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Chapter 1

Introduction

Hiding within those mounds of data is

knowledge that could change the life

of a patient, or change the world.

Atul Butte

Stanford University

Transplantation remains the best, and often only, treatment for patients with severe

kidney, liver, heart and lung disease, but there is a great shortage of organs available for

transplantation in the UK and around the world. Deceased donor donation rates in the

UK have increased by 75% (NHSBT 2018) in the last decade, and this has largely been

due to an increase in the use of organs from donation after circulatory death donors

(DCD). DCD donors are typically patients who have suffered a catastrophic injury and

are managed in the intensive care unit, but who do not fulfil the criteria for brain-

death (Andrews et al. 2014) and so cannot become heart-beating, donation after brain

death donors (DBD). Organ recovery in DCD donors may only proceed following the

withdrawal of life-supporting treatment and confirmation of death following circulatory

arrest. This process is notoriously difficult to predict, and around a third of potential

DCD donors do not proceed to organ donation following the withdrawal of treatment.

The unpredictability of the withdrawal period has important clinical implications. Firstly,

at present a full organ recovery team, including at least two surgeons, a scrub nurse,

a perfusionist and a specialist nurse for organ donation are deployed away from their

base hospitals to wait for the donor’s circulatory arrest, which prevents them from at-

tending other donors, and performing transplants. On the other hand, donors are scarce

and so there is a great cost associated with missing donors when the retrieval teams

return to their base hospitals. This uncertainty has led to an active area of research,

where predictive models are being used to predict the time of asystole or death time of

DCD donors (de Groot et al. 2012, Suntharalingam et al. 2009, Wind et al. 2012, Davila

3



4 Chapter 1 Introduction

et al. 2012, Kotsopoulos et al. 2018, Rabinstein et al. 2012). If a model were able to

accurately predict these outcomes, clinicians would be able to allocate resources much

more effectively. However, the expense of an incorrect prediction is extremely costly.

For this reason, authors have stated for a predictive model to be useful in practice, an

improvement in predictive ability is required compared to what has been achieved up to

now (Pugin et al. 2017).

The increased tendency in practice of collecting data such that a set of patient recordings

are gathered over time while simultaneously monitoring survival status has resulted in a

wealth of research in the biostatistics community relating to the field of joint modelling.

By combining longitudinal and survival data in a single model, one is able to take

advantage of the rich nature of longitudinal data when performing prediction. Joint

modelling offers the ability to dynamically predict survival probabilities throughout the

period that the longitudinal recordings are taken. This methodology complements the

current trend in medical research towards personalised medicine, and the spread of this

methodology’s application to novel clinical challenges is still in its infancy.

Restrictive protocols are in place in the UK, and mostly worldwide, that prohibit organ

retrieval from proceeding for DCD donors when the duration of the treatment with-

drawal period is prolonged. A prolonged withdrawal is thought to detriment the quality

of the organs as they become starved of adequate oxygenation. However, clinical studies

(Bradley et al. 2013) have criticised the relevance of the duration’s impact on recipient

transplant outcome and claim that the behaviour of the physiological profiles through-

out this vital period play a more important role. The little evidence to support this

conjecture provides scope for this research. If it can be proven that the duration itself

is not associated with recipient transplant outcome, it may be possible to increase the

conversion rate of potential to actual donors by relaxing restrictive protocols, which

could ultimately increase the number of successful transplants.

Addressing these clinical problems through analysis poses many interesting statistical

challenges that are discussed throughout this work. First, transplant data is rarely

gathered by clinicians according to a well designed experiment, which has strong impli-

cations. In this case it is not always possibly to rely on the strict assumptions made by

conventional methods of analysis. The retrospective analysis of observational data often

requires flexibility, which comes at the cost of interpretability. Moreover, the temporal

nature of the physiological profiles is strongly associated with the survival process of the

donor (as the donor must be alive for taking readings to make sense), which raises the

concern of informative missingness. In this work we discuss various use cases for the

joint model, that is elegantly able to cope with various complications that are present

in this work.
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The joint model is employed in this work to dynamically predict survival probabilities

of DCD donors in the treatment withdrawal to death period based on multiple physi-

ological variables and also various demographic variables. We also investigate whether

the joint model can be used in a two-stage approach, to extract important information

from the trajectories of physiological variables throughout the withdrawal phase, to see

how characteristics of interest are related to short-term transplant outcome. Stage two

of the considered approach involves using the summaries of the physiological variable

characteristics derived from the joint model as covariates in another regression model

whose response relates to transplant outcome.

