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ABSTRACT  

The age of onset and causes of heart failure differ between high-income and low-and-middle-income 

countries (LMIC). Heart failure patients in LMIC also experience a higher mortality rate. Innovative 

ways that can risk stratify heart failure patients in this region are needed. The aim of this study was to 

demonstrate the utility of machine learning in predicting all-cause mortality in heart failure patients 

hospitalised in a tertiary academic centre. Six supervised machine learning algorithms were trained to 

predict in-hospital all-cause mortality using data from 500 consecutive heart failure patients with a left 

ventricular ejection fraction (LVEF) less than 50%. The mean age was 55.2 ± 16.8 years. There were 

271 (54.2%) males, and the mean LVEF was 29 ± 9.2%. The median duration of hospitalisation was 7 

days (interquartile range: 4–11), and it did not differ between patients discharged alive and those who 

died. After a prediction window of 4 years (interquartile range: 2–6), 84 (16.8%) patients died before 

discharge from the hospital. The area under the receiver operating characteristic curve was 0.82, 0.78, 

0.77, 0.76, 0.75, and 0.62 for random forest, logistic regression, support vector machines (SVM), 

extreme gradient boosting, multilayer perceptron (MLP), and decision trees, and the accuracy during 

the test phase was 88, 87, 86, 82, 78, and 76% for random forest, MLP, SVM, extreme gradient 

boosting, decision trees, and logistic regression. The support vector machines were the best 

performing algorithm, and furosemide, beta-blockers, spironolactone, early diastolic murmur, and a 

parasternal heave had a positive coefficient with the target feature, whereas coronary artery disease, 

potassium, oedema grade, ischaemic cardiomyopathy, and right bundle branch block on 

electrocardiogram had negative coefficients. Despite a small sample size, supervised machine learning 

algorithms successfully predicted all-cause mortality with modest accuracy. The SVM model will be 

externally validated using data from multiple cardiology centres in South Africa before developing a 

uniquely African risk prediction tool that can potentially transform heart failure management through 

precision medicine. 
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OVERVIEW OF THE THESIS 

 

This thesis comprises of the following main chapters: 

 

a) CHAPTER 1:  INTRODUCTION 

b) CHAPTER 2:  LITERATURE REVIEW 

c) CHAPTER 3:  MANUSCRIPT 1  

d) CHAPTER 4 :  MANUSCRIPT 2 

e) CHAPTER 5 :  MANUSCRIPT 3 

f) CHAPTER 6:  DISCUSSION AND CONCLUSIONS  

 

CHAPTER 1 introduces the thesis by briefly outlining the study background, focusing on heart 

failure and predictive modelling using machine learning.  

CHAPTER 2 is a narrative review that describes statistical and machine learning techniques for 

building risk prediction models and the clinical utility of risk prediction models in heart failure, 

with a focus on machine learning techniques. 

CHAPTER 3 is an original research article, a systematic review of studies using machine 

learning algorithms to predict all-cause mortality and rehospitalisation in heart failure.  

CHAPTER 4 describes the baseline clinical characteristics of heart failure patients, followed by 

the clustering of patients hospitalised with heart failure using unsupervised machine learning 

algorithms. 

CHAPTER 5 describes the application of six supervised machine learning algorithms in creating 

a model predicting in-hospital all-cause mortality. 

CHAPTER 6 contains the discussion, conclusions, and recommendations for future studies. 
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CHAPTER 1 - INTRODUCTION 
 

1.1 Study Background  
 

Heart failure is a rapidly growing public health problem associated with the increased utilisation 

of the health care budget, with the lifetime cost of treating heart failure patients estimated to be 

United States (US) dollars $126 819 per patient (Lesyuk et al., 2018).  The mean cost of each heart 

failure-related hospitalisation is estimated to be US$23 000 (Wang et al., 2010).  In Nigeria, the 

total cost of inpatient and outpatient heart failure-related care is approximately US$50 859.  There 

are no population studies conducted in South Africa reporting the cost associated with treating heart 

failure patients.  Despite the widespread introduction of novel pharmacological agents, 

advancement in open heart surgery techniques and development of life-prolonging intra-cardiac 

devices, heart failure patients, in particular, those with a reduced left ventricular ejection fraction 

still experience persistent clinical symptoms that lead to an overall decreased quality of life 

(Dokainish et al., 2016, Dokainish et al., 2017a).  

 

Heart failure is a term used to define the final common pathway in almost all cardiovascular 

diseases, where the heart fails to pump sufficient blood to major organs in the body (Hilfiker-

Kleiner et al., 2006).  Essentially, any condition affecting the pericardial sac, coronary circuit, heart 

muscle, heart valves or the heart's conduction system can lead to heart failure.  There are three 

different classes of heart failure, distinctly categorised based on the left ventricular ejection fraction 

(LVEF).  Once the LVEF is less than or equal to 40% and clinical signs and symptoms suggestive 

of venous congestion and/or fluid overload are apparent, the patient is classified as having heart 

failure with reduced ejection fraction (HFrEF).  In comparison, patients with a LVEF equal to or 

greater than 50% are classified as having heart failure with preserved ejection fraction (HFpEF) 

and those with a LVEF between 40 – 50% are classified as having heart failure with a mid-range 

ejection fraction (HFmEF) (Bozkurt, 2021).  

 

In South Africa, the common causes of heart failure are hypertension, dilated cardiomyopathy, 

rheumatic heart disease, human immunodeficiency virus (HIV)-associated heart disease, coronary 
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artery disease and tuberculosis pericarditis (Ntusi and Mayosi, 2009).  In a study involving 109 

patients with acute heart failure treated in a tertiary academic centre in Cape Town, the in-hospital 

mortality rate was 8%, and after a follow-up period of six months, 26.1% of patients died 

(Szymanski, 2018).  Dokainish and colleagues studied heart failure patients residing in Africa and 

found a higher all-cause mortality rate of 34% (95% confidence interval: 30.2 –  37.4) within one 

year of follow-up (Dokainish et al., 2017b).  The high mortality rate calls for innovative strategies 

that aim to risk stratify patients with heart failure, ensuring that high-risk individuals are identified 

timeously and subjected to interventions that delay disease progression.  Risk predicting models 

are valuable adjuncts when managing patients with cardiovascular disease.  Both statistical and 

machine learning techniques are used to create risk predicting models (Mpanya et al., 2020).  While 

statistics focus on making inferences based on the sample studied, machine learning focuses on 

learning patterns in datasets and subsequently making predictions based on the learnt observations.  

Machine learning algorithms have the advantage of improving the performance metrics of the 

model over time as more data is added. 

 

The Seattle Heart Failure (SHF) model is one of the best performing models created using Cox 

proportional hazards regression.  The aim was to predict survival in heart failure.  The data used to 

build the SHF model was obtained from 1125 outpatients recruited in the Prospective Randomised 

Trial of Amlodipine versus Placebo (PRAISE 1).  The model was prospectively validated on a new 

cohort comprising 9 942 participants.  Although some of the data used to validate the model 

originated from heart failure registries in Italy and the USA, a more substantial fraction of the data 

was obtained from outpatient clinical trial participants.  However, this model cannot be generalised 

to hospitalised patients or those with life-threatening conditions such as renal failure since the data 

used to create the model was obtained from carefully screened trial participants without significant 

comorbidities (Levy et al., 2006).  Another limiting factor is that most participants (64%) had heart 

failure secondary to ischaemic heart disease.  In contrast, the cause of heart failure in sub-Saharan 

Africa is predominantly non-ischaemic (up to 75%), although risk factors for ischaemic heart 

disease are becoming more prevalent in sub-Saharan Africa (Gallagher et al., 2018).   

 

Other risk predicting models created using data from patients with chronic heart failure include the 

Candesartan in Heart Failure: Assessment of Reduction in Mortality and Morbidity (CHARM) 
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Risk Score, the Controlled Rosuvastatin Multinational Trial in Heart Failure (CORONA) Risk 

Score, the Gruppo Italiano per lo Studio della Streptochinasi nell'Infarto Miocardico-Heart Failure 

(GISSI-HF) model, the Meta-analysis Global Group in Chronic Heart Failure (MAGGIC) Risk 

Score, and a risk score based on data collected from the Prospective comparison of Angiotensin 

Receptor-neprilysin inhibitor (ARNI) with Angiotensin-converting enzyme inhibitor (ACEI) to 

Determine Impact on Global Mortality and Morbidity in Heart Failure (PARADIGM) trial (Wehbe 

et al., 2020).  These risk scores were all created using multivariable logistic regression analysis on 

data of patients residing in high-income countries, where heart failure is predominantly caused by 

ischaemic heart disease.  Furthermore, data used in some of these models was obtained from 

carefully selected trial patients and, therefore, may not accurately represent the disease status of a 

heart failure patient in the general population. 

 

Machine learning algorithms analyse and learn patterns in datasets.  Data is transformed and placed 

in a two-dimensional or three-dimensional space, such that each data point can be perceived as a 

vector, comprising size or weight and direction or coordinates.  In addition, the performance of 

algorithms tends to improve over time as the algorithm is exposed to a larger dataset.  In our setting, 

most heart failure patients still have limited access to heart transplant services and intracardiac 

devices such as cardiac resynchronisation defibrillator therapy.  The first human heart transplant in 

South Africa was performed on 3 December 1967 (Brink, 2017).  Despite this, heart transplant 

services are only available in the private sector.  In addition, novel pharmacological therapies 

proven to lower the risk of mortality such as sodium glucose co-transporters are not available in 

the public sector.  As such, innovative ways of identifying patients at high risk for mortality are 

still required.   

 

1.2 Study Rationale 
 

In South Africa, there are currently no risk calculators that estimate the risk of mortality in patients 

with heart failure.  Risk tools are population specific and are influenced by the underlying cause of 

heart failure, the availability of guideline-recommended therapy and referral pathways.  Therefore, 

the primary aim of the study is to predict all-cause in-hospital mortality in patients with HFrEF 

using supervised machine learning algorithms.  The objectives of the study are: 
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a) To describe the baseline demographic and clinical characteristics of heart failure patients. 

b) To compare supervised machine learning algorithms to traditional statistical methods for 

predicting all-cause mortality in heart failure patients.   

c) To create a risk model predicting hospitalisation due to any cause after initial hospitalisation 

in patients with heart failure. 

d) To externally validate the model with the best performing metrics for predicting in-hospital 

mortality and the risk of hospitalisation in heart failure patients.  The model will be 

validated by comparing the actual and predicted risk of in-hospital mortality and 

hospitalisation after one year of follow-up. 

In conclusion, this research will address the lack of risk calculators derived from uniquely African 

data.  Risk calculators will be used to estimate the risk of all-cause mortality in heart failure 

patients.  This will be achieved by training six machine learning algorithms to predict mortality 

using a dataset of patients hospitalised with heart failure at the Charlotte Maxeke Johannesburg 

Academic Hospital.  Currently, there are no population-based studies comparing outcomes in heart 

failure patients risk stratified based on risk scores with those managed based on standard care.  The 

next section of the thesis is a narrative review describing how risk models are created using 

machine learning and statistical methods. 
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CHAPTER 2 - LITERATURE SURVEY: MACHINE LEARNING AND 
STATISTICAL METHODS FOR PREDICTING MORTALITY IN HEART 
FAILURE 
 

2.1 Introduction 
 

This chapter contains a narrative review of techniques used to create machine learning and 

statistical models predicting mortality in heart failure.  The first section introduces the concept of 

risk prediction, followed by a comprehensive description of statistical methods such as linear and 

logistic regression and Cox proportional hazards regression.  The section on machine learning 

techniques discusses classification algorithms such as decision trees, random forests, support 

vector machines, K-nearest neighbours, naïve Bayes, and artificial networks, followed by 

techniques for evaluating model performance, limitations, future recommendations, and 

conclusions.  

 

2.2 Current Knowledge 
 

Both machine learning and statistical methods are used to build predictive models.  Machine 

learning models learn patterns in the dataset and use the knowledge gained to predict outcomes 

when new data is entered into the model.  

 

This is a published manuscript in the journal titled Heart Failure Reviews.  The citation details 

are Mpanya, D., Celik, T., Klug, E., Ntsinjana, H. Machine learning and statistical methods for 

predicting mortality in heart failure. Heart Fail Rev 26, 545–552 (2021).  

https://doi.org/10.1007/s10741-020-10052-y. The next chapter contains the results of a 

systematic literature search of machine learning models predicting mortality and rehospitalisation 

in heart failure patients. 
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Abstract
Heart failure is a debilitating clinical syndrome associated with increased morbidity, mortality, and frequent hospitalization,
leading to increased healthcare budget utilization. Despite the exponential growth in the introduction of pharmacological agents
and medical devices that improve survival, many heart failure patients, particularly those with a left ventricular ejection fraction
less than 40%, still experience persistent clinical symptoms that lead to an overall decreased quality of life. Clinical risk
prediction is one of the strategies that has been implemented for the selection of high-risk patients and for guiding therapy.
However, most risk predictive models have not been well-integrated into the clinical setting. This is partly due to inherent
limitations, such as creating risk predicting models using static clinical data that does not consider the dynamic nature of heart
failure. Another limiting factor preventing clinicians from utilizing risk prediction models is the lack of insight into how
predictive models are built. This review article focuses on describing how predictive models for risk-stratification of patients
with heart failure are built.
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Introduction

Heart failure is estimated to affect at least 64.3 million indi-
viduals globally [1]. Despite the availability of therapeutic
agents and medical devices that aim to prolong survival, many
heart failure patients still experience progressive disease and
eventually death, particularly in developing countries. The
International Congestive Heart Failure (INTER-CHF) study
recruited 5823 patients with heart failure and studied them
over 1-year [2]. Forty-two percent of these patients were in
New York Heart Association (NYHA) functional class III or
IV. In the entire study cohort, the 1-year all-cause mortality
was 16.5% (95%CI 15.4–17.6). However, patients residing in
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Africa had a higher mortality of 34% (95% CI 30.2–37.4)
within 1 year of follow-up [2]. The high mortality rate em-
phasizes the need for new, innovative strategies such as
predictive models that aim to risk-stratify patients with
heart failure, ensuring that high-risk individuals are
identified early and subjected to interventions that delay
disease progression.

Both statistical and recently, machine learning techniques
are used to create risk predicting models. There is a significant
overlap between traditional statistical methods and machine
learning algorithms, and one method cannot be deemed supe-
rior to the other. While the focus with statistics is to make
inferences based on the sample studied, machine learning fo-
cuses on learning patterns in datasets and subsequently mak-
ing predictions based on the learned observations. This review
aims to describe what predictive models are, how they are
created, and their strengths and weaknesses.

Risk prediction models

Before describing what predictive models are, we will define
the verb “predict” and the noun “model.” The Oxford English
dictionary defines “predict” as “stating that a specified event
will happen in the future.”Amodel is defined as a “simplified
description, especially a mathematical one, of a system or
process, to assist calculations and predictions” [3].

Predictive models are built using both statistical methods
and machine learning techniques. However, a paradigm shift
has occurred, where machine learning algorithms are becom-
ing popular because of their ability to consider complex asso-
ciations between clinical parameters. The sophisticated math-
ematical formulas used in machine learning for automated
medical image interpretation have also led to increased confi-
dence in using machine learning algorithms in the health sec-
tor. Furthermore, a wider variety of machine learning algo-
rithms is available for classification and regression tasks,
allowing the user to handpick the best performing model.

Heart failure predictivemodels created with statistical
methods

Rahimi et al. identified 64 multivariate statistical models
used in heart failure patients published between January
1995 and March 2013 [4]. Another systematic review by
Di Tanna et al. found 58 multivariate statistical models
predicting outcomes in patients with heart failure, pub-
l ished between March 2013 and May 2018 [5].
Seventeen of the models identified by Di Tanna et al.
predicted all-cause mortality, nine predicted cardiovascu-
lar death, and the rest predicted heart failure hospitaliza-
tion and composite endpoints [5]. The next section will
describe the techniques used to create multivariate linear
and logistic regression models.

Linear regression

Linear regression (LR) is used to predict a numeral or contin-
uous outcome. In simple linear regression, the dependent var-
iable (outcome) is featured in the y-axis and the independent
variable in the x-axis (Fig. 1). The dependent variable only
changes when there is an adjustment of the values in the x-
axis. A scatterplot is used to establish a relationship between
the dependent and independent variables. A correlation coef-
ficient is then calculated if a linear relationship exists between
the variables in the x and y coordinates. The regression line or
straight line, is then plotted through the points [6]. The straight
line is given by the equation: y= a + β × x, where y is the
dependent variable; a is the y-intersect of the line; β is the
slope of the line, and x is the explanatory or independent
variable [6]. The predicted value (y), is found by sketching a
line that originates in the x-axis, connects to the regression
line, and ultimately a point in the y-axis (Fig. 1). For example,
the weight, plotted in the x-axis, will predict a numerical out-
come such as height (y). Multiple linear regression analysis
involves adding two or more predictor variables concurrently
and adjusting their respective regression coefficients [6]. This
statistical method is used to determine the relative contribution
of each of the predictors. The formula for multiple linear re-
gression is y = β0 + β1x1 + β2x2 + β3x3….βkxk + ε, wher y is
the dependent variable, x is the independent variable, β0 is
the y-intercept, ε the residual, and βk is the slope coefficient
for each predictor variables [7].

