted events like bottlenecks
throughout the system. By providing more research with new ways to better
understand and evaluate the clinical complexity of the systems logistics it can
help further improve the working flow of the hospital and increase the rate
that patients receive the help that the need. As technology develops, more and
more patient data are collected which opens up for new possibilities to improve
research and provide even better recommendations and improvements in the
healthcare sector. The potential impact of this RWD is growing. By studying
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data collected through the real world setting it provides a better image of the
problem and can be used to inform and help decision making throughout the
system in order to provide better care [2].

Crowding in the ED is a global and challenging problem [1, 9] and a rising
trend can be seen where a several countries including Belgium, France and
the UK are reporting increased need for emergency care [10]. A high pressure
in the ED will affect the rest of the hospital system. Crowding occurs when the
available resources are not able to keep up with the demand for care. Crowding
in the ED is a highly complex logistical problem. It is one of the biggest
issues that the healthcare sector are facing and it brings many consequences.
A significant amount of research suggests that ED crowding has the potential
to lead to a number of different adverse events including mortality [3, 5],
increased frequency of medication errors [11] which for example includes
giving the incorrect dose and incorrect medications, burnout and increased
workload for the staff [12] and overall prolonged waiting times for the patients.

2.1.1 Crowding in the ED: LOS

In order to cope with the problem of ED crowding and to be able to develop
new methods to increase the efficiency and help clinical decision making you
need to determine how you measure the performance of the ED. For this
purpose a number of KPIs has been developed and are used for different
research. Depending on the goal of you research the choice of KPI may
differ. Even though no general consensus exists on which KPIs to use, the most
widely accepted and commonly used KPI is the LOS [13]. LOS is defined as
the time from arriving to the ED until departure either from being admitted or
discharged from the ED. LOS is used because of its close relation to crowding
where an increased LOS means more patients on site which in turn correlates
to longer queues, more crowding and a general loss to the quality of care [10].
Countries like the UK are now employing a maximum LOS limit of 4 hours as a
goal in order to ensure that everyone receives care within a reasonable amount
of time [10]. When using LOS for analyses of the ED it’s important to know
that It can be divided into two different KPI. You can talk about ED LOS and
LOS for the entire hospital system. A patient that is being discharged from the
ED has both its ED LOS and overall LOS ended due to leaving the hospital
system. However a patient that is being admitted to the hospital has it ED
LOS ended but the overall LOS still continues. Therefore these patients that
are being admitted to the hospital can be considered right censored instances.
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2.1.2 Patient Flow in the ED

The causes of crowding in the ED can generally be divided into three different
categories: input factors, throughput factors and output factors. When talking
about input factors the patient inflow to the hospital is in focus. Commonly
studied input factors are non-urgent visits, the influenza season and frequent
flyer patients. Frequent flyers are patients that have been admitted four times
or more during the year, these are often complex patients with comorbidity
[14]. Another factor that recently introduced an increase of people searching
for emergency care is the pandemic, Covid-19 [15].

Throughput factors involve factors that create bottlenecks throughout the ED.
An often studied throughput factor is insufficient staffing. Lastly are the output
factors which often creates bottlenecks in other parts of the hospital system
and due to the systems tight coupling it may affect the ED crowding. The
output factors studied are a lack of patient beds which in turn leads to inpatient
boarding for the ED [1, 6].

In order to understand, analyze the causes affecting the flow of the ED and the
patients LOS and compare this with the information that is actually collected
it is important to understand the different steps a patient takes throughout their
journey in the ED. However it is important to note that every patients exact
journey might differ due to the conditions and health state of the patient. A
general patient flow is presented in Figure 2.1. The ED flow can be divided
into four main parts: Arrival, assessment, treatment and outcome. Firstly the
patient arrives at the ED, gets registered and gets a triage classification. After
the assessment the patient then meets with a healthcare professional to receive
treatment. Depending on the condition of the patient they will then either be
admitted to the hospital for further care or discharged.

Triage, Chief complaint and ICD classifications

In order to work with patient data there are three classifications that are
recorded as a patient visits the ED that are important to understand: Triage,
Chief complaint and ICD.

Triage is one of the first steps a patient has to undergo when arriving at the
ED. When a patient arrives at the ED a specially trained nurse classifies that
patient according to triage. Triage is a universal classifying system that is
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Figure 2.1: General patient flow

used worldwide in order to effectively prioritise the patients in the ED. It has
been developed since the mid 20Th century and has been properly used in
the Swedish healthcare system since the 90’s [16]. The mainly used triage
systems in Sweden is the Medical Emergency Triage and Treatment System
(METTS) now renamed to Rapid Emergency Triage and Treatment System
(RETTS) and Adaptive Process Triage (ADAPT) [17]. As of 2010, 97% of
the EDs in Sweden employs a triage system [16]. The patients that arrive
to the ED are classified according to a color code. There are five different
classifications: Red, orange, yellow, green and blue. Blue, level 5 is the least
acute classification signaling non-urgent matters. Yellow and green, level 3-4
is the middle classification which indicates patients that are in need of care but
whom are stable. Lastly red and orange signals the highest prioritised patients
which often have life-threatening conditions and are in need of urgent care
[13]. As the triage classification often determines the time it takes for a patient
to receive care, it is closely related to the LOS. Being able to effectively and
precisely triage a patient to the correct classification is of utmost importance to
the ED in order to save lives, but it has also the potential to reduce the crowding
due to the fact that patient with a low priority not in need or emergency care can
be sent to another care unit like a general practitioner. Akademiska Sjukhuset
in Uppsala currently employs the RETTS system.

When the patient arrives at the ED the information that they give as a reason
to why they seek medical care is noted and stored as the Chief complaint [18].
This cause of visit is an important piece of information that can guide the
healthcare professionals to give the right diagnosis and care and it has been
interlinked with patient mortality [13].
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ICD is and international standard published by the World Health Organization
(WHO) that enables all healthcare providers to classify conditions and disease
in the same way. The purpose of the ICD is to ensure interoperability in the
field of healthcare and allows for an efficient way to store information that
is understandable for healthcare professionals and researchers [19]. When
a patient has visited the ED or the hospital the information regarding the
conditions are often stored in the ICD format in the patient record.

2.2 Survival Analysis

Survival analysis also known as time-to-event analysis is a sub field in statistics
and is used across a variety of fields where studying the time until an event of
interest occurs is the focus point. It is called survival analysis because time
until death is a common event to study and it has often been used to study
the survival time of cancer patients, however survival analysis has many other
uses where the event of interest can be for example failure of a component,
disease progression or death. It can be used to study the likelihood of device
failure within a certain time period, the likelihood of a person finding a job
within a certain time period or time until admission or discharge in the hospital
[20]. Survival analysis does not only allow for study of the time until an event
occurs but it can also be used for analyzing factors that influences the risk
of the event happening. Fundamental mathematical concepts that describes
survival analysis are the survival function seen in Equation 2.1 and the hazard
function seen in Equation 2.2 [21].

S(t) = P(T > t) 2.1)
PHt<T<t+dT >t f)
h(t) = = - 50 (2.2)

The survival function can be explained as the probability of the object/individual
survives time ¢ without experiencing the event. The hazard function can be
described as the likelihood that an event occurs at time ¢ if the event has not
occurred by the time of ¢# where f is the events density function [20]. The
survival function focus is that to not have the event while the hazard function
focus is that the event occurs [22].