The main objectives of this work are now defined. We seek to apply sophisticated

methodology to derive statistical models to predict DCD donor event times in the treat-

ment withdrawal period. We also aim to improve our understanding of how charac-

teristics of the treatment withdrawal phase are associated with short-term transplant

outcomes based on the motivating datasets that are described in Section 1.1. The

secondary aim of this work is to benchmark various predictive modelling methods to

predict recipient transplant outcome while simultaneously gaining insight into the pre-

dictive structure of the data (by ranking the importance of variables used to train the

models). We thereby aim to determine whether these methods are likely to be useful for

the NHSBT in future related applications.

1.1 The Motivating Data

We begin by introducing the main dataset, which is referred to throughout this thesis

as the novel dataset. This dataset is analysed in Chapters 4 and 5, where Chapter 4 is

only concerned with the donor data and the latter relates to both donors and recipients.

The novel dataset has been given its name to highlight the novelty arising from having

access to trajectories of physiological variables, making this analysis to the best of our

knowledge the only one of its kind.

The novel dataset consists of 227 controlled DCD organ donors from January 2013 to

April 2015. 146 of these patients for which we have data were kidney donors. 113 of

these patients donated both kidneys and 33 donated a single one. A categorical response

variable delayed graft function (DGF) is available for 215 of the 259 kidney recipients

that correspond to the donors just described (as 44 were missing). This variable’s

categories consist of: immediate function, delayed function, and primary non-function;

which we dichotomise to represent an immediately or non immediately functioning graft.

A delayed graft function indicates that the recipient had to return to dialysis within one

week of transplant (which corresponds to a negative transplant outcome). An event

time variable (relating to time in minutes until either death or censoring) is available

with a corresponding censoring indicator. As only 22 of the 257 subjects incurred an
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event (91.5% censoring), we are likely to be limited in our ability to detect a significant

association should it be present when using this response variable. For this reason, it is

more appropriate to consider the response DGF, which has a 67% success rate.

We also have access to repeated measures of various donor physiological variables taken

throughout the treatment withdrawal to death phase. These physiological variables

include: systolic blood pressure (SBP), diastolic blood pressure (DBP), mean arterial

pressure (MAP), heart rate (HR), oxygen saturation (O2) and respiration rate (Resp).

Although longitudinal data of this type can provide a rich insight into the nature of the

problem at hand, analysis of temporal data such as this is complex and must be handled

with care. As this is an observational study, the repeated measures were not recorded

according to a pre-specified experimental design and are thought to be taken at random

intervals. We are therefore faced with highly unequally spaced and unbalanced data,

which our chosen statistical methods must be able to deal with. Specifically, there is a

minimum of 2, mean of 12 and maximum of 52 repeated measures. The measurement

times are highly skewed ranging between 0 and 406 minutes, with a median of 25 and

an interquartile range of 9 to 70 minutes.

Various potentially confounding variables are present with regards to both the donor and

recipient including: age, gender, blood group, ethnicity, height and weight. Potential

confounding variables unique to recipients include: was the recipient on dialysis at

time of transplant, transplant centre and primary renal disease. Cause of death is the

only potentially confounding variable unique to the donor, consisting of the categories:

road traffic accident, cerebrovascular accident, other trauma and miscellaneous. Cold

ischaemic time (CIT) is the only potentially confounding variable available relating to

the graft.

In Chapter 3 a more standard NHSBT data extract is analysed (which avoids hierarchical

complications arising from repeated measures of physiological variables), for this reason

we hereby refer to this data as the NHSBT dataset. These data correspond to all DCD

donors that proceeded in the UK between 1 April 2010 and 31 March 2015 (extracted

from the UK transplant registry on 3 August 2015). In particular, there are 1906 kidney

recipients that correspond to 1120 DCD donors. 825 donated both kidneys and 256

donated a single kidney.

The NHSBT dataset has 14 baseline characteristic variables in total, seven relating

to donors and seven relating to recipients (age, gender, blood group, cause of death,

ethnicity, height and weight). Eight variables correspond to the surgery process at the

donor level (time from treatment withdrawal to death, surgery time, time until blood

pressure drops to 70, 60 and 50mmHg; time until oxygen saturation drops to 90, 80,

70%). Other variables at the recipient level include primary renal disease, whether the

recipient was on dialysis at the time of transplant, CIT (in minutes) and which of the 24

transplant centres they had attended. Three response variables relating to short term
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transplant outcomes are present (a binary indicator representing DGF, survival time in

days and a censoring indicator).

Table A.1, provided in the appendix, displays the variable code names with the corre-

sponding data types and descriptions for the variables that are present in the NHSBT

dataset. The variable code names are referred to throughout this thesis interchangeably

with the written name (for example, dage and donor age are the same). It can be seen

that there are many variables in common in the two different datasets described in this

section. The same variable code names are referred to for variables in the other dataset,

as the variable description is the same for the variables in common.