Logistic regression

Logistic regression predicts a binary outcome by estimating
the probability of an output belonging to a particular class.
When building a predictive model using logistic regression,
the first step is to utilize the univariable analysis to discover
the unadjusted association between each variable and the pre-
dicted class [8]. Categorical and continuous variables, usually
with a p value less than 0.25, are selected and included in the
multivariable analysis [9].

The second step entails placing all the selected variables
with a p value less than 0.25 in the multivariable logistic
regression model. In the final multivariable regression model,
variables with a p value more than 0.05 are subsequently
eliminated. In the third step, smoothed scatter plots are created
to assess the relationship between continuous variables and
the logit scale outcome. Step four entails evaluating for poten-
tial interactions between the selected predictor variables.
When building a model predicting mortality, the predicted
variable will be plotted in the y-axis and classified into two
categories: mortality (y = 1) and no mortality (y = 0). Predictor
variables such as age, left ventricular ejection fraction
(LVEF), NYHA, and serum sodium levels will be placed in
the x-axis. The log odds or logit of mortality will be calculated

Heart Fail Rev



using the equation: log(p/1-p) = a + b × x, where p is the
probability, a is the intercept, b is the regression coefficient
of x, and x is the predictor variable [10].

Cox regression

The Seattle Heart Failure (SHF) model is one of the best
performing models built using data from 1125 heart failure
patients. A Cox regression model was used to select predic-
tors. The predicted versus actual 1-year survival rates in the
derivation cohort were 73.4% versus 74.3%. In the five vali-
dation cohorts, the predicted versus actual survival rates were
90.5% versus 88.5%, 86.5% versus 86.5%, 83.8% versus
83.3%, 90.9% versus 91.0%, and 89.6% versus 86.7% [11].
The data used to develop the model was obtained from a
registry of carefully screened patients from the Prospective
Randomized Amlodipine Survival Evaluation (PRAISE) trial,
possibly limiting generalizability in the wider population. The
online SHF risk calculator may be cumbersome for use in a
busy practice as it requires an imputation of 24 clinical and
laboratory parameters when estimating the risk of one and 5-
year mortality.

Cox proportional hazard is a regressionmodel used to mea-
sure an association between survival time and predictor vari-
ables. Patients are tracked from the time they enter the study
until the occurrence of an event. An event is defined as the
occurrence of a disease, relapse from therapy, discharge from
hospital, or death.Multiple predictors or covariates of survival
are added to the model to estimate their influence on survival,
analogous to a multivariate regression model. The Cox pro-
portional hazard model highlights how survival differs be-
tween the groups of patients studied by estimating the hazard
ratio, unlike the Kaplan-Meier survival curve, which only as-
sesses whether survival between groups differs (log-rank test
with a p value < 0.05).

The Cox proportional hazard model, as the name implies,
assumes that the covariates remain constant over time. This

assumption has been challenged by Giolo et al., who sug-
gested that heart failure prognostication models should be
built using covariates with time varying-effects [12]. In their
study, 500 patients with heart failure were followed between
2002 and 2006. Survival was analyzed using Cox proportional
hazard, variations of the Cox’s model and the Aalen’s additive
model. They used the patients’ age, serum sodium levels,
haemoglobin, serum creatinine, and the LVEF as covariates.
A high haemoglobin and LVEF were associated with a lower
risk of mortality, while the impact of age and sodium
remained constant over time [12].

Heart failure predictive models created with machine
learning techniques

The fundamental principle of machine learning is learning
from data and predicting an output, where y = f(x). The input
(x) is any group of features, commonly known as variables
used to predict an output (y). A machine is given a learning
task under any of the following conditions: supervised, unsu-
pervised, semi-supervised, and through reinforcement learn-
ing [13]. A computer can learn from a dataset with a labeled
output or outcome in supervised learning. For example, in a
dataset comprising of patients with heart failure, we may in-
clude a column header, mortality as the output. Within the
column “mortality,” we then capture whether the patient de-
mised or not by adding yes or no, respectively.

Unsupervised learning takes place when a computer learns
from unlabelled datasets. The data is subsequently clustered
into similar categories. Ahmad et al. used unsupervised learn-
ing in a large clinical data set of more than 40000 Swedish
heart failure patients to separate patients into four groups [14].
After 1 year of follow-up, there was a marked difference in
outcomes per cluster, with 1-year survival rates of 69%, 77%,
92%, and 93% [14].

In contrast, when the same heart failure patients were cat-
egorized based on the LVEF, only slight differences in 1-year

x1 x2
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Independent variable (x) 

Regression line
Dependent variable (y) 
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Fig. 1 Linear regression model
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survival (80%, 81%, 83%, and 84%) were noted [14]. Semi-
supervised learning occurs when learning takes place using a
combination of labeled and unlabelled datasets [13]. In rein-
forcement learning, a computer learns by trial and error by
performing tasks and receiving penalty and reward scores
for inaccurate and accurate responses, respectively [15].

How are predictive models built with machine
learning techniques?

Prior to building a predictive model using machine learning,
the data must be cleaned. When cleaning continuous vari-
ables, one can create box plots and verify the values of all
the outliers. The next step is to train the model. Training in-
volves splitting the dataset, where the majority of the dataset
(e.g., 70%) is used to train the model. During the training
process, the selected algorithm learns patterns in the dataset.
The remaining dataset is used for testing and validating the
model. During the test phase, the labeled output variable, for
example, “mortality” is hidden, and the machine learning al-
gorithm attempts predicting whether the patient demised or
not.

Numerous supervised learning algorithms are available and
are selected based on the task at hand, be it for classification of
a binary outcome or regression analysis of continuous fea-
tures. Some of the commonly used machine learning algo-
rithms for classification or regression analysis include deci-
sion trees, random forests, support vector machines (SVM),
K-nearest neighbors (KNN), and Naïve Bayes (NB).

Decision trees

A decision tree is a simple tree-shaped algorithm used to pre-
dict a categorical (binary) or numerical outcome. To illustrate
how a decision tree classifies data with a categorical outcome,
we will use data from patients with heart failure to build a
model predicting mortality, as shown in Fig. 2. Each decision
tree comprises of branches, leaf, and root nodes [16]. The root
node is the most superiorly located node, and the leaf or ter-
minal node is the final node that carries the decision. Each
branch of the tree represents a decision, occurrence, or reac-
tion. Data is then partitioned into subsets containing similar
values by using mathematical equations such as the Gini in-
dex, Chi-square, information gain, and a reduction in variance
[17].

Based on the known predictors of mortality in heart failure
patients, the decision tree algorithm can categorize a patient
with heart failure into class A (high risk) and class B (low risk)
(Fig. 2). Decision trees require minimal data preparation be-
fore building a predictive model, and their performance is not
affected by non-linear data distribution. The main disadvan-
tage is overfitting, which occurs when a model demonstrates
high-accuracy levels during training, makes inaccurate

predictions during testing, or has significantly lower test ac-
curacy than the training accuracy [18].

Random forest

A random forest algorithm is an ensemble decision tree that
operates by constructing multiple decision trees, creating a
forest. When building a classification model using a random
forest algorithm, the first step is to select random samples
from a given dataset. A decision tree is then constructed for
each sample. Predicted results are obtained from each decision
tree. Lastly, the most voted class from the predictions made by
each decision tree is selected as the final predicted class [19].
In a regression model, where the output class is numerical, the
mean or average value of the predicted output is used. The
random forest algorithm is ideal for handling datasets with
missing values. It also performs well on large datasets and
can rank features in the order of importance. The random
forest algorithm’s main disadvantage is that it is computation-
ally expensive, requiring more training time than most algo-
rithms [18].

Support vector machines

Support vector machines (SVM) perform classification and
regression analysis for both linear and non-linear data. The
main advantage of SVM lies in their ability to classify more
than two classes within the same dataset simultaneously.
Support vector machines categorize data by focusing on the
observations on the edge of each class (Fig. 3). A line or
hyperplane is then placed between the classes. The maximum
distance between the classes (support vectors) and the hyper-
plane is then chosen [20]. When the data cannot be linearly
separable, the data is transformed using a kernel function from
low dimension to high dimensional structure, rendering the
data separable.

K-nearest neighbors

The K-nearest neighbors (KNN) algorithm does not require
training. It is used for predicting a binary or continuous output.
Data is separated into clusters, and the number of nearest
neighbors is specified by stating the value of “K”, a constant
[13]. IfK = 3, three nearest neighbors are selected based on the
distance measured between the new data point and nearest
neighbors. If K = 6, the distance between the new data and
the six nearest neighbors is calculated. The new data point is
then placed in the class with the majority of votes. Figure 4
depicts how a KNN algorithm classifies a new data point. The
biggest challenge with using K-nearest neighbors lies in de-
ciding on the optimal number of neighbors to consider when
classifying a new data point. K-nearest neighbors also do not
perform well in an imbalanced dataset, since the model will
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give preference to the class with the higher number of obser-
vations [18].

Naïve Bayes

Naïve Bayes is a probabilistic method borrowed from statis-
tics, based on the Bayes’ theorem, which describes the prob-
ability of an event occurring based on previous knowledge of

the conditions associated with that particular event [21]. For
classification tasks, a model learns the probabilities of an ob-
ject for belonging to a specific class. The name “naïve” is
derived from the fact that a Naïve Bayes model assumes that
the occurrence of a particular feature is not dependent on the
occurrence of other features [22]. Pakhomov et al. used a
Naïve Bayes classifier and another classification algorithm,
perceptron to train models capable of identifying patients’
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Fig. 2 A decision tree algorithm
based on predictors ofmortality in
heart failure patients. BMI, body
mass index; BNP, beta natriuretic
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clinical notes with a diagnosis of congestive cardiac failure
[23]. The Naïve Bayes classifier yielded better recall on pos-
itive samples (95% vs 86%) but had low accuracy (57% vs
65%) [23]. Although the Naïve Bayes classifier is more com-
fortable implementing and has a lesser training period, its
main limitation is the assumption that all features are mutually
independent. For example, in the study by Pakhomov et al.,
the terms “heart” and “failure” were considered to occur inde-
pendently of each other, rendering the classifier unattractive
for text categorization [23].

Artificial neural networks

Artificial neural networks (ANNs) resemble neurons, the
functional unit of the central nervous system. Each ANN is
characterized by an input layer, a hidden layer, and an output
layer [24]. The input layer represents features extracted by the
model. A feature can be any continuous or categorical vari-
able, such as the left ventricular ejection fraction, weight, or
gender. The features in the input layer are used to predict an
output, represented by one or more categories. The nodes
displayed in the input layer communicate with each node in
the hidden layer (Fig. 5). Initially, an arbitrary value between
zero and one is used to grade the connection between the input
and hidden layers. The weighted sum of the input layers' sig-
nal is then passed through the activation function. The sig-
moid function transforms each inputs' weighted sum with a
negative value to a value close to zero. Positive values are
transformed into a value close to one. Most neural networks
are now designed with more than one hidden layer, increasing
their capacity to classify non-linear data.

Kwon et al. studied 2165 patients with acute heart failure to
predict in-hospital mortality, 1-year and 3-year risk of mortal-
ity using deep neural networks, random forest, logistic regres-
sion, support vector machines, and a Bayesian network. Deep
neural networks had the largest area under the curve (AUC) of
0.880, 0.782, and 0.813 for predicting in-hospital, 1-year and
3-year risk of mortality, respectively [25].

Model performance

Models predicting a binary outcome

The AUC is the most common parameter used to evaluate the
performance of classification models [26]. Models with good
discriminatory abilities have larger AUC, generally greater
than 0.70, whereas those with AUC less than 0.50 lack dis-
criminatory abilities [26]. Model performance is also evaluat-
ed with a confusion matrix, allowing one to calculate accura-
cy, precision, sensitivity, and specificity. Other performance
metrics include the F measure or F score, geometric mean,
and logarithmic loss [27].

Models predicting a continuous outcome

The overall fit of a linear regression model is evaluated with
the r-squared (r2). Simply put, the r2 is a measure of how
much the prediction error is reduced, relative to how much
potential error there is [28]. The error is estimated with indices
such as the mean absolute error, mean squared error, and the
root mean squared error [29].

Model flexibility

Model overfitting and underfitting are the most common
problems encountered when evaluating performance.
Overfitting occurs when a model shows high accuracy
scores during training and low accuracy scores during
validation. Model overfitting is minimized by adding
more data to the training set and reducing the number
of layers in the neural network. Underfitting occurs
when the model fails to classify data or make predictions
during the training phase. A low accuracy score and a
high loss identify a model that is underfitting [30].

Limitations of statistical and machine learning
predictive models

Despite numerous models predicting outcomes in pa-
tients with heart failure, only a few are easily accessible
online as risk score calculators [11, 31, 32]. Although
the lack of external validation of the predictive models
is the driving factor for the limited availability, several
inherent limitations exist for the relatively unhurried in-
tegration of predictive models into clinical practice.

Some clinicians find risk calculation cumbersome
[33]. Also, most risk prediction models were designed
before new heart failure drugs that further reduce mor-
tality and the rate of heart failure hospitalizations were
discovered [34, 35].

Class imbalance refers to the disproportionality be-
tween the classes of data used to train the predictive
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Fig. 5 An artificial neural network showing nodes in the input layer
communicating with each node in the first hidden layer
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model [36], a common problem that is not unique to med-
ical data. When the training data with the negative out-
come (e.g., dead) has significantly fewer observations
than the class (e.g., alive) with the majority of observa-
tions, the classification algorithm is inclined to favor the
majority class. This poses problems as the minority class,
which bears the outcome of interest, will have a low ac-
curacy score. Fortunately, it is possible to address class
imbalance problems by manipulating data, algorithms, or
both [36].

Conclusion

Both machine learning techniques and statistical methods
should be employed when creating predictive models. Prior
to clinical application, the best performing model should be
externally validated in a cohort of patients not used for model
derivation.

Future directions and recommendations

Unsupervised machine learning algorithms should be consid-
ered for the detection of data patterns not recognized by clini-
cians. Incorporating genomic data, biomarkers, imaging data,
and features representing the patients' socioeconomic and psy-
chological standing can further improve the accuracy levels of
predictive models. Risk predictive models should be created
with dynamic data and ideally be embedded in automated data
capturing tools. The increase in training data volume will ul-
timately lead to a robust predictive model with higher accura-
cy levels.
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CHAPTER 3 – MANUSCRIPT ONE: SYSTEMATIC REVIEW OF 
MACHINE LEARNING MODELS PREDICTING MORTALITY AND 
REHOSPITALISATION IN HEART FAILURE 
 

3.1 Introduction 
 

This section of the thesis contains an original research article in the form of a systematic 

literature review of machine learning models predicting mortality and rehospitalisation in heart 

failure.  It comprises data extracted and synthesised from 30 individual studies using machine 

learning to predict mortality and rehospitalisation in patients with acute and chronic heart 

failure. 

 

3.2 Current Knowledge 
 

Machine learning algorithms are valuable tools for identifying high-risk patients.  However, 

incorporating machine learning algorithms-derived risk calculators into clinical practice has 

been rather slow, in contrast to the relatively high and rapid usage in the banking and insurance 

sectors. 

 

3.3 Aims and Objectives 
 

This systematic review aims to identify factors restricting the integration of machine learning 

derived risk scores into clinical practice when treating adults with acute and chronic heart 

failure.  The results in this chapter are accompanied by Appendix A, where I state reasons for 

excluding 71 studies after reviewing full-text articles.  The citation for the manuscript is 

Mpanya, D., Celik, T., Klug, E., Ntsinjana, H. Predicting mortality and hospitalisation in heart 

failure using machine learning: A systematic literature review, IJC Heart & Vasculature, 

Volume 34, 2021, 100773.  https://doi.org/10.1016/j.ijcha.2021.100773. The next chapter 

describes the baseline demographic and clinical profile of the heart failure cohort used in this 

study.  
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a b s t r a c t

Objective: The partnership between humans and machines can enhance clinical decisions accuracy, lead-
ing to improved patient outcomes. Despite this, the application of machine learning techniques in the
healthcare sector, particularly in guiding heart failure patient management, remains unpopular. This sys-
tematic review aims to identify factors restricting the integration of machine learning derived risk scores
into clinical practice when treating adults with acute and chronic heart failure.
Methods: Four academic research databases and Google Scholar were searched to identify original
research studies where heart failure patient data was used to build models predicting all-cause mortality,
cardiac death, all-cause and heart failure-related hospitalization.
Results: Thirty studies met the inclusion criteria. The selected studies’ sample size ranged between 71
and 716 790 patients, and the median age was 72.1 (interquartile range: 61.1–76.8) years. The minimum
and maximum area under the receiver operating characteristic curve (AUC) for models predicting mor-
tality were 0.48 and 0.92, respectively. Models predicting hospitalization had an AUC of 0.47 to 0.84.
Nineteen studies (63%) used logistic regression, 53% random forests, and 37% of studies used decision
trees to build predictive models. None of the models were built or externally validated using data orig-
inating from Africa or the Middle-East.
Conclusions: The variation in the aetiologies of heart failure, limited access to structured health data, dis-
trust in machine learning techniques among clinicians and the modest accuracy of existing predictive
models are some of the factors precluding the widespread use of machine learning derived risk
calculators.
! 2021 The Authors. Published by Elsevier B.V. This is an open access articleunder the CCBY license (http://

creativecommons.org/licenses/by/4.0/).

