/ .
Yhsaaun

UNIVERSITY OF CAPE TOWN

Msc. DATA SCIENCE

DISSERTATION

Hospital Readmission Risk

Student Number:
MGVAMOO001

Author:

Amos Mugova

Supervisors:

Mr Sulaiman Salau

Dr Sebnem Er

Thursday 13™ June, 2024



The copyright of this thesis vests in the author. No
guotation from it or information derived from it is to be
published without full acknowledgement of the source.
The thesis is to be used for private study or non-
commercial research purposes only.

Published by the University of Cape Town (UCT) in terms
of the non-exclusive license granted to UCT by the author.



Declaration

1. I declare that this minor dissertation is my own work and has not been pre-

sented for any academic qualification or assessment at any other University.

2. I assert that I have neither permitted nor will permit the replication of my

work by others for the purpose of presenting it as their own.

3. I acknowledge and have appropriately cited all major contributions and quo-

tations from others’ work within this minor dissertation.

I hereby grant the University of Cape Town permission to copy and disseminate

this work, or any part thereof, for study and research purposes.

| Signed by candidate |

Amos Mugova

Thursday 13" June, 2024



Abstract

Hospital readmissions are a significant challenge in healthcare, as they lead to in-
creased costs, higher risk of mortality, treatment complications, and patient dis-
tress. This minor dissertation, set within the South African healthcare framework,
investigates the potential of both traditional clinical screening tools and advanced
statistical learning methods for predicting hospital readmission risk. The meth-
ods considered include the LACE score, decision trees, logistic regression, random

forests, gradient-boosting methods, and neural networks.

The study uses data from South Africa’s privately insured demographic, provided by
a private insurer. It includes a comprehensive array of patient information such as
demographics, prescribed medications, medical procedures undergone, and historical
hospital usage. Feature selection methods were used to identify relevant variables
for model training, and the effectiveness of these variables was assessed based on
their ability to differentiate between patients at risk of hospital readmission within

30 days after discharge.

The statistical learning methods’ efficacy was measured using several performance
indicators, such as prediction accuracy, F1 score, Area Under the Receiver Operating
Characteristics Curve (AUC), Area Under the Precision-Recall Curve (AUC-PR),
and the Matthews Correlation Coefficient (MCC). The study found that the neural
network model outperformed the other statistical learning methods evaluated across

various metrics.

Moreover, the research extends the range of variables used to predict hospital read-
missions beyond the traditional LACE score, incorporating critical factors such as
the frequency and costs of previous hospital visits, expenses related to specialist

services, patient age, and the primary diagnosis category.
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Chapter 1

Introduction

1.1 Context and background to the study

Healthcare is indispensable to any contemporary culture, and every country invests
substantially in their healthcare systems. According to the World Health Organi-
sation (2021), global spending on healthcare more than doubled in real terms over
the past two decades, reaching 8.5 trillion United States Dollars (USD) in 2019,
equivalent to 9.8% of the global Gross Domestic Product (GDP). Despite this high
expenditure, healthcare costs are increasing at a prohibitive rate, primarily driven by
factors such as rising readmission rates, the effects of ageing populations, population
growth, increasing numbers of people living with long-term conditions, long-term co-
morbidities, and cumulative increases in treatment and technology costs, to name
a few (Lewis et al., 2011; Hosseinzadeh et al., 2013; Stone et al., 2010; Strandberg
et al., 2011).

Hospital readmissions account for a sizable portion of healthcare spending in many
countries (Hosseinzadeh et al., 2013). In clinical terms, readmission refers to a
patient’s return to a hospital or medical facility within a set period, typically 30
days, after being discharged from an initial stay (Dreyer and Viljoen, 2019; Stone
et al., 2010). These subsequent admissions may occur at the same hospital or a

different one and could be for scheduled or emergency interventions, encompassing



both surgical and medical treatments (Stone et al., 2010).

Hospital readmissions substantially burden the healthcare system and carry warn-
ing signs of poor-quality care (Jencks et al., 2009). The World Health Organisa-
tion (2005) highlighted hospital readmissions as a significant undesirable outcome
of healthcare systems, emphasising the reduction of such occurrences as a critical
strategic goal. Many countries have since implemented policies and incentives to mit-
igate the severity of high hospital readmissions on costs and healthcare outcomes.
For example, the United States of America mandated multiple initiatives through
the Patient Protection and Affordable Care Act of 2010 (Kocher and Adashi, 2011)
and the implementation of the Hospital Readmissions Reduction Program (HRRP)

in 2012 (Mcllvennan et al., 2015), all aiming to reduce hospital readmissions.

The growth of accessible health-related data presents unprecedented opportunities
to conduct analyses to improve a patient’s health and reduce related costs. Today,
patient records and administrative data, such as surgeon and room availability, are
kept in electronic formats that allow healthcare professionals and administrative staff
to utilise decision-support systems to optimise the allocation of the limited health-
care resources to enhance patient outcomes and minimise costs (Wasylewicz and
Scheepers-Hoeks, 2019). These decision-support systems are evolving, and there is
great interest among healthcare stakeholders in applying statistical learning methods
in healthcare and developing more advanced support systems to aid in the prediction

of hospital readmission (Huang et al., 2021; Hosseinzadeh et al., 2013).