1.2 Outline of Thesis

In Chapter 2 we discuss the relevant background information relating to both the clin-

ical and methodological sides of the project. We begin by describing end stage renal

disease, the transplantation process, types of kidney donors, and the relevance of the

treatment withdrawal to death (also referred to as the agonal) phase. Chapter 2 then

proceeds by providing the methodological background, beginning by making the clear

distinction between explanatory and predictive modelling. Relevant statistical learning

theory is then covered, which is particularly relevant for benchmarking machine learning

methods in Chapter 3. Chapter 2 concludes with a discussion relating to missing data

in longitudinal studies and its relation to the joint modelling framework, where the joint

model is introduced.

In Chapter 3 we introduce various machine learning methods (adaptive boosting, ex-

treme gradient boosting, random forests and conditional random forests). A simulation

study is then performed to assess the ability of these methods to rank the importance of

predictor variables based on various importance metrics when faced with data compli-

cations present in the motivating dataset (such as multicollinearity, variables with many

categories and a hierarchical structure). The NHSBT dataset is then analysed using the

methods introduced, and their performance is benchmarked against random intercept

logistic regression. Finally, we propose the use of various methods of visualisation that

can be used when multiple imputation is performed.

The multivariate Bayesian joint model (MBJM) is introduced in chapter 4 and extensions

that are relevant in our application are described. In particular, we discuss the handling

of multiple longitudinal covariates, allowing a more elaborate parametrisation of the

longitudinal covariates in the joint model (allowing the hazard to depend on functions

of the current biomarker value, such as the current gradient) and also relaxing the

assumption of a constant association between the (possible function of the) biomarker

value and the risk of event over time. We formally describe how the joint model can

be used to perform dynamic prediction and explain measures of discrimination and
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calibration that account for the dynamic nature of the problem at hand. Finally, we

conduct the analysis and apply the discussed methods to the novel dataset to predict

DCD donor event times in the treatment withdrawal period.

In Chapter 5 a two-stage approach for deriving summaries of characteristics of the phys-

iological variables in the treatment withdrawal period that are in turn used as covariates

in another regression model to predict recipient transplant outcome is investigated. A

simulation study is conducted to study how inferential properties of this approach com-

pare to those of the alternative two-stage approach using a linear mixed effects model

(LMEM) instead of the joint model. We also investigate how both of these approaches

compare to simply using functions of the observed physiological trajectories, which we

expect to suffer from bias resulting from measurement error. The novel dataset is then

formally analysed and the model derived to improve our understanding of how charac-

teristics of the treatment withdrawal period relate to recipient outcome is interpreted.

This thesis concludes with a final discussion in Chapter 6, where final conclusions are

drawn, assumptions and limitations are discussed and potential scope for future work is

outlined.



Chapter 2

Background

Throughout this chapter relevant background information is provided from both the

clinical and methodological perspectives of the problem at hand. In Section 2.1, the

clinical setting is introduced and relevant concepts that are necessary for understanding

the clinical aspects of this work are covered. In particular, end-stage renal disease

(ESRD) is explained and the various types of organ donors are discussed. Details of the

organ transplantation process for DCD donors are given.

In Section 2.2, many of the methods of analysis employed throughout this thesis are

introduced. We distinguish between algorithmic and explanatory modelling, and con-

sider when the use of either approach is appropriate. We then delve into more formally

defining theoretical concepts in the statistical learning theory section (Section 2.2.2).

Once the statistical learning theoretical concepts have been discussed, this chapter draws

focus to topics of fundamental importance in Chapters 4 and 5. In particular, Section

2.2.4 covers the challenging problem of missing data in longitudinal studies, with a

focus on missingness that arises as a result of longitudinal variables that constitute

endogenous time-dependent covariates (endogenous meaning that the occurrence of an

event, such as a patient dying, causes the remaining follow up readings to be missing).

As a joint modelling approach is employed in this work to address this issue (note that

this approach does not involve imputing missing values, but rather inference is performed

once a model is explicitly specified and incorporated into the likelihood function for the

missingness process), the following Section (2.2.5) gives a natural introduction to the

joint model for longitudinal and time-to-event data. These sections are necessary to

understand the connection between joint modelling and the missing data framework,

which is explained in detail in Section 2.2.5.1. This chapter concludes with Section

2.2.5.2, which discusses the different scenarios that a joint modelling approach could be

beneficial.

9
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2.1 Clinical Background

2.1.1 End Stage Renal Disease

ESRD is also known as kidney (renal) failure, which is a life-threatening condition where

patients’ kidneys fail to function normally. It is the final stage of Chronic Kidney Disease

(CKD), which involves a gradual worsening of the kidneys’ ability to function. Patients

that have ESRD require either dialysis or a kidney transplant in order to survive.

