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Abstract

This thesis assesses the feasibility and benefits of using the patient data of a large private South
African hospital group to estimate a model of mortality risk using flexible machine learning tech-
niques. Specifically, I investigate whether such a model would have been able to outperform a com-
monly used medical scoring system, SAPS 3, in predicting mortality during the second half of the
Covid-19 pandemic. A LightGBM machine learning model is shown to be much more accurate in
predicting mortality (76.15% accuracy, compared to 56.58% for SAPS 3) for the Covid-19 positive
sample. Roughly half of this gain in predictive accuracy is obtained from using the most recent and
relevant data to train the model, while the remaining lift is attributable to allowing the model to find
patient symptoms and attributes that are measured but ignored by SAPS 3. Interestingly, the flexible
functional form of the machine learning models, which allow the predictors to affect mortality through
non-linearities and interactions, has a negligible effect on predictive accuracy. The same method is
also found to produce more accurate forecasts for patients who tested negative for Covid-19, but this
improvement is smaller than for Covid-19 positive sample. The results of this thesis illustrate that
machine learning methods are valuable tools to predict patient outcomes, particularly when there are
unexpected shifts in the relationship between patient features and patient outcomes. Large hospital
groups can obtain more accurate forecasts from a dynamic scoring system which is frequently retrained
on their own patient data.
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1. Introduction

Coronavirus disease (Covid-19) is an infectious disease caused by the SARS-CoV-2 virus and
was first reported in December 2019. Since then, it has caused an estimated 559 infections and
6.3 million deaths. In response to its spread governments implemented restrictive lockdowns
which disrupted international and local travel, supply chains, and economic activity. In a
pandemic, or any kind of health crisis, patient triage is required. Ideally, this triage would
maximise the benefits gained from limited resources through the quick and effective allocation
of patients to appropriate risk groups. However, humans are often emotional, distractible, and
prone to cognitive biases and this is particularly true during the uncertainty and stress of a
health crisis or pandemic. Due to this, triage would ideally be implemented using an algorithm
that reflects the relevant objectives and based on appropriate data.

Such algorithms exist as medical scoring systems. These systems are particularly useful during
pandemics, when the availability of intensive care unit (ICU) beds and ventilators are a binding
constraint on medical care, and human decision makers are overburdened. Unfortunately, it
is exactly during such episodes that the data used to calibrate these scoring rules may be less
relevant. For instance, the medical scoring systems applied during the Covid-19 pandemic
in South Africa (e.g., SAPS 3), suffer from several shortcomings: i) they utilise very simple
formulas for easy application, which can reduce their accuracy, ii) they are estimated on pre-
Covid data, and therefore do not reflect pandemic-era health risks, iii) they are estimated on
non-SA data and therefore may not be optimally informative about the risk faced by South
African patients. It may be preferable to develop a dynamic scoring model which periodically
re-estimates mortality risk using the most recent and relevant data. Large hospital groups may
create sufficient sample sizes to do this on their own data, without any need for data from other
countries which may be less relevant for the mortality risk of its own patients. If technology
facilitates ease of application (e.g., by nurses simply entering symptoms on a tablet), then
perhaps an oversimplified algorithm is not necessary.

This thesis will assess the feasibility and potential benefits of using the patient data of a large
South African hospital group to assess mortality risk using recent data and sophisticated and
flexible statistical techniques. This will be achieved by comparing the predictive accuracy
of a model estimated on the hospital’s own patient data relative to the predictions obtained
from the most commonly used conventional medical scoring system: SAPS 3 (Simplified Acute
Physiology Score 3). The patient sample is restricted to patients admitted to the ICU and
who also tested positive for Covid-19, since these are the patients for whom rapid and accurate
clinical decisions are most impactful. The empirical analysis will proceed in three steps, in
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order to assess the accuracy costs of each of the three shortcomings of the SAPS 3 system
listed above. First, a linear additive prediction model is estimated on the hospital’s own data
and using the same variables included in SAPS 3. This will reveal how much predictive accuracy
can be gained from using the most relevant data to predict mortality risk. Secondly, flexible
machine learning methods will be estimated on the same patient data. These methods allow
for non-linear and interaction effects of risk factors on mortality risk, so will indicate how much
predictive accuracy can be gained from allowing more flexible functional forms than SAPS 3.
Thirdly, the same models will be estimated using patient attributes and clinical indicators that
are available but not used in calculating the SAPS 3 score. This will reveal the benefit of using
an approach that allows more factors to determine mortality risk.

The Covid-19 pandemic is an example of a rare global medical emergency during which pa-
tient triage decisions were exceptionally important and difficult. This provides an interesting
backdrop to the question of whether dynamically updated algorithms could have improved in-
hospital decision-making. However, the anomalous nature of this event may call into question
the external validity of this study’s conclusion: would these models be similarly useful in nor-
mal times when the relationship between patient attributes and mortality risk is more stable?
In order to answer this question, the models are also estimated on patients who tested negative
for Covid-19.

The results of this thesis illustrate that machine learning methods are valuable tools to predict
patient outcomes, and this is true when there are unexpected shifts in the relationship between
patient features and patient outcomes but also under normal circumstances because machine
learning techniques are particularly good at identifying interesting interactions and explaining
model errors to improve prediction accuracy. To conduct the analysis, a gradient boosting
framework implementation, LightGBM, was utilised particularly because of its ability to ac-
celerate the training process up to 20 times while maintaining similar accuracy, in contrast to
other implementations. Since LightGBM provides both efficiency and accuracy, the results of
this thesis can be extremely powerful if hospitals were to implement it by developing a dynamic
scoring model to calculate mortality risk for triage decisions. Furthermore, to the best of my
knowledge, this thesis is the first to provide a mortality risk prediction model for ICU patients
infected with Covid-19 in South Africa.

The sections are outlined as follows: Section 2 provides a literature overview of triage rules
and algorithms, machine learning techniques which have been implemented to predict hospital
mortality, and the SAPS 3 scoring system. Section 3 discusses the data provided by a large
South African hospital for the purpose of the thesis. Section 4 and 5 provides the methodology
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and empirical analysis conducted in this thesis, and Section 6 concludes.