Data used for survival analysis provides its challenges, it is often not
normally distributed and the events can both occur late and early during the
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time period. In the field of survival data you also have a phenomenon called
censoring which makes the analysis difficult and this is one of the main reasons
for using survival analysis. Censoring can be divided into three categories:
right-censored data, left-censored data and interval censored data. Right-
censoring occurs when an individual studied does not experience the event
under the set time period. For example consider a patient that never dies during
a study considering deaths in relation to a type of cancer and survives past the
studies end date. Then this person is a data point that is right censored. Left-
censoring occurs when a patient experience the event during the study but the
observed survival time is longer than the true time. Interval censoring means
that all we know is that the event has occurred during a certain time interval.
Right-censored data are the most common one and most data involves right-
censoring. Left-censored data and interval-censored data is not as common.
[20, 22].

2.2.1 Survival Models

Survival analysis can be divided into two different modeling categories,
the classic statistical approaches that has been around for decades and the
newer ML approaches. The newly developed ML approaches are more often
applied to more complex, higher dimensional problems and utilizes the classic
statistical approaches in combination with ML in order to make predictions
and understand relationships between the survival time and different covariates.

The classic statistical approaches is divided into three different categories:
parametric, non-parametric and semi-parametric models. Depending on the
properties of the data and what kind of problem that the model is applied to,
each category of methods has its advantages and disadvantages.

Parametric methods are used when the survival times of the data follows a
theoretical distribution for example logistic, exponential, normal and Weibull
distribution. Commonly used parametric methods for survival analysis are the
penalized regression, Tobit regression and Buckley-James regression. Non-
parametric modeling techniques are used when the survival data follows no
known distribution. However it is harder to interpret than the parametric
methods. Commonly used non-parametric methods are the Kaplan-Meier
curve and Nelson-Aalen estimator. Finally the semi-parametric methods
acts as a hybrid between the other two categories. It is not as precise as
the parametric methods but more precis than the non-parametric and it also
tolerates a broader variety of conditions than the parametric. Common semi-
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parametric methods involves different variations of the Cox model for example
Time-dependent Cox [20].

Wang et al. [20] divides the ML approaches into "standard" and "advanced"
ML methods. The "standard" methods are divided into the following categories:
Survival trees, Bayesian methods, Artificial Neural Networks (NN), Boosting
e.g Gradient Boosting GB and Support Vector Machines. When talking about
the "advanced" methods the most common category referred to is ensemble
learning which includes the methods Random Survival Forests RSF and GB.
The main focus of ML approaches is to provide good predictions in the survival
analysis field. The benefits of using ML based approaches is that they are able
to model nonlinear data and interaction effects properly as compared to CPH.
As they get more and more popular the implementation gets easier as more
software packages are being developed and publicly available for everyone to
use. However a problem with ML models is that it is often modelled as black
boxes and provides no further explanation of the results and no explanation on
how they were achieved resulting in researchers going back to less optimal but
more widely used models.

Cox Proportional Hazards (CPH)

The most common model when it comes to survival analysis for medical
research is the semi-parametric CPH model.

h(t’$) = ho(t)ewp(ﬂlxl + ﬁg.’L’Q + ...+ 6pmp) (23)

CPH calculates the hazard function h(#) seen in Equation 2.3 where k0 is
the baseline hazard, ¢ is the time, x are portraying the different covariates
and b describes the impact that the covariates has [23]. CPH is widely used
and popular among researchers because it is easily implemented and easy to
interpret however it is incapable of modeling the proper interaction effects
and does not handle nonlinear data well. It is also not compatible with high
dimensional data [7] without certain modifications and this is where newly
developed ML based approaches can fill the gap.

Random Survival Forests (RSF)

RSF are an ML based method which is a development from the original
random forest method. It uses survival trees instead of decision trees which
enables RSF to account for censored data in the splitting rules. The most
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popular splitting rule used is the log-rank splitting rule but there have been
other alternatives proposed like log-rank approximation and conservation-of-
events [7, 21]. Ishwaran et al. [24] describes the RSF algorithm in four steps.
Firstly a number of samples are boostrapped from the data which means that
they are randomly sampled. Secondly for each bootstrapped sample a survival
tree is grown with randomly selected features and then the nodes are split into
smaller nodes that maximizes survival difference depending on the features.
After that you construct the tree to full size and let that grow deeply which
means with a constraint, that a terminal node occur when there are no more
than set amount of unique "deaths". Finally the Cumulative Hazard function
are calculated for each tree and averaged between them.

Gradient Boosting (GB)

GB is a widely popular approach in the field of ML due to its good performance
and availability making it useful for many applications [20, 25]. GB is another
method that also creates trees to perform the prediction. However the trees are
evaluated and then compared to another tree until a gradient pattern is found.
It all starts with weak learners, trees that are shallow with few decision nodes.
The weak learner are evaluated using a loss function before another tree is
added. The combined trees are then evaluated again with the loss function to
see if the loss has been reduced. If the predictions between the trees are similar
the loss is reduced and the new tree is fitted which creates a negative gradient,
this is called the gradient descent procedure. New trees are added until a set
threshold is reached. This can be either that the prediction is good enough or
that a set number of trees are added [7]. There are several implementations of
GB and one of the most popular is the faster Extreme Gradient Boosting XGB.

Neural Networks (NN)

NN are designed to function like a human brain and are used for many different
ML tasks. It can be used for clustering, classification, regression and even
survival analysis. The NN are made of different layers and these layers are
made of nodes that are supposed to mimic neurons in the human brain. It
is in the nodes that the computations take place. In the node, data are being
modified with a set of adjustable weights. If the input of the data combined
with the weight is important enough to pass an activation function the node
is activated and that output is then moving on to the next layer to go through
another node calculation. By feeding the network data it learns patterns by
adjusting the weights until is able to distinguish information in the data making
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it able to predict on new data. Deep Neural Networks (DNN) are NN but with
more node layers that the data has to go through [26]. For survival analysis

one popular approach is the DeepSurv application that extends the CPH model
as a DNN [27].

2.2.2 Evaluation and Explanation

When creating a model, being able to evaluate its performance is important
in order to be able to use the model for any sort of "real" application. Several
performance measurements has therefore been developed in order to compare
and evaluate different models and modeling techniques. In order to measure
the performance of the different survival models where censored data are
present certain performance measurements needs to be used for example the
C-index and Brier Score [20].

As ML becomes more and more common for use in medical research it is not
sufficient that ML models only provides good predictions, but they also need
to be transparent and explainable. Having models that can predict good results
but are not explainable might work for "low-risk" tasks where wrongly made
predictions will not have serious consequences but when there are serious
consequences and the predictions of the ML has a significant impact you need
to be able to understand the reasoning of the model. This creates a couple of
requirements for modeling in healthcare. In order for the models to be of use
they firstly need to perform well and in order for the medical models to be a
part of the decision making and potentially influence the clinical outcome for
patients the user need to understand the reasoning behind the prediction of the
models. In order to be able to meet these requirements more focus should be
on performing interpretable and explainable ML.