Dialysis is a process that involves the use of a machine to remove waste products from

the blood. It effectively carries out the required function of the failing kidney. Depend-

ing on the type of dialysis, patients undergo treatment between seven hours and eighteen

hours per week. Patients often suffer from various side effects (such as vomiting, nausea,

cramps and light-headedness) and are at risk of developing potentially fatal complica-

tions such as sepsis. Given the lengthy nature of the treatment the quality of life of

patients may be substantially compromised. Moreover, patients on dialysis in general

have a reduced chance of survival compared to those that undergo the alternative treat-

ment of a kidney transplant. This is due to the fact that dialysis can only partially

compensate for the loss of kidney function.

A kidney transplant is the most effective treatment for patients that have ESRD. The

kidney transplantation process is complex and involves allocating the donated kidneys

to recipients deemed to be the most suitable, while knowing that due to the scarcity

of kidneys available, many patients will die from ESRD while on the waiting list. For

this reason, much of the research that is discussed in the literature that we review has

focused on expanding the pool of available kidneys, which has led to the acceptance of

various types of donors, some of whom have an inherent higher risk of transplant failure.

2.1.2 Types of Kidney Donors

The flowchart in Figure 2.1 displays the total number of kidney transplants in the UK

for the year beginning April 2016, and the number of various types of donors that

characterise this population. Approximately one third of kidney transplants that year

were from living donors. This type of donation is the most successful with a national

rate of graft survival five years after the transplant being 93%, in contrast to that of

87% for deceased donors (NHSBT 2018). Tissue matches between relatives are generally

optimal, which is one reason that donation by living donors have such high success rates.

According to Figure 2.1, approximately 59% of transplants from deceased donors be-

tween 1 April 2016 and 31 March 2017 were by donation after brain death (DBD). In

order for a donation to proceed under the category of DBD, an irreversible brain injury

that fulfils the criteria for brain-stem death must have occurred. For this type of donor,
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Figure 2.1: Number of kidney transplants from different types of donors from 1 April
2016 to 31 March 2017 (source: Annual Report on Kidney Transplantation 2016/2017
NHSBT).

the heart is still beating when death is certified. DBD kidneys are allocated using a na-

tional organ sharing scheme, which aims to minimise inequity of access and to allocate

organs to the most suitable matches. This is a points based scoring system, which takes

into consideration the time spent on the waiting list, HLA (Human Leukocyte Antigen)

match and age (Johnson et al. 2010).

Donation after circulatory death (DCD) corresponds to donors that do not fulfil the

criteria of DBD. DCD can either be uncontrolled (where death occurs outside of the

hospital or on admission to hospital) or controlled where patients are in hospital with

an irreversible brain injury but do not fulfil the brain-stem death criteria. A controlled

DCD donor may also correspond to a patient that has been diagnosed by brain-stem

criteria but suffers cardiac arrest while awaiting the removal team (Andrews et al. 2014).

Currently in the UK, uncontrolled DCD donation is rare.

2.1.3 The Agonal Phase

DCD donors experience a time period in which they are withdrawn from their life-

support machine, which is typically ventilatory support (Suntharalingam et al. 2009).
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Figure 2.2: A timeline of the kidney transplantation process for DCD donors, source:
British Transplantation Society (2013).

Figure 2.2 displays a timeline of events of clinical interest throughout DCD donation,

beginning at treatment withdrawal. It can be seen that the time until the patient suffers

circulatory arrest is referred to as the agonal phase. During this period haemodynamic

variables (such as blood pressure, oxygen saturation, heart rate and respiration rate)

are often highly volatile until the patient inevitably suffers a cardiac arrest.

Figure 2.2 also shows the functional warm ischaemic time (WIT) period, which refers to

the time the organ is exposed to warm ischaemia. Warm ischaemic exposure is known

to cause cellular decay in the kidneys. This is thought to begin once the systolic blood

pressure drops below a certain subjective threshold, though less than 50mmHg seems to

be the general consensus. This exposure is the reason that DCD organs are thought to

be less favourable than DBD organs. Research shows that recipients whose donors were

DCD donors have twice the risk of having a delayed graft function (DGF), compared

to DBD donors (Summers et al. 2015). DGF is a complication where the graft fails to

function within seven days. Fortunately this can easily be supported by dialysis and

therefore is not life-threatening. Despite the fact that DCD donors inherently have a

higher risk of experiencing DGF compared to DBD donors, the two types of donors’

organs have a comparable 5 year survival to that of DBD donor organs.

Once the circulatory arrest has occurred, the asystolic period begins. Part of this period

is made up a mandatory 5 minute stand off time, in order to confirm that the patient is

actually deceased. Despite the asystolic period being composed of the 5 minute stand

off time, this period in the UK is very short with a median of 14 minutes (interquartile

range of 11 to 17 minutes) (Summers et al. 2013). After the stand off period, this period

refers to the time to remove the organ and place it into the cold preservation solution.

After the organ is placed into the cold preservation solution the cold ischaemic time

(CIT) period begins. This time-frame spans until the organ is transplanted into the
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recipient. Longer CIT is also thought to correspond to suboptimal transplant outcomes.