In the 2020/21 financial year, South Africa’s total private healthcare expenditure
amounted to approximately R178.04 billion (Council for Medical Schemes, 2022).
During the same period, R58.4 billion was spent on public healthcare (Depart-
ment of Health, 2022). This brings the total healthcare spending to R236.4 billion
South African Rand (R), accounting for approximately 6.76% of the country’s GDP
(Statistics South Africa, 2022). Despite this significant investment, South Africa
continues to face substantial healthcare challenges. The country is grappling with

a high prevalence of Human Immunodeficiency Virus (HIV) and Acquired Immune



Deficiency Syndrome (AIDS), along with tuberculosis and an increasing burden of
non-communicable diseases. These health issues are compounded by weak economic
growth and a scarcity of critical healthcare resources, including physicians, hospital
beds, and surgeons. Moreover, disparities between the public and private healthcare
sectors contribute to South Africa’s lagging healthcare outcomes compared to other

middle-income countries (Informa, 2019).

While applying statistical learning methods to predict and investigate significant
factors contributing to hospital readmissions is common worldwide, such research
is notably scarce in South Africa (Dreyer and Viljoen, 2019). This gap is signifi-
cant because international studies and methods are not directly transferable to the
South African context, given its unique healthcare ecosystem characterised by a
high disease burden, prevalent comorbidities, and pronounced social inequalities, as
discussed earlier. This minor dissertation presents an extensive exploration of how
statistical learning methods can be adapted to predict and identify key factors asso-
ciated with the risk of hospital readmission among the privately insured population

in South Africa.

1.2 Aims and objectives

This minor dissertation aims to:

e identify the most effective statistical learning method for predicting all-cause

30-day hospital readmissions.

e Determine the critical factors associated with hospital readmissions within the

privately insured South African population.
Objectives:
The goals of this minor dissertation are outlined as follows:

e To explore the application of conventional clinical screening and statistical

learning techniques in predicting the likelihood of hospital readmission.



e To compare the efficacy of these methods using various model performance
metrics, including the Area Under the Receiver Operating Characteristic Curve
(AUC), the Area Under the Precision-Recall Curve (AUC-PR), the Fl-score,

Precision, and Recall.

e To utilise statistical learning methods to identify critical factors associated

with hospital readmissions in the privately insured population of South Africa.



1.2.1 Layout of the minor dissertation
This minor dissertation has six chapters, organised as follows:

e Chapter 2: This section analyses various predictive models for hospital read-
missions, focusing on the evolution and application of these methodologies over

time.

e Chapter 3: Discusses the theoretical underpinnings of the statistical learning
methods for predicting hospital readmissions. This includes an exploration of

their evolution and the optimisation strategies applied to these methods.

e Chapter 4: Details the data used and summarises the data wrangling and

feature engineering processes used in this minor dissertation.

e Chapter 5: Explores applying statistical learning methods and the LACE
score to training and unseen datasets. It also identifies and summarises the
critical factors associated with hospital readmissions, as revealed by this minor

dissertation.

e Chapter 6: This section wraps up the minor dissertation by summarising
the key findings, exploring their practical implications, and proposing possible

future research in the field.



Chapter 2

Literature review

The management of increasing readmission rates is a significant challenge health-
care systems face worldwide (World Health Organisation, 2021). Often, hospitals
discharge patients as a strategy to free up beds in overburdened systems. However,
this approach can inadvertently lead to higher hospital readmission rates, especially
if the discharge is premature and not all factors are adequately considered (World
Health Organisation, 2021). While it might seem intuitive that healthcare practi-
tioners like physicians and nurses, who have personal familiarity with their patients,
would be best suited to assess the risk of readmission, there is a growing shift towards
relying on statistical learning methods (Lewis et al., 2011). This shift is grounded
in three primary theoretical reasons, suggesting that statistical learning methods
may offer a more informative alternative over traditional clinician-based methods

(Van Walraven et al., 2010; Lewis et al., 2011).

Firstly, statistical learning methods have the capacity for regular and widespread
screenings across entire patient populations, a task that is not feasible for individual
healthcare professionals. Secondly, while clinicians are limited in their ability to
predict outcomes for unfamiliar patients, statistical learning methods can incorpo-
rate a wide array of factors. This encompasses patient engagements with various
facets of the healthcare system, socio-economic factors like deprivation, and the di-

verse approaches of different hospitals, all contributing to enhanced predictions of



readmissions (Van Walraven et al., 2010; Lewis et al., 2011). Thirdly, clinicians
are naturally prone to cognitive biases, which can hinder their ability to transform

individual observations into reliable estimates for the broader population.