2. Literature Review

During the Covid-19 pandemic the sudden influx of infected patients posed challenges to health-
care services, overwhelming hospitals and intensive care units. Medical professionals were re-
quired to allocate critical but limited medical resources, such as ventilators and intensive care
beds, to patients who would benefit most from treatment (Emanuel et al., 2020). Patient triage
is required during a pandemic or a health crisis and, should ideally be quick and effective to
allocate patients to the appropriate risk group to ensure that maximal benefits are gained from
limited resources. In reality, patient triage occurred while doctors, nurses, hospital adminis-
trators and policy makers had incomplete information regarding the health effects and risk
factors of the pandemic, and limited cognitive bandwidth to make important decisions. It is
well documented that humans are emotional, distractible, and prone to cognitive biases and
this is particularly true during the emotional distress of a pandemic (Tversky & Kahneman,
1974). Triage decisions, including withdrawing ventilators from one patient to allocate it to
another, might result in emotional distress for medical professionals, which could hamper the
quality of decision-making. Due to this, triage should ideally occur using algorithms that are
based on appropriate data and reflect relevant objectives.

There is a substantial literature on the socio-ethic ramifications of these triage rules, and
what they should attempt to achieve, and this debate has been reignited during the Covid-
19 pandemic. Under normal circumstances, when medical resources are abundant, the odds of
survival after treatment and disease severity are the primary determinants of resource allocation
in triage (O’Laughlin & Hick, 2008). However, during a pandemic resources are constrained
and often allocated to benefit the greatest number of patients in terms of lives saved or life-
years gained (Fiest et al., 2020). Scarce resources would be allocated to patients who are more
likely to survive, and live a long and healthy life subsequently. White & Lo (2020) and Basu
(2021) have recommended that triage frameworks should be developed with priority scores
determined by multiple criteria, including the likelihood of survival until discharge, likelihood
of long-term survival based on comorbidities, and the patient’s current life cycle stage. There is
a broad consensus that the benefits gained from limited resources should be maximised in the
above-mentioned regard, while giving priority to the worst-off and ensuring non-discrimination.
However, how exactly this is achieved remains a point of contention (Emanuel et al., 2020; Basu,
2021). Random selection and first-come, first-served approaches have been proposed by some
(Emanuel et al., 2020) while others emphasise social justice and non-discrimination ideals as
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means to uphold equality (Reid, 2020), with the exception of instrumental value advocated by
saving those who can save others, such as nurses and other health care workers (DB. et al.,
2009). Other recommendations include that triage guidelines should differ by intervention and
should be flexible to new scientific evidence (Emanuel et al., 2020). The objectives of these
triage rules fall outside of the scope of this study, which will focus only on modelling mortality
risk, which is an important input into any sensible triage rule.

Psychologists have identified several cognitive biases that can affect human judgements. Such
biases are one of the reasons that motivated the establishment of triage committees who would
formulate general triage algorithms to remove the responsibility from bedside clinicians (Truog,
Mitchell & Daley, 2020) As mentioned previously, these should ideally depend on algorithms
which reflect clear objectives and are based on relevant data and medical evidence. These
algorithms exist as medical scoring systems. Most hospitals use one of a variety of medical
scoring systems to allocate patients to ICU beds to ensure effective and consistent treatment.
These scoring systems use easily measured data in statistical algorithms to provide informative
single scores to enable medical professionals to assess patient conditions, to estimate and stratify
risk, to predict outcomes and to diagnose diseases accurately. Specifically, scoring systems are
used to predict mortality risk in hospitals and intensive care units to inform decisions for patient
triage and treatment.

Although medical scoring systems are a crucial input into patient triage decisions, such scoring
systems usually suffer from several shortcomings. Many scoring systems (including SAPS 3,
which is discussed in more depth in section 2.2 below) make use of very simple linear additive
formulas, with coefficients being restricted to integers. This simplified functional form ensures
convenience of use and allows nurses to implement without the need for computers or calcu-
lators. However, if the most accurate mortality forecasting model is a non-linear function of
patient attributes and symptoms, then a linear approximation necessarily implies sacrificing
model fit and by implication forecasting accuracy. This would imply that the predicted mortal-
ity risk is not maximally accurate, and some patients may be incorrectly prioritised over others.
Furthermore, these scoring systems were developed prior to the pandemic, which means that
they cannot capture new interactions and risks that are relevant in a Covid-19 disease envi-
ronment. Finally, these scoring systems were estimated on non-SA data which implies that it
might not be optimally relevant for triage decisions in a South African environment. SAPS 3
has been successfully implemented in intensive care units worldwide and is among the most
used modern scoring systems. However, these potential drawbacks emphasise the need for an
alternative scoring system during the Covid-19 pandemic and in a South African context to aid
decision-making in patient triage through accurate and effective mortality risk prediction.
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Given all these shortcomings, it may be useful for hospitals to develop a dynamic scoring model
which periodically uses the most recent and relevant data to calibrate this algorithm, instead of
using a static scoring model. Large hospital groups may create sufficient sample sizes to do this
with their own patient data. If modern technology can facilitate ease of application – by nurses
simply entering symptoms on a tablet, which then calculates the mortality risk, for example
- then an oversimplified algorithm is unnecessary. These prediction models for mortality risk
could then be used to make more effective triage choices, and to inform policy decisions.