Interpretability can be described as how understandable the model are. As
the data gets more complex with nonlinear relationships and interactions
between the features, the algorithms used for prediction of this type of data also
becomes more complex. In order to understand these advanced ML models
the field of ML research is in need of interpretability measurements and its a
field that is under development [21]. By using interpretability measurements,
not only does it make the model more understandable by itself and can help in
validation making sure that the model is correct but it can also help to verify
different traits like the robustness, fairness and overall trust of the model trough
the use of that understanding and at the end provide more useful results [7, 28].
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When choosing interpretability measurements there are different categories to
consider. Firstly considering post-hoc or intrinsic measurements. Post-hoc is
methods that are applied to the model after training. Intrinsic methods means
that the model is simple enough to already be understandable as it is so this
is a choice the modeler makes when choosing modeling technique. However
post-hoc techniques can still be applied to intrinsic models for further in depth
explanation. Secondly there are model-specific methods and model-model
agnostic methods. Model-specific methods are interpretability measurements
specific to only certain models while model-agnostic measurements will work
for any ML model. Lastly the modeler needs to choose if they want to use
global or local interpretability measurement. A global measurement only
gives a general overview of the models behavior while a local measurement has
the ability to explain the individual predictions and observations which gives
a more in depth understanding. When looking at the local model-agnostic
approaches, there are currently two models that are popular in research due to
their properties and documentation: The Local Interpretable Model-agnostic
Explanations (LIME) and SHAP methods [21, 28].

Concordance Index (C-index)

The C-index, also known as Harrell’s concordance index is one of the most
popular measurements for evaluating survival analysis models. It does so
by comparing the predicted survival time with the observed survival time.
When a survival times match they are a concordant pair. The C-index is
then calculated by taking the number of concordant pairs divided by the total
number of potential pairs. One of the benefits using the C-index is that it
handles right censoring in the data. When comparing the survival times it only
counts uncensored pairs and pairs where the actual censoring occurs after the
predicted time as potential pairs. Combinations where the censoring occurs
before the predicted time or when there are two uncensored instances does
not count as potential pairs. The C-index is easy to interpret and a C-index
of 1 indicates a perfectly performing model while 0.5 indicates an average
performing model [7, 20].

SHapley Adaptive exPlanations (SHAP)

SHAP is a model-agnostic method that is based on the concept of Shapley
values. Shapley values is a game theory method that treats the features
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as players where each player contributes a certain value to the prediction.
By calculating all of the possible coalitions between the features it is then
possible to understand the average contribution of each feature. This is done
by comparing the average prediction with the actual prediction to understand
how much value that feature added to that prediction. Averaging over how
much the feature added depending on all of the different coalitions then gives
us the Shapley value. One of the biggest advantages of Shapley values is that
it has solid theory behind it and it is the only attribution method that fullfill
the requirements for dummy, symmetry, efficiency and additivity. That the
interpretability measurement used has a good foundation is important when it
will be used in clinicial decision making.

The SHAP method proposed by Lundberg and Lee [29] uses Shapley values
in order to explain the predictions made by the ML model by calculating
the contribution made by each feature to the prediction. A benefit with
SHAP is that it presents the explanation of the features as a linear model
which extends the use and explainability of the Shapley values which usually
only provides a value per prediction. Therefore SHAP can provide both
local and global explainability depending on what the user are looking for.
However there are one big downside with SHAP and that is the computation
time. As it uses Shapley values, all of the possible coalitions needs to be
calculated and for K features there are 2* coalitions [28]. There are a couple of
different implementations of the SHAP method. The original implementation
introduced are the KernelSHAP [29] and later the same authors published
TreeSHAP [30] which would compliment KernelSHAP by producing faster
computations. Recently Krzyzinski et al. [21] introduced SurvSHAP(t) which
is an implementation of SHAP more focused on Survival analysis which in turn
could account for time dependent variables. This presents new opportunities
to further improve the analysis of survival based models.

2.3 Related Work

Research for improving the quality of care is a broad topic and as ED crowding
stands as one of the major problems in healthcare a lot of previous research has
been done. Hoot and Aronsky [6] conducted in 2008 a meta study looking at
the causes, effects and proposed solutions for ED crowding. After reviewing
a big amount of high quality studies they most commonly proposed causes,
effects and solutions were discussed, indicating that crowding in the ED
presents a huge challenge. In 2018, ten years later, Morley et al. [1] published
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yet another high quality meta study reviewing the causes, consequences and
solutions indicating that while there are many proposed solutions they do not
match up with the problems which indicates that there is need for new solutions
and that the problem needs to be further researched, more specifically solutions
that are system based. This shows how highly complex and multi-dimensional
the problem are and that even though ten years has passed there has been slow
progress and the problem of ED crowding still persists.

Wenetal. [31] proposed in 2022 the use of ML models for survival analysis on
LOS and performed a comparative study between different models on a small
sample Covid-19 patient data. The method used involved: CPH, DeepSuryv,
Cox-CC, RSF, DeepHit and Multi-task logistic regression. The study showed
that ML models produces good prediction performance and are promising for
use in survival analysis where they can make use of the censored data as well,
however the focus was mainly on the prediction performance of the models
and little focus was put on the explanation of the output of the models and
the reasoning behind the models prediction, resulting in a typical "black-box"
modeling case. Further explanation is required if the results from the modeling
is to be use in clinical decision making.

In 2021, Torres et al. [7] published a study using ML models for survival
analysis and then using SHAP for the help of interpretation with breast
cancer survival data. They saw a clear advantage of using interpretability
measurements and concluded that with the use of e.g SHAP, ML models does
not only perform better but does also provide good a enough explanation to
make them feasible for use instead of the more classical statistical approaches.
By bringing forth the use of explainability techniques in the use of ML
modeling and showing that they significantly improves the knowledge gain of
the models is of utmost importance and laid the foundation for further research
using interpretability measurements.

Awad et al. [32] published in 2017 a survey covering the different modeling
approaches for analyzing LOS and mortality. They covered four different
areas: Arithmetic, Statistical, Data-driven and Multi-stage models and looked
into the different methods in each category. They concluded that there is no
perfect model and that to utilize the different approaches a certain level of
domain knowledge is needed. The perfect model depends on the situation and
that further research is needed.
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Chmiel et al. [33] performed in 2021 an ML approach using XGB with
SHAP explanations evaluating patient re attendance to a ED. They performed
predictive modeling on a patient data set collected from the ED at Southampton’s
emergency department. The final model achieved an AUROC score of 0.747
with a precision of 0.223 and shows that the model can be helpful with
moderate precision in clinical decision making when it comes to classifying
and evaluating high risk of re attendance patients. However they also discussed
that models of this kind becomes very tailored to the specific data it has been
trained on and would need further training and validation to be of use to ED’s
in other areas.
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Chapter 3
Methodology

The purpose of this chapter is to provide an overview of the methodology used
in this thesis. Section 3.1 describes the research process of the literature study.
Section 3.1.1 gives a brief overview of the modeling process. Section 3.2
focuses on the data collection and presents the raw data that was used. Section
3.3 describes the preparation of the raw data. Section 3.4 presents the model
choices, the evaluation of the models and describes interpretation steps taken
to the models.

3.1 Literature Review

A literature review was conducted in order to study how the problem with ED
crowding has affected healthcare and what ongoing research there is. How the
ED is evaluated with LOS and what factors are involved in crowding. After
the foundation of the problem was understood the review continued to focus
on survival analysis and the ongoing research there. The main parts were for
what clinical purpose survival analysis is currently used and what models are
available. Further state of the art ML models and overall modeling etiquette
were the focus in order to develop a reliable pipeline fit for this new approach
of survival modeling. Literature was obtained from electronic databases and
provided by the supervisor. Electronic databases e.g Pub Med and Web
of science were used in search for articles using keywords in combination:
"LOS", "Length Of Stay", "ED Crowding", "Survival Analysis", "Shapley
values" and "ML modeling".
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3.1.1 Development of Pipeline

After researching modeling with Survival analysis models and ML based
models, a pipeline for the modeling was developed. Figure 3.1 shows the
pipeline with brief descriptions of each step. The modeling pipeline was
divided into five major phases that are further described: Data acquisition,
Pre-processing, Modeling, Evaluation and Interpretation. All data handling
and analysis was done using Python.
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Figure 3.1: Modeling Pipeline

3.2 Data acquisition

The data set used for analysis in this thesis were recorded by Akademiska
Sjukhuset and covers all the patients that sought care in their ED during 2019.
The data set was anonymized before receiving it and does therefore not need
ethical approval. The raw data set contained 49938 number of visits from
33881 unique patients and 24 different variables which can be seen in Table
3.1.
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Table 3.1: Overview of the variables in the raw data set. Data types are
are either Categorical (C) or Numerical (N) and unique values are excluding
missing values.