Various statistical learning approaches have been innovated and implemented to
precisely pinpoint patients with a high risk of readmission, underscoring the crucial
need for an advanced and adaptive support framework in healthcare administration

(Corrigan and Martin, 1992).

This chapter describes the concept of hospital readmission explored in this minor dis-
sertation and subsequently reviews the scientific literature on clinical and statistical

learning techniques for predicting hospital readmission.

2.1 Definition of hospital readmission

The concept of hospital readmissions first appeared in medical literature in Woodside
(1953). Since then, a vast corpus of literature on hospital readmissions has emerged,
discussing their prevalence, causes, associated patient and hospital characteristics,
and prevention strategies (Sheingold et al., 2016; Wiseman et al., 2019; Kansagara
et al., 2011). Readmission denotes a patient being admitted to a hospital or health-
care facility within a stipulated period after the initial admission (Hackbarth et al.,
2007). Such readmissions can take place in the same hospital or a different one and
may involve scheduled or emergency surgical or medical treatments (Stone et al.,

2010).

The literature presents varying timeframes for analysing readmissions (Heggestad
and Lilleeng, 2003). Shorter spans, such as two weeks, are also employed, and certain
readmission studies investigate considerably more extended periods, like six or twelve
months (Benbassat and Taragin, 2000). Nonetheless, a one-month (28-31-day) in-
terval post-discharge is commonly adopted (Ashton and Wray, 1996; Heggestad and
Lilleeng, 2003). The choice of shorter periods (less than a month) is preferred when

hospital readmissions serve as a predictor of the outcome of a previous hospital stay



or disease episode, necessitating the consideration of the link between care processes
and outcome measures (Ashton et al., 1997; Hammermeister et al., 1995; Benbassat
and Taragin, 2000). Conversely, selecting a more extended timeframe is associated
with an increased emphasis on the disease’s natural progression and community

factors (Heggestad, 2002).

Hospital readmissions are categorised as either all-cause or disease-specific. All-
cause readmissions are defined as any hospital readmission occurring within a spec-
ified timeframe, irrespective of the underlying disease. In contrast, disease-specific
readmissions are directly linked to the initial hospitalisation and pertain to compli-
cations, exacerbations, or sequelae related to the original illness or its treatment(Ruff
et al., 2021). Much of the research dedicated to predicting 30-day readmission risks
has historically focused on specific diseases, such as congestive heart failure (Balla
et al., 2008), cancer (Francis et al., 2015), or cases requiring emergency readmis-
sions (Sushmita et al., 2016). While these disease-specific models are undeniably
crucial, there is a growing consensus among researchers that models predicting all-
cause readmission risks, which are not limited to any particular disease condition,
are equally crucial (Kansagara et al., 2011; Wiseman et al., 2019). This minor

dissertation is dedicated to examining 30-day all-cause hospital readmissions.

2.2 Predicting hospital readmission risk

The methods for predicting hospital readmissions are diverse, ranging from straight-
forward clinical rule-based approaches to advanced statistical learning techniques.
To facilitate a structured literature review, these methods have been categorised

based on the type of model they employ:

e Clinical rule-based methods: These are straightforward, easy-to-use approaches

where predefined clinical rules guide decision-making.

e Regression-based methods: These methods use statistical regression techniques

to predict readmissions based on various factors and variables.



e Decision tree methods: These methods employ a hierarchical, tree-like decision-
making structure, where readmission predictions are made through a series of

branching choices based on specific criteria.

e Others: This category includes more complex techniques, such as neural net-
works and support vector machines, which are part of advanced statistical

learning methodologies.

The subsequent subsections will delve into the literature in greater detail, exploring
how each method has been applied and developed for predicting hospital readmis-

sions.

2.2.1 Clinical rule-based methods

The historical landscape of clinical rule-based readmission risk assessment is char-
acterised by the use of various screening techniques to predict hospital readmis-
sions. These techniques, primarily rely on a limited set of readily available clinical
data and facilitate straightforward computations (Morgan et al., 2019). Key among
these is the LACE score, an acronym for Length of stay, Acuity level of admis-
sion, Comorbidity condition, and Emergency room use (Van Walraven et al., 2010).
The mLACE score, introduced by Morgan et al. (2019), is a modification of the
LACE score that refines this assessment by including factors such as emergency de-
partment visits in the six months preceding hospital admission rather than focusing
solely on emergency room use during the current admission. Another significant
tool is the HOSPITAL score, developed by Donzé et al. (2013), which evaluates
seven variables: hemoglobin level, discharge from an oncology service, sodium level,
procedures during the index admission, type of admission, the number of admis-
sions in the past year, and length of stay. While various tools have been employed,
the LACE score has gained widespread acceptance and usage in predicting hospital
readmissions, as noted by Ben-Chetrit et al. (2012) and Van Walraven et al. (2010).
This score has been particularly valued for its efficacy and ease of application in

diverse clinical settings.