This need for a prediction model that could account for potential non-linear and interaction ef-
fects of patient features and symptoms on mortality risk, and that is applicable during Covid-19,
has been recognised by several researchers who accordingly set out to model these complex-
ities using various machine learning techniques (Banoei et al., 2021; Ottenhoff et al., 2021;
Pourhomayoun & Shakibi, 2021). There is a related literature that uses machine learning tech-
niques to to predict the number of new Covid-19 cases to inform policymaking (Al-qaness,
Ewees, Fan & Abd ElAziz, 2020; Al-qaness, Ewees, Fan, Abualigah, et al., 2020; Alsayed et
al., 2020; ArunKumar et al., 2021). The most common machine learning techniques that are
used in these studies are Support Vector Machines (SVM), Artificial Neural Networks, Ran-
dom Forests, Logistic Regressions, K-Nearest Neighbours (KNN), Tree-based Gradient Boosting
(XGB), and shrinkage methods such as LASSO (Least Absolute Shrinkage and Selection Op-
erator1. The empirical analyses conducted by these studies utilised different data sources with
different patient characteristics and used different variables to predict mortality risk. Despite
the differences in data and variables used, a consensus has emerged regarding the risk features
that significantly influence mortality among Covid-19 patients: age, hypertension, asthma, res-
piratory rate, oxygen saturation, diabetes, systolic blood pressure and the Glasgow Coma Scale
(GCS Score).

Most of this literature has estimated models that predict mortality risk for all hospitalised
patients, whereas this study will focus only on critically ill patients admitted to intensive care
units. Critically ill patients are uniquely characterised by uncertainty and their swift deterio-
ration, which makes a model that can predict mortality risk for critically ill patients essential.
In this respect, this study is similar to Zhai et al. (2020) which also restricted its sample
to patients admitted to emergency department intensive care units in Chinese hospitals, and
used XGBoost, SVM and a Logistic Regression to predict mortality risk. However, the patient
sample used in this study preceded the Covid-19 pandemic so the estimated models could not
assess the benefits of using this approach during the pandemic. It is also doubtful that the
predictions of models estimated on patients from one country could be accurately extrapolated
to the patients of a different country. South Africa is a country uniquely characterised by
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a high incidence of diseases such as HIV and Tuberculosis which could potentially alter the
relationship between patient features and mortality risk in the presence of Covid-19. SAPS
3 is currently the only scoring system used in intensive care units in South African hospitals
to predict mortality and, to the best of my knowledge, no research exists that have predicted
mortality of intensive care patients infected with Covid-19 in South Africa, further emphasising
the need and urgency of this study.

2.1. SAPS 3

The Acute Physiology and Chronic Health Evaluation Score (APACHE) and the Simplified
Acute Physiology Score (SAPS) exist among several scoring systems developed to classify the
severity of disease of patients admitted to ICU. The original APACHE consisted of two parts:
the Acute Physiological Score (APS) and the Chronic Health Evaluation (CHE) which rep-
resents the severity of acute illness and the physiological status of the patient prior to the
illness, respectively. SAPS was mainly designed to overcome the complexity of APACHE. Ap-
proximately ten years after the first publication of the APACHE and SAPS came the newer
generation of these instruments, SAPS II and APACHE 3, which performed significantly better
than their forerunners since they were developed using sophisticated statistical techniques and
larger multinational data (Metnitz et al., 2005). These risk adjustment models significantly
facilitated research in critical care. However, over time more studies emerged assessing the per-
formance of these risk adjustment systems, exposing their insufficient prognostic performance
(Apolone et al., 1996; Poole et al., 2009; Saleh et al., 2015). The poor prognostic performance
was evident in the lack of calibration for patient subgroups and an overestimation of mortality
for high-risk patients and an underestimation of mortality for low-risk patients. Since the col-
lection of SAPS II’s database the prevalent major diseases have changed as well as the available
and regularly used diagnostic methods which have resulted in poor calibration. Moreover, this
database was developed on European and North American patients which implies that the
sample is potentially not representative of medical practices in ICUs worldwide. Given that
outcome is likely related ICU practices, the results of the model have limited generalisability.
Researchers accordingly aimed to improve these systems through recalibration on the equation
for mortality prediction, and recalibration on the variable weighting within the model. As the
problems seemed to be intrinsic to the models, because the population baseline characteristics
likely changed over time and important prognostic variables were excluded, recalibration was
unable to solve them. Since recalibration was ineffective to improve the prognostic performance
of the models, a new model had to be developed which included variables shown to be influ-
ential on the outcome. SAPS 3 was thus developed in 2002 with the objective to provide an
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improved risk-adjustment model for critically ill patients available free of charge to the scientific
community (Metnitz et al., 2005).

SAPS 3 was published in 2005 as a significant improvement over SAPS II and SAPS to predict
mortality. The main difference observed in the SAPS 3 model is the usage of patient features
available within the first hour of ICU admission, rather than the first 24 hours of admission and
contrary to other commonly used scores, the major driving force for its predictive power is drawn
from patient features known prior to admission. The data describes prior chronic conditions and
diseases, circumstances related to and physiological derangement at ICU admission. A total of
16 784 patients consecutively admitted to 303 ICUs across America, Europe, Mediterranean and
Australasia during a 2-month period in 2002 comprises the SAPS 3 Hosptial Outcome Cohort
(Metnitz et al., 2005). The data were collected on days 1, 2, 3 and on the last day of ICU stay.
Data collected on day 1 of admission (one hour before or after admission) were categorised into
three levels to describe the patient’s condition before ICU admission to indicate any chronic
illnesses or medical conditions, the reason for admission and any infections or surgery done
at time of admission, and the patient’s physiological derangement at admission. Days 2 and
3, and the last day of ICU stay information was collected to describe the severity of illness,
organ dysfunction information, length of stay and vital status at discharge. Five-fold cross-
validation was employed to build and validate the model. Thereafter, a logistic regression was
used to simplify the model and a multilevel logistic regression was implemented to estimate the
regression coefficients. Lastly, bootstrapping methods were used to check the variable selection
and their weighting. The final model included 20 different variables and major geographic areas
have their own customised equations (Moreno et al., 2005).