Variable Missing Values | Data type | Unique values
contact_id 0 N 49936
person_id 0 N 33881
municipality 595 C 238
sex 1 C 2
age 10 N 105
chief_complaint 0 C 82
arrival_method 1877 C 13
ICD_ED 287 C 1919
triage 6006 C 6
TIME_IN_ED 0 C 49914
TIME_OUT_ED 0 C 49888
MA_unit 0 C 10
team_care_contact 490 C 7
reason_for_discharge 0 C 6
ambulance 0 C 2
emergency_room 0 C 2
los_ED 0 N 29139
ward_speciality 35612 C 41
tech_unit_1_speciality 48759 C 3
tech_unit_2_speciality 49817 C 3
scan 0 C 2
pathway 0 C 365
ICD_ED_cat2 287 C 22
VA_match 35612 C 3

3.3 Pre-Processing

Pre-processing of the data is considered the most important step in the
modeling process and is the step that requires the most work and often takes
the longest time [34]. Depending on the data the process differs from time
to time and often requires previous domain knowledge from the researcher in
order to handle the data correctly and produce the best results. From the data
set, 12 variable columns contained missing data points and only 4 of the 24
variable columns contained numerical data, the rest was categorical as can be
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seen in Table 3.1. Some of the categorical value columns also contained very
high cardinality which needed to be considered when pre-processing the data.
The explanation of the variables can be found in Appendix A

After the data set was loaded in and overlooked, the first thing to consider is
what features should be involved in the model and their missing values. 12
out of the 24 columns contained missing values. The rows that contained the
missing values for "age" and "sex" was dropped due to the fact that there were
very few (<=10) values missing. "[CD_ED_cat2" contained 287 values but
because only some of the ICD categories were in focus, these null values were
removed due to their low impact. The rows that contained the missing values
in "team_care_contact were also removed.

Features "tech_unit_1_speciality", "tech_unit_2_speciality" and "ward_speciality"
only contain information for some patients as all patients are not going to the
tech units and ward speciality are only assigned for patients that are admitted.
Therefore the null values in all of these features were filled with a "missing"
value. The feature column "municipality" already contained a "missing"
category so the remaining null values were assigned "missing". The feature
columns "arrival_method" and "ICD_ED" were dropped due the fact that they
presented the same information as "ambulance" and "ICD_ED_cat2". Feature
columns "contact_id", "person_id" and "VA_match" was also dropped cause
it is features that adds very little information to the model.

The raw data set contained 1919 unique ICD-10 codes that could be divided
into 22 categories. In order to combat the problem with high cardinality
these 22 categories were aggregated into 3 categories: "R gen symptoms", "S
fracture" and "Other". Feature category "reason_for_discharge" that contains
the "Admitted or Discharged" event contained 6 categories. 4 of these
categories were removed from the data set and "Admitted" and "Home"
were kept and turned into boolean values, "true" for "Admitted" and "false"
for "Home". The feature "chief _complaint contained 82 unique categories,
keeping all of them made the data set too complex so the values were plotted
seen in Figure B.1 of Appendix B and the 6 most common categories were
kept and the rest were labeled as "other". "Municipality" was another feature
that contained high cardinality with 238 different municipalities. These were
also aggregated and as the hospital were located in Uppsala this were the only
category that was kept, the rest were labeled as "other".
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From "TIME_IN_ED" two new features were engineered: "DAY_IN_ED" and
"IN_ED". For "DAY_IN_ED" the day of the week that the patient arrived at
the ED were extracted and divided into either "Normal Week" for Monday-
Thursday or "Weekend" for Friday-Saturday in order to reduce cardinality.
For "IN_ED" the hour that the patient arrived at the ED were extracted and
divided into "DAY" for 6 am-16 pm and "NIGHT" for 16 pm-6 am to reduce
cardinality. Before the feature "person_id" were removed it was used to
engineer the feature "re_visits". It contained information if a "person_id"
occurred more than once in the data set.

Finally the only missing values that remained were for "triage" and these
were imputed using the "RandomForestClassifier" algorithm but in order to
do so all of the categorical feature columns were encoded to binary values
using label encoding. After imputation, the "triage" feature was also encoded.
The final data set that was ready for modeling contained 43243 entries and
20 feature columns, but as later discussed features "tech_unit_1_speciality",
"tech_unit_2_speciality", "ward_speciality" and "pathway" were removed
which made the final data set contained 43243 entries and 16 feature columns
seen in Table 3.2.
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Table 3.2: Information about the final pre-processed data set

Total Admitted Discharged
(N=43243) (N=12764) (N=30479)
Municipality
Uppsala 29229 (67.6%) 7624 (59.7%) 21605 (70.9%)
Other 14014 (32.4%) 5140 (40.3%) 8874 (29.1%)
Sex
Man 21292 (49.2%) 6448 (50.5%) 14844 (48.7%)
Woman 21951 (50.8%) 6316 (49.5%) 15635 (51.3%)
Age (years)
Mean (SD) 56.0 (22.3) 67.2 (19.9) 51.3 (21.6)
Median [Min, Max] 58.0 [0, 104] 73.0 [1.00, 104] 51.0 [0, 104]
Chief complaint
Other 23172 (53.6%) 5874 (46.0%) 17298 (56.8%)
Neurological disorder 2088 (4.8%) 1044 (8.2%) 1044 (3.4%)
Leg swelling / pain 2614 (6.0%) 277 (2.2%) 2337 (7.7%)
General weakness 1487 (3.4%) 906 (7.1%) 581 (1.9%)
Difficulty breathing 2864 (6.6%) 1525 (11.9%) 1339 (4.4%)
Chest pain 4607 (10.7%) 1081 (8.5%) 3526 (11.6%)
Abdominal pain 6411 (14.8%) 2057 (16.1%) 4354 (14.3%)
Triage
Vit 11605 (26.8%) 3856 (30.2%) 7749 (25.4%)
Rod 343 (0.8%) 270 (2.1%) 73 (0.2%)
Orange 3534 (8.2%) 1981 (15.5%) 1553 (5.1%)
Gul 18324 (42.4%) 5600 (43.9%) 12724 (41.7%)
Gron 9391 (21.7%) 1051 (8.2%) 8340 (27.4%)
Bla 46 (0.1%) 6 (0.0%) 40 (0.1%)
MA unit
Lung and allergy diseases 526 (1.2%) 152 (1.2%) 374 (1.2%)
Neurology 1 (0.0%) 0 (0%) 1 (0.0%)
Trauma surgery 85 (0.2%) 50 (0.4%) 35 (0.1%)
Infectious diseases 1 (0.0%) 0 (0%) 1 (0.0%)
Heart disease 1240 (2.9%) 638 (5.0%) 602 (2.0%)
Hand surgeon 57 (0.1%) 17 (0.1%) 40 (0.1%)
Acute surgery 12653 (29.3%) 3254 (25.5%) 9399 (30.8%)
Acute orthopedics 8349 (19.3%) 1459 (11.4%) 6890 (22.6%)
Acute medicine 19494 (45.1%) 6718 (52.6%) 12776 (41.9%)
Acute infection 837 (1.9%) 476 (3.7%) 361 (1.2%)
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Team care contact