1. Introduction

Predictive analytics is applied across many industries, typically
for insurance underwriting, credit risk scoring and fraud detection
[1-3]. Both statistical methods and machine learning algorithms
are used to create predictive models [4]. In heart failure, machine
learning algorithms create risk scores estimating the likelihood of
a heart failure diagnosis and the probability of outcomes such as
all-cause mortality, cardiac death and hospitalization [5-13].

Clinicians treating heart failure patients may underestimate or
overestimate the risk of complications and may battle with dose
titration, failing to reach target dosages when prescribing oral

medication such as beta-blockers [14,15]. Despite these challenges,
risk calculators are still not widely used to guide the management
of heart failure patients. Most clinicians find risk calculation time
consuming and are not convinced of the value of the information
derived from predictive models [15,16]. Moreover, the lack of inte-
gration of risk scores predicting heart failure outcomes into man-
agement guidelines may diminish clinicians’ confidence when
using risk calculators. Also, clinicians may question the integrity
of unsupervised machine learning and deep learning methods
since algorithms single-handedly select features (predictors) with-
out human input.

Machine learning and its subtype, deep learning, have shown an
impressive performance in medical image analysis and interpreta-
tion [17]. Convolutional neural networks (CNN) were trained to
classify chest radiographs as pulmonary tuberculosis (TB) or nor-
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mal using chest radiographs from 685 patients. The ensemble of
CNN’s performed well with an area under the receiver operating
characteristic curve (AUC) of 0.99 [17]. These impressive results
have resulted in the commercialization of chest x-ray interpreta-
tion software [18]. The availability of such software can play a crit-
ical role in remote areas with limited or no access to radiologists,
as CNN can potentially identify subtle manifestations of TB on
chest radiographs, leading to prompt initiation therapy, curbing
further transmission of TB. Amid these capabilities, the uptake of
machine learning techniques in the healthcare sector remains lim-
ited. This systematic review aims to identify models predicting
mortality and hospitalization in heart failure patients and discuss

factors that restrict the widespread clinical use of risk scores cre-
ated with machine learning algorithms.

2. Methods

2.1. Search strategy for identification of relevant studies

A systematic literature search was conducted in accordance
with the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) guidelines. Literature searches were con-
ducted in MEDLINE, Google Scholar, Springer Link, Scopus, and
Web of Science. The search string contained the following termi-

Fig. 1. Flow chart of the systematic literature search.
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nology: (Mortality OR Death OR Readmission OR Hospitalization)
AND (Machine Learning OR Deep Learning) AND (Heart Failure
OR Heart Failure, Diastolic OR Heart Failure, Systolic).

2.2. Review methods and selection criteria

Studies reported in languages other than English were not
included. A single reviewer screened titles, abstracts and full-text
articles and made decisions regarding potential eligibility. Studies
were eligible if they reported models predicting all-cause or car-
diac mortality or all-cause or heart failure-related hospitalization
in heart failure patients. Models included in the study were created
using machine learning algorithms and/or deep learning. We did
not include studies using solely logistic regression for a classifica-
tion task. Logistic regression analysis is a machine learning algo-
rithm borrowed from traditional statistics. When logistic
regression is used as a machine learning algorithm, the algorithm
is initially trained to identify clinical data patterns using a dataset
with labelled classes, a process known as supervised learning. After
that, the logistic regression algorithm attempts to classify new data
into two or more categories based on ‘‘posteriori knowledge.”

2.3. Data extraction

The following items were extracted: study region, data collec-
tion period, sample size, age, gender, cause of heart failure (is-
chaemic vs non-ischaemic), predictor variables, handling of
missing data, internal and external validation, all-cause mortality
and cardiovascular death rate, all-cause hospitalization rate and
performance metrics (sensitivity, accuracy, AUC or c-statistics
and F-score). Summary statistics were generated with STATA MP
version 13.0 (StataCorp, Texas).

3. Results

3.1. The review process

The initial search yielded 1 835 research papers. After screening
titles and abstracts, 1 367 did not meet the inclusion criteria.
Excluded papers were predominantly theoretical reviews and con-
ference papers in the field of computer science. Two hundred and
sixty full-text articles were assessed for eligibility. A further 230
studies were excluded, leaving thirty papers legible for analysis
(Fig. 1). Reasons for excluding 230 studies are provided as
supplementary data.

3.2. Characteristics of the included studies

The source of data in the majority of the studies were electronic
health records (EHR) (n = 16), followed by claims data (n = 5), trial
data (n = 3), registry (n = 3) and data obtained from research
cohorts (n = 3). Data was collected from hospitalized patients in
twelve studies. The sample size in the predictive models ranged
between 71 and 716 790, with the smallest sample size used to
predict survival in patients with advanced heart failure managed
with second-generation ventricular assist devices [19]. Within
the 30 studies, twelve studies created models predicting mortality.
Another 13 studies predicted hospitalization, and five studies pre-
dicted both mortality and hospitalization. The data used to create
predictive models was collected between 1993 and 2017 (Table 1).
Of the 30 included studies, 22 included data originating from North
America, seven from Asia and six from Europe. There were no stud-
ies conducted in Africa or Middle-East (Fig. 2).

3.3. Clinical characteristics of patients with heart failure

The majority of studies reported the patients’ age (93%) and
gender (87%). The median age was 72.1 (61.1–76.85) years.
Between 14.0 and 83.9% of the extracted studies’ participants had
ischaemic heart disease (Table 2). In total, 30% of studies men-
tioned Black patients. Between 0.95% and 100% of the individuals
were Black, with one study enrolling only African American males
with heart failure [20].

3.4. Machine learning algorithms

Only eight (27%) studies used a single algorithm to build a pre-
dictive model. Nineteen studies (63%) used logistic regression, 53%
random forests, and 36% of studies used decision trees to create
predictive models. The rest of the algorithms are depicted in Fig. 3.

3.5. Predictors

Twelve (36.4%) studies did not report on the number of predic-
tors or features used. The number of predictors in the identified
studies were between 8 and 4 205. Some authors only mentioned
the number of predictors and did not list them. Age, gender, dias-
tolic blood pressure, left ventricular ejection fraction (LVEF), esti-
mated glomerular filtration rate, haemoglobin, serum sodium,
and blood urea nitrogen were some of the predictors of mortality
identified in the extracted studies [10,11,13]. Predictors of hospi-
talization included ischaemic cardiomyopathy, age, LVEF, hypoten-
sion, haemoglobin, creatinine, and potassium serum levels [7].

3.6. Model development, internal and external validation

When creating a predictive model using machine learning, data
is generally partitioned into three or four datasets. In the studies
extracted, between 60 and 80% of the data was used for training
models, while the rest was used for testing and/or internally vali-
dating the models. Although the data on model validation was
scanty, external validation was explicitly mentioned in two stud-
ies. None of the models were externally validated using data orig-
inating from Africa or the Middle-East.

3.7. Model performance and evaluation metrics

Parameters used to evaluate model performance were the con-
fusion matrix, reporting sensitivity, specificity, positive and nega-
tive predictive value, accuracy, and precision. Most studies also
reported the f-score, AUC, concordance statistic (C-statistic), and
recall. The minimum and maximum AUC for models predicting
mortality were 0.477 and 0.917, and models predicting hospital-
ization had an AUC between 0.469 and 0.836 (Table 3).

4. Discussion

This systematic review highlights several factors that restrict
the use of risk scores created with machine learning algorithms
in the clinical setting. The existence of clinical information with
prognostic significance such as the New York Heart Association
functional class in the free-text format in EHR systems may result
in models with low predictive abilities if such critical data is omit-
ted when building predictive models. Fortunately, newer emerging
techniques such as bidirectional long short-term memory with a
conditional random fields layer have been introduced to remedy
the problem of free-text in EHR [21,22].

Risk scores derived from heart failure patients residing in North
America or Europe may not be suitable for application in low and
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middle-income countries (LMIC). In high income countries (HIC),
the predominant cause of heart failure is ischaemic heart disease
(IHD), whereas, in sub-Saharan Africa, hypertension is still the
leading cause of heart failure [23]. Also, healthcare services’ avail-
ability and efficiency differ significantly between countries, sug-
gesting that algorithms trained using data from HIC should be
retrained using local data before adopting risk calculators.

Despite the endemicity of heart failure in LMIC, risk scores
derived from patients residing in LMIC are scanty or non-
existent. The lack of EHR systems, registries, and pooled data from
multicentre studies is responsible for the absence of risk scores
derived from patients in LMIC. If digital structured health data

were available in LMIC, models predicting outcomes could be cre-
ated instead of extrapolating from studies conducted in HIC. The
absence of structured health data in LMIC resulted in the underrep-
resentation of this population in the training and test datasets
included in this systematic review.

The AUC was one of the most commonly reported performance
metric in the extracted studies. The highest AUC for models pre-
dicting mortality was 0.92, achieved by the random forest algo-
rithm in a study by Nakajima et al., where both clinical and
physiological imaging data were used to train algorithms [24]. A
model with an AUC equal to or below 0.50 is unable to discriminate
between classes. One might as well toss a coin when making pre-

Table 1
Characteristics of the included studies.

Study ID Data
collection
period

No. of
patients

Setting Data source No. of
features

Primary outcome assessed

Adler, E.D (2019) [10] 2006–2017 5 822 Inpatient
and
outpatient

EHR and Trial 8 All-cause mortality

Ahmad, T (2018) [30] 2000–2012 44 886 Inpatient
and
outpatient

Registry 8 1-year all-cause mortality

Allam, A (2019) [31] 2013 272 778 Inpatient Claims dataset 50 30-day all-cause readmission
Angraal, S (2020) [13] 2006–2013 1 767 Inpatient Trial 26 All-cause mortality and HF hospitalization
Ashfaq, A (2019) [32] 2012–2016 7 655 Inpatient

and
outpatient

EHR 30-day all-cause readmission

Awan, SE (2019) [33] 2003–2008 10 757 Inpatient
and
outpatient

EHR 47 30-day HF-related readmission and mortality

Chen, R (2019) [34] 2014–2017 98 Inpatient Prospective Clinical
and MRI

32 Cardiac death, heart transplantation and HF-related
hospitalization

Chicco, D (2020) [11] 2015 299 Inpatient Medical records 13 One year survival
Chirinos, J (2020) [35] 2006–2012 379 Inpatient Trial 48 Risk of all-cause death or heart failure-related

hospital admission
Desai, R.J (2020) [6] 2007–2014 9 502 Inpatient

and
outpatient

Claims data and EHR 62 All-cause mortality and HF hospitalization, total costs
for hospitalization, outpatient visits, and medication

Frizzell, J.D (2017) [36] 2005–2011 56 477 Inpatient Registry and claims
data

All-cause readmission 30-days after discharge

Gleeson, S (2017) [37] 2010–2015 295 Inpatient Echo database & EHR 291 All-cause mortality and heart failure admissions
Golas, S.B (2018) [12] 2011–2015 11 510 Inpatient

and
outpatient

EHR 3 512 All-cause 30-day readmission, healthcare utilization
cost

Hearn, J (2018) [38] 2001–2017 1 156 EHR and
Cardiopulmonary
stress test data

All-cause mortality

Hsich, E (2011) [9] 1997–2007 2 231 Cardiopulmonary
stress test data

39 All-cause mortality

Jiang, W (2019) [39] 2013–2015 534 Inpatient EHR 57 30-day readmission
Kourou, K (2016) [19] 71 Pre and post-

operative data
48 1-year all-cause mortality

Krumholz, H (2019) [40] 2013–2015 716 790 Inpatient Claims dataset All-cause death within 30-days of admission
Kwon, J (2019) [5] 2016–2017 2 165

(training
dataset)

Inpatient Registry 12 and 36-month in-hospital mortality

Liu, W (2020) [41] 303 233
(heart
failure)

Inpatient Readmission
database

Admission 3H myocardial infarction, congestive heart
failure and pneumonia 30-day readmission

Lorenzoni, G (2019) [7] 2011–2015 380 Inpatient Research data Hospitalization among patients with heart failure
Maharaj, S.M (2018) [42] 2015 1 778 Inpatient EHR 56 30-day readmission
McKinley, D (2019) [20] 2012–2015 132 Inpatient EHR 29 All-cause readmission within 30-days
Miao, F (2017) [43] 2001–2007 8 059 Public database 32 1-year in-hospital mortality
Nakajima, K (2020) [24] 2005–2016 526 Multicentre database 13 2-year life-threatening arrhythmic events and heart

failure death
Shameer, K (2016) [44] 1 068 Inpatient EHR 4 205 30-day readmission
Shams, I (2015) [45] 2011–2012 1 674 Inpatient EHR 30-day readmission
Stampehl, M (2020) [46] 2010–2014 206 644 Inpatient EHR 30-day and one-year post-discharge all-cause

mortality
Taslimitehrani, V (2016) [47] 1993–2013 5 044 Inpatient EHR 43 1,2 and 5-year survival after HF diagnosis
Turgeman, L (2016) [27] 2006–2014 4 840 Inpatient EHR Readmission

CVD = cardiovascular disease; EHR = electronic health record; HF = heart failure; MRI = magnetic resonance imaging.
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Fig. 2. Study population region.

Table 2
Characteristics of heart failure patients included in the 30 models predicting mortality and hospitalization.

First Author (year) Study Region No. of patients % Black Age % male % Hypertension % IHD

Adler, E.D (2019) [10] USA and Europe 5 822 60.3
Ahmad, T (2018) [30] Europe 44 886 73.2 63
Allam, A (2019)[31] USA and Europe 272 778 73 ± 14 51
Angraal, S (2020)[13] USA, Canada, Brazil, Argentina, Russia, Georgia 1 767 72 (64–79) 50
Ashfaq, A (2019) [32] Europe 7 655 78.8 57
Awan, SE (2019) [33] Australia 10 757 82 ± 7.6 49 67 55
Chen, R (2019) [34] China 98 47 ± 14 79 23
Chicco, D (2020) [34] Pakistan 299 40–95* 65
Chirinos, J (2020) [35] USA, Canada, Russia 379 7.4 70 (62–77) 53.5 94.5 30.6
Desai, R.J (2020) [6] USA 9 502 5.1 78 ± 8 45 87.1 22
Frizzell, J.D (2017) [36] USA 56 477 10 80 (74–86) 45.5 75.7 58
Gleeson, S (2017) [37] New Zealand 295 62 74 43
Golas, S.B (2018) [12] USA 11 510 7.9 75.7 (64–85) 52.8
Hearn, J (2018) [38] Canada 1 156 54 74.6
Hsich, E (2011) [9] USA 2 231 54 ± 11 73 41
Jiang, W (2019) [39] USA 534 28 74.8 46
Kourou, K (2016) [19] Belgium 71 48.07 ± 14.82 80.3
Krumholz, H (2019) [40] USA 716 790 11.3 81.1 ± 8.4 45.6
Kwon, J (2019) [5] Asia 2 165 69.8 59.7
Liu, W (2019) [41] USA 303 233 72.5 50.9
Lorenzoni, G (2019) [7] Italy 380 78 (72–83) 42.9 18.9
Maharaj, S.M (2018) [42] USA 1 778 0.95 72.3 ± 12.1 97.6 14
McKinley, D (2019) [20] USA 132 100 59.25 100 91
Miao, F (2017) [43] USA 8 059 73.7 54 25 23.2
Nakajima, K (2020) [24] Japan 526 66 ± 14 72 53 37
Shameer, K (2016) [44] USA 1 068
Shams, I (2015) [45] USA 1 674 70.4 69.9 96
Stampehl, M (2020) [46] USA 206 644 12.6 80.5 ± 11.2 38.3 96.5 0.4
Taslimitehrani, V (2016) [47] USA 5 044 78 ± 10 52 81 70.2
Turgeman, L (2016) [27] USA 4 840 69.3 ± 11.02 96.5 84.9

Age showed as mean ± standard deviation, median (25th-75th percentile interquartile range) or minimum and maximum value.* IHD: ischaemic heart disease; USA: United
States of America.

Fig. 3. Number of studies using machine learning algorithms.
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Table 3
Performance metrics of algorithms predicting mortality and hospitalization in heart failure.