The LACE score, developed using data from 4812 patients, was further validated



on a substantial cohort of 1000000 patients, utilising records from 2004 to 2008 in
Ontario, as documented by (Van Walraven et al., 2010). To assess its predictive
accuracy, the C-statistic, or concordance statistic, was used. In its derivation set,
the LACE score achieved a C-statistic of 0.71; in the validation set, it recorded 0.69
(Van Walraven et al., 2010).

In a separate study, Dreyer and Viljoen (2019) applied the LACE score at Tygerberg
Hospital’s Department of Internal Medicine in Cape Town. Their analysis encom-
passed 11826 admissions from 1 January 2014 to 31 March 2015, during which 1242
patients were readmitted within 30 days, indicating a 10.5% readmission rate. The

study reported a C-statistic of 0.63, highlighting moderate predictive ability.

They identified the number of comorbidities as the most significant risk factor for
readmission. Other factors contributing to 30-day readmissions included hospital-
acquired infections, negative drug reactions (with a particular emphasis on warfarin

toxicity), sub-optimal discharge planning, and mistakes made by doctors.

The LACE score had to undergo practical, unavoidable changes to address its flaws.
A significant issue for healthcare providers using the LACE score is the uncertainty
of the patient’s length of stay at the time of admission, as this detail typically
becomes clear only at discharge. Calculating the length of stay at the end of the
hospital stay postpones the planning for discharge, rendering the initial method of
applying the LACE score impractical (El Morr et al., 2017). Accordingly, El Morr
et al. (2017) proposed the LACE-rt, a modified LACE score that can be used in a
real-time setting that bases the length of stay (L) on the patient’s past (rather than
current) acute care admission within the last 30 days. However, the LACE-rt score
performed worse than the original LACE score (C-statistic 0.684, 95% CI 0.679-
0.691) (EI Morr et al., 2017). The authors argued that this disparity in performance
was to be expected and is attributable to population cohort differences (El Morr
et al., 2017). The mean age in their sample was 74.29 years, compared to 61.3 years
in the Van Walraven et al. (2010) population investigated, and the LACE score is

known to perform worse in older people (Cotter et al., 2012).

10



The modified (mLACE) score is another modification aimed at improving the LACE
score’s clinical utility and international generalisability, as noted by Sarah Rimar MD
(2014). Unlike the traditional LACE score that measures severity based on whether
a patient is admitted through the emergency department, the mLACE score evalu-
ates the severity based on whether the patient is on observation or admitted as an
inpatient (Sarah Rimar MD, 2014). However, the mLACE score’s ability to predict
readmissions was found to be moderately effective, indicated by a C- statistic of

0.67.

The LACE score and its variants are easy-to-use scoring tools with high transparency
and interpretability. However, the LACE score has variable results in the literature
for predicting 30-day readmission (Cotter et al., 2012), especially in different patient
populations outside Ontario where it was initially validated (McNaughton et al.,
2013; Wong et al., 2011). In particular, Cotter et al. (2012) showed that the LACE
score is relatively poor at predicting hospital readmission in an older UK population.
The method also has low accuracy and discriminative power as noted by Wang et al.
(2014). Some researchers also believe that more complex statistical learning methods
that incorporate a broader range of predictors, including medical comorbidities and
basic demographic information, can generate more precise risk assessments compared
to the LACE score (Hammill et al., 2011; Cotter et al., 2012; Kansagara et al., 2011).

An example is the regression-based methods discussed in the next section.

2.2.2 Regression based methods

Regression methods are commonly applied in medical studies for their ability to
forecast outcomes, adjust for confounders, and assess relationships (Stoltzfus, 2011).
Logistic regression, in particular, stands out as a powerful and reliable method in
statistical analysis. It is employed to investigate how multiple independent variables
influence a binary outcome, offering insights into the distinct impact of each variable.
It was developed by Cox (1958) as a refinement of linear regression. The technique
uses a logistic function to depict the association between a single dependent binary

variable and one or more independent variables, which may be nominal, ordinal,
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interval, or ratio-level.

Logistic regression offers a significant benefit over other methods for predicting hos-
pital readmissions, such as the LACE score, by incorporating a broader range of
variables while maintaining ease of interpretation (James et al., 2013). One key
feature, the Odds Ratio (OR) derived from the model’s coefficients, provides a
straightforward way to understand the probability of readmission in comparison
to the probability of not being readmitted. This makes logistic regression not only
a versatile tool for analysis but also accessible for interpreting the impact of various
factors on readmission risks (Schober and Vetter, 2021). Moreover, unlike the LACE
score, logistic regression can readily incorporate additional independent predictors.
In the literature, it has been observed that incorporating additional variables such
as the characteristics of individual patients, the attributes of healthcare providers
including the speciality, age, experience, practice environment, and patient volume
of physicians, as well as the availability of community healthcare resources, enhances
the accuracy of models predicting hospital readmissions (Kind et al., 2014; Corrigan

and Martin, 1992; Cotter et al., 2012; Kansagara et al., 2011).