The final selected variables are contained in three respective boxes or classifications. This is
because SAPS 3 distinguishes between evaluation of the individual patient from evaluation of
the ICU. For individual assessment, the patient factors are therefore captured in the information
that is available prior to ICU admission, i.e., Box I, which interestingly provides half of the
model’s predictive power. Five variables are used for evaluating Box I: age, co-morbidities, use
of vasoactive drugs before ICU admission, intrahospital location before ICU admission, and
length of stay in the hospital before ICU admission. The prognostic performance of the model
can further be enhanced by including the data relevant to the circumstances at ICU admission,
i.e., Box II, which includes reason(s) for ICU admission, planned/unplanned ICU admission,
surgical status at ICU admission, anatomical site of surgery, and presence of infection at ICU
admission and place acquired. Another 27.5% can be won by incorporating the physiological
variables contained in Box III. Box III consists of lowest estimated Glasgow coma scale, highest
heart rate, lowest systolic blood pressure, highest bilirubine, highest body temperature, highest

Page 10

https://scholar.sun.ac.za

https://scholar.sun.ac.za



creatinine, highest leukocytes, lowest platelets, lowest hydrogen ion concentration (pH), and
ventilatory support and oxygenation (Moreno et al., 2005).

Mortality is a binary variable, and the risk of mortality is necessarily between 0 and 1. A
common functional form that produces outcomes in the unit interval is the logistic function.
The logistic function is an S-shaped curve given by the following equation:

f(x) = L

1 + exp−k(x−x0)

with

x0, the midpoint of the curve;

L, the maximum value of the curve;

k, the steepness of the curve.

This function takes as input a linear additive function of observable variables (which we can
think of as an underlying propensity towards mortality), and transforms it to probabilities.

These variables are assigned respective scores indicating their contribution to mortality risk.
The scores of all 20 variables are then summed to form a total score, referred to as the SAPS 3
admission score, which relates to the vital status at hospital admission given by the equation:

logit = −32.6659 + log(SAPS3score + 20.5958) ∗ 7.3068 (2.1)

The likelihood of mortality relates to the vital status at hospital discharge given by the equation:

Probabilityofdeath = elogit

1 + elogit
(2.2)
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Customised models for large geographic areas were calculated to allow the intercept and the
gradient of the curve to differ across regions. The logit equation utilised by Mediclinic South
Africa is given by:

logit = −27.38054 + log(SAPS3score + 5.5077) ∗ 6.2746 (2.3)

Figure 2.1 below illustrates the probability of death for ICU patients based on the standard
logit equation and the customised logit equation utilised by Mediclinic South Africa. There is
a downward adjustment of the probability of death for Mediclinic South Africa especially for
mid-range SAPS 3 scores.

Figure 2.1: Probability of Death based on SAPS 3 Score.

Although SAPS 3 was published as a significant improvement over SAPS II to predict mortal-
ity, there are still some potential drawbacks as mentioned in section 2.1. First, SAPS 3 was
developed prior to the Covid-19 pandemic. This implies that mortality risk might be differently
influenced by patient features due to the virus. In other words, the model might be predict-
ing mortality risk without accounting for how Covid-19 could have changed the way patient
features now influence the probability of death. It must be considered that there might exist
new interactions among patient features that would influence the effect on mortality risk. Re-
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sultingly, a model developed with data prior to the Covid-19 outbreak may not be particularly
useful for mortality prediction of Covid-19 infected individuals.

Secondly, SAPS 3 makes use of a very simple linear additive formula, with the variables’ coef-
ficients being restricted to integers. The benefit of this simplistic functional form is that the
formula could be easily implemented by nurses and other health care workers. However, these
coefficients are most likely not chosen because they optimally describe the relationship between
patient features and mortality risk, but specifically because they are easily implemented and
simplistic to use and calculate. In addition, mortality risk might perhaps be a more compli-
cated function of patient features - it might even be non-linear. To illustrate a non-linear effect,
the danger of a high heart rate affecting old patients differently than young patients can be
considered. Consequently, a linear function designed for convenience rather than describing the
exact relationship, might not be maximally accurate. Therefore, there might exist some other
functional form, as opposed to a linear additive form, or some other coefficients, that would
better describe the relationship between patient features and mortality risk. The interactions
between the variables might be more complex than depicted by a simple linear function. This is
a valid concern in the context of Covid-19, since there are different interactions among variables
with patients infected with Covid-19, but it might even be a valid concern in the absence of
Covid-19. Even prior to Covid-19 there exists a possibility that non-linear effects are present
when estimating mortality risk. However, speculating about the form of non-linearities is not
only difficult, but almost trivial due to countless possibilities and consequences run high when
the incorrect functional form is chosen. This provides an opportunity for alternative modelling
techniques. If there are a multitude of variables that might be relevant, but uncertainty exists
regarding which variables are important, or if an interesting functional form exists with non-
linear interaction, but there exists uncertainty as to the functional form of the non-linearity,
machine learning techniques offer the advantage of seeking out those non-linearities and in-
teractions. Therefore, this study utilises machine learning techniques in order to uncover the
functional form that describes the effect of patient features on mortality risk.

Therefore, a model that accurately predicts the mortality of Covid-19 patients should use
data captured during the pandemic, rather than data prior to the pandemic, to estimate the
model in order to identify the key variables that are significant in the presence of Covid-19.
Additionally, the model should be able to capture the potential non-linear effects that patient
features might have on mortality risk and the new interesting interactions that might exist
between the variables.
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3. Data

Mediclinic Southern Africa operates a range of multi-disciplinary acute care private hospitals
in South Africa and Namibia and utilises the commonly used ICU scoring system, SAPS 3,
to predict mortality risk for patients. As part of its normal operations, Mediclinic hospitals
collect all the patient information that is required to calculate the SAPS 3 admission score.
This data consists of patient characteristics prior to admission (e.g., age, gender, arrival type,
doctor speciality, length of stay before ICU admission), co-morbidities, various physiological
variables (e.g., reason for ICU admission, acute infection and surgical status at ICU admission,
heart rate, oxygenation, systolic blood pressure and temperature) and whether the patients
suffer from diseases such as HIV and Tuberculosis.

Mediclinic has agreed to share this data, under the provision of ethical approval obtained
(Project ID 22525; Ethics Reference Number S21/07/010_COVID-19). This retrospective
study used clinical data from 34,292 patients admitted to ICU in 43 different Mediclinic hos-
pitals across all nine provinces in South Africa, and three provinces in Namibia. The data is
collected from the respective hospitals across South Africa and Namibia and stored in a central
database. The data includes all ICU patients over the age of 16. Of the 34,292 observations,
or patients we have in the data set, only 392 (approximately 1.14%) were omitted which had
either no SAPS 3 admission score or a score of zero due to missing values in the individual
variables used to calculate the score. Figure 3.1 provides information regarding the population
distribution within the data utilised in the study. The population has slightly fewer females
than males and a slightly higher median age for female patients. The death rate for females is
also higher compared to males. Furthermore, as one would expect, the death rate for Covid-19
positive patients is significantly higher compared to Covid-19 negative patients.