Author Algorithms Sensitivity Accuracy AUC (mortality) AUC (Hospitalization) F-score

Adler, E.D (2019) [10] Boosted decision trees 0.88 (0.85–0.90)
Ahmad, T (2018) [30] Random forest 0.83
Allam, A (2019) [31] Recurrent neural network 0.64 (0.640–0.645)

Logistic regression l2-norm regularization (LASSO) 0.643 (0.640–0.646)
Angraal, S (2020) [13] Logistic regression 0.66 (0.62–0.69) 0.73 (0.66–0.80)

Logistic regression with LASSO regularization 0.65 (0.61–0.70) 0.73 (0.67–0.79)
Gradient descent boosting 0.68 (0.66–0.71) 0.73 (0.69–0.77)
Support vector machines (linear kernel) 0.66 (0.60–0.72) 0.72 (0.63–0.81)
Random forest 0.72 (0.69–0.75) 0.76 (0.71–0.81)

Ashfaq, A (2019) [32] Long Short-Term Memory (LSTM) neural network 0.77 0.51
Awan, SE (2019) [33] Multi-layer perceptron (MLP) 48.4 0.62
Chen, R (2019) [34] Naïve Bayes 0.827 0.855

0.887
0.890
0.877
0.852
0.847
0.705
0.797

Naïve Bayes + IG 0.857
Random forest 0.817
Random forest + IG 0.827
Decision trees (bagged) 0.827
Decision trees (bagged) + IG 0.816
Decision trees (boosted) 0.735
Decision trees (boosted) + IG 0.806

Chicco, D (2020) [11] Random forest 0.740 0.800 0.547
Decision tree 0.737 0.681 0.554
Gradient boosting 0.738 0.754 0.527
Linear regression 0.730 0.643 0.475
One rule 0.729 0.637 0.465
Artificial neural network 0.680 0.559 0.483
Naïve Bayes 0.696 0.589 0.364
SVM (radial) 0.690 0.749 0.182
SVM (linear) 0.684 0.754 0.115
K-nearest neighbors 0.624 0.493 0.148

Chirinos, J (2020) [35] Tree-based pipeline optimizer 0.717 (0.643–0.791)
Desai, R.J (2020) [6] Logistic regression (traditional) 0.749 (0.729–0.768) 0.738 (0.711–0.766)

LASSO 0.750 (0.731–0.769) 0.764 (0.738–0.789)
CART 0.700 (0.680–0.721) 0.738 (0.710–0.765)
Random forest 0.757 (0.739–0.776) 0.764 (0.738–0.790)
GBM 0.767 (0.749–0.786) 0.778 (0.753–0.802)

Frizzell, J.D (2017) [36] Random forest 0.607
GBM 0.614
TAN 0.618
LASSO 0.618
Logistic regression 0.624

Gleeson, S (2017) [37] Decision trees 0.7505
Golas, S.B (2018) [12] Logistic regression 0.626 0.664 0.435

Gradient boosting 0.612 0.650 0.425
Maxout networks 0.645 0.695 0.454
Deep unified networks 0.646 0.705 0.464

Hearn, J (2018) [38] Staged LASSO 0.827 (0.785–0.867)
Staged neural network 0.835 (0.795–0.880)
LASSO (breath-by-breath) 0.816 (0.767–0.866)
Neural network (breath-by-breath) 0.842 (0.794–0.882)

Hsich, E (2011) [9] Random survival forest 0.705
Cox proportional hazard 0.698

Jiang, W (2019) [39] Logistic and beta regression (ML) 0.73
Kourou, K (2016) [19] Naïve Bayes 85 0.86

Bayesian network 85.9 0.596
Adaptive boosting 78 0.74
Support vector machines 90 0.74
Neural networks 87 0.845
Random forest 75 0.65

Krumholz, H (2019) [40] Logistic regression (ML) 0.776
Kwon, J (2019) [5] Deep learning 0.813 (0.810–0.816)

Random forest 0.696 (0.692–0.700)
Logistic regression 0.699 (0.695–0.702)
Support vector machine 0.636 (0.632–0.640)
Bayesian network 0.725 (0.721–0.728)

Liu, W (2019) [41] Logistic regression 0.580 (0.578–0.583)
Gradient boosting 0.602 (0.599–0.605)
Artificial neural networks 0.604 (0.602–0.606)

Lorenzoni, G (2019) [7] GLMN 77.8 0.812 0.86
Logistic regression 54.7 0.589 0.646
CART 44.3 0.635 0.586
Random forest 54.9 0.726 0.691
Adaptive Boosting 57.3 0.671 0.644
Logitboost 66.7 0.625 0.654
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dictions. Some of the reasons for the modest performance metrics
demonstrated by machine learning algorithms include a training
dataset with excessive missing data or few predictors, absence of
ongoing partnership between clinicians and data scientists and
class imbalance. In most instances, when handling healthcare data,
the negative class tends to outnumber positive classes. The learn-
ing environment is rendered unfavourable since there are fewer
positive observations or patterns for an algorithm to learn from.
For example, when predicting mortality, the class with patients
that demised is frequently smaller than the class with alive
patients.

Models with perfect precision and recall have an F-measure,
also known as the F-Score or F1 Score, equal to one [25]. Sensitiv-
ity, also known as recall, measures a proportion of positive classes
accurately classified as positive [26]. Machine learning algorithms
in the extracted studies had a sensitivity rate between 7.2 and
91.9%. The low sensitivity, reported by Turgeman and May,
improved to 43.5% when they used an ensemble method to com-
bine multiple predictive models to produce a single model [27].

Although the random forest algorithm appeared to have the
highest predictive abilities in most studies, one cannot conclude
that it should be the algorithm of choice whenever one attempts
to create a predictive model. The random forest algorithm’s main
advantage is that it is an ensemble-based classifier that takes
random samples of data, exposing them to multiple decision tree
algorithms. Decision trees are intuitive and interpretable and can
immediately suggest why a patient is stratified into a high-risk
category, hence guiding subsequent risk reduction interventions.
The interpretability of decision trees is a significant advantage in
contrast to deep learning methodologies such as artificial neural
networks with a ‘‘black box” nature. Once random samples of
data have been exposed to multiple decision tree algorithms,
the decision trees’ ensemble identifies the class with the highest
number of votes when making predictions. Random forests also
perform well in large datasets with missing data, a common
finding when handling healthcare data, and can rank features
(predictors) in the order of importance, based on predictive pow-
ers [28].

Table 3 (continued)

Author Algorithms Sensitivity Accuracy AUC (mortality) AUC (Hospitalization) F-score

Support vector machines 57.3 0.699 0.695
Artificial neural networks 61.6 0.682 0.677

Maharaj, S.M (2018) [42] Boosted tree 0.719
Spike and slab regression 0.621

McKinley, D (2019) [20] K-nearest neighbor 0.773 0.768
K-nearest neighbor (randomized) 0.477 0.469
Support vector machines 0.545 0.496
Random forest 0.682 0.616
Gradient boosting machine 0.614 0.589
LASSO 0.614 0.576

Miao, F (2017) [43] Random survival forest 0.804
Random survival forest (improved) 0.821

Nakajima, K (2020) [24] Logistic regression 0.898
Random forest 0.917
GBT 0.907
Support vector machine 0.910
Naïve Bayes 0.875
k-nearest neighbors 0.854

Shameer, K (2016) [44] Naïve Bayes 0.832 0.78
Shams, I (2015) [45] Phase type Random forest 91.95 0.836 0.892

Random forest 88.43 0.802 0.865
Support vector machine 86.16 0.775 0.857
Logistic regression 83.40 0.721 0.833
Artificial neural network 82.39 0.704 0.823

Stampehl, M (2020) [46] CART
Logistic regression
Logistic regression (stepwise) 0.74

Taslimitehrani, V (2016) [47] CPXR(Log) 0.914
Support vector machine 0.75
Logistic regression 0.89

Turgeman, L (2016) [27] Naïve Bayes 48.9 0.676
Logistic regression 28.1 0.699
Neural network 8.9 0.639
Support vector machine 23.0 0.643
C5 (ensemble model) 43.5 0.693
CART (boosted) 22.6 0.556
CART (bagged) 9.0 0.579
CHAID Decision trees (boosted) 30.3 0.691
CHAID Decision trees (bagged) 10.5 0.707
Quest decision tree (boosted) 20.3 0.487
Quest decision tree (bagged) 7.2 0.579
Naïve network + Logistic regression 38.2 0.653
Naïve network + Neural network 26.3 0.635
Naïve network + SVM 35.8 0.649
Logistic regression + Neural network 16.8 0.59
Logistic regression + SVM 26.2 0.607
Neural network + SVM 16.5 0.577

AUC: area under the receiver operating characteristic curve; CART: classification and regression tree; CPXR: contrast pattern aided logistic regression; GBM: gradient-boosted
model; HR: hazard ratio; IG: information gain; LASSO: least absolute shrinkage and selection operator; ML: machine learning; SVM: support vector machine; TAN: tree
augmented Bayesian network. The AUC is displayed under both the mortality and hospitalization column if the authors did not specify the outcome predicted.
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Predictors of mortality identified by machine learning algo-
rithms in the extracted studies were explainable and included fea-
tures such as the LVEF, hypotension, age and blood urea nitrogen
levels. Whether these predictors should be considered significant
risk factors for all heart failure, irrespective of genetic makeup, is
debatable. The youngest patient in the studies reviewed was
40 years old, but most of the patients included in the predictive
models were significantly older, with a median age of 72 years.
Risk scores derived from older patients may reduce the applicabil-
ity of the existing risk calculators in the sub-Saharan African (SSA)
context, considering that patients with heart failure in SSA are gen-
erally a decade younger [29].

Geographically unique heart failure aetiologies and diverse clin-
ical presentations call for predictive models that incorporate geno-
mic, clinical and imaging data. We recommend that clinicians
treating heart failure patients focus on establishing structured
EHR systems and comparing outcomes such as mortality and hos-
pitalization in patients managed with and without risk scores.
Clinicians without access to EHR systems should carefully study
the cohort used to create risk scores before implementing risk
scores in their clinical practice.

5. Limitations

This systematic literature review has several limitations. The
systematic literature search was conducted by a single reviewer,
predisposing the review to selection bias. We only included origi-
nal research studies published after 2009. The rationale for includ-
ing studies published in the past 11 years was to avoid including
studies where rule-based expert systems were used instead of
newer machine learning techniques. Although the data used to cre-
ate predictive models was grossly heterogeneous, a meta-analytic
component as part of the review would have provided a broader
perspective on machine learning algorithms’ performance metrics
when predicting heart failure patient outcomes.

6. Conclusion

The variation in the aetiologies of heart failure, limited access to
structured health data, distrust in machine learning techniques
among clinicians and the modest accuracy of predictive models
are some of the factors precluding the widespread use of machine
learning derived risk calculators.
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CHAPTER 4 – MANUSCRIPT TWO: CLUSTERING OF HEART 
FAILURE PHENOTYPES IN JOHANNESBURG USING 
UNSUPERVISED MACHINE LEARNING  
 

4.1 Introduction 
 

This chapter introduces the cohort of heart failure patients hospitalised between 2009 and 2018 

and describes the baseline demographics.  Also, unsupervised machine learning algorithms are 

used to cluster heart failure patients.  The rationale for clustering heart failure patients was to 

establish heart failure phenotypes and identify a cluster of patients with high-risk clinical 

features.  Seven unsupervised machine learning algorithms autonomously clustered heart 

failure patients into various groups.  

 

4.2 Current Knowledge 
 

Despite cardiovascular diseases being common in sub-Saharan Africa (SSA), only a few 

studies have been published describing the spectrum of heart disease in this region.  The onset 

of heart failure in SSA occurs at a younger age.  

 

4.3 Aims and Objectives 
 

The study aimed to describe the baseline demographic and clinical characteristics of heart 

failure patients hospitalised in a tertiary academic centre in Johannesburg.  The citation details 

are Mpanya, D.; Celik, T.; Klug, E.; Ntsinjana, H. Clustering of Heart Failure Phenotypes in 

Johannesburg Using Unsupervised Machine Learning.  Appl. Sci. 2023, 13, 1509.  The next 

chapter contains results obtained after building a model predicting mortality in heart failure 

using machine learning algorithms and a traditional statistical method, logistic regression. 
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CHAPTER 5 – MANUSCRIPT THREE: PREDICTING ALL-CAUSE 
MORTALITY IN HEART FAILURE USING MACHINE LEARNING 
 

5.1 Introduction 
 

In this chapter, 500 heart failure patients with a left ventricular ejection fraction (LVEF) less 

than 50% were used to train six machine learning algorithms to predict mortality.  Features 

used to train algorithms are in Appendix B.   

 

5.2 Current Knowledge 
 

Machine learning algorithms learn complex patterns in the dataset before making predictions, 

and can risk stratify patients, hence identifying high-risk patients who are candidates for 

preventative therapy. 

 

5.3 Aims and Objectives 
 

The aim of the study was to predict in-hospital all-cause mortality in patients with a LVEF < 

50%.  In addition, the study objectives were to compare supervised machine learning 

algorithms to traditional statistical methods for predicting all-cause mortality in heart failure 

patients and to predict 30-day all-cause readmission using machine learning algorithms.  

Due to the small number of patients readmitted within 30 days, the algorithms failed to learn 

from the data and were overfitting.  Results obtained after training algorithms to predict 

rehospitalisation have been attached as Appendix C. 

Citation details: Mpanya, D.; Celik, T.; Klug, E.; Ntsinjana, H. Predicting in-hospital all-cause 

mortality in heart failure using machine learning.  Frontiers in Cardiovascular Medicine, 

Volume 9, 2023.  https://doi.org/10.3389/fcvm.2022.1032524. The final chapter contains the 

discussion, recommendations and conclusions. 
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mortality in heart failure using
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Health Sciences, University of the Witwatersrand, Johannesburg, South Africa, 2Wits Institute of
Data Science, University of the Witwatersrand, Johannesburg, South Africa, 3School of Electrical
and Information Engineering, Faculty of Engineering and Built Environment, University of the
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Division of Cardiology, Department of Internal Medicine, School of Clinical Medicine, Faculty of
Health Sciences, University of the Witwatersrand, Johannesburg, South Africa, 5Department of
Paediatrics and Child Health, School of Clinical Medicine, Faculty of Health Sciences, University of
the Witwatersrand, Johannesburg, South Africa

Background: The age of onset and causes of heart failure differ between high-
income and low-and-middle-income countries (LMIC). Heart failure patients
in LMIC also experience a higher mortality rate. Innovative ways that can
risk stratify heart failure patients in this region are needed. The aim of this
study was to demonstrate the utility of machine learning in predicting all-
cause mortality in heart failure patients hospitalised in a tertiary academic
centre.

Methods: Six supervised machine learning algorithms were trained to predict
in-hospital all-cause mortality using data from 500 consecutive heart failure
patients with a left ventricular ejection fraction (LVEF) less than 50%.

Results: The mean age was 55.2 ± 16.8 years. There were 271 (54.2%)
males, and the mean LVEF was 29 ± 9.2%. The median duration of
hospitalisation was 7 days (interquartile range: 4–11), and it did not differ
between patients discharged alive and those who died. After a prediction
window of 4 years (interquartile range: 2–6), 84 (16.8%) patients died
before discharge from the hospital. The area under the receiver operating
characteristic curve was 0.82, 0.78, 0.77, 0.76, 0.75, and 0.62 for random
forest, logistic regression, support vector machines (SVM), extreme gradient
boosting, multilayer perceptron (MLP), and decision trees, and the accuracy
during the test phase was 88, 87, 86, 82, 78, and 76% for random
forest, MLP, SVM, extreme gradient boosting, decision trees, and logistic
regression. The support vector machines were the best performing algorithm,
and furosemide, beta-blockers, spironolactone, early diastolic murmur, and
a parasternal heave had a positive coefficient with the target feature,
whereas coronary artery disease, potassium, oedema grade, ischaemic
cardiomyopathy, and right bundle branch block on electrocardiogram had
negative coefficients.
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Conclusion: Despite a small sample size, supervised machine learning
algorithms successfully predicted all-cause mortality with modest accuracy.
The SVM model will be externally validated using data from multiple
cardiology centres in South Africa before developing a uniquely African
risk prediction tool that can potentially transform heart failure management
through precision medicine.

KEYWORDS

machine learning, heart failure, mortality, predict, Africa

Highlights

- Models predicting outcomes in heart failure are built mainly
from data originating in high-income countries, where
ischaemic heart disease predominates.

- In this study, we used data of in-hospital heart failure
patients to train machine learning algorithms to predict all-
cause mortality.

- This is the first sub-Saharan African model demonstrating
machine learning algorithms’ utility in making predictions.

- In addition, the study shows that the performance of machine
learning algorithms is sensitive to the sample size and the
credibility of the data used to train algorithms.

1. Introduction

Patients diagnosed with heart failure experience a high
mortality rate, with 30–50% of patients demising within 5 years
from diagnosis (1). This is despite the introduction of novel
pharmacological and intracardiac device therapy. Furthermore,
due to the high cost associated with the implantation of device
therapy and transplant services, only a select few patients in sub-
Saharan Africa (SSA) can access these life-saving interventions.
As such, there is a need to risk stratify patients with precision,
ensuring that the right patient receives the right therapy
at the right time.

Risk calculators are derived from predictive modeling, and
they are used to estimate the risk of outcomes such as mortality
and rehospitalisation in heart failure. Most readily available risk
calculators were created using data predominantly from high-
income countries (HIC). For example, theMeta-Analysis Global
Group in Chronic Heart Failure (MAGGIC) risk calculator,
created from a statistical Poisson model, estimates the risk
of one and 3-year mortality in heart failure (2). Another
widely available risk calculator predicting in-hospital all-cause
mortality was derived from the Get with the Guidelines Heart
Failure data of multiple sites in HIC, using a multivariable
logistic regression model (3). To the best of our knowledge, risk

calculators derived from SSA do not exist, and existing heart
failure predictive models have not been validated using data
originating from SSA.