Surgery team 12346 (28.6%) 3020 (23.7%) 9326 (30.6%)
Others 71 (0.2%) 65 (0.5%) 6 (0.0%)

See and treat 23 (0.1%) 9 (0.1%) 14 (0.0%)
Orthopedic team 8397 (19.4%) 1473 (11.5%) 6924 (22.7%)
Medical team 18517 (42.8%) 5828 (45.7%) 12689 (41.6%)
Emergency room 2369 (5.5%) 2132 (16.7%) 237 (0.8%)
Acute team 1520 (3.5%) 237 (1.9%) 1283 (4.2%)
Ambulance

Yes 12466 (28.8%) 6665 (52.2%) 5801 (19.0%)
No 30777 (71.2%) 6099 (47.8%) 24678 (81.0%)

Emergency room

Yes 2369 (5.5%) 2132 (16.7%) 237 (0.8%)
No 40874 (94.5%) 10632 (83.3%) 30242 (99.2%)
LOS (hours)

Mean (SD) 5.83 (4.21) 7.77 (5.51) 5.02 (3.19)

Median [Min, Max]

4.84 [0.0181, 52.4]

6.28 [0.103, 52.4]

4.37 [0.0181, 49.2]

Scan

Yes 16159 (37.4%) 6533 (51.2%) 9626 (31.6%)
No 27084 (62.6%) 6231 (48.8%) 20853 (68.4%)
ICD category

S fracture 6848 (15.8%) 1254 (9.8%) 5594 (18.4%)
R gen symptoms 19191 (44.4%) 6024 (47.2%) 13167 (43.2%)
Other 17204 (39.8%) 5486 (43.0%) 11718 (38.4%)
Revisit

Yes 20615 (47.7%) 7072 (55.4%) 13543 (44.4%)
No 22628 (52.3%) 5692 (44.6%) 16936 (55.6%)
Day of arrival

Normal Week 26140 (60.4%) 7618 (59.7%) 18522 (60.8%)
Weekend 17103 (39.6%) 5146 (40.3%) 11957 (39.2%)
Time of arrival

Night 20323 (47.0%) 6158 (48.2%) 14165 (46.5%)
Day 22920 (53.0%) 6606 (51.8%) 16314 (53.5%)

3.4 Modeling, Evaluation and Interpretation

Feature selection was carried out using RSF as it has proved good results for
use with survival analysis in the field of bio-informatics before [35]. The
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results can be viewed in Figure 4.1. As a result from the feature selection
"tech_unit_1_speciality" and "tech_unit_2_speciality" was removed before
implementing the models and "ward_speciality" and "pathway" was also later
removed.

For modeling, five different models were used: CPH, RSF, GB, XGB and the
DNN "DeepSurv". The modeling was done in Python and the implementation
provided in scikit-survival (v.0.20.0) [36] were used for CPH, RSF and GB.
For XGB the "XGBoost" (v.1.7.4) implementation provided by Chen et al.[25]
was used. For "DeepSurv" there were two widely used implementations:
"Deepsurv" by Katzman et al. [27] and "CoxPH" with "Pycox" (v.1.1) by
Kvamme [37]. As the former implementation did not seem to be updated
continually the "CoxPH" was chosen. Models RSF, GB and XGB were hyper
parameter tuned before implemented using "Hyperopt" (v.0.2.7) [38]. The
data set was evaluated using K-fold cross validation using 5 folds and then the
mean C-index were calculated to show the performance of the models. For
"Deepsurv" a 80/20% train/test split was used.

For interpretation and explanation of the models, the SHAP implementation
proposed by Lundberg and Lee [29] were used and SHAP values were
calculated for each fold of the models CPH, RSF, GB and XGB with 5-fold
cross validation. SHAP values were also calculated for the whole data set for
models CPH, GB and XGB while a sub sample of 20% of the original data
set were used for SHAP value calculation of RSF model. These were plotted
to show overall feature impact and importance. For the analysis of the SHAP,
the best performing model GB were used and CPH acted as a reference. The
most interesting features shown in the SHAP were also plotted as a scatter plot
to further the analysis of the LOS.
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Chapter 4

Results

In this section the major results from the modeling and interpretation of the
models are presented.

4.1 Feature selection

Feature importance performed on the first pre-processed data set with 20
features can be seen in Figure 4.1. Feature "ward_speciality" has a very big
importance score compared to the rest.
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Figure 4.1: Results from the Feature importance with for data set with 20
features using RSF, variable "re_visit" were not included at this stage of the
analysis
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4.2 Hyperparameter tuning

The parameters, the parameter intervals tested for the hyper parameter tuning
and the chosen values for final GB, XGB and RSF models are presented in
Table 4.1.

Table 4.1: Hyperparameter tuning for GB, XGB and RSF

Model | Parameter Parameter space Chosen value
Max depth 2-10 7
GB Learning rate 0.0001, 0.001, 0.01, 0.1, (0.3
0.2,0.3
Number of Estimators 50-250 increments by 25 | 75
Min samples leaf 1-20 12
Min samples split 2-10 4
Max depth 3-10 3
XGB | Learning rate 0.0001, 0.001, 0.01, 0.1, 0.1
0.2,0.3
Num boost round/ No. trees | 50-500 increments by 50 | 100
Max depth 1-15 10
RSF | Min samples split 2-10 10
Min samples leaf 1-10 1
Number of trees 10-100 increments by 10 | 90

4.3 Performance of the models

The performance of the different modeling approaches with the final pre-
processed data set can be viewed in Table 4.2 as the mean C-index were
calculated from the 5-fold cross validation and rounded to 4 decimals with
the standard deviation. The scale goes from 0-1 with 0.5 indicating an average
performing prediction and 1 indicating a perfect prediction. For "DeepSurv" a
train/test split was run 5 separate times and the mean C-index were calculated.
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Table 4.2: Performance of the modeling approaches

Model Mean C-index | Standard deviation
CPH 0.7617 0.0042
RSF 0.7807 0.0043
GB 0.7825 0.0049
XGB 0.7200 0.0065
DeepSurv 0.7795 0.0052

4.4 Explainability with SHAP

SHAP values for models CPH, RSF, GB and XGB represented in summary
plots can be seen in Figure 4.2. Each dot represents one unique data point
(patient) in the data set and the color represents the value. The position on the
x-axis represents the impact that the feature had on that patient for the event
occurring at a certain LOS in the model output. A higher value indicates a
shorter LOS until the decision of admission. The features are arranged on the
y-axis by their importance. For RSF a subset of the data set were used see
Section 5.1. SHAP values for each fold in models CPH, GB and XGB can
be viewed in Figures 4.3, 4.4 and 4.5. Complementing plots can be seen in
Appendix B.

SHAP summary plots of the whole data set using the classic CPH model and
best performing ML model GB can be seen in Figure 4.6. The LOS of the
four most important features of the SHAP from the GB model can be seen in
Figure 4.7 were blue plots are of the admitted patients and red plots are for
the discharged patients. The LOS of the two clinical features chief complaint
and ICD-10 can be seen in Figure 4.7.
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Figure 4.2: SHAP summary plots of the whole data set for every model except
RSF in which 20% of the data set were used
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Figure 4.3: SHAP summary plots for all folds with CPH
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Chapter 5

Discussion

In this section the methodology, most important results and findings of the
thesis are discussed.