Moreover, donations from DCD donors are particularly vulnerable to CIT graft injury

(Summers et al. 2013).

The agonal phase is of great importance for clinicians, as the duration and nature of

this period are a major determinant of whether organ donation proceeds and of the

quality of the graft (Bradley et al. 2013). Investigating the impact of factors relating to

the treatment withdrawal to death period on graft quality and subsequently recipient

transplant outcome is a major focus of this thesis.

2.2 Methodological Background

Statistics has traditionally been defined as collecting, summarising and analysing data

where probability is used for the purpose of statistical inference. Highly influential

scholars have claimed that commitment to this definition restricts the field of statis-

tics from adapting to an exciting new era of data analysis, where the nature of data

being presented by clients has evolved substantially (Breiman 2001b). Nevertheless,

these problems are exhilarating. An extreme example is where physicists are continu-

ally adding data to astronomical databases that are made up of billions of data points

representing the galaxy. Standard statistical methods cannot be applied to analyse data

of such magnitude, however, scalable algorithmic models are being applied with great

success. For this reason it is beneficial to be open minded to a wide range of methods,

including non-standard methods that have not necessarily originated from the field of

statistics.

Explanatory models are a standard class of statistical methodology that assume the un-

derlying data generating mechanism is sufficiently approximated by a stochastic model.

The dataset obtained is assumed to be a set of independent realisations from this gener-

ating mechanism, which is used to estimate the parameters that explain the dependence

between the explanatory and response variables. The beauty of these models lies in

their straightforward interpretation coupled with access to various apparatus of infer-

ence, such as significance tests and confidence intervals.

Explanatory models are most suited to data that is collected according to a well designed

experiment. For example, they have typically been applied in agriculture experiments

to determine the optimal use of fertiliser to maximise produce. The applicability of

these models, however, is dependent on the problem at hand and the nature of the

data. Shmueli et al. (2010) conjecture that models fitted with the aim of testing causal

hypotheses are most often association based explanatory models, applied to observa-

tional data. The limitations of explanatory modelling become particularly evident when

applied to observational data, occurring as a result of its complex nature.
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Breiman (2001b) states that the a priori assumption that observational data is generated

according to a parametric model, selected by the researcher is questionable. But this

is rarely criticised in published works. As data becomes more complex an explanatory

model’s ability to portray nature’s generating mechanism through a clear straightforward

interpretation is lost. A typical example of this is when non-linear associations are

present. In this case, an explanatory modelling approach can appropriately deal with this

by including non-parametric spline terms. However, this is at the cost of the parameter

estimates no longer being interpretable. Worryingly, a common practice is to categorise

continuous variables in order to retain interpretability, which is widely accepted by the

statistics community as dangerous, inducing bias and a loss in accuracy (Royston &

Altman 1994, Royston et al. 2006, Harrell 2015).

Many of these limitations are a result of the aim to find an interpretable model, which

requires simplifying the process to the degree that when faced with complex data, the

explanatory model lacks flexibility to provide reliable conclusions. Breiman (2001b)

argues that the aim should be to obtain accurate information. In order to do so, a

model need not be simple nor an explanatory model.

2.2.1 Explanatory or Algorithmic Modelling?

Algorithmic models are primarily concerned with predicting an unseen output given a

set of inputs1. In contrast, although explanatory models can also be used for the purpose

of prediction, they are often preferred in practice for determining causal relationships.

This is because model selection for explanatory models requires many combinations

of models to be explicitly compared, particularly when a lot of flexibility is required

to capture non-linearities and interactions present in the data. Instead of assuming

a stochastic model, algorithmic models use the data to determine nature’s generating

mechanism. Treating nature as a black box has understandably led to a large amount of

scepticism, particularly in the medical community (Wyatt 1995, Plate 1999). However,

as one will see from this section, algorithmic models provide an invaluable set of tools

for the analysis of complex data.

Since the mid-twentieth century there has been a rapid development in machine capabil-

ity in relation to computational speed and capacity. This resulted from improvements

in hardware, theoretical computer science, statistics and parallel computing. Having

computational power that was previously incomprehensible has led to a revolution in

the development of methodology for data analysis, particularly for the purpose of pre-

diction. Consequently, clients’ problems and the data that is being gathered for analysis

are evolving rapidly, increasing in both size and complexity.

1To clarify the contrasting terminology between statistics and machine learning: inputs, features,
attributes correspond to explanatory variables. Label, target, output refers to the response variable.
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An astounding amount of progress has been made by the machine learning (a branch

of artificial intelligence) community in terms of developing methods capable of dealing

with complications arising from these complex problems presented by clients. The ma-

jority of researchers in this community is composed primarily of computer scientists,

however, in the last two decades a coercion between machine learning and statistics has

progressed. In recent years many statistics journals have published papers relating to

machine learning methods. Furthermore, many of the revolutionary machine learning

developments occurred as a result of contributions from the statistics community. Grace

Wahba’s theoretical research leading to the proposal of smoothing splines (Wahba 1975),

as well as Trevor Hastie and Robert Tibshirani’s generalised additive models (GAMs)

(Hastie & Tibshirani 1987) sparked a new culture of predictive modelling.