Predictive models are population-specific and are prone
to inherent biases such as the availability of therapy, referral
pathways, genotype, and varying population data used to create
these models. Furthermore, most of the available risk calculators
were derived using data from heart failure patients in whom
the primary cause of heart failure is ischaemic heart disease,
unlike in SSA, where the predominant cause of heart failure
is non-ischaemic heart disease. Therefore, there is a need
to create uniquely African predictive models, mainly using
machine learning techniques, sincemachine learning algorithms
are capable of learning from a labelled dataset prior to making
predictions. Also, the accuracy of predictions may improve over
time as the algorithms are exposed to a larger dataset. This
study aims to use machine learning algorithms to predict all-
cause mortality in heart failure patients hospitalised in a tertiary
academic centre in Johannesburg, South Africa.

2. Materials and methods

2.1. Study design and participants

Patient data was exported from the PMRCardio database,
a Microsoft Structured Query Language Server Management
Studio version 15.0.18330.0, that stores clinical data of patients
hospitalised in cardiology wards. The Charlotte Maxeke
Johannesburg Academic Hospital (CMJAH) is a tertiary-level
state-owned institution equipped with general cardiac wards, a
cardiac intensive unit, a catheterisation and electrophysiological
laboratory, and outpatient clinics.

All acutely and chronically ill patients with cardiovascular
diseases are hospitalised in dedicated cardiac wards. Their
admission data is stored digitally in the PMRCardio
database by trainee physicians rotating in the cardiology
wards. Clinical parameters available in the dataset (features)
include demographic data, clinical history and examination
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findings, laboratory indices, electrocardiogram (ECG) data,
echocardiography data, angiography data, the status of the
patient upon discharge (alive or dead), the date of subsequent
admission, and discharge oral medication (Supplementary
material). In our institution, heart failure patients are routinely
prescribed guideline-directed medical therapy.

After exporting data from the PMRCardio database,
data were merged into a single Microsoft Excel Sheet and
imported into Python software, version 3.10.0. The international
classification of diseases, tenth revision (ICD-10) code, was
used to select patients diagnosed with heart failure due to any
aetiology. The following ICD-10 diagnoses were used to select
patients included in the analysis: “heart failure unspecified,”
“congestive heart failure,” “left ventricular failure,” “dilated
cardiomyopathy,” or “ischaemic cardiomyopathy.” Only heart
failure patients 18 years of age and older with a left ventricular
ejection fraction (LVEF) < 50% hospitalised between 2009 and
2018 were included in the dataset used to build predictive
models. The rationale for only including patients with a
LVEF < 50% is that in our institution, patients with a LVEF
between 40 and 49% (heart failure with a mid-range ejection
fraction) are managed similarly to those with LVEF < 40%.

All retrospective patient data used in the final analysis
was further prospectively verified by comparing hard copies
of medical records with electronic data. Patients without
a documented LVEF were excluded from the analysis.
Biochemical data captured at the time of admission was
obtained from the National Health Laboratory Service (NHLS).
Approval to conduct the study was received from the University
of the Witwatersrand Human Research Ethics Committee
(Clearance certificate number: M190515). Permission to
conduct the study was also obtained from NHLS senior
authorities. Informed consent was not obtained from the

patients as this was a retrospective chart review. The study
protocol conformed to the ethical guidelines of the 1975
Declaration of Helsinki as reflected in a priori approval by the
institution’s human research committee.

2.2. Data cleaning and pre-processing

Packages and libraries required for data analysis were
imported into Python software, version 3.10.0. The following
software, packages and libraries were installed: Jupyter notebook
version 6.0.3, scikit-learn version 1.02, statsmodels version
0.13.2, seaborn version 0.11.2, numpy version 1.21.6, scipystats
version 1.5.4, matplotlib version 3.1.3, and pandas version 1.3.5.
Features with more than 20% missing values, patient identifiers,
and column data without variation were removed from the
dataset. The remaining continuous features with missing data
were imputed using the mean or median value. Categorical
features were coded as 0 for no and 1 for yes, while blank
or missing values were ascribed with zero. Data used to train
machine learning algorithms was normalised, transformed and
scaled between 0 and 1. The rationale for scaling the data
is to standardise the weight of each feature. For example,
sodium levels equal to 120 will have more weight than a
potassium level of 5.0.

2.3. Exploratory data analysis and
hyperparameter optimisation

Exploratory data analyses were carried out visually and
quantitatively. Data were partitioned into training and test
datasets, with 70% of the data used for training. Grid searching

FIGURE 1

Flow chart showing study method and outcomes.
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was implemented for all machine learning models, where
parameters associated with the best performance metrics are
discovered and selected during model hyper-tuning. Since the
data is unbalanced with more patients in the survivors’ class,
cost-sensitive learning was applied at a ratio of 0.14: 0.86,
where a higher weight was allocated to the minority class
(dead = 1).

All demographic and clinical parameters captured during
arrival at the hospital were used as features. A filter method
was then used to identify features that are positively or
negatively correlated with all-cause mortality. Filtering was
done using correlation coe�cients. To ascertain feature-to-
target correlation, a correlation coe�cient was estimated for
each feature. The threshold was set at 0.5. The lowest and
highest values were furosemide (r = �0.277395, p < 0.001) and
potassium (r = 0.180126, p < 0.001). Since all features were
weakly correlated with the target value, none of the features
were removed. To build predictivemodels, we only used features
captured during the first hospitalisation. As such, themodel with

the best performance metrics will be used to predict the risk of
in-hospital mortality using patient data obtained at the time of
arrival at the cardiology wards at the CMJAH.

In this study, the prediction window is 4 years (interquartile
range: 2–6 years). The prediction window starts from the time of
hospitalisation (index date), where the risk of death is assessed,
and ends at the time when a patient dies while hospitalised. The
EHR system only stores a single entry of data. As such, there is
no time window. For example, although clinical parameters are
measured several times while the patient is hospitalised, only the
first measurement (baseline) was captured in the EHR system.
The parameters presented in the paper were collected from
the baseline index admission for each of the 500 patients. The
following six algorithms were used to build models predicting
all-cause in-hospital mortality.

2.3.1. Decision trees
Decision trees implement a sequential decision process

based on whether the conditions set are true or false.

TABLE 1 Baseline demographic and clinical characteristics of all heart failure patients.

Clinical parameters All patients (n = 500) Died (n = 84) Alive (n = 416) P-value

Age (years) 55.2 ± 16.8 57.3 ± 18.6 54.8 ± 16.6 0.2162

Male 271 (54.2) 47 (55.9) 224 (53.8) 0.1249

Vital signs

Pulse, bpm 102 ± 23.8 95 ± 25.5 103 ± 23.5 0.1963

Systolic BP, mmHg 127 ± 30.4 121 ± 31.7 128 ± 30.1 0.0588

Diastolic BP, mmHg 83 ± 20.4 83 ± 21.2 84 ± 20.3 0.6691

Laboratory tests

Haemoglobin, g/dL 13.1 ± 2.5 13.3 ± 2.2 13.1 ± 2.5 0.4467

Sodium, mmol/l 139 ± 5.5 139 ± 5.5 139 ± 5.5 0.5220

Potassium, mmol/l 4.3 (3.9–4.7) 4.4 (3.9–4.7) 4.3 (3.9–4.7) 0.6610

Urea 8.6 (6.2–12.5) 8.05 (6–11.9) 8.7 (6.2–12.7) 0.2874

Creatinine 104 (80–137) 98 (81–124) 105 (80–142) 0.3774

eGFR, ml/min 65.7 (44.5–85.0) 68.0 (37.0–84.8) 65.4 (46.0– 85.0) 0.6116

Pro BNP, ng/l 8,541 (4,813–14,780) 7,592 (4,402–12,734) 8,709 (4,813–14,998) 0.3267

Troponin 23.5 (0.15–66.0) 4.06 (0.054–77.0) 24.5 (0.17–65.0) 0.3427

Total cholesterol 3.5 (2.8–4.1) 3.3 (2.8–4.1) 3.5 (2.8–4.2) 0.9705

LDL 2.1 (1.5–2.7) 2.1 (1.7–2.5) 2.1 (1.5–2.7) 0.9618

HDL 0.85 (0.6–1.1) 0.9 (0.6–1.2) 0.8 (0.6–1.1) 0.6493

Echocardiogram

LVEF, % 29 ± 9.2 30 ± 9.2 29 ± 9.2 0.7356

LVIDd, cm 5.9 ± 1.0 5.9 ± 0.1 5.8 ± 0.9 0.8655

LVIDs, cm 5.1 (4.5–5.6) 5.0 (4.3–5.7) 5.1 (4.5–5.6) 0.5306

Length of stay (days) 7 (4–11) 7 (4–10) 7 (4–11) 0.5796

Data are represented as mean and standard deviation (SD) for continuous features with a normal distribution and median and interquartile ranges (p25–p75) when the distribution
is skewed. Categorical data are represented as absolute numbers and percentages. BP, blood pressure; eGFR, estimated glomerular filtration rate; HDL, high-density lipoprotein; LDL,
low-density lipoprotein; LVEF, left ventricular ejection fraction; LVIDd, left ventricular internal diameter at diastole; LVIDs, left ventricular internal diameter at systole.
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The decision tree algorithm was trained, and the tree
was plotted based on grid search results by placing the
criterion as Gini, maximum depth at five, and the minimum
sample split at eight.

2.3.2. Random forest
A random forest classifier uses multiple decision trees, and

each of the decision trees outputs a prediction (dead vs. alive).
To estimate the final output, the random forest algorithm
then counts the number of votes for each class predicted
by each decision tree. Grid search identified the following
parameters to be responsible for best model performance: the
number of estimators = 1 757, minimum samples split = 5,
minimum samples leaf = 2, maximum depth = 150, and
criterion = entropy.

2.3.3. Support vector machines
Support vector machines classify data by creating a line

or hyperplane between the classes. The maximum distance
between the classes (support vectors) and the hyperplane is
then chosen. After applying grid search, the best parameters
for creating a model were a linear kernel, gamma = 0.001,
and C = 10. The “C” is a parameter that controls the e�ect of
support vectors.

2.3.4. Logistic regression
For the machine learning logistic regression model, the

coe�cient of each feature was obtained after training and testing
models’ performance. A conventional statistical univariate
and multivariate logistic regression model was also built
to compare predictors of mortality identified by machine
learning algorithms with those extracted from the statistical
model. Clinical parameters with a p-value less than 0.05
were selected and included in the final multivariate logistic
regression model to identify independent predictors of all-cause
mortality. Confidence interval percentiles were set between
0.025 and 0.975.

2.3.5. Extreme gradient boosting
Extreme gradient boosting is an ensemble of weak

algorithms; usually, decision trees added to the model
sequentially. Feature importance is calculated based on the
number of times the feature appears in isolated trees.

2.3.6. Multilayer perceptron
The MLP network consists of one input layer, hidden

layers, and an output layer. Grid search was used to
find the best model parameters. The search for optimal
parameters was performed with the following limits: 0–0.4
dropout rate, batch size between 10 and 60, and epochs

FIGURE 2

Area under the receiver operating characteristic curve of all machine learning algorithms used to build predictive models in the study.
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between 1 and 150, and the activation function was chosen
as the rectified linear unit (ReLU). The learning rate was
set at 0.01. The hyperparameters resulting in the best
performing networks were as follows: a multi-layer network
with 124 nodes using the ReLU activation function, batch
size of 60 and 20 epochs. Shapley additive explanations

(SHAP) values were used to identify features influencing the
construction of the model.

Six supervised machine learning algorithms were trained to
predict all-cause in-hospital mortality in heart failure patients
with a LVEF less than 50% using 123 features. The performance
metrics of each algorithm were summarised using the confusion

TABLE 2 Performance of supervised machine learning algorithms in all-cause mortality prediction on the PMRCardio dataset.

Algorithm Accuracy Precision Recall f1-score

Random forest

Training: Survived 1.00 1.00 1.00 1.00

Mortality 1.00 1.00 1.00

Test: Survived 0.88 0.89 1.00 0.94

Mortality 0.75 0.10 0.18

Weighted training score 1.00 1.00 1.00

Weighted test score 0.87 0.88 0.84

Logistic regression (ML)

Training: Survived 0.78 0.96 0.78 0.86

Mortality 0.39 0.83 0.53

Test: Survived 0.76 0.94 0.78 0.85

Mortality 0.29 0.63 0.40

Weighted training score 0.88 0.78 0.81

Weighted test score 0.86 0.76 0.79

Support vector machines

Training: Survived 0.91 0.91 0.99 0.95

Mortality 0.92 0.44 0.60

Test: Survived 0.86 0.92 0.92 0.92

Mortality 0.45 0.43 0.44

Weighted training score 0.91 0.91 0.90

Weighted test score 0.86 0.86 0.86

Extreme gradient boosting

Training: Survived 0.85 0.94 0.89 0.91

Mortality 0.50 0.67 0.57

Test: Survived 0.82 0.92 0.87 0.90

Mortality 0.36 0.50 0.42

Weighted training score 0.88 0.85 0.86

Weighted test score 0.85 0.82 0.84

Decision trees

Training: Survived 0.86 0.99 0.84 0.91

Mortality 0.50 0.94 0.66

Test: Survived 0.78 0.95 0.79 0.86

Mortality 0.32 0.70 0.44

Weighted training score 0.92 0.86 0.87

Weighted test score 0.87 0.78 0.81

ML, machine learning. Performance metrics for the multilayer perceptron (MLP) model not included as the metrics reported in this table are not routinely generated with MLP model.
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matrix to calculate the accuracy, recall, precision, and F1 score,
except for the MLP, where only the accuracy was reported since
the rest of the performance metrics are not routinely available
after training MLP.

Features identified by the algorithms were ranked, weighed
and compared with predictors identified by logistic regression
using the conventional statistical method. An area under the
receiver operating characteristic (ROC) curve was used to
evaluate the ability of each model to discriminate between the
negative (alive = 0) and positive (dead = 1) classes.

2.4. Biostatistics

Categorical data are reported as absolute numbers and
percentages, while the mean with standard deviation (±) and
median with 25–75th percentile interquartile ranges were used
to summarise numerical data with a normal and non-normal
distribution, respectively. Normality was assessed visually with
histograms and quantitatively with the Shapiro–Wilk and
skewness tests. The Pearson chi-square and unpaired t-tests
were used to compare categorical and normally distributed
numerical data, respectively. In contrast, the Wilcoxon signed-
rank test was used to compare numerical data with a non-
normal distribution between patients that survived and died.
A p-value less than 0.05 represented a statistically significant

di�erence in the distribution of the features between survivors
and non-survivors.

3. Results

3.1. Demographic and clinical findings

Between January 2009 and December 2018, there were 4,730
acute and chronic heart failure-related hospitalisations. After
excluding patient records withmissing LVEF and data that could
not be verified using original hand-written patient records and
biochemical data captured in the NHLS website, a total of 500
heart failure patients with a LVEF < 50% were included in
the descriptive cohort analysis (Figure 1). The mean age was
55.2 ± 16.8 years, and 271 (54.2%) of these patients were males.
The mean LVEF was 29 ± 9.2%. In this cohort, there were 300
(60.0%), 124 (24.8%), 54 (10.8%), and 22 (4.4%) Black, White,
Indian, andMixed ancestry patients, respectively. The rest of the
baseline clinical characteristics of the study cohort are depicted
in Table 1.

There were 159 (31.8%) patients with hypertension and
268 (53.6%) patients with dilated cardiomyopathy. A total
of 209 (41.8%) patients had hepatomegaly, 110 (22.0%) had
ascites, 350 (55.0%) had mitral regurgitation, 340 (68.0%) had
bipedal oedema, and 395 (79.0%) had an elevated jugular venous
pressure on clinical examination. The mean resting pulse rate

FIGURE 3

Beeswarm plot showing the impact of top nine feature on the multilayer perceptron (MLP) model output based on Shapley additive
explanations (SHAP) values. K, potassium; LVEF, left ventricular ejection fraction; LVIDd, left ventricular internal diameter in diastole. Each dot
represents a single patient. Red and blue refer to a high and low feature value, respectively. For example, both high and low potassium levels
were associated with the risk of death. However, higher potassium levels (red) were strongly associated with the risk of mortality.
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was 102 ± 23 beats per minute. Upon discharge from the
hospital, there were 299 (59.8%) patients on oral beta-blocker
therapy, and angiotensin-converting enzyme (ACE) inhibitors,

FIGURE 4

Feature importance and weight identified by machine learning
algorithms. (A) Logistic regression (ML): ARB, angiotensin
receptor blocker; CAD, coronary artery disease; K, potassium;
LVEF, left ventricular ejection fraction; S4, fourth heart sound.
(B) Support vector machine: CAD, coronary artery disease; ICM,
ischaemic cardiomyopathy; K, potassium; LVIDd, left ventricular
internal diameter in diastole; NYHA, New York Heart Association;
RBBB, right bundle branch block; S2, second heart sound; Early
diastolic, early diastolic murmur. (C) Extreme gradient boosted
trees (XGB) classifier ranked features based on how many times
a feature is used to split the data across all trees. Crepitations,
lung crepitations on chest auscultation; Days admitted, duration
of hospitalisation; DCM, dilated cardiomyopathy; Diastolic,
diastolic blood pressure; Early diastolic, early diastolic murmur;
Hb, haemoglobin; HIV, human immunodeficiency virus; HPT,
hypertension; LVEF, left ventricular ejection fraction; LVIDd, left
ventricular internal diameter in diastole; LVIDs, left ventricular
internal diameter in systole; LVWMA, left ventricular wall motion
abnormality; MR, mitral regurgitation; Pan systolic, pan systolic
murmur; RA, right atrium; RV, right ventricle; S3, third heart
sound; Sinus, sinus rhythm; Systolic, systolic blood pressure; TR,
tricuspid regurgitation; visits, number of hospitalisations.

furosemide and spironolactone were taken by 201 (40.2%), 300
(60.0%), 362 (72.4%) patients, respectively.