Figure 3.1: Descriptive Statistics
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Figure 3.2: Distribution of Age and Expected Mortality

According to the Figure 3.2 above we see that female age has a bimodal distribution and there
is a greater proportion of females below the age of 30 and above the age of 75 in ICU compared
to males. Furthermore, the distribution for expected mortality of males and females is similarly
shaped, although there exists a higher proportion of females with an expected mortality between
12.5% and 50%, and a higher proportion of males with expected mortality close to zero. Figure
3.3 below shows that the average expected mortality is higher for patients infected with Covid-
19 compared to the Covid-19 negative patients for all age groups. Covid-19 clearly influences
the distribution of expected mortality across age and this new relationship in the presence of
the Covid-19 disease should be captured in any model that aims to predict mortality during
the Covid-19 pandemic.

Figure 3.3: Average Mortality Per Age Group
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From the data set obtained there are additional variables available not included in the SAPS
3 calculation that is also utilised in the study to see whether other variables available at the
time of admission could potentially benefit the mortality prediction model by improving the
model accuracy. For instance, Figure 3.4 below shows the relationship between BMI category
and the average mortality for the Covid-19 positive sample compared to the Covid-19 negative
sample. The graph indicates that the BMI category differently impacts the mortality risk based
on Covid-19 infection, suggesting that the inclusion of BMI as an additional variable in the
model, among others, could potentially further explain mortality risk during the pandemic.

Figure 3.4: Average Mortality based on BMI group

Furthermore, the data obtained from Mediclinic which informs the SAPS 3 score are provided
in score format based on the model’s severity index for each variable. The drawback to the
scored data is that the models will not have the advantage of being trained and modelled on raw
data, but only on pre-categorised data. This reduces the models’ potential to identify features
and patterns for prediction, and relationships between mortality and patient characteristics
since the variation within each variable is limited.
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4. Methodology

Modelling the effect of patient features on mortality risk requires that we specify some functional
form for the underlying data generating process. However, some problems may potentially arise
if interaction effects or non-linear effects are not accounted for, or when irrelevant controls are
excluded or even relevant controls excluded, for instance. If the underlying data generating
process is incorrectly specified, the estimations of mortality risk will most likely be inaccurate
and not particularly useful. Therefore, the closer we can get to the true data generating process,
the more useful the model will be. There are typically two approaches to statistical modelling.
The first assumes the likely functional form for the population model and then estimates the
parameters accordingly. These are typically interested in the exact relationship between a vari-
able and the outcome. The second approach assumes that the functional form is unknown and
thus seeks to employ flexible techniques to uncover this underlying data generating process.
The research question at hand is a predictive problem by nature since it is concerned with iden-
tifying patients that are at high risk for mortality based on various patient features. Therefore,
the main concern is not to understand and estimate the parameters to explain the effect of a
specific patient feature on mortality risk. Rather, the study aims to uncover the unknown data
generating process that produces a certain mortality risk from various patient feature inputs.
The study will therefore emphasise an approach to statistical modelling of the second kind.
Since prediction accuracy is our concern, machine learning will be well-suited for our problem.

Machine learning relies on regularisation and empirical tuning which involves the process of
introducing restrictions through hyperparameters and finding the optimal hyperparameter
values for the best test set accuracy performance, respectively. Regularisation involves choosing
a function class which consists of a set of hyperparameters that determines how complex the
model will be. Our empirical analysis will focus on three different function classes to evaluate
how accurately the different functional forms and model complexities can predict mortality.
The study will consider a logistic regression, classification and regression tree, and a gradient
boosting decision tree implementation called Light Gradient Boosting Machine (LightGBM).
Once the function class has been chosen, the optimal hyperparameter values that produce
the best out-of-sample fit must be determined. This is accomplished by identifying potential
values for the hyperparameters, obtaining estimates for the out-of-sample performance of the
models with different values of the hyperparameters and then choosing the hyperparameter
value that yield the best out of sample fit. A simple grid-search was utilised to evaluate the
performance of the different hyperparameter values except for the logistic regression which
does not have critical hyperparameters to tune. Once the final model has been estimated
with the optimal hyperparameter value, the prediction accuracy must be measured on the test
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set. The prediction accuracy must be assessed on a sample that has not been utilised in the
training or the tuning of the hyperparameters. Accordingly, three data sets are required that
provide data for training, validating (the tuning of hyperparameters) and the testing for the
prediction accuracy of the final model. This requires some sample splitting. There are diverse
ways to split the sample depending on the sample size and the model objectives. In this study,
the observations are ordered according to date of admission and then split 75:25 between a
training set (for training and validation) and a testing set (for assessing prediction accuracy of
the final model). In other words, the data from the first 75% of admissions are used to predict
for the last 25% of admissions. There are a few difficulties faced when choosing the ideal sizes
for the sample splitting as a small training set could produce imprecise coefficient estimates
which could negatively affect the choice of the hyperparameters, but a small validation set can
likewise cause a sample-dependent fit of the out-of-sample estimates even when coefficients
are precise, resulting in an inferior choice of the optimal hyperparameter. Moreover, a small
test set can result in erroneous prediction accuracy estimates. These difficulties can be solved
by using k-fold cross-validation in training and tuning the parameters. This process involves
removing the test set from the randomly shuffled dataset and then splitting the remaining
set into k smaller sets. For each individual k fold (or subset) the kth-fold is taken as the
validation set and the remaining k-1 folds is taken as the training set. The model is then
trained on the training set and evaluated on the validation set and the process is repeated for
every unique k-fold. The average performance over all the k validation sets is then computed by

CVk = 1
k

k∑
i=1

MSEi (4.1)

This allows the study to obtain an improved selection of hyperparameters which in return
produces more accurate predictions.