A subset of algorithmic models, namely deep learning methods, have become extremely

popular in the last three decades and have a multitude of exciting applications. Such

applications include computer vision, where images are classified based on a training

set containing thousands (or possibly millions) of images. These methods have been

shown to outperform clinicians for detecting brain tumours from MRI scans (Havaei

et al. 2017). Such methods include the artificial neural network, which was designed in

the 1980’s to mimic the way that the human brain passes information between neurons.

These methods are simply layered non-linear statistical models, whose purpose is solely

for prediction when trained on large datasets. As we consider relatively small sized

datasets in this research, no further attention is given to deep learning methods.

The huge amount of data required to make deep learning methods applicable often

causes confusion as to whether machine learning methods can at all be used for small to

medium sized datasets. Various algorithmic models such as tree based methods (Breiman

et al. 1984) can be successfully applied to any size (or shape) data. Perhaps the most

famous application of machine learning (that was not deep learning) was the use of

boosted trees (Roe et al. 2005), which led to the detection of the Higgs boson at CERN

(Chatrchyan et al. 2012).

One may question the relevance of predictive modelling approaches when our interest is

in how a set of explanatory variables are associated with a response. In this section we

justify their use and argue that conflation is beneficial.

Shmueli et al. (2010) lists various reasons as to why predictive modelling can be of

assistance in the context of a practical application, such as that with the NHSBT data:

• Nowadays, data is routinely gathered that contains relationships that are too com-

plex to test simple hypotheses. Predictive modelling such data can uncover poten-

tial causal mechanisms and lead to new hypotheses.
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• The empirically rigorous approach of predictive modelling can serve as a reality

check that findings from alternative approaches are reasonable, and that assump-

tions hold. For example, GAMs can be used to check an alternative explanatory

model’s assumption of linearity (we do this in our analysis in Section 4.4.0.2).

• Predictive power assessment (such as cross-validation) provides a simple way to

compare competing models.

• A predictive model whose predictive ability is close to that of an explanatory ap-

proach may suggest our understanding of that phenomenon can only be improved

marginally. If they are very different, this may suggest there are many potential

gains to be made.

• Novel importance measures for predictive models can provide a means of inter-

pretation, thus offering insight into the predictive structure of the model while

maintaining flexibility to capture complex relationships.

Many of the revolutionary improvements made by the machine learning community

relate to three important principles listed below (Breiman 2001b), which we aim to take

advantage of the analysis of the NHSBT dataset.

• Rashomon2: The multiplicity of explanatory models. Various competing models

may be found by the analyst to be equally as good, but each gives a very different

interpretation. This is a commonly occurring phenomenon during a model selection

procedure.

• Occam’s Razor: The trade-off between simplicity and accuracy. In general, the

aim is to choose the simplest model that achieves a satisfactory level of accuracy.

This relates to the phenomenon known as over-fitting, where a model that is too

complex models the noise present in the training data.

• Bellman: The curse (or blessing) of dimensionality3. Including too many vari-

ables in a explanatory model leads to over-parametrisation. In this case the model

does not have enough statistical power to detect true associations. This can also

result in a contest for information. By contrast, algorithmic models are able to

cope with large numbers of variables, and reducing dimensionality may result in a

loss of information. In this case, high dimensional representations of covariates is

advised for small datasets.

Although algorithmic models suffer from multiplicity, ensemble learning (discussed in

Chapter 3), is a method analogous to model averaging that is a potential fix to the

2Rashomon is a Japanese film from the year 1950, where four people recount different versions of the
story of a man’s murder in court.

3A famous quote by the applied mathematician Richard E. Bellman when considering problems in
dynamic optimisation.
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problem. The idea is to utilise the information drawn from each of the competing models

that have a similar level of accuracy (but tell different stories) and take a meaningful

measure, such as the average or a majority vote of their output. In this case one can

take advantage of the fact that various models capture different aspects of the data

generating mechanism.

In explanatory modelling the trade-off between simplicity and accuracy can be managed

by hypothesis testing to determine the better fit between nested models (for example,

by using the likelihood ratio test). Alternatively one can use a metric that combines a

goodness-of-fit measure with a penalty for complexity, such as the Akaike information

criterion (AIC) (Ojo et al. 1973) (this is a relative goodness-of-fit measure); or the cross

validation error as in predictive modelling. However, when faced with complex data

that contains non-linear associations, it is not possible to achieve the desired level of

simplicity such that a straightforward interpretation of the parameter estimates can be

performed without sacrificing an unreasonable amount of accuracy.