3.2. Outcomes

In the selected 500 patients hospitalised with heart failure,
84 (16.8%) patients died before discharge from the hospital.
The median duration of hospitalisation was 7 days (interquartile
range: 4–11), and it did not di�er between patients discharged
alive and those who died. Among the 416 patients discharged
alive, 29 (7.0%) patients were readmitted within 30 days, 42
(10.1%) beyond 30 days, and 340 were not readmitted.

3.3. Performance metrics

Multilayer perceptron had an accuracy of 87% during
training and testing. The AUROC curve was 0.82, 0.78, 0.77,
0.76, 0.75, and 0.62 for random forest, logistic regression (ML),
SVM, XGBoost, MLP, and decision trees, respectively (Figure 2).
Support vector machines achieved an accuracy of 86% during
the test phase, followed by XGBoost, decision trees and logistic
regression at 82, 78, and 76%, respectively (Table 2). The
recall rate was above 50% in all algorithms, except for SVM,
with a recall rate of 44 and 43%, respectively, during training
and testing using data of patients that died while hospitalised.
Logistic regression had the lowest precision of 39 and 29%
during training and testing.

3.4. Feature ranking

3.4.1. Multilayer perceptron
The top nine features identified by the MLP model were

peripheral oedema grade, furosemide, enalapril, hepatomegaly,
LVIDd, aspirin, spironolactone, serum potassium, and the LVEF
(Figure 3).

3.4.2. Logistic regression (ML)
Peripheral oedema grade had a coe�cient of 0.688.

Furosemide, angiotensin receptor blockers, a fourth heart sound
on auscultation and aspirin, negatively correlated with all-cause
mortality (Figure 4).

3.4.3. Support vector machines
The following top five features had a positive coe�cient with

the target feature: furosemide, beta-blockers, spironolactone,
early diastolic murmur, and a parasternal heave, whereas
coronary artery disease, potassium, oedema grade, ischaemic
cardiomyopathy, and right bundle branch block on
electrocardiogram had negative coe�cients. The rest of
the features are depicted in Figure 4.
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FIGURE 5

Features identified by the random forest algorithm. BP, blood pressure; LVEF, left ventricular ejection fraction; LVIDd, left ventricular internal
diameter in diastole; LVIDs, left ventricular internal diameter in systole.

3.4.4. Extreme gradient boosting
Enalapril was the most common feature used to split

decision trees and was used 20 times, followed by oral beta-
blocker therapy, elevated jugular venous pressure, furosemide,
and CAD (Figure 4).

3.4.5. Decision trees
Decision trees identified beta blockers as the root node

(Gini = 0.5). In addition, the following features were placed as
leaf nodes: systolic and diastolic blood pressure, urea, duration,
the number of hospitalisations, and CAD.

3.4.6. Random forest
Urea, potassium, duration of admission, LVIDd,

serum sodium levels, age, LVIDs, diastolic blood pressure,
haemoglobin, and the LVEF, were identified as the top 10
features discriminating the two classes (Alive vs. Dead)
(Figure 5).

3.4.7. The conventional statistical logistic
regression model

In the multivariate logistic regression model, the
following variables were independent predictors of all-cause
mortality: diastolic blood pressure, coronary artery disease,
enalapril, spironolactone, furosemide, sodium, and potassium
(Table 3).

4. Discussion

This study used data from 500 patients with a LVEF less
than 50% on the index or baseline hospitalisation to train six
supervised machine learning algorithms to predict all-cause
mortality. Although the random forest algorithm achieved
a higher AUROC curve, the striking di�erence in training
and testing performance metrics suggests that the model is
overfitting data. Support vector machines had an AUC of 0.77,
and an accuracy of 91 and 86% during training and testing,
making it an ideal model for validation. The most plausible
explanation for the SVM showing a desirable performance lies
in the ability of the algorithm to process and model complex
and non-linear data by creating a decision boundary that
separates classes.

The all-cause mortality and 30-day rehospitalisation rate
in 500 patients admitted with heart failure were 16.8 and
7.0%, respectively, while the median duration of hospitalisation
was 7 (interquartile range: 4–11) days. In another tertiary-
level hospital in South Africa, the in-hospital mortality rate
among patients with acute heart failure was 8.4% and the mean
duration of hospitalisation was 9 ± 12 days (1). Similarly,
in a multicentre study conducted across Africa involving 169
heart failure patients recruited in South Africa, the 1-year all-
cause mortality was 11.8% (2). In a meta-analysis involving
67,255 heart failure patients hospitalised in Australia, the
pooled 30-day all-cause mortality was 8% (3). Similarly, in
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TABLE 3 Conventional statistical multivariate logistic regression model predicting all-cause mortality.

Univariate regression Multivariate regression

Coefficient P-value CI Coefficient P-value CI

Female 0.4330 0.043 0.013–0.853

Black race 0.5169 0.028 0.055–0.978

Gallop rhythm 0.5399 0.045 0.012–1.068

ED murmur �0.5496 0.012 �0.977 to 0.122

Diastolic BP �0.0356 0.000 �0.049 to �0.022 �0.0239 0.002 �0.039 to �0.009

CAD 0.7432 0.022 0.105–1.381 0.9490 0.033 0.078–1.820

Spironolactone �1.0043 0.000 �1.412 to 0.596 �0.6674 0.012 �1.190 to �0.145

Enalapril �1.3472 0.000 �1.845 to 0.849 �0.6440 0.044 �1.270 to �0.018

Aspirin �0.6101 0.037 �1.183 to �0.037

Furosemide �1.5959 0.000 �2.022 to �1.170 �1.5685 0.000 �2.142 to �0.995

Statins �0.6847 0.012 �1.216 to �0.153

Oedema grade 0.2503 0.002 0.089 to 0.411

Sodium �0.0782 0.000 �0.115 to �0.041 �0.0288 0.001 �0.045 to �0.012

Potassium 0.6609 0.000 0.398–0.924 0.5366 0.001 0.230–0.843

Urea 0.0095 0.032 0.001–0.018

RBBB 0.9321 0.007 0.259–1.606

LVIDd 0.3835 0.000 0.175–0.592

LVIDs 0.3337 0.002 0.122–0.545

Length of stay (days) 0.0257 0.012 0.006–0.046

CAD, coronary artery disease; BP, blood pressure; CI, confidence interval (0.025–0.975); ED, end diastolic; RBBB, right bundle branch block; LVIDd, left ventricular internal diameter in
diastole; LVIDs, left ventricular internal diameter in systole.

another systematic review of research studies conducted in low-
and-middle-income countries (LMIC), the in-hospital all-cause
mortality was 8%, with a confidence interval of 6–10% (4). The
most plausible explanation for our cohort’s higher in-hospital
all-cause mortality is the delay in presentation to the hospital.
As a tertiary academic centre, most patients referred to our
centre are initially managed in primary and secondary level
institutions and eventually referred to our centre in advanced
stages of heart failure.

Despite the variation in the aetiology of heart failure
between patients residing in LMIC and HIC, and limited access
to life-prolonging intracardiac device therapy, particularly in
patients attending state-owned treatment facilities, we found
similar predictors of all-cause mortality using machine learning
algorithms and a conventional statistical logistic regression
model. After training the SVM, furosemide, beta-blockers,
spironolactone, early diastolic murmur and a parasternal
heave, yielded positive coe�cients, whereas coronary artery
disease, potassium, oedema grade, ischaemic cardiomyopathy,
and right bundle branch block on electrocardiogram had
negative coe�cients. The support vector machines and the
machine learning logistic regression algorithm identified similar

predictors as the MLP model. Some of the predictors of all-
cause mortality in heart failure reported in the literature include
age, sex, diastolic blood pressure, LVEF, serum sodium and
creatinine, estimated glomerular filtration rate, haemoglobin,
haematocrit, and blood urea nitrogen (5–7). Predictors of
mortality specifically in patients with a LVEF above 50% include
blood urea nitrogen and the body mass index (6).

Healthcare databases are notoriously famous for
housing imbalanced datasets. Class imbalance refers to the
disproportionality between the data classes used to train the
predictive model (8), a common problem that is not unique
to medical data. For example, when the training data with the
negative outcome (dead) has significantly fewer observations
than the majority class, the classification algorithm favours the
majority class, by focusing the learning process on the majority
class. Our dataset had fewer entries attributed to the negative
outcome and was imbalanced. This accounts for the suboptimal
performance shown by the algorithms when learning and
making predictions specifically for the minority class. However,
instead of under-sampling the majority class or generating
new synthetic values to increase the number of samples in the
minority class, we used class weights to excessively penalise
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false negative and false positive results from the minority class
(dead).

Six supervised machine learning algorithms were
successfully trained to predict mortality despite an imbalanced
and relatively small dataset. The success implies that data
quality is also essential to consider before building predictive
models. The project’s next phase is to increase the sample
size by collecting data from multiple cardiac centres around
sub-Saharan Africa. Adding new data that was not previously
used to train or test the algorithms tends to improve the models’
performance metrics. Once the performance of the classifier
has been validated, a risk calculator will be developed and
implemented for use in Africa.

The performance of machine learning algorithms is
commonly attributed to the size of the dataset. Indeed, the
higher the number of observations the better the performance
metrics. Some authors have attempted to derive an equation
for calculating a suitable sample size for machine learning
algorithms by calculating the error rate of prediction (9, 10). In
our opinion, the performance of machine learning algorithms is
also influenced by the number of features (clinical parameters)
used, the ratio of observations within the classes, and the
credibility of the data. In our study, 500 patients with 123
features were used to train algorithms. Consider a model
created with over a million patients, but with only five features.
Its performance might be suboptimal. An ideal sample size
calculation should incorporate the number of observations and
features and a measure of data credibility. In general, the
error rate should decrease as the size of the training dataset
increases. The AUROC curve for the machine learning models
can be improved by increasing the size of the training dataset.
Other techniques for improving the AUC such as feature
normalization and scaling, setting class weights, and grid search
were applied in this study.

Machine learning algorithms cannot process data with
empty fields. As such innovative ways of handling missing
data have been introduced. These include deleting incomplete
records, filling incomplete fields with the mean, median or
mode, and predicting missing values using machine learning
algorithms and applying the last observation carried forward
method (11). In this study, we removed clinical parameters
with more than 20% missing values and imputed missing values
using the mean or median value of each feature. The rationale
for using the mean is that overall the mean value (Gaussian
distribution) of each feature does not change. However, this
method does not factor for the covariance between features.

This was a single-centre study conducted in a tertiary
centre since the CMJAH division of cardiology is the only
department equipped with an electronic health record system.
As such, the findings from this study may not be generalisable
to all heart failure patients treated in SSA. In addition, most
pertinent clinical parameters such as comorbidities, causes of
heart failure, angiographic, and ECG findings were available

in the database but underreported, as some of the data were
captured in the free text format and could not be extracted
for analysis and incorporation into the predictive models.
Also, we excluded a significant amount of patient data due to
the unavailability of handwritten patient records or objective
clinical evidence supporting the heart failure diagnosis. This
was a major limitation, since handwritten patient records are
routinely removed from the CMJAH after 5 years from the time
of initial admission, due to the unavailability of storage facilities.
Furthermore, pertinent clinical data, such as the presence of
cardiogenic shock, and the administration of ionotropes and
vasopressors, were documented in the EHR system in free-
text format and could not be extracted. Nevertheless, the study
provides proof of concept for developing a heart failure model
derived from LMIC predicting all-cause mortality.

5. Conclusion

Despite a small sample size, machine learning algorithms
successfully predicted all-cause mortality with modest accuracy.
The SVM model will be externally validated using data from
multiple cardiology centres in South Africa before developing
a uniquely African risk prediction tool.
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CHAPTER 6 – DISCUSSION AND CONCLUSIONS  
 

This chapter summarises the main study findings, limitations, future directions, and 

recommendations.  Finally, the last section narrates the conclusions drawn from this research. 

 

6.1 Discussion 

 

Heart failure has been declared a global pandemic due to the high mortality rate, particularly 

in low-and-middle-income countries (LMICs).  Globally, heart failure has a five-year mortality 

between 25-50% (Dokainish et al., 2017a).  The high mortality rate is observed despite the 

continuous introduction of novel pharmacological and intracardiac device therapies.  

Unfortunately, life-prolonging heart transplant services are still not widely available in South 

Africa.  As we strive to introduce treatment that reduces morbidity and mortality associated 

with heart failure, innovative techniques such as risk prediction may assist in managing heart 

failure, facilitating better allocation of disease-modifying therapy to high-risk individuals. 

As part of this thesis, a systematic literature review was conducted, and 30 original research 

studies predicting mortality and/or rehospitalisation using machine learning were identified 

(Mpanya et al., 2021).  The sample size ranged between 71 and 716 790. Twelve models 

predicted mortality, 13 rehospitalisations, and five predicted both.  However, none of the 

models were created or validated using data from sub-Saharan Africa or regions where heart 

failure is predominantly caused by non-ischaemic heart diseases.  

The baseline demographic and clinical characteristics of 636 consecutive patients hospitalised 

with new-onset heart failure symptoms or decompensated chronic heart failure were described, 

and heart failure phenotypes were identified using the left ventricular ejection fraction (LVEF) 

and unsupervised machine algorithms.  The mean age in our cohort was 55.6 ± 16.9 years, and 

16.8% of all patients hospitalised with the diagnosis of heart failure died over the study period.  

Heart failure is generally associated with poorer outcomes in LMICs, and the onset of heart 

failure occurs at a younger age of 53 years, affecting economic productivity in this region 

(Dokainish et al., 2016, Ajayi et al., 2020).  The most plausible explanations for poorer 
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outcomes include, but are not limited to the unavailability of life-prolonging therapy such as 

cardiac resynchronisation defibrillators and heart transplant services.  Furthermore, there might 

be a delay in the referral of patients from primary and secondary level hospitals to our centre, 

causing our patients to be at advanced stages of the disease by the time they are eventually 

treated at our centre.  

The younger age of onset of heart failure in sub-Saharan Africa (SSA) may be partly related to 

the dominance of non-ischaemic cardiomyopathy, possibly with a genetic aetiology, 

considering that the most common cardiovascular diseases in SSA are still hypertensive heart 

disease, cardiomyopathies, rheumatic heart disease and congenital heart disease (Ajayi et al., 

2020, Dokainish et al., 2016), unlike in high-income countries, where ischaemic heart disease 

is the primary cause of heart failure.  Also, perhaps the limited access to life-prolonging 

pharmacological and non-pharmacological may speed up the progression to heart failure, 

where patients eventually present with a LVEF < 50% earlier than expected. 

Clustering algorithms have the potential to unravel distinct phenotypes of heart failure that may 

assist clinicians in triaging or risk profiling patients, hence influencing the management of 

heart failure patients.  Our study is unique since it offers insights into the role of machine 

learning in better understanding heart failure phenotypes in our region.  After subjecting the 

heart failure cohort to unsupervised machine learning algorithms, the agglomerative clustering 

algorithm identified three clusters, the uraemic cluster, with relatively higher urea levels, the 

hypotensive cluster, with lower systolic and diastolic blood pressure and the congested cluster, 

with a high burden of heart failure symptoms and signs of fluid overload.  

The systolic blood pressure had a 2.6 times higher impact when differentiating between 

clusters, followed by the age at the time of admission with a mean SHAP value of 0.16, and 

the LVEF had a lower SHAP value of 0.14.  These findings suggest that blood pressure and 

age may play a role in the diagnosis, risk stratification, and management of heart failure patients 

in centres without access to echocardiography.  Most studies have confirmed the utility of 

supervised machine learning algorithms for classification tasks (Kwon et al., 2019, Segar et al., 

2021, Su et al., 2017, Ahmad et al., 2018, Shameer et al., 2017, Golas et al., 2018, Miao et al., 

2018, Meng et al., 2019, Liu et al., 2020).  However, only a few studies have since been 

published on phenotyping heart failure patients using unsupervised machine learning 
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algorithms (Ahmad et al., 2014, Ieva et al., 2017, Moser et al., 2014, Bose and Radhakrishnan, 

2018, Segar et al., 2020, Nouraei et al., 2022, Perry et al., 2021).   