As briefly mentioned, the study will consider three different functional forms (class functions)
to predict the mortality risk for ICU patients infected with Covid-19. The first is a logistic
regression that linearly models the probability of a certain outcomes occurring. In our case,
the logistic regression will linearly model the probability of a patient in ICU not surviving.
The logistic regression relaxes many of the assumptions made for linear regressions as it does
not require a linear relationship between the outcome variable and the explanatory variables, it
does not require the normal distribution of the error terms, and homoscedasticity is not needed.
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However, logistic regression assumes that observations are independent and that there is little
or no multicollinearity among explanatory variables. Each variables gets a coefficient and there
are no interactions. Important to note here is that variables are allowed to differ in importance,
although non-linear effects are not yet allowed for (like allowing the effect of high heart rate to
differ for old vs. young patients). The benefit of this functional form therefore it that it allows
for the relevance of variables to differ which SAPS 3 does not.

The relationship p(X) = Pr(Y = 1|X) must be modelled without allowing predicted
probabilities above one or below zero. Hence, a function that provides values only between
zero and one given any input value must be used. Accordingly, the logistic function is used for
logistic regression

p(X) = eβ0+β1X1+...+βpXp

1 + eβ0+β1X1+...+βpXp

The model is fitted with the maximum likelihood technique and will generate an S-shaped
function between zero and one. After some manipulation, the above formula becomes,

p(X)
1 − p(X) = eβ0+β1X1+...+βpXp

Taking the logs of both sides produces,

log( p(X)
1 − p(X)) = β0 + β1X1 + ... + βpXp

The second functional form this study considers is a classification tree. The study uses the
R package rpart (Recursive Partitioning) that utilises many of the concepts found in CART
(Classification and Regression Trees). The rpart programme builds general structure classifi-
cation or regression models using a two-step process: first, the variable is identified which best
splits the data into two groups. Once the data is split into two groups, the process is repeated
on each subgroup, respectively. This process is repeated until improvement is impossible or
until the subgroups reach a minimum size; secondly, since the model is often too intricate and
complex, it requires pruning that is accomplished by cross-validation. The nature of the re-
search question in this study requires a classification tree which provides a qualitative outcome
rather than a regression tree that provides a quantitative outcome (James et al., 2013). In
other words, the classification tree predicts the class to which each observation is most likely to
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belong to, so whether an individual is more likely to belong to the survived or the not survived
category. The tree is grown through recursive binary splitting according to the Gini index
(Therneau & Atkinson, 1997). All the values would go through different splitting points and
be tested according to a cost function - which in this case is the Gini index. Decision trees
are generally referred to as greedy algorithms since they opt to make the optimal decision at
each step of the procedure. However, a potential pitfall of a greedy algorithm is that it tends
to overfit the data - it becomes exceptionally good at explaining the sample data, but not so
great to explain the out-of-sample. To avoid this sort of complexity in the tree we restrict the
growth of the tree by restricting the complexity parameter value. One of the advantages of a
classification tree is that it is easy to interpret, and it can be displayed graphically. The tree
can model basic non-linear effects and it allows for interaction between variables, both of which
SAPS 3 does not.

The third method the study considers, light gradient boosting machine (LightGBM), is a gra-
dient boosting framework that is based on decision tree algorithms. The boosting framework
simply uses weak learners, such as decision trees, as foundational units to generate more power-
ful prediction models. The approach combines multiple decision trees in an ensemble to improve
the accuracy of prediction. In contrast to bagging where separately grown trees are combined
in an ensemble, boosting is a sequential tree-growing approach combining many different deci-
sion trees that all grow using information from previously grown trees. Since individual trees
often suffer from high bias or high variance, combining these weak learners reaches a better
variance-bias trade-off which improves the performance of the model. The objective of boost-
ing is to allow a procedure that learns slowly by avoiding the fitting of one large decision tree
over the data that might be subject to overfitting. Essentially, the first trees (or models) fit
the data very simplistically and thereafter the residuals are analysed to update the following
model. The sequential decision trees are fitted to the residuals of the model and those trees
are then included to update the residuals. The aim is therefore to solve for the remaining error
from the previous tree. The adding of these small trees to the residuals slowly improves the
function specifically in the areas where it tends to perform poorly by increasing the weight of
an input that was misclassified in the previous decision. Fundamental to gradient boosting is
the use of weak learners, sequential tree-growing, and the minimisation of some loss function.
Thus, as the model grows sequentially on weak learners, the model error reduces.

Gradient boosting decision tree is a very popular and prevalent algorithm in machine learning
specifically because it is known to be efficient, accurate and interpretable. Although there are
various implementations of the algorithm, such as XGBoost, scikit-learn and pGBRT, that are
widely used, recent developments in data availability have brought to light new hindrances in
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obtaining accuracy with efficiency. Scalability is more challenging as computational intricacies
become more complex with an increase in the number of features and observations available
with big data. Particularly because the gradient boosting decision tree algorithm (GBDT)
necessarily assesses the estimated information gain of all potential split points by scanning
all the data instances for all available features. Accordingly, the size of the data and the
number of features is directly proportionate to the complexity of the computations resulting
in time intensive implementations of the algorithm. A sensible notion would be to reduce
data size and number of features to solve the inefficiencies that arise because of computational
complexities. Unfortunately, what seems straightforward in theory is not always equally simple
in practice. Turns out that data sampling for gradient boosting decision tree is quite tricky
since the commonly used weighted sampling technique cannot be imitated with this algorithm
because there exists no sample weight (Ke et al., 2017). Accordingly, Ke et al. (2017) proposed
two novel algorithms that constituted the new implementation of GBDT called Light Gradient
Boosting Machine (LightGBM).