5.1 Model performance and Interpretation

The aim of this thesis was the novel design of a ML modeling pipeline,
applying survival analysis to a logistic problem in healthcare involving LOS
until the decision of either admission or discharge. This was done by using
different ML models for survival analysis where the time was the LOS and
the event was admission into the healthcare system. The classic statistical
CPH model which acts as a multivariate regression model that accounts for
censoring was used as a benchmark model. By formulating the research into a
time-to-event question, the complexity of the logistics of the ED can be viewed
from a system and time perspective were the LOS as a KPI in combination with
ML provides new insights into the non linearity and complexity that many
of these features provide and how they affect the time that the patients are
processed in the ED. Using the state of the art explainable Artifical Intelligence
(AD) interpretation measurement SHAP enables posthoc interpretation of the
data from both a local and global perspective. As it is a model agnostic
method it works for all models used and enables a good comparison between
the models. Through the use of survival analysis, looking at the ED from
a system perspective enables the researcher to account for the whole system
which includes the patients passing through to the hospital by the use of
censored information. This is easily missed with other forms of analysis.
Survival analysis also has the benefit scalability, making it easy to involve
more features and more data without making the modeling totally out of hand.
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This is what is achieved by analysing the processes in the hospitals with a data
driven approach.

Looking at the SHAP values generated for the whole data set with the best
performing model, GB seen in the Figure 4.6 b), the SHAP values indicates
that the five most important features in order were: "scan", "emergency_room",
"triage", "age" and "MA_unit" while the least important were "sex", "DAY_IN_ED"
and "re_visits". That the "DAY_IN_ED" had very little importance is an
interesting find indicating that the LOS is not so affected by which day of
the week there is. Looking at feature "scan" it can be seen that having a lower
value which indicates no scan (0 = no) shows that the LOS were shorter until
admission while having a higher value which indicates a scan (1 = yes) gave
the patient a longer LOS until admission. This can be seen as reasonable
as the scan is one more process in the ED that will take time. The SHAP
from the feature "emergency_room" shows that a visit to the emergency room
reduces the LOS until admission to the hospital and it goes hand in hand
with the "triage" feature below. Indicating that a more acute patient is more
likely to be processed faster in the ED and therefore having a shorter LOS.
For the chief complaints there is a wide spread among the values indicating a
high complexity and a not as easily interpreted result but a trend can be seen.
Lower values (0 = Abdominal pain, 1 = Chest pain, 2 = Difficulty breathing) in
general obtained a SHAP between -0.5 and 0.5 showing no clear correlation for
these conditions while the middle values tended to have a shorter LOS until
admission (3 = General weakness, 4 = Leg swelling/pain). There is a bulk
of high values (5 = Neurological disorders, 6 = Other) that are given negative
SHAP values which indicates that these have a negative impact on the LOS for
the patients and therefore gave a longer LOS for these until admission. These
conditions may be more complex to handle and process which can be a reason
for the increased LOS. The four most important features were also plotted
as a scatter plot to further see the exact values of the LOS depending on the
features, these can be seen in Figure 4.7. However as the data is aggregated
it is harder to visualize using a normal scatter plot and therefore SHAP really
shows its value compared to basic descriptive statistics. For ICD-10 codes
having a lower value (0 = other) generally generated a shorter LOS while the
middle value (1 = R gen symptoms) seemed to have no bigger impact and a
large value (2 = S fracture) generally gave a lower SHAP indicating a higher
LOS until admission. However the distinction is not really clear which clearly
can be seen in Figure 4.8 and seeing that the differences of the values between
the categories of ICD-10 and chief complaints are so diffuse indicates that the



Discussion | 39

LOS in the hospital is not so much affected by what type of condition the
patient has. This shows that there are major problems in the ED that needs
to be addressed and that the decision making could clearly be improved for
increased efficiency and utilization of the resources.

These results provide information that could be valuable when planning
healthcare policies and improving clinical practice. Some features clearly have
a larger impact than others and seeing that certain situations often involves
longer or shorter LOS can help healthcare direct resources where they are
needed to hinder bottlenecks that could occur. As the LOS of the patients
seems to be a pretty similar even though they have different conditions gives an
indication that this may not be the best place to put further resources. By seeing
that some features have a more diverse impact on the LOS for the patients than
their conditions, focusing the planning of policies and resources on those for
example looking into the scans of the hospital and how those are utilized could
progress the LOS of some patients and potentially make the whole hospital
system flow much smoother as it is a highly coupled system. By formulating
the problem as a time-to-event analysis it clearly helps understanding the
impact that the features provides and by explaining them with SHAP it helps
the understanding and interpretation of the models in order to unfold the
clinical complexity. Using a ML survival analysis pipeline to analyse the
data can also be a first step and lay the foundation for further analysis. This
can help narrow down other data analysis to the most important components
and therefore making the analysis more efficient. Survival analysis of this
kind with its benefits providing a system perspective through a multi variate
approach can cover a gap when implemented as a pipeline before other data
modeling techniques.

One of the aims of this thesis was a benchmark comparison between different
models for survival analysis. The performance as seen in Table 4.2 shows that
the best performing model was GB with a C-index score of 0.7825 and that
the worst performing was XGB with 0.7200, the rest of the models performed
closely in-between. A C-index of 0.7200 can still be considered a good result.
As previously mentioned all of the models except the DNN "DeepSurv" were
used with 5-fold cross validation. "Deepsurv" is an up and coming modeling
approach for DNN. However as it is quite new implementation, it proved very
hard to implement with K-fold cross validation from which a normal train/test
split was used and it is therefore not considered comparable with the other
models in terms of the results and was therefore excluded from the SHAP
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analysis.

As seen in Figures 4.3, 4.4 and 4.5 the values changed across the different
folds and calculating an average SHAP value would have been the optimal
choice in order to explain the models predictions in the most robust way.
However this proved not possible to implement. Therefore the model was
trained on the whole data set and then SHAP values were calculated and
plotted seen in Figure 4.2 for each model to see how the models interpreted
the different features. Plotting the SHAP values in this way provides a great
overview and you are able to determine feature importance of the model as
well as how different features impact the output of the model. The classic
CPH produced an average C-index which was slightly worse than GB, RSF
and "DeepSurv" but it is still a very good prediction result considering that the
model is less advanced and required much less computation time. However
when looking at the SHAP values in Figure 4.6 a) and 4.3 and comparing
those to the other models it can clearly be seen that the CPH model handles
the data differently compared to the ML models which were more similar in
their SHAP plots. The SHAP generated by the CPH model are not as detailed
which indicates the downsides with CPH and its ability to handle nonlinear
data and interaction effects. The long "tails" provided by the ML models
indicates that there are more values which have different impacts on the model
outcome. This is something that the CPH model misses to acknowledge as
their SHAP values is much more distinct. That there are more values that
impact the outcome of the model shows how complex the crowding in the
ED really is. This indicates that ML models are able to outperform the classic
statistical CPH when it comes to production data. How the models are ranking
feature importance is easily interpretable using SHAP and as seen in Figure
4.2 the features are ranked pretty similar between the different models.

5.2 Pipeline development

When producing a good survival analysis model there are many different steps
to take and many different options to consider at each step, especially when
using the more advanced ML models and the process is very dependent on the
data set and the use case. Pre-processing is the most important step in order
to achieve robust results through the modeling as this highly influences the
model. Preparing the data by removing or replacing missing values is a good
start. Even though some modern models are being able to handle missing
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values through their own imputation algorithms, being able to control this part
in order to understand and explain the model is important. It is also important
to use the exact same data set for all of the different models in which some
of the models that were used can not handle missing values on their own so
therefore addressing the missing values for all models were done. For this
data set, features that contained a very low amount of missing values had
these values removed as the amount of data still remains large. As there are
many benefits with having a big data set, removing to many values and scaling
down the data set are often not the optimal. In this data set the feature "triage"
had around 6000 missing values and was the feature with the most amount of
missing values out of the ones useful for the analysis. Instead of removing
them it was decided that they should be imputed.