To this end, logistic regression is a widely used technique in predicting hospital read-
mission (Boulding et al., 2011; Artetxe et al., 2018). Demir et al. (2009) used logistic
regression to predict the readmission risk of Chronic Obstructive Pulmonary Disease
(COPD) patients admitted to England’s hospitals. Their study used patient-level
predictors measured over seven years, including demographics, admission events,
diagnosis codes, and length of stay (LOS). Solely using patients’ history of read-
missions, their model had a C-statistic of 0.71, demonstrating that a simple logistic
model with no covariates has the potential to estimate the risk of readmission. Their
research found an association between the number of previous readmissions and an
elevated risk of future readmission. However, their model was designed for a partic-

ular cohort and cannot be easily generalised to other patient groups.

Wennberg et al. (2006) also developed a logistic regression model aimed at identify-

ing patients with a high risk of hospital readmission in England. Their study used
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demographic, medical, pharmaceutical, and psychological predictors from data col-
lected over five years and established that the key predictors for hospital readmission
included age, sex, ethnicity, number of previous admissions, and clinical condition.

Their model had a ROC statistic of 0.685 (Wennberg et al., 2006).

Complementing the findings of Wennberg et al. (2006) is the work of Billings et al.
(2013), who used multivariate logistic regression models to identify patients at risk
of hospital admission. Additionally, they explored the effects of incorporating data
from various sources, including hospital inpatient and outpatient services, as well
as electronic medical records from general practitioners (GPs). The results indicate
that including more predictors enhanced the predictive capability of the model.
Specifically, the ROC statistic rose from 0.731 in the basic model to 0.780 in the
comprehensive model after the introduction of additional variables. Despite this
improvement, the model’s true positive rate (sensitivity) remained quite low. Billings
et al. (2013) also pointed out the shortcomings of the data utilised in their research,
emphasising that high-risk patients frequently possess critical attributes related to
care requirements and capacity that administrative data fail to capture (Zhu et al.,

2015).

Howell et al. (2009) investigated the use of a multivariate logistic regression model to
forecast hospital readmissions among patients with chronic conditions like congestive
heart failure, chronic obstructive pulmonary disease, diabetes, or dementia, drawing
on data from Queensland Hospital in Australia. The research identified multiple
variables such as age, comorbidities, socio-economic challenges, and the count of
prior hospitalisations as significant predictors of readmission Howell et al. (2009).
The model demonstrated moderate predictive accuracy, with the area under the

receiver operating characteristic curve reported at 0.65 (Howell et al., 2009).

Logistic regression-based models are ineffective for modelling the nonlinear relation-
ships found in medical data (Schober and Vetter, 2021). They also rely on stringent

underlying assumptions (Stoltzfus, 2011) such as:
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e Logistic regression presupposes a linear connection in the logit for continuous
independent variables, such as age, implying that there should be a straight-

forward relationship between these variables and the logit-transformed results.

e Logistic regression requires absence of multicollinearity, or redundancy, among
independent variables. This means that the independent variables should not

be too highly correlated with each other.

e Lastly, logistic regression usually demands a substantial sample size. A com-
mon rule of thumb is to have at least 10 instances of the least common outcome

per independent variable included in the model.

As a consequence, when compared to other statistical learning methods such as
decision trees and random forests, they tend to have low prediction accuracy when
applied to hospital administrative data (Zhu et al., 2015). Several statistical learning
methods have been used to improve our understanding of the predictors of readmis-
sion. These include Random forest, Gradient boosting machine (GBM), Extreme
gradient boosting (XGBoost), and support vector machine, which are discussed in

the sections that follow (Darabi et al., 2021).

2.2.3 Decision tree

Decision trees have gained popularity as a statistical learning method for predicting
hospital readmissions (Demir et al., 2009). These models, which are non-parametric,
predict an outcome variable based on independent variables, regardless of whether
these variables are continuous, discrete, or categorical (Cox, 1958). Introduced in the
early 1980s, decision trees offered an advantage over logistic regression by enabling
the learning of non-linear decision boundaries effectively (Cox, 1958). Furthermore,
decision trees eliminate the need for a predefined parametric relationship between
predictor variables and the predicted outcome, a requirement often necessary in

logistic regression methods (James et al., 2013; Austin, 2007).

To this end, decision trees are one of the most utilised techniques in medical and

healthcare applications. Demir et al. (2009) used decision trees to predict emer-
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gency readmissions of 963 patients with chronic obstructive pulmonary disease and
asthma. In their study, the predictor variables included medical comorbidities, pre-
vious utilisation of medical services, patient demographics, and socio-demographic
and social determinants. They divided their data into derivation and validation
samples. Classification trees and logistic regression models were fitted using data in
the derivation sample, and predictive accuracy was evaluated using the validation
sample by means of the area under the receiver operating characteristic (AUROC)
curve (Harrell et al., 2001). In this context, AUCROC is defined as the proportion
of times the model accurately discriminates between readmitted and non-readmitted

patients.