In contrast, some algorithmic models suffer from the same problem. The decision tree

(Morgan & Sonquist 1963) provides a very straightforward interpretation that can be

easily understood by clinicians, but suffers from poor predictive accuracy. This led to

the proposal of random forests (Breiman et al. 1984) (details given in Chapter 3) which

essentially involves fitting trees to bootstrap samples of the data and averaging the

predicted values. Hastie et al. (2008) and James et al. (2013) give fantastic explanations

of how averaging models is a highly effective method of reducing variance and improving

predictive accuracy.

As a result of having multiple trees, interpretation becomes distorted. Random forests

have a novel method of ranking variable importance, providing insight into the predic-

tive structure of the data (Breiman et al. 1984). This is based on a permutation test

for each variable, where the mean decrease in accuracy on a validation set can be cal-

culated. Breiman (2001b) provides examples of how one can interpret a random forest

and interactions of interest by looking at the predicted probabilities. He claims that

they are able to reveal hidden aspects within the data that standard methods cannot,

for example by applying a random forest based clustering method to show the proximity

between samples.

A real advantage of algorithmic models relates to the blessing of dimensionality, as

opposed to the “curse”, referring to the fact that unlike standard methods they are able

to handle potentially thousands of predictor variables without the need for a subjective

model selection procedure. A notable example being applied to the microarray dataset

(Dudoit et al. 2002), where more than 4000 gene expressions were used as variables that

only had 81 samples to predict the presence of a tumour. Dı́az-Uriarte & De Andres

(2006) found high accuracy even though most of the variables were random noise. This
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extreme example demonstrates why the phrase blessing of dimensionality is used instead

for algorithmic models.

In the case of explanatory modelling, suppose the design matrix X has dimension n×p.
In order to obtain the least square estimates, for example, (X>X)−1 must first be

evaluated. This inversion will lead to a singularity when p is larger than n. This is one

incentive for dimensionality reduction besides the aim to obtain a simple interpretable

model.

Diaconis & Efron (1983) claim that it is unwise to fit an explanatory model to a dataset

that has, for example, 155 observations and 19 variables. This is similar to the size of

the data that we analyse in this thesis. To select a model with 5 of these variables, there

are 11, 628 possible combinations of models that can be compared, and many of those

that fit the data equally well may tell very different stories.

It is clear that algorithmic models provide an effective set of tools for the applied statisti-

cian whom has the pragmatic aim to solve clients’ problems. In many cases, an explana-

tory modelling approach is more appropriate, and in others an algorithmic modelling

approach is more appropriate (particularly when data is complex and observational).

The art of data analysis requires the subjective decision of which methods to apply to

the problem at hand. In determining what would be an appropriate method, we consider

the following points:

• Accuracy : Does the model capture the true underlying data generating mechanism

to a satisfactory level?

• Interpretability : How much insight does the model give to the relationship between

the inputs and outputs of the model?

• Efficiency : How much memory and time is used to run the method? Bearing in

mind that many machine learning methods are highly computational (although

usually applied to large datasets).

• Robustness: How robust is the model to complications present in the dataset, and

do they impact the accuracy, interpretability or efficiency of the model?

To summarise this section, it is clear that both explanatory and algorithmic modelling

approaches provide distinct advantages, yet both methods have their caveats. The ap-

proach that should be employed depends very much on the nature of the problem. For

example, if hypothesis testing is required an explanatory model should be used, but in

most cases using an algorithmic model in conflation is beneficial for establishing hypothe-

ses and checking modelling assumptions such as a linearity. In contrast, where the aim is

prediction, an explanatory model should still be used when there is not a large number

of variables and it is reasonable to assume a smooth relationship between the predictors
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and response (but comparing finding with an algorithmic modelling approach can serve

as a reality check, as a large departure in findings suggests the explanatory modelling

assumptions may have been violated). When p > n or when p is large, and prediction is

the purpose of the study, an algorithmic model should be considered. Moreover, when

there is a prior belief of multiple interacting non-linear effects, an algorithmic modelling

approach is likely to be more appropriate.

Acknowledging the criteria listed in the above bullet points, in this work we consider

both explanatory and algorithmic modelling approaches, such that they are used to

complement each other. To avoid the dangers of employing black box methods, we

cover relevant theory to understand the mechanics of these algorithms, that are used

in the analysis. Moreover, simulation studies are conducted to test the performance

of such methods when applied to the NHSBT data in Chapter 3. In the remainder of

this chapter we introduce important theoretical and practical concepts that are relevant

throughout the remainder of this thesis. We also give necessary definitions and introduce

mathematical notation.
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2.2.2 Statistical Learning Theory

Suppose we have covariates4 X = (X1, . . . , Xp) ∈ X and a response Y ∈ Y. X and Y

jointly take their values from X × Y with respect to the (usually unknown in practice)

joint probability distribution fX,Y (X,Y ).