For imputation there are different options depending on the data types to
consider. Replacing a value by the closest value is one method. Often a mean
value is calculated and used as the replacement. However a mean value is not
possible when there are categorical variables whom which there were many
in this data set. Therefore the use of a classification approach was deemed
the most robust solution for this analysis. The "RandomForestClassifier"
algorithm was used as it is a tree based classification approach and it is one of
the most robust options when it comes to imputation of categorical variables.
When the pre-processing is complete, it is important that all data is in a
numerical format. This is important in order for all of the models to be able
to handle the data. As this data set contained many categorical columns they
had to be encoded first, transforming them into numerical values. As there
were many different features and high cardinality "Labelencoding" was used
instead of "OneHotencoding" as the latter would have caused the data set to
become extremely big and unwieldy for modeling.

The data set is quite complex and mixed with many categorical features and
some numerical and as the data contained very high cardinality in some of
the features it was necessary to aggregate some of the categories in order
to make the models computationally efficient. However when aggregating
the categories information is bundled up and specific information regarding
certain features that could be interesting might be lost. Being able to aggregate
the data efficiently also requires extensive domain knowledge. As "T_IN_ED"
were aggregated into "Day/Night" you get a good overview of the two major
parts of the day, but you could miss interesting information as finding certain
hours that might experience higher loads. With "DAY_IN_ED" the same thing
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applies where by aggregating the days into two bigger categories you are able
to extract some important information but might miss out on information that
could help decision makers staff the ED at the correct times. Aggregating the
data was not something that was done early on in the pre-processing stages
but as the modeling started and the data complexity with calculations proved
to be to much for the computational resources for some models there were this
continuous loop that can be seen in Figure 3.1 were features got aggregated
and engineered and then tested again in the modeling process in order to reduce
complexity and make computations possible while keeping the integrity of the
data. This is an important step when conducting data analysis at this level in
order to make sure that the models are created as good as possible and still
understandable.

For modeling, CPH was chosen as it is one of the most widely used survival
analysis model in medical research. CPH acted as a benchmark model as it is a
classic statistical approach that acts as multivariate regression with censoring
implemented. RSF and XGB are two ML models that has previously been used
in oncology and logistics in healthcare for survival analysis and has shown
promising results as described in Section 2.3. GB is easily implemented
through scikit-survival (v.0.20.0) [36] and as XGB is an faster version of the
GB it makes for an interesting comparison.

The ML models RSF, GB and XGB have multiple parameters that can be
changed that greatly affects the outcome of the model and several modeling
aspects like overfitting of the model. Therefore tuning of the parameters
is an important but time consuming step. "Hyperopt" which is a Bayesian
optimization algorithm was chosen over the more common "Gridsearch"
due to the amount of data. As "Gridsearch" calculates all of the possible
combinations of parameters it can be seen as the more robust solution of the
two, however it is inconvenient to perform with large data sets of this type. The
modeling parameters were set based on a threshold were the models did not
cause a crash. "Hyperopt" was then run in the interval between the min values
and the threshold. This is something that could cause bias but was unavoidable
due to the available computational resources. If the data set would have been
simpler or that the crashes would have not occurred, a bigger set of parameters
could have been tested for each model. However even though more parameters
could have been tested it is not certain that the results of the model would have
been better, it could just have increased the robustness of the method without
improving the results.
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The C-index was used in evaluation of the models as it is easily understood,
handles right censoring and are explainable. For interpretation the SHAP
implementation proposed by Lundberg and Lee [29] were used due to fact
that it is well documented, model agnostic, a good implementation exists and
it is explainable. However as mentioned in Sub subsection 2.2.2 calculating
SHAP is computationally expensive which is something to consider when
working with big data sets and also caused some limitations in this thesis.
Calculating the SHAP values for the RSF model was the most computationally
expensive out of all, only 1% of the values for one fold took approximately
two hours to compute. Due to the time limits of the thesis this was not seen
as feasible and therefore 20% of the data was used to create a subset and
SHAP values for this subset was calculated for the RSF model in order to
give some comparison. As the RSF model generally performed very well
it was interesting to see if there were any major differences in the SHAP
values. Using the "TreeExplainer" when calculating SHAP values were much
faster. Unfortunately the "TreeExplainer" provided in the SHAP library did not
support models provided by scikit-survival (v.0.20.0) [36]. Therefore XGB
was the only model that could utilize the "TreeExplainer" which made the
overall computations very time consuming.

5.3 Data complexity and Computational cost

The data set used in this thesis that was received from Akademiska Sjukhuset
proved challenging to work with as it was not stored for data analysis and was
a very large data set. Therefore finding secondary use for the data involves
a lot of pre-processing and obstacles to tackle. The RWD does come with
some limitations as data for some processes in the hospital that can affect
the ED are not included. The granularity of the information in the data is
important to consider and should not be underestimated as some major data
that does influence on ED crowding may be missed in the data collection. As
the data set involved many different features, understanding the information
that each feature provides in order to extract the most important information
is of utmost importance which was later shown in the analysis when a choice
of how to handle the features had to be made. If the features contains similar
information it might misrepresent the feature importance and also bias the
model, however keeping as much information as possible is also important and
taking decisions were removing some information while keeping others does
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bias the model. This is a big challenge when analyzing data in this type of
environment and it requires a lot of field expertise in order to have the correct
judgement. As each data set contains unique information and features, finding
information in previous research proved difficult. Therefore the supervisor
stood for the expertise when decisions regarding the features were discussed.
Another interesting fact when working with RWD is that the data does not
always reflect logic in the system. As seen for some of the features like
"triage" and "emergency_care" the response is shorter LOS, the more acute
the situation is. However when looking at other clinical features like the chief
complaints or ICD-10 codes, it was expected that there would be more of a
difference depending on how critical the condition were. This does agree with
the logic. As mentioned before, this may result in that there is a need for
another approach to the problem, focusing on the features that are more diverse
depending on the LOS. As mentioned a data driven pipeline like this can also
act as a first step, filtering out the most important data for further analysis.

Before any feature importance was evaluated, a couple of models were created
using the data set that contained 20 features. Here it was noted that every
model were performing extremely good with C-indexs in the high 80-90 range
which is an incredible result even when some of the models were not tuned.
This indicated that there were features included that would bias the model.
From the results of the feature importance with the data set that contained 20
features performed with RSF seen in Figure 4.1 shows that the least important
features was "tech_unit_1_speciality" and "tech_unit_2_speciality" which was
then removed, while the most important with margin was "ward_speciality".
That "ward_speciality" performed so well is not weird in hindsight as it
portrays the department that the patient gets assigned to when admitted to
the hospital. This information therefore already gives the model the answer
if the patient is admitted or discharged. The information in this feature can
therefore be seen to highly influence the predictive power of the model and
after looking further into the information of the feature it was removed along
with "pathway" as it also may bias the model.