Table 2.1 below presents the mean area under the ROC curve for each model in
both the derivation and validation samples from the study conducted by Demir
et al. (2009). The results demonstrate that both the decision tree model and logistic
regression possess good discriminative abilities. Specifically, the decision tree model
achieved a mean ROC curve area of 0.948 in the derivation samples, which slightly
decreased to 0.924 in the validation samples, representing a minimal decrease of
0.024. Meanwhile, the logistic regression model attained a mean ROC curve area of

0.928 in the validation sample, as reported by Demir et al. (2009).

Receiver Operating Characteristic (ROC) Area:
Model Training sample (%) | Validation sample (%)
Decision tree 94.8 924
Logistic regression 97.7 92.8

Table 2.1: Findings from the study carried out by Demir et al. (2009)

Their research also reveals that factors associated with previous medical service us-
age, including the length of hospital stay and past readmission history, are significant
predictors of hospital readmission. The findings indicate a 90% likelihood of read-
mission for patients whose prior hospital stays (both emergency and non-emergency)
exceeded half a day and who had experienced two or more emergency admissions

within the preceding 90 days.
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James et al. (2013) argued that decision trees more closely mirror human decision-
making processes compared to logistic regression. The outcomes of decision trees
can be visually represented as decision rules. This graphical representation makes
them more intuitive and easier to comprehend in a clinical setting than the outcomes
derived from many other statistical methods (Garzotto et al., 2005; Demir et al.,

2009).

However, one significant limitation of decision trees is their dependency on the sam-
ple; a slight variation in sample size can notably affect the model’s outcome, as
noted by James et al. (2013). Additionally, decision trees often do not achieve the
same level of predictive accuracy as some other classification methods, such as ran-
dom forest. Despite this, their predictive performance can be substantially improved
through the use of ensemble techniques like bagging, random forests, and boosting,
which aggregate multiple decision trees. These ensemble methods are discussed in

the subsequent section.

2.3 Ensemble methods

Ensemble methods aim to improve the accuracy of results by combining multiple
models instead of using a single model (James et al., 2013; Harrell et al., 2001).
Ensemble methods can be divided into two types based on their structure: parallel

and sequential, as displayed in Figure 2.1 below (Xia et al., 2017).
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Figure 2.1: Parallel ensemble and sequential ensemble (Xia et al., 2017)

The parallel ensemble structure integrates various learning algorithms, each inde-
pendently generating a model in parallel. This approach allows for combining diverse
predictive strengths and weaknesses of different models. In contrast, the sequential
ensemble method involves sequentially feeding the output of one model into the next,
refining predictions at each step until an outcome is achieved. Both the Random
Forest and Gradient Boosting Machine discussed below, employ these ensemble tech-
niques. Random Forest is an example of a parallel ensemble method while Gradient

Boosting Machine is a sequential ensemble method.

2.3.1 Random Forest

As noted earlier, one issue with decision trees is their relative instability (James
et al., 2013). This means that even a slight change in the data can lead to a sig-
nificantly different decision tree. A solution to this problem is to use ensemble
learning methods such as Random Forests. Random Forests mitigate instability by
constructing multiple decision trees and aggregating their results. Random forest
was first introduced in 2001 by Breiman (2001) and is based on the CART algorithm
(Breiman and Friedman, 1984) and the bagging ensemble method (Leo, 1996). The
random forest algorithm constructs each tree using a random sample of the obser-

vation and feature space from the original dataset. This random sampling means

17



that each tree in the forest is different because it is trained using a different portion
of the data and has the effect of correcting the tendency of individual regression
trees to overfit the training data (Breiman, 2001). Unlike conventional decision tree
models, a random subset of all the predictors identifies the best classifier at each

node (Liaw and Wiener, 2002).

Random forests have been widely used in the healthcare literature to predict hos-
pital readmissions. Zhu et al. (2015) compared the performance of a random forest
algorithm, neural network model, support vector machine (SVM), non-linear SVM,
Cox regression and LACE score in predicting 30-day hospital readmission. Their
model used patient characteristics, such as age and drug risk, from the general U.S.
population sample data. The results of Zhu et al. (2015)’s research are provided in
Table 2.2 and show that the random forest model outperformed logistic regression

and ranked second with high accuracy (74.4%) and sensitivity (87.4%).

Model Accuracy (%) | Sensitivity (%) | Specificity (%)
LACE scores 43.5 51.8 21.8
RBFNN 54.6 56.1 49.3
Logistic regression 57.9 60.5 49.3
Random forest 74.4 87.4 30.7
PSO-SVM with RBF 78.4 97.3 8.6

Table 2.2:  Findings from Zhu et al. (2015)’s study

Random forests are one of the most accurate learning algorithms available and can
handle missing observations efficiently (Hastie et al., 2009). However, the main
disadvantage of random forests is that they tend to overfit some datasets with noisy
classification problems. Furthermore, random forests are likely to perform poorly
when the number of variables is large, but the fraction of relevant variables is small
(Hastie et al., 2009). At each split, the chance may be low for the relevant variables to
be selected, making the variable importance scores from the random forest unreliable