The primary aim of the study was to use machine learning algorithms to predict in-hospital all-

cause mortality in heart failure patients.  Six supervised machine learning algorithms were 

trained to predict all-cause mortality and identify predictors.  The best-performing algorithm 

was the random forest algorithm, based on its ability to discriminate between patients that lived 

and died, with an area under the receiver operating characteristic curve (AUC) of 0.82.  This is 

unsurprising because random forests perform well when exposed to a robust dataset, unlike 

individual decision trees, which showed the lowest AUC of 0.62, and an accuracy of 86% and 

78% during training and testing, respectively, suggesting that they were overfitting the data.  

Decision trees performed poorly, likely because of the dataset's complexity with many features.  

Support vector machines (SVM) had the highest accuracy of 91% and 86% during training and 

testing, respectively.  Perhaps the main reason for the impressive performance lies in the ability 

of the SVM to handle non-linearly separable data using a kernel.   

Features or predictors identified by the six algorithms included coronary artery disease, 

ischaemic cardiomyopathy, peripheral oedema grade, elevated jugular venous pressure, 

hepatomegaly, early diastolic murmur, parasternal heave, a fourth heart sound on auscultation, 

beta-blockers, furosemide, enalapril, spironolactone, angiotensin receptor blockers, aspirin, 

serum potassium, urea, right bundle branch block, systolic and diastolic blood pressure, left 

ventricular ejection fraction, left ventricular internal diameter in diastole, duration and number 

of hospitalisations.  There was much overlap between predictors identified by algorithms.  

Also, the predictors identified by algorithms were similar to those identified using a traditional 

statistical logistic regression model.  

The advantage of using machine learning over statistical methods is related to the ability of 

machine learning algorithms to increase the accuracy of predictions and discriminatory ability 

between classes when exposed to new data.  Also, machine learning employs many different 

algorithms for classification and discrimination between classes, unlike statistical methods 

where the choice may be between logistic regression and Cox proportional hazards regression 

to identify outcome predictors.  Furthermore, machine learning algorithms can manipulate the 

dimensionality of the data into various forms, ensuring that similar data points are grouped in 
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the same class.  Due to the small number of patients rehospitalised within 30 days, it was 

impossible to predict all-cause rehospitalisation.  During training, algorithms had 30 samples 

to learn from, hence the poor performance.  During training, the algorithms only had 21 

observations to learn from before making predictions, and only 13 were available for testing 

algorithms.  As such, the models created by the algorithms were overfitting and biased toward 

learning from the cohort of patients that were admitted beyond 30 days and those that were not 

admitted.  As such, predictors of 30-day all-cause rehospitalisation were not extracted.  Another 

objective of this research was to validate the performance of the selected machine learning 

model using new data, ideally from a different region and subsequent follow-up of these 

patients for one year.  This will be the project's next phase, requiring collaboration with 

multiple hospitals equipped with basic cardiology services such as echocardiography. 

 

6.2 Limitations 
 

This was a single-centre study conducted in an academic centre, the Division of Cardiology at 

the Charlotte Maxeke Johannesburg Academic Hospital, one of the few centres equipped with 

an electronic health record system.  As such, the findings from this study may not be 

generalisable to all heart failure patients treated in sub-Saharan Africa.  In addition, most 

pertinent clinical parameters such as comorbidities, causes of heart failure, angiographic data, 

and electrocardiogram findings were available in the database but underreported.  Some data 

was captured in the free-text format and could not be extracted for analysis and incorporation 

into the predictive models.  Also, we excluded a significant amount of patient data due to the 

unavailability of patient records or objective clinical evidence supporting the heart failure 

diagnosis.  Furthermore, details on managing heart failure patients, such as the presence of 

cardiogenic shock and administration of inotropes and vasopressors, were unavailable.  

Nevertheless, the study provides proof of concept for developing a uniquely African heart 

failure model predicting all-cause mortality. 
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6.3 Recommendations  

For efficient implementation of machine learning tasks, clinicians should collaborate with 

data scientists and establish data archiving systems that follow the outline below in Figure 

6.1. 

 

 

 

Figure 6.1 Schematic diagram showing the proposed data laboratory for an efficient 

machine learning predictive model, starting and ending with the data collection and capturing 

phase. 

 

Data should be collected from multiple sites and deposited in a central location whenever 

possible.  Each of the sites or hubs should establish databases and build predictive machine 

learning models using the following recommendations: 

Data 
collection 

and 
capturing

Data 
storage

Data 
cleaning

Data 
analysis

Build 
predictive 

model

Test 
model

Validate 
model
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6.3.1 Data collection and capturing 

a) Data should be collected by data capturers with a medical background.  These could be 

clinical associates, medical officers, etc.  

b) Data collection systems should be user-friendly and efficient.  The proposed design or 

outlook should be similar to a patient’s clinical file. 

c) A quality control officer should evaluate the quality of the data captured and place a 

stamp of approval for each data entry. 

d) There should be no empty fields on the data set. 

e) The data should be accessible for both clinical and research purposes. 

f) One should be able to query the database using simple code such as “filter by heart 

failure AND age<40 AND betablocker=yes."  

 

6.3.2 Data storage 

a) The data storage facility should be cloud-based 

b) It should function in the absence of electricity (off the grid) 

c) It should continuously backup data in a different platform  

d) It should store binary data and raw imaging data in pixel form 
 

6.3.3 Data cleaning 

a) Create a box plot and detect outliers when dealing with continuous features 

b) When cleaning continuous features, verify all outliers 

c) Ideally, data cleansing should occur daily or at least weekly 

d) Delimiters should be used for all continuous features.  This will assist in querying all 

data entries perceived as outliers.  

 

6.3.4 Data analysis 

a) Use both machine learning and statistical methods to analyse data 

b) Use multiple algorithms, including deep learning, for data analysis 

c) Data visualisation is critical and quantifiable parameters such as the skewness test, and 
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Shapiro-Wilk test should be used to evaluate normality in the data distribution. 

d) Histograms of each continuous feature must be plotted to assess the Gaussian 

distribution. 

 

6.3.5 Building a predictive model 

a) Models should have the capacity to learn from normal reference values. 

b) Continuously update the model after adding new data, at least bi-annually.  

c) Train algorithms using at least 60 - 70% of the dataset. 

 

6.3.6 Testing the model 

a) Model performance should be tested by calculating the true positive and true negative 

rates. 

b) An area under the receiver operating characteristic curve should be plotted for all 

models. 

c) Accuracy should also be checked, along with the F-score. 

d) A dataset that was not used to train the model should be used as test data. 

 

6.3.7 Validating the model 

a) The model should be validated using a dataset not used to train or test the model. 
b) Outcomes should be measured and compared in patients managed using risk 

calculators and standard care. 
c) Data collection should be part of the clinical workflow rather than just a tool for 

driving the research agenda. 
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6.4 Future Direction 

The field of data science is soaring, with the introduction of newer techniques such as 

quantum machine learning, federated learning, and natural language processing (Esteva et al., 

2019, Xu et al., 2021, Zeguendry et al., 2023).  With the advancements in technology and the 

increasing amount of data available, machine learning algorithms will continue to improve 

and become more sophisticated.  This will lead to more accurate predictions and better 

decision-making.  Quantum machine learning is an emerging field that has the potential to 

revolutionise the way we process and analyse data.  By leveraging the principles of quantum 

mechanics, quantum machine learning algorithms can solve complex problems that are 

beyond the capabilities of classical computers.  This technology has already shown promising 

results in areas such as drug discovery, image recognition, and financial modeling 

(Zeguendry et al., 2023).  Federated learning, which allows multiple parties to collaborate on 

machine learning without sharing their data, is one potential solution to the privacy concern 

(Xu et al., 2021).  

Natural language processing has the ability to analyse and understand human text and speech 

(Esteva et al., 2019). As machine learning continues to evolve, its impact will be felt across a 

wide range of industries.  However, as with any new technology, it is important to consider 

the ethical implications of its use and ensure that it is being developed in a responsible 

manner.  
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6.5 Conclusions 
 

I predicted all-cause mortality in hospitalised heart failure patients using six machine learning 

algorithms in this research.  The random forest algorithm had better discriminatory abilities, 

shown by the area under the curve of 0.82 and a higher accuracy score of 88% during the test 

phase. Seven unsupervised machine learning algorithms were used to cluster heart failure 

patients, and three clusters were identified, suggesting that heart failure patients could be 

phenotyped beyond the LVEF.  Overall, heart failure patients in our cohort were younger than 

their counterparts in high-income countries, and 64.3% had a LVEF less than 40%.  The 

performance of machine learning algorithms was influenced by factors such as the sample 

size, number of features, and data credibility.  In contrast to traditional statistical methods, 

machine learning algorithms identified more predictors of mortality.  Due to a small number 

of patients rehospitalised within 30 days, creating a model predicting rehospitalisation was 

not feasible.  The next phase of this project is to increase the size of the training set and 

validate model performance using new data collected from other sites.  A risk calculator 

predicting the risk of all-cause mortality will then be created using an algorithm with the best 

performance metrics. 
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Appendices 
 

A  Excluded Studies: Systematic Review of Machine Learning Models  
 

Original research studies unrelated to heart failure (n=95), studies designed for the identification 

of risk factors for heart failure (n=10), prediction of outcomes other than mortality or 

rehospitalisation (n=5), narrative review paper related to heart failure (n=10), review paper 

unrelated to heart failure (n=23), diagnosis of heart failure using an electrocardiogram (n=2), 

evaluation of response of cardiac resynchronisation therapy (n=1), heart failure validation study 

(n=1), evaluation of predictors (n=1), limited or no clinical data related to heart failure patients 

(n=8), abstract/poster only (n=14), study protocol (n=1), heart failure classification (n=5), 

cardiovascular disease classification (n=3), rehospitalisation of all conditions with no isolated 

data on heart failure patients (n=12), detection of heart failure (n=9), predicting heart failure 

(n=6), home monitoring of heart failure (n=1), distinguishing heart failure patients from normal 

subjects (n=3), tele monitoring in heart failure (n=2), regression analysis with traditional 

statistical methods only (n=12), models created with Cox proportional hazard for survival 

analysis in heart failure (n=4), Bowtie model for palliative care (n=1), study using mathematical 

formula not classified as a machine learning algorithm (n=1).  
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B Clinical Parameters Extracted From the Electronic Health Record System 
 

 

 Categorical variables Continuous variables 
Demographic data Gender, ethnicity,  international 

classification of diseases, tenth 
revision (ICD-10) code, 

Age 

Comorbidities Hypertension, diabetes mellitus, 
smoking, dyslipidaemia, family 
history of coronary artery disease, 
human immunodeficiency virus 
(HIV) and chronic kidney disease 
 

 

Clinical examination 
findings 

Lung crepitations, ascites, 
elevated jugular venous 
pressure, pedal oedema, 
displaced apex beat, 

Systolic and diastolic blood pressure 

Electrocardiography Rhythm, P wave, Q wave, 
bundle branch block, ST 
segment 

Heart rate, PR interval, QT interval 

Echocardiography  Left ventricular internal diameter at 
diastole (LVIDd), Left ventricular 
internal diameter at systole (LVIDs), 
Left ventricular ejection fraction 
(LVEF) and Left atrial size 

Diseased vessel on 
coronary angiography 

Left main artery, left anterior 
descending artery, right coronary 
artery, circumflex artery and 
diagonal artery 

 

Laboratory results  Troponin I, haemoglobin, sodium, 
potassium, urea, creatinine, 
International Normalized Ratio (INR), 
total cholesterol, low-density 
lipoprotein (LDL), high-density 
lipoprotein (HDL), glucose, glycated 
haemoglobin (HBA1c) and pro-brain 
natriuretic peptide (proBNP) 
 

Oral medication Aspirin, beta-blockers, 
furosemide, angiotensin 
converting enzyme (ACE) 
inhibitors, calcium antagonists 
and statins 

 

Outcome Mortality Length of hospital stay 
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C Predicting 30-Day All-Cause Rehospitalisation 
 

Appendix C consists of results obtained after building a model predicting 30-day all-cause 

rehospitalisation in heart failure using supervised machine learning algorithms.  The 30-day all-

cause rehospitalisation rate among patients with a left ventricular ejection fraction (LVEF) < 50% 

was 4.3%, with 34 patients admitted within 30 days and 50 patients beyond 30 days.  Patients 

readmitted within 30 days were younger, with a mean age of 48.9 ± 14.8 vs 54.9 ± 16.3, p=0.032.  

The rest of the clinical parameters did not differ significantly between patients readmitted within 

30 days, those admitted beyond 30 days, and those not admitted.  The table below shows the 

performance metrics of machine learning algorithms when predicting 30-day all-cause 

rehospitalisation.  The MLP showed an accuracy of 0.95 and 0.94 during training and testing, 

respectively.  

 

Performance metrics of supervised machine learning algorithms predicting 30-day all-cause 

rehospitalisation in heart failure patients with a left ventricular ejection fraction  

less than 50% 

Algorithm Accuracy Precision Recall f1-score 

Logistic regression (ML)     

  Training: Not rehospitalised 0.89 1.00 0.88 0.94 

                  Rehospitalised  0.24 0.95 0.39 

  Test:       Not rehospitalised 0.79 0.95 0.82 0.88 

                  Rehospitalised  0.09 0.31 0.14 

  Weighted training score  0.97 0.89 0.92 

  Weighted test score  0.91 0.79 0.84 

Support vector machines     

  Training: Not rehospitalised 0.98 0.98 1.00 0.99 
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                  Rehospitalisation  1.00 0.48 0.65 

  Test:       Not rehospitalised 0.92 0.94 0.97 0.96 

                  Rehospitalisation  0.00 0.00 0.00 

  Weighted training score  0.98 0.98 0.98 

  Weighted test score  0.89 0.92 0.90 

Extreme Gradient Boosting      

  Training:  Not rehospitalised 0.93 0.99 0.93 0.96 

                   Rehospitalisation  0.32 0.81 0.46 

  Test:        Not rehospitalised 0.90 0.97 0.93 0.95 

                   Rehospitalisation  0.27 0.46 0.34 

  Weighted training score  0.97 0.93 0.94 

  Weighted test score  0.93 0.90 0.92 

Decision Trees     

  Training: Not rehospitalised 0.90 1.00 0.90 0.95 

                   Rehospitalisation  0.28 1.00 0.44 

  Test:        Not rehospitalised 0.84 0.96 0.87 0.91 

                   Rehospitalisation  0.14 0.38 0.21 

  Weighted training score  0.97 0.90 0.93 

  Weighted test score  0.92 0.84 0.87 

ML: machine learning 
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LIST OF ABBREVIATIONS 
 

ACE   Angiotensin converting enzyme 
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EHR   Electronic Health Records 
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INTRODUCTION  

 

Heart failure is a rapidly growing public health problem that is associated with a high 

morbidity and mortality rate with as many as 37.7 million people globally suffering from this 

pandemic [1]. The European Society of Cardiology (ESC) defines heart failure as a clinical 

syndrome characterised by symptoms such as shortness of breath, persistent coughing, 

wheezing and fatigue that may be accompanied by an increased heart rate, limb oedema, 

pulmonary crackles and raised jugular venous pressure [2].  However, in the early stages of 

heart failure, symptoms may not be apparent.  

 

Heart failure is a common pathophysiological pathway for all cardiovascular diseases 

initiated by an insult or injury to the heart muscles.  The insult may be congenital or acquired 

for example, hypertension, obstructive coronary artery disease and valvular heart diseases 

[3].  Heart failure has traditionally been thought to result from impaired left ventricular 

contractile function.  However, almost half of patients with heart failure have a preserved left 

ventricular ejection fraction (HFpEF) [4]. In a meta-analysis evaluating the prognostic 

significance of HFpEF in 24 501 patients over a mean follow up period of 47 months, 2 468 

(32.1%) patients diagnosed with HFpEF died compared with 6 831 (40.6%) deaths among the 

16 813 patients with heart failure with a reduced left ventricular ejection fraction (HFrEF) 

[5].  

 

Over the past few decades, advancements in the pharmacological and non-pharmacological 

management of heart failure have occurred.  Despite these interventions, there are still a lot of 

unmet needs since a significant proportion of patients with HFrEF experience progressive 

disease and eventually mortality.  Risk prediction models have been proposed as adjuncts in 
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the management of heart failure [6]. The rationale behind the creation of risk models is to 

identify high-risk individuals who might benefit from early preventative strategies, 

aggressive therapy or closer follow up. Nonetheless, the incorporation of risk prediction 

models into most heart failure management guidelines has been rather slow.  This is partly 

because most risk prediction models have not been externally validated and the focus has 

been primarily on the creation of models with high accuracy and probability scores, rather 

than on studying the influence of risk models on decision-making and health outcomes. Risk 

models are population specific and cannot be generalizable to any population, unless if 

validated in a cohort not used to create the model.  To the best of my knowledge, there are no 

risk models predicting heart failure-related mortality or rehospitalisation created using data 

originating in Africa.  Furthermore, none of the existing risk prediction models have been 

validated in any of the African countries. 