The first technique, Gradient-based One-Side Sampling (GOSS), aims to reduce the number
of data instances. Lui et al. recognised that gradients of data instances play a significant
role in computing information gain since the greater the gradient, the more it contributes to
information gain. Accordingly, the number of data instances can be reduced whilst retaining
accuracy by keeping those instances with larger gradients and randomly dropping those with
smaller gradients. This method was proven to produce increased estimation gain accuracy
compared to random sampling that is uniform in nature (Ke et al., 2017). The second technique,
Exclusive Feature Bundling (EFB), reduces the number of features with practically no loss. The
technique involves the design of an algorithm that simplifies the optimal bundling problem,
i.e., how to optimally bundle exclusive features. Real-world applications typically have sparse
feature spaces, regardless of the number of features, which implies that most features never take
nonzero values concurrently. In other words, most features are nearly exclusive which allows
them to be bundled safely. Accordingly, an algorithm was designed to simplify the optimal
bundling of exclusive features by means of a graph colouring approach which makes vertices from
features and edges from two non-mutually exclusive features. The graph colouring problem is
then solved with a greedy algorithm and accordingly the number of effective features is reduced
with nearly no loss. Therefore, the complex bundling problem is proven to be solved by a greedy
algorithm that produces a good approximation ratio which allows the effective reduction of the
number of features while retaining the accuracy of determining split points. The combination
of these two novel algorithms produces the implementation of the GBDT algorithm called
LightGBM. Various experiments on public data have indicated that LightGBM accelerates the
training process of common GBDT implementations up to 20 times while maintaining similar
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accuracy.

Each model was evaluated using various metric scores that provide insights for how well the
model performed. These include sensitivity and specificity, accuracy and area under the curve
(AUC). Sensitivity refers to the ability of the model to correctly identify patients that will
not survive. In other words, if the model predicts that an individual does not survive, the
individual also does not survive in reality. Whereas specificity refers to the ability of the model
to correctly identify patients that will survive. Accuracy is a metric score that indicates the
proportion of correct predictions. This metric uses a threshold to determine the predicted
mortality score. If an individual received a mortality risk above the 50% threshold, they are
given a binary mortality score of one and those below the 50% threshold are given a mortality
score of zero. In other words, if a patient has a 60% probability of dying, they are above the
threshold and therefore predicted to have a mortality score of 1 implying that they are predicted
to not survive. Accuracy is then determined by showing the proportion of individuals with the
correct binary prediction – that is to say, if they received a mortality score of one, they actually
did not survive. There is a downside to this metric since no differentiation is made between
individuals with an expected mortality of 51% and 90% since both are equivalently assigned
with a mortality score of one, indicating that they are predicted to not survive. However, it is
obvious that these patients are clearly different. Therefore, an additional metric, area under
the curve (AUC), is included to provide a measure of performance of the ranking of the model,
or stated differently, the relative performance of the model. Essentially, it shows how well the
model can distinguish between classes. Thus, an AUC score of 80% would imply that the model
can with 80% accuracy take two individuals who respectively survived and did not survive and
rank them correctly. Furthermore, the 95% confidence interval for the accuracy metric is also
provided.

5. Empirical Analysis

The primary objective of this study is to determine how accurately mortality risk can be pre-
dicted for Covid-19 positive patients admitted to ICU. A secondary objective is to understand
how much of this accuracy gain, if any, is due to estimating the model on the most appropriate
sample of patients, allowing for this probability to be a non-linear function of the same variables
utilised in SAPS 3, and from including additional variables available at the time of admission
in the model. Figure 5.1 below contains a list of candidate variables that are collected by Medi-
clinic but are not used in SAPS 3. These questions will be answered by estimating three models
on the Covid-19 positive sample: a logistic model (which assumes a linear additive functional
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form, which is then transformed using a link function), a recursive partitioning (rpart) model
(which allows for non-linear and interactive effects, although in a highly restrictive way) and a
LightGBM model (which is highly flexible). These three models will be first be estimated using
only the variables utilised in SAPS 3, and then re-estimated using a longer list of candidate
explanatory variables.

Figure 5.1: Additional Variables

If we find that a more flexible functional form or additional variables could improve the accuracy
predictions for mortality risk for Covid-19 positive sample, this raises the question of whether
the same applies to the Covid-19 negative sample. If so, then the benefits of an alternative
modelling approach to improve SAPS 3 could be generalised to non-pandemic periods. To
investigate these questions, the empirical analysis described above will be repeated on the
Covid-19 negative sample.

Tables 1 and 2 from Figure 5.4 provide the model evaluations for the Covid-19 positive sample.
Table 1 reports the various goodness-of-fit metrics for the four alternative models (SAPS 3,
logistic, rpart and LightGBM) using only the variables included in SAPS 3, whereas Table 2
shows the same metrics across the same models now estimated using the additional variables
as well. From Table 1 it is evident that the performance of the SAPS 3 model is improved by
allowing alternative functional forms. The logistic model, which has a similar functional form
as the SAPS 3 model, achieves more than a 11-percentage point improvement in accurately
predicting mortality. The confidence bands reveal that this difference is highly statistically
significant. This may be attributable either to the fact that the logistic model does not restrict
coefficients to non-negative integers or because it allows the relative importance of the variables
to be determined by the sample of Covid-19 positive South African patients. Figure 8.1 in the
Appendix confirms the latter. It provides a comparison between the logistic and SAPS 3
coefficients which indicates that the accuracy improvement of the logistic model is the result
of more appropriate data being utilised since the relative magnitude of the coefficients differ
significantly. The rpart model also outperforms the SAPS 3 model, although its performance
is notably worse than that of the logistic model. The LigthGBM model likewise outperforms
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the SAPS 3 model, but its out-of-sample performance is the same as that of the logistic model.
Notably, the accuracy confidence intervals for all three alternative models do not even include
the point estimate of the SAPS 3 model, indicating that the accuracy improvement is significant.

Table 2 also shows how much additional predictive accuracy can be gained over SAPS 3 by
including additional variables in the models. The results of the logistic regression model es-
timated on the SAPS 3 and the additional variables are displayed below in Figure 5.2 with
coefficients limited to those that are statistically significant. General admittance, arrival type
of patients, mechanical ventilation, TB and dialysis all increase the risk of mortality. Allowing
these additional non-SAPS variables to affect mortality raises the forecast accuracy by nearly
20 percentage points during the Covid-19 pandemic and more than 2 percentage points during
normal circumstances. Presumably, the logistic model’s performance could be further improved
by obtaining and utilising the values of the variables used to determine the individual SAPS 3
points rather than the point scores. The highly flexible functional form of the LightGBM fur-
ther improves this performance in the Covid negative sample, although only by .23 percentage
points.