(Hastie et al., 2009).
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2.3.2 Gradient Boosting Machine

The Gradient Boosting Machine (GBM) is a powerful method for enhancing deci-
sion tree predictions, applicable to a broad spectrum of statistical learning tasks,
including regression and classification (James et al., 2013). In contrast to the paral-
lel model construction of random forests, GBM adopts a sequential strategy, where
each subsequent tree is developed based on the residuals or errors of the preceding
trees (James et al., 2013; Hastie et al., 2009). This method, known as boosting, does
not adjust sample weights but instead fits each new tree to the residual errors made
by the previous trees (James et al., 2013). Specifically, samples that were incorrectly
predicted by prior trees have their errors used to train the next tree, effectively giv-
ing those samples more focus in subsequent iterations. The final model aggregates
the predictions of all individual trees by summing their outputs, rather than using
a weighted voting mechanism, thereby improving prediction accuracy and model

robustness (Freund et al., 1996).

Sushmita et al. (2016) evaluated five statistical learning methods for predicting
30-day hospital readmission using data from the Nationwide Readmission Database.
Their study compared the Gradient Boosting Machine (GBM), LACE, Support Vec-
tor Machines (SVM), Decision Trees, Random Forest, and Logistic Regression. Table
2.3 shows that the results from their study indicate that the Gradient Boosting Ma-
chine is one of the best methods, with a sensitivity of 90.43%, specificity of 18.24%,

and precision of 29%.

The benefits of GBMs include improved predictive accuracy, the ability to work with
categorical and numerical values, and their ability to manage missing data without
requiring imputation (James et al., 2013). However, GBMs may overfit the training
data, necessitating additional methods such as cross-validation. GBM results are
also less interpretable, although this is easily addressed with various tools such as
variable importance and partial dependence plots, among others (James et al., 2013;

Hastie et al., 2009).
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Algorithm Sensitivity (%) | Specificity (%) | Precision (%)
LACE 76.42 38.95 31.63
SVM 98.11 1.84 26.98
Decision Trees 94.07 9.04 27.65
Random Forest 84.76 25.60 29.63
Logistic Regression 92.47 13.24 28.26
GBM 90.43 18.24 29.02

Table 2.3: Performance comparison of different statistical learning methods for pre-
dicting 30-day hospital readmission. The results are based on a study conducted by

Sushmita et al. (2016).

2.3.3 Other statistical learning methods used for predicting

hospital readmission

A review conducted by Huang et al. (2021) focused on predictive models of hospi-
tal readmission that specifically use statistical learning methods and are based on
all types of databases across different healthcare settings in the United States of
America. The objective of Huang et al. (2021)’s scoping review was to synthesise
the current literature on the types of statistical learning methods used in predicting
hospital readmissions in the United States of America. Furthermore, their review
provides a comparative analysis of predictive performance, specifically in terms of
the Area Under the Curve (AUC), across all statistical learning methods used for
hospital readmission prediction, and the findings of their study are concisely illus-

trated in Figure 2.2 below.
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Figure 2.2: The results of Huang et al. (2021)’s review

Their research showed that statistical learning methods like support vector ma-
chines, regularised logistic regression, neural networks, and tree-based algorithms
are often employed to forecast hospital readmissions in the United States of Amer-
ica. Their analysis, which encompassed 43 studies, found that regularised logistic
regression (28%), neural networks (33%), tree-based methods (53%), and support
vector machines (23%) were the algorithms most frequently implemented. Notably,
a significant proportion of these studies (65%) reported AUC values exceeding 0.70.
However, the studies also demonstrated considerable variation in AUC values, with
a median of 0.68, an interquartile range (IQR) of 0.64 to 0.76, and an overall range
of 0.50 to 0.90 (Huang et al., 2021).

2.3.4 Summary of statistical learning methods

The review of the aforementioned published studies indicates that statistical learning
models outperform both threshold models and clinician knowledge in identifying

patients at risk of future readmission. However, the literature does not establish
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a consensus on the superiority of any specific statistical learning technique. Demir
et al. (2009) suggested that this absence of consensus could be attributed to the
diverse definitions of hospital readmission present in the literature. Furthermore,
the model’s intended purpose is an essential factor to consider when assessing the
relative accuracy of these techniques. The majority of studies that aim to accurately
predict the 30-day risk of readmission mainly focus on specific disease cohorts, such
as patients with congestive heart failure (Balla et al., 2008), cancer (Francis et al.,
2015), or emergency readmissions (Sushmita et al., 2016). While these disease-
specific models are beneficial, there is considerable value in developing all-cause

readmission risk models that are not limited to specific conditions.

The literature also indicates that the accuracy of readmission prediction heavily
depends on the predictors used. The following section will explore these predictors

in more detail.