The modeling process with the data set had very different the computational
costs depending on the models. As the data set was quite big some of the
more advanced models that involve more calculations naturally took more
time. Modeling with the full data set using CPH proved fast and efficient.
XGB was another fast and efficient method that required short computation
times but was trickier to implement. The fast computation times even though
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being an "advanced" model is due to many smart implementations including
the format using the "dmatrix" function that the XGB model uses to store and
read the data. However when modeling using GB and RSF the computation
times quickly went from minutes to hours. This can be worth considering
when choosing the modeling method for survival analysis as these models
results were better but CPH and XGB still performed good. Due to the high
computational costs of GB and RSF, implementing K-fold cross validation
and feature importance methods like Recursive Feature Elimination (RFE)
on those models proved challenging. As the computer only provided limited
memory, crashes often occurred as the models became very big and complex.
By reducing and improving the information provided by the features through
feature engineering and feature selection, the data set were to be reduced
to make computations less expensive, this also involved looking at feature
importance with RSF. Having a big data set is often optimal when looking
for performance in the models, it also reduces bias and provides a model more
similar to real life. By having more data you are able to train the models
to become better at predictions and the patterns you detect becomes more
trustworthy, however there is a fine line between large data sets in combination
with complex algorithms and the limits of computer hardware where a too
large data set is of no use. This is another big challenge for data scientists as
big data and ML becomes more popular.

5.4 Future work

As this is the only study known by the author to utilize ML in survival analysis
in combination with interpretation measures like SHAP for production data
there are many different aspects to take to further dive deeper into the analysis.
As abenchmark between models were provided in this thesis, there is still room
to dive deeper into the use of the ML models RSF, GB, XGB and "DeepSurv"
for other use cases of production data in healthcare to further strengthen and
validate the results in this thesis. Performing sensitivity analysis to see how
robust the models results are could be a good way to further the analysis and
strengthen the results of this thesis. By altering the inputs to see how the results
changes could be useful to find if the behavior of the models are altered at the
extremes. As the packages and implementations further continues to develop,
there will hopefully become even easier to implement these models in a more
efficient way. Even though K-fold cross validation were not implemented for
"DeepSurv", when calculating the mean of 5 individual runs a C-index 0.7795
was achieved which is a very good result close to the best performing models.
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The C-index from the "DeepSurv" model indicates that there is potential for
future studies to further investigate the use of DNNs in survival analysis. Keep
in mind that this result were obtained with no tuning of the model.

As XGB were so much faster in the computations and more feasible to use
with complex data, diving deeper into its use for production data and survival
analysis may be important in order to continue to unravel the complexity of
the ED while making analysis more available and ready to use. As previously
mentioned the "TreeExplainer" for SHAP were much faster involving easier
analysis for the researcher and at the time of this thesis it was only implemented
for XGB out of the chosen models. Therefore looking further into the
interaction values which takes a lot of computational resources to calculate
between the features could be a proposal for future research. This could be
done for all of the features or just the most important ones according to the
SHAP in order to dive deeper into the understanding of the crowding in the
ED. Also diving deeper into the technical challenges that occurred in this
thesis might open up further possibilities to fix those and enable analysis not
currently feasible.

Applying survival analysis with ML to more and bigger data sets is more
future work that can be done to further enrich the data collection and find
more results and appliances on how survival analysis and ML can help in
solving healthcare problems. This could involve the integration of more
clinical variables and details of the patients to deepen the analysis. Different
models than the ones used in this thesis can also be tested and compared
with different explainable techniques other than SHAP as development moves
further. SurvLime and Lime are examples of other options that could be tested,
however more research needs to be put on development of explainable Al as
more algorithms needs to be optimized to work with censored data to be of
use in survival analysis.

5.5 Sustainability and Ethics

As sustainability and ethics is something that follows through the thesis it
will be discussed briefly in this section. Doing research in order to improve
healthcare were the goal is provide better care is ethical work. Through the
aims and purpose of this thesis, this ethical work is achieved. Providing
healthcare with better tools to organize and utilize resources is a sustainable
way of working. Therefore this thesis provides both sustainable and ethical
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research. Not utilizing the resources by not trying to improve the system could
be argued to be unsustainable, while not trying to improve healthcare could be
argued to be unethical. The data has been used in an ethical way without
violating the privacy of the patients. The usage of data in this project was
approved by the head of clinic and was free from personal data. The author
declares no conflict of interest.
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Chapter 6

Conclusions

In this thesis the problem of ED crowding were addressed as a time-to-event
problem through the use of survival analysis. A pipeline for modeling with ML
survival analysis was developed and evaluated. By designing the research as a
time-to-event problem with the LOS as a KPI it enables a system perspective
were new insights are provided into the complex ED. Five different survival
analysis models were used were four of them were ML based approaches
bench marked towards the classic CPH approach. As GB were the best
performing models it indicates that ML has the potential to outperform the
classic approaches and presents new opportunities when analysing problems
with complex data sets. When an interpretation measurement like SHAP is
used, it allows for ML to be a tool used in clinical decision making were
understanding the reasoning of the models are of utmost importance. As
shown in the SHAP values, the ML models are also able to handle and
capture the nonlinear relations in the features much better than the classic
CPH model. Through the interpretations and analysis of the results of the
models by using SHAP, features influence on the LOS can be seen and trends
for certain conditions and situations for different patients affecting their LOS
can be analysed. The ML survival analysis pipeline can also be used before
other types of data modeling acting as a first step making future analysis more
efficient. Therefore survival analysis with ML and explainable Al has the
potential to help improve clinical practice by guiding decision makers.
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Appendix A

Features

The features provided in the original data set are described in this section
in order. The feature "contact_id" is an case identifier that each a patient
received for each visit to the ED in 2019. Feature "person_id" is an a person
identifier that is unique for each patient. It is anonymous in this data set and
does therefore not provide a real link to the person. Feature "municipality"
refers to the municipality in which the patient has residence in. Features
"age" and "sex" are self explanatory. Feature "chief_complaint" is the chief
complaint provided by the patient, explained in Subsubsection 2.1.2. The
information regarding in what way the patient arrived to the hospital is stored
in "arrival_method". The specific ICD-10 code and the triage code for every
visit as described in Subsubsection 2.1.2 is stored in features "ICD_ED" and
"triage". Feature "TIME_IN_ED" contains the date and time of arrival to
the ED and "TIME_OUT_ED" contains the date and time when leaving the
ED. Feature "MA_unit" is a label received during the first contact with a
medical expert and indicates what type of medical team seems most fit to treat
the patient. Feature "team_care_contact" indicates what medical team the
patient was assigned. The reason for the patients leaving the ED e.g if they
were admitted or discharged are stored in "reason_for_discharge". Feature
"ambulance" shows whether the patient arrived to the ED by ambulance
or not. If a patient were assigned to an emergency room is shown in
"emergency_room". The length of stay calculated from the "TIME_IN_ED"
and "TIME_OUT_ED" is stored in hours in feature "los_ED". Feature
"ward_speciality" indicates what department the patient is transferred to
when admitted to the hospital. If the patient were assigned to a tech unit it
is shown in features "tech_unit_1_speciality" and "tech_unit_2_speciality".
If the patient received scans during their visit to the ED is shown in feature
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"scan". The path that the patient took if they were admitted to the hospital
from the ED is stored in feature "pathway". The general ICD-10 category that
the patient were assigned is stored in "ICD_ED_cat2". "VA_match" is a label
that indicates whether or not the patient were assigned to the right department
immediately or if they had to be transferred temporarily to another in mean of
space.
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Appendix B

Plots

Here are additional plots that complements the thesis presented.
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Figure B.1: Categories of Chief complaints
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Figure B.2: SHAP Values with RSF model for 20% of the whole data set
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Figure B.3: SHAP Values with XGB model for the whole data set
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