A risk prediction model is a mathematical model used to estimate the risk of future outcomes, 

based on one or more underlying characteristics or predictors.  In some instances, 

terminology such as “score”, “tool” or “index” often replaces the term model.  Risk models 

are not only used to predict future events, but they are also used to estimate the risk of having 

a particular disease. Both traditional statistical methods and machine learning algorithms are 

used to create risk prediction models. They both employ mathematical formulas to establish a 

relationship or a pattern between variables.  However, there are slight differences in their 

methodological approach.  The primary focus with traditional statistical methods is to 

conduct inference about a sample or population parameters, whereas machine learning 

focuses on learning from data and improving the accuracy of predictions by minimizing the 

calculated error [7]. 
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Machine learning refers to the ability of a computer to analyse data and learn patterns without 

any form of explicit programming [8]. Machine learning techniques have not only gained 

interest in the commercial industry but also in the healthcare sector.  A plethora of research 

papers have been published in the application of machine learning algorithms for the 

detection and classification of heart failure, severity estimation and prediction of adverse 

events such as mortality and rehospitalisation [9-14]. There are four main types of machine 

learning algorithms, supervised, unsupervised, semi-supervised and reinforcement learning 

[15].   

 

In supervised learning, a computer is given a task of learning from a dataset with a labelled 

output or outcome. For example, an output may be represented as "heart failure" or "no heart 

failure.”  In contrast, unsupervised learning uses unlabelled datasets. A computer analyses 

data, learns patterns and subsequently clusters the variables into categories based on the 

estimated probability of each variable belonging to a particular cluster, while in 

reinforcement learning, a computer learns by trial and error, with penalty and reward scores 

awarded for inaccurate and accurate responses, respectively [16]. Semi-supervised learning 

occurs when learning takes place using a combination of labelled and unlabelled datasets. 

Some of the common supervised machine learning algorithms include decision trees, random 

forests, naïve Bayes classifier, support vector machines (SVM), k-nearest neighbors (k-NN) 

and artificial neural networks (ANN) [17].  

 

Decision trees have been labelled as the best “off-the-shelf” algorithm for prediction as they 

are among the simple algorithms that are commonly used.  A decision tree is constructed with 

a set of nodes split into three disjoint sets known as the decision, chance and terminal nodes. 

In a decision node, an action is selected from one of the two edges or sides of the node.  In a 
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chance node, a reaction is selected randomly while terminal nodes represent the end of the 

sequence in the decision problem [18].  Decisions tree algorithms are ideal for use when a 

dataset contains many observations and fewer variables [19]. Random forests can be 

perceived as an aggregate of simple decision trees, where instead of selecting all observations 

in the dataset, random samples are selected and incorporated into the model.  

 

Support vector machines classify data by placing variables in a higher-dimensional space, 

generally variables with a non-linear relationship to each other. After that, a "hyperplane” is 

created that separates the data into categories, while K- nearest neighbors use a simple integer  

“k” to classify data. For instance, if k=3, the distance between the new observation and the 

three nearest variables will be determined.  The new observation is then added to the class 

with the majority of nearest neighbors [19]. In instances where classification algorithms have 

a high error rate (weak learner), boosting algorithms are used to minimise the error rate. The 

boosting algorithm is a machine learning technique that reduces the bias and variance of the 

predictor model by transforming a set of weak classifiers, gradually boosting them into 

stronger classifiers [20]. 

 

With the increased complexity of data, deep learning algorithms such as ANN have proven to 

outperform traditional statistical methods and most of the machine learning algorithms.  Deep 

learning is becoming popular as a subtype of machine learning that is responsible for image 

and speech recognition software as well as autonomously driving cars. Deep learning is 

inspired by the structure and function of the neuron, the functional unit of the central nervous 

system. Choi et al. used recurrent neural networks (RNN), a type of ANN for the prediction 

of the initial diagnosis of heart failure. The RNN algorithm was superior to supervised 

machine learning algorithms [21]. 
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There is no consensus on the best method for the selection of predictor variables when 

creating heart failure models predicting mortality or rehospitalisation. In a meta-analysis 

evaluating factors influencing the predictive power of models for predicting mortality and/or 

heart failure hospitalisation in patients with heart failure, Ouwerkerk et al. identified 117 

models created with both traditional statistics and machine learning algorithms that predict 

mortality and hospitalisation in patients with chronic heart failure and acute decompensated 

heart failure [22]. Overall, there were 249 variables used as predictors (see appendix A). The 

most commonly used variables with the highest predictive values were blood urea nitrogen 

and sodium levels [22].  Other persistently identified predictors of mortality in patients with 

heart failure reported in the literature are age, gender, blood pressure, renal function, left 

ventricular ejection fraction and New York Heart Association functional class [14]. The 

models predicting mortality had good discriminatory powers compared to those predicting 

hospitalisation.  The most plausible explanation for such an observation is that hospitalisation 

may be associated with parameters that cannot be easily measured, such as knowledge, 

attitude, beliefs and health-seeking behaviour.   

 

The mean cost of each heart failure-related hospitalisation has been estimated to be $23 000 

(United States dollars) [23].  Early identification of individuals at risk of rehospitalisation 

will allow the implementation of strategies that prevent or reduce the frequency of 

rehospitalisation.  In a prospective study evaluating the predictors of rehospitalisation in 

patients admitted with heart failure in Nigeria, multivariable regression analysis identified 

female gender and a body mass index less than 19 kilograms per metre squared (kg/m2 ) as 

independent correlates of rehospitalisation during the 6-month follow-up period [24]. The 

mean duration of the hospital stay was ten days, and the most common reason for 

rehospitalisation was worsening heart failure symptoms, reported in 75% of the patients 
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studied. The readmission rates were lower (12%) in this study, in contrast to findings from 

the developed world with rehospitalisation rates as high as 23% [25]. The authors attributed 

lower readmission rates to a younger age in their cohort and strikingly different underlying 

causes of heart failure, compared to the population in the developed world [24]. 

 

The Seattle Heart failure  (SHF) model is one of the best performing models created using 

cox proportional hazard regression. The aim was to predict survival in heart failure. The data 

used to build the SHF model was obtained from 1125 outpatients recruited in the Prospective 

Randomized Trial of Amlodipine versus Placebo (PRAISE 1). The model was prospectively 

validated on a new cohort, comprising of 9942 participants.  Although some of the data used 

to validate the model originated from heart failure registries in Italy and the United States of 

America (USA), a more substantial fraction of the data was obtained from outpatient clinical 

trial participants. The correlation between predicted and actual survival was 97%. However, 

this model cannot be generalized to hospitalised patients or those with life-threatening 

conditions such as renal failure, since the data used to create the model was obtained from 

carefully screened trial participants without significant co-morbidities [26].  Another limiting 

factor is the major proportion of the participants (64%) with heart failure caused by 

ischaemic heart disease. In contrast, the cause of heart failure in sub-Saharan Africa is 

predominantly non-ischaemic (up to 75%), although risk factors for ischaemic heart disease 

are becoming more prevalent in sub-Saharan Africa [3]. 

 

The ability of the model to generalise accurately is reflected by its performance when 

externally validated using data from a cohort of patients not previously used to train, test or 

internally validate the model. Data from the Biology Study to Tailored Treatment in Chronic 

Heart Failure (BIOSTAT-CHF) cohort comprising of 2516 patients from 11 European 
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countries with worsening symptoms of heart failure and a left ventricular ejection fraction of 

40% or less was used to train a model to predict all-cause mortality and first heart failure-

related hospitalisation. The model used to predict events was externally validated on a cohort 

of 1 738 patients from six centres in Scotland. Model accuracy was 73%, 69% and 71% when 

predicting mortality, hospitalisation and both, respectively [27].  

 

Model overfitting and underfitting are the most common problems encountered when 

evaluating model performance. Underfitting occurs when the model fails to accurately 

classify data or make predictions using data that it was trained on.  A low accuracy score and 

a high loss identify a model that is underfitting. Overfitting occurs when a model shows high 

accuracy levels during training and low accuracy levels during validation.  Bootstrapping and 

bagging are two methods that attempt to eliminate overfitting.  Bootstrapping involves taking 

a random sample of the observations instead of selecting all observations in the dataset, while 

bagging entails randomly selecting a sample of variables [19].  

 

Some authors still argue that machine learning techniques hold modest accuracy when 

compared to traditional statistical methods and further state that most of the published studies 

failed to perform a head to head comparison of machine learning algorithms to statistical 

methods [28]. Mortazavi et al. demonstrated the efficacy of machine learning algorithms over 

conventional statistical methods in predicting heart failure readmissions. In this study, 

predictive models using Linear Regression (LR) and Poisson Regression as well as machine 

learning techniques such as random forest (RF), Boosting and support vector machine 

algorithms (SVM) were used to predict 30-day and 180-day all-cause and heart failure related 

readmission. The best performing algorithm for the prediction of 30-day all-cause 

readmission was the random forest, providing an 18% improvement over LR [29]. This study 
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shows that complex learning methods may produce comparable prediction results, thus if we 

employ recently developed advanced machine learning methods, we may see further 

improvements in the accuracy scores. My research project will facilitate precision medicine 

by risk stratification of patients with heart failure using risk calculators, such that aggressive 

therapy is initiated early and optimally in high risk patients. 

 

AIM OF THE STUDY 

The primary aim of the study is to predict all-cause in-hospital mortality in patients with 

HFrEF using supervised machine learning algorithms. 

 

STUDY OBJECTIVES 

a) To describe the baseline demographic and clinical characteristics in patients with 

heart failure. 

b) To compare supervised machine learning algorithms to traditional statistical methods 

for the prediction of all-cause mortality in heart failure patients.   

c) To create a risk model predicting hospitalisation due to any cause after initial 

hospitalisation in patients with heart failure. 

d) To externally validate the model with the best performing metrics for predicting in-

hospital mortality and the risk of hospitalisation in heart failure patients. The model 

will be validated by comparing actual and predicted risk of in-hospital mortality and 

hospitalisation after one year of follow up. 
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METHODS 

Data  

Data will be mined from discharge summaries captured in the Electronic Health Record 

(EHR) system. The study population will comprise of patients admitted in the cardiology 

wards at Charlotte Maxeke Johannesburg Academic Hospital (CMJAH) between January 

2009 and December 2018.  

 

Inclusion criteria 

The data from all patients who are 18 years and older will be included.  Patients  will be 

separated into two groups, those with and without the diagnosis of heart failure based on the 

International Classification of Disease, tenth revision; ICD-10: 2016, code I42.0 and I50. The 

diagnosis of heart failure will be verified by correlating the ICD-10 code with the clinical 

history and examination findings.  Patients with the diagnosis of heart failure will be 

subsequently categorized into two distinct groups based on the baseline resting left 

ventricular ejection fraction (less than 50% and greater or equal to 50%). 

 

Exclusion criteria 

The following patients will be excluded from the analysis: 

a) Patients without a diagnosis  

b) Patients with a terminal illness (e.g. malignancy) 

c) Patients with missing clinically significant information (e.g. LVEF) 
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Step 1: Data preparation 
a) Retrieve the data from the Electronic Health Record system in .xls (excel) format 

b) Dedicated data cleaning software, such as Tableau, will be used. 

o Duplicate entries will be removed. 

o Records that have too many blank or empty entries will be dropped or handled 

appropriately.   

 

Step 2: Identification of variables available from the EHR (feature selection): 

Please see appendix B 

 

Step 3: Building and training the model 

a) Data from heart failure patients with a LVEF<50% will be used to build the model. 

b)  Split the dataset into respective sets: training, test and validation sets: 

o training set: data from Jan 2009 to December 2016 (80%) 

o testing set: data from Jan 2009 to December 2016 (20%) 

o validation set: data from Jan 2017 to December 2018 (100%)  

c) Use the training datasets to create a predictor model using supervised machine 

learning algorithms and traditional statistical methods: 

o Logistic regression – use both statistical method and machine learning 

algorithm 

o Artificial Neural Networks 

o Support vector machine 

o Decision trees 

o Boosting  
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Step 4: Evaluate machine learning model’s performance: 

Use the test dataset to evaluate and compare different machine learning model performances 

based on the following measures: precision, recall and the F1 score. 

 

Step 5: Evaluate model created with Logistic Regression: 

The best performing model will be assessed by taking into consideration parameters such as 

the r squared value.   

 

Step 6: Validation of research findings 

a) Validate the best performing machine learning model using data that was not used to 

train or test the model (data from Jan 2017 to December 2018). 

b) Evaluate model’s performance 

 

DATA ANALYSIS 

Machine learning and statistical models will be generated with the latest version of R 

statistical software (R studio).  Logistic regression analysis  (univariable and multivariable) 

will be used to identify predictors of mortality and re-hospitalisation.  Supervised machine 

learning algorithms will be used to categorize data.   

ETHICS 

Ethics clearance has been requested from the University of the Witwatersrand’s Human 

Research Ethics Committee (medical). 
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PROBLEMS AND LIMITATIONS 

This project will suffer all problems and limitations associated with retrospective data 

analysis. I will attempt to retrieve missing data by reviewing in and out-patient medical 

records as well as other sources of patient data such as the NHLS (National Health 

Laboratory Service) website. 
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FUNDING 
 
 

 
Additional funding will be requested from the following organization: 
South African Heart Association (SA Heart) 
The Professor Bongani Mayosi Netcare Clinical Scholarship 
South African Medical Association (SAMA) 
Medical Research Council (SA) 

 Income Expenditure 

Discovery Foundation Award  
R350 000: Jan-Dec 2019 
The outstanding amount will be received in Jan 
2020. 

         800 000  

PhD registration (cost for 2020)         30 000 
HPCSA annual fee (cost for 2020)           2 700 
Tableau software           5 000 
iMac Pro 27-inch 4.2GHz 
(For handling computer science software with 
large datasets) 

        88 000 

Data cleaning and verification: Assistants (3 @ 
R 10 000 per month), retrieve hard copies, call 
patients, retrieve mortality data at the 
Department of Home Affairs 

      180 000 

 SA Heart Congress 2019: 
o Registration 
o Workshop for non-cardiologists 

  
       6 200 
          650 

ESC Congress 2020 
o Registration 
o Flights 
o Accommodation 

  
     12 000 
     17 000 
     22 400 

Heart Failure Congress 2020 
o Registration 
o Flights 
o Accommodation 

  
     10 320 
     15 000 
     13 000 

International Congress on Machine Learning and 
Application 2020 

o Registration 
o Flights 
o Accommodation 

  
 

        4 200 
       18 000 
         8 500 

Online Data Science Courses           1 600 
Stipend (Jan- Dec 2020) R40 000/month                480 000 
   
TOTAL as of April 2019                 914 570 
   
Outstanding Funding            R 564 570 
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TIMING 

 June  
2018 

July Aug Sept Oct Nov Dec Jan 
2019 

Feb Mar Apr May June July Aug 

Literature	
review	

	 	 	 	 	 	 	 	 	 	 	 	 	 	 	

Protocol	
development	

	 	 	 	 	 	 	 	 	 	 	 	 	 	 	

Protocol		
Assessment	

	 	 	 	 	 	 	 	 	 	 	 	 	 	 	

Ethics	
application	

	 	 	 	 	 	 	 	 	 	 	 	 	 	 	

Systematic	
review	

	 	 	 	 	 	 	 	 	 	 	 	 	 	 	

Data	cleaning	
and	
verification	

	 	 	 	 	 	 	 	 	 	 	 	 	 	 	

Data	analysis	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	
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 Sept Oct Nov Dec Jan 
2020 

Feb Mar Apr May June July Aug Sept Oct Nov 

Manuscript	1                

Manuscript	2                

Manuscript	3	                
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APPENDIX B

 Categorical variables Continuous variables 
Demographic data Gender, ethnicity Age 
Co-morbidities Hypertension, diabetes mellitus, smoking, dyslipidaemia, 

family history of coronary artery disease, human 
immunodeficiency virus (HIV) and chronic kidney disease 
 

 

Clinical examination 
findings 

Lung crepitations, ascites, elevated jugular venous 
pressure, pedal oedema, displaced apex beat, New York 
Heart Association (NYHA) functional class 

Systolic and diastolic blood pressure 

Electrocardiography Rhythm, P wave, Q wave, bundle branch block, ST 
segment 

Heart rate, PR interval, QT interval 

Echocardiography  Left ventricular internal diameter at diastole 
(LVIDd), Left ventricular internal diameter at 
systole (LVIDs), Left ventricular ejection 
fraction (LVEF) and Left atrial size 

Diseased vessel on coronary 
angiography 

Left main artery, left anterior descending artery, right 
coronary artery, circumflex artery and diagonal artery 

 

Laboratory results  Troponin I, haemoglobin, sodium, potassium, 
urea, creatinine, International Normalized Ratio 
(INR), total cholesterol, low-density lipoprotein 
(LDL), high-density lipoprotein (HDL), 
glucose, glycated haemoglobin (HBA1c) and 
pro-brain natriuretic peptide (proBNP) 
 

Oral medication Aspirin, beta-blockers, furosemide, angiotensin converting 
enzyme (ACE) inhibitors, calcium antagonists and statins 

 

Outcome Mortality 
Hospitalisation 

Length of hospital stay 
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