2.4 Factors associated with hospital readmission

Extensive research has been conducted on the factors influencing hospital readmis-
sion, with studies highlighting the importance of the chosen factors in the accuracy of
readmission prediction models (Anderson and Steinberg, 1984; Holloway et al., 1988;
Kansagara et al., 2011; Cotter et al., 2012; Kind et al., 2014). These factors range
from patient-specific clinical and resource utilisation characteristics to sociodemo-
graphic data such as age, gender, marital status, and educational attainment (Curry
et al., 2005). Additionally, the variables related to healthcare providers, including
variables like physician specialisation, experience, practice setting, and the availabil-
ity of healthcare resources, have been examined (Holloway et al., 1988). However,
there remains a debate in the literature regarding which factors are most predictive
of hospital readmission. The following subsections delve into the literature review

of these factors.
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2.4.1 Socio-demographic data

Most studies concur that demographic characteristics in isolation do not exert a
significant predictive impact on hospital readmissions (Curry et al., 2005). Never-
theless, several studies have identified that specific demographic attributes exhibit a
more significant predictive capacity than others (Holloway et al., 1988). For exam-
ple, the research conducted by Holloway et al. (1988) revealed a positive correlation
between age and the probability of hospital readmission. This relationship per-
sists until the age of sixty-five. Beyond this age, the association between age and
readmission rates diminishes. Gender differences in readmission rates have been ob-
served, particularly in studies with shorter follow-up periods. These studies indicate
that males have higher readmission rates, although this discrepancy diminishes and
becomes statistically insignificant in studies with longer follow-up durations (Ander-
son and Steinberg, 1984; Graham and Livesley, 1983). The role of marital status,
especially living alone, in predicting readmission risk has yielded inconsistent find-
ings across various studies. Some research suggests a link between living alone and
higher readmission risk, while other studies do not support this association (Curry
et al., 2005; Holloway et al., 1988). This variability underscores the complexity of
predicting hospital readmissions and the multifactorial nature of the underlying risk

factors.

2.4.2 Prior utilisation data

Including the prior cost and medical service utilisation data has been shown to signif-
icantly enhance the predictive accuracy of readmission models (Curry et al., 2005).
A study conducted by van Barneveld et al. (1997) demonstrate that incorporating a
year’s prior utilisation data can increase the explained variance from as little as 3%
with solely socio-demographic data to approximately 26%. This underlines the value

of considering inpatient and outpatient utilisation data in predicting readmission.
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2.4.3 Diagnostic data

Diagnostic data also plays a critical role in readmission rates, with distinct patterns
observed in medical versus surgical admissions (Corrigan and Martin, 1992; Curry
et al., 2005; Tsai et al., 2014). Surgical site infections, for instance, are a signifi-
cant predictor of readmission in surgical cases (Snyders et al., 2020). The presence
of chronic diseases and the need for multiple surgical procedures also elevate read-
mission risks, alongside factors like poor health status and physical impairments

(Kansagara et al., 2011; Holloway et al., 1988).

2.4.4 Clinical and Pharmacy data

Despite the acknowledged predictive significance of pharmaceutical data in statis-
tical learning models for forecasting hospital readmissions, this type of data is of-
ten underutilised in current research and clinical practice (Corrigan and Martin,
1992). The underrepresentation of pharmaceutical data in these models is notewor-
thy, especially considering the substantial evidence linking certain medications to
heightened readmission rates. Specifically, medications such as steroids, narcotics,
anticholinergics, and antibiotics have been identified as strong predictors of increased

readmission risks (Kansagara et al., 2011).

The underutilisation of pharmaceutical data in predictive models may be due to
various factors, including the complexity of integrating medication data into exist-
ing models, data privacy concerns, and the dynamic nature of patients’ medication
regimens (Corrigan and Martin, 1992). Additionally, the potential interactions be-
tween multiple medications, known as polypharmacy, further complicate the predic-
tive analysis. This complexity suggests that more comprehensive and sophisticated
models are needed to incorporate pharmaceutical data accurately (Corrigan and

Martin, 1992).

Moreover, the incorporation of pharmaceutical data into predictive models not only
enhances the accuracy of readmission predictions but also provides a more holistic

view of patient health and risk factors (Kansagara et al., 2011). Understanding
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the impact of specific medications on readmission rates can inform clinical decision-
making and targeted interventions to reduce these risks. For instance, closer mon-
itoring and follow-up for patients prescribed high-risk medications could be imple-

mented to mitigate the likelihood of readmission.

Overall, integrating pharmaceutical data into statistical learning models represents
a significant opportunity for improving the accuracy and utility of hospital read-
mission predictions. This approach necessitates a multidisciplinary effort involving
collaboration between clinicians, pharmacists, data scientists, and healthcare ad-
ministrators to effectively harness the potential of pharmaceutical data in reducing

hospital readmissions.

2.4.5 Summary of factors used in predicting readmissions

The literature on hospital readmissions presents a complex and diverse set of factors
influencing patient readmissions, highlighting the challenges in accurately predicting
these events. A critical insight from this extensive literature review is that there is a
need for prediction models to incorporate a wide range of factors, from patient char-
acteristics to healthcare data, so as to identify individuals at high risk of readmission

better and effectively.

Studies consistently show that a patient