Figure 5.2: Logistic Regression

As was the case when not including additional variables, the rpart model with additional vari-
ables is outperformed by both the logistic and LightGBM models. Nevertheless, this model
provides interesting insights into the variables that are most important in predicting mortality
for Covid-19 positive patients. The results of the rpart estimated on SAPS 3 and additional
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variables are displayed in Figure 5.3 below. Oxygenation and age, which are both included in
SAPS 3, are the most important variables in determining mortality risk. Mechanical ventila-
tion, dialysis and BMI category “missing” also play a key role. Concerns might arise for the
practicality of including a variable such as BMI in the model due to the potential difficulty
of measuring body weight and height of patients during ICU admission. However, additional
variables are informative and important, even when submitted with missing values, since they
provide valuable information on patient status and characteristics to inform mortality predic-
tion.

Figure 5.3: Rpart Tree

We can conclude from Tables 1 and 2 that, towards the end of the pandemic, it would have
been possible to predict mortality risk of Covid-19 positive patients much more accurately
with a model trained on Mediclinic’s own data compared to using SAPS 3. Using the non-
linear LightGBM model and including additional variables not used in SAPS 3 resulted in a
substantial accuracy improvement of more than 19 percentage points relative to SAPS 3. The
most important contribution of this new model would have been that it used the most relevant
data to identify the relative importance of the SAPS 3 variables: this would have increased
predictive accuracy by 10.88 percentage points. Using a highly flexible estimator which allows
for non-linear and interactive effects of patient attributes on mortality risk, and additional
symptoms would have increased predictive accuracy by an additional 8.69 percentage points.
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Figure 5.4: Covid Positive Results

Table 3 and 4 from Figure 5.5 below show the results of the Covid-19 negative samples. The
AUC metric for Table 3 shows that SAPS 3 performed the best compared to the alternative
models. The AUCs of the logistic regression, rpart and LightGBM actually deteriorated slightly,
whereas the accuracy metric improved slightly. However, the results that include the additional
variables as displayed in Table 4 shows the AUCs improving moderately, as well as the accuracy.
The accuracy confidence intervals of all three alternative functional forms do not even include
the point estimate of the SAPS 3 accuracy, once again implying that the accuracy improvement
from allowing additional variables and flexible functional forms is significant. These tables imply
that an alternative functional form is not necessarily better for the Covid-19 negative sample
and that perhaps the sample size is too small for machine learning to be useful, but that the
inclusion of additional variables could improve prediction accuracy.
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Figure 5.5: Covid Negative Results

In summary, the results show that machine learning methods improve prediction accuracy for
mortality risk, particularly when there is uncertainty regarding the factors influencing mortality,
such as with the Covid-19 infection, but also during normal circumstances since the Covid-
19 negative sample also indicated an improvement in prediction accuracy. Accuracy gains
could further be improved by including other available patient features, especially for Covid-19
positive patients. For the Covid-19 positive sample the machine learning improved the accuracy
by nearly 12 percentage points, whereas it improved accuracy for the Covid-19 negative sample
by 0.25 percentage points. The effect of using additional patient feature variables resulted in
substantial accuracy gains, particularly in the Covid-19 positive sample of nearly 20 percentage
points. Large hospitals, such as Mediclinic, that relied on SAPS 3 or similar models which have
functional forms designed for ease of application could potentially have been better prepared for
the Covid-19 pandemic if advances in statistical techniques and technology were incorporated
to assist in triage decisions through mortality risk predictions. Firstly, to improve mortality
risk predictions, custom parameters could have been estimated with the in-house data available
at large hospitals. Additional variables available at the time of admission could also have been
incorporated into these models to improve prediction accuracy. Moreover, this thesis provides
evidence that flexible estimation methods such as machine learning are incredibly powerful

Page 27

https://scholar.sun.ac.za

https://scholar.sun.ac.za



tools for prediction accuracy during times of uncertainty, but also during normal circumstances
and that this accuracy can be achieved while maintaining efficiency.

6. Conclusion

This thesis illustrates that Mediclinic ICU data provides useful information to outperform
SAPS 3 mortality predictions and that machine learning methods are valuable tools to pre-
dict patient outcomes. This is particularly true when sudden shifts in the relationship occur
between patient features and patient outcomes, for example in the presence of Covid-19 in-
fection. Using the most relevant data to predict mortality risk increased prediction accuracy
with 10.88 percentage points, allowing a flexible functional form gained nearly 12 percentage
points, and including other patient attributes and clinical indicators that are available but not
used in the SAPS 3 score resulted in accuracy gains of more than 19 percentage points. This
implies that large hospitals could potentially have been better prepared for the pandemic to
make more effective triage choices by utilising tools that are readily available. For instance,
SAPS 3 parameters could have been customised or recalibrated with in-house hospital data,
additional variables already captured within these hospitals could have been utilised, and more
advanced flexible statistical techniques which are better suited for times of uncertainty could
have been implemented to improve the prediction accuracy of mortality. Although the contri-
butions made by this thesis are important during the pandemic, they are also valuable, true
and relevant during normal circumstances as this thesis illustrates that machine learning tech-
niques are equally powerful tools to identify interesting interactions and explain model errors
to improve prediction accuracy in the absence of Covid-19 infection. A useful endeavour for
hospitals could be to develop a dynamic scoring model which periodically uses the most recent
and relevant data obtained from their own patients to calibrate this algorithm, rather than us-
ing a static scoring model. Ease of application could be facilitated by modern technology which
allows nurses to capture symptoms on a tablet which then calculates mortality risk. This would
eradicate the need for an oversimplified algorithm and result in more effective triage choices
and policy decisions.
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8. Appendix

Figure 8.1: Coefficient Comparison between SAPS 3 and Logistic Regression Page 33
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