A learning set is an n-tuple of samples drawn randomly and independently from the

sample space Ω according to the joint distribution fX,Y (X,Y ). This set of realisations

is denoted by D = (x1, y1), . . . , (xn, yn).

The relationship between the inputs and outputs is characterised using the following

formula of conditional probability:

P(Y | X) =
P(X,Y )

P(X)
, if P(X) > 0. (2.1)

Our aim is to derive the function that is the best approximation of an underlying phe-

nomenon of interest. Supervised learning corresponds to estimating (also referred to as

learning) the function, or decision rule as in Equation 2.2, using the learning set D.

ϕ : X→ A (2.2)

Here A denotes the action space that plays an important role in decision theory (Young

et al. 2005) representing the set of allowable actions that may be taken in terms of

making the prediction a = ϕ(x). Therefore, we map each input x ∈ X to a predicted

value a ∈ A. This notation is used instead of ŷ to emphasise that it is not necessarily

the case that ϕ(x) ∈ Y.

Solving the learning problem requires defining the risk functional (also known as the

generalisation error). The risk of the function ϕ trained on D is denoted by R(ϕD).

The loss function L(·, ·) measures the discrepancy between its two arguments (Geurts

2002).

R(ϕD) = EX,Y {L(Y, ϕD(X))} (2.3)

• In the case of explanatory modelling the loss function is a function of the param-

eters θ, i.e, L : Θ × A → R+, where Θ represents the parameter space. Here the

action space corresponds to the set of possible parameter values.

• For a predictive model the loss function is a function of the predicted value a:

L : Y×A→ R+.

4Throughout this thesis both statistics and machine learning terminology are used interchangeably. In
general we use the machine learning terminology when statistical learning theory is relevant, although
overlap is unavoidable. There are many names for covariates in both fields (explanatory, predictor
variables, inputs, features, attributes). There are also numerous names for the response variable (target,
labels, output).
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Therefore, in the case of predictive modelling, the loss function measures the discrepancy

between the observed and predicted values based on the candidate model, which is

trained on the learning sample. Before a prediction is made the loss function serves as

a random variable because the true outcome is unknown. Once the prediction has been

made the loss function becomes a measure of accuracy.

• In the regression case, a common loss function corresponds to the quadratic loss:

L(Y, ϕD(X)) = EX,Y {Y −ϕD(X)}2, also known as the mean squared error (MSE).

• Alternatively in the classification case, occurring when Y = {0, 1} (as we re-

strict our attention to binary classes), a common choice of loss function is the

misclassification error, represented by5 L(Y, ϕD(X)) = 1(Y 6= ϕD(X)).

The risk for the classification problem can be expressed as in Equation 2.4, which is by

definition equivalent to the probability of misclassification.

R(ϕD) = EX,Y {1(Y 6= ϕD(X))} = P(Y 6= ϕD(X)) (2.4)

Statistical learning can be viewed as a function estimation problem. Denoting the func-

tion space AX as the set of all possible functions that map X to A, the target function

is defined as:

ϕ̊ = arg min
ϕ∈AX

EX,Y {L(Y, ϕD(X))} (2.5)

= arg min
ϕ∈AX

R(ϕD) (2.6)

Thus, the target function is the risk minimiser corresponding to the distribution of the

population from which the learning set was obtained. However, when fX,Y (X,Y ) is

unknown and the cardinality of X is infinite, this problem is ill-posed (Tikhonov &

Arsenin 1977). In this case, D would be used in order to attempt to estimate an infinite

number of parameters. It is therefore necessary to impose additional assumptions on

the solution, as discussed in Section 2.2.2.2.

2.2.2.1 Bayes Model and Irreducible Error

In the rare case where fX,Y (X,Y ) is known, the target of the learning function i.e.

the best possible model, can be derived analytically, which corresponds to that which

minimises the risk. This is known as Bayes’ model and is denoted by ϕB. The risk for

5Here 1(·) represents an indicator function that takes on the value 1 when the logical statement in
the parentheses is satisfied and 0 otherwise.
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Bayes’ model corresponds to the irreducible error6 expressed as:

Err(ϕB) = EX,Y {L(Y, ϕB(X))} (2.7)

= EX{EY |X{L(Y, ϕB(X))}} (2.8)

Bayes’ model is the function that minimises the inner expectation in Equation 2.8 at

each point X of the input space, that is:

ϕB(x) = arg min
a∈A

EY |X=x{L(Y, a)} (2.9)

Again focussing on the classification setting, this is referred to as Bayes’ classifier, which

predicts for each input value the most likely class:

ϕB(x) = arg min
a∈A

EY |X=x{1(Y 6= y)} (2.10)

= arg min
y∈Y

P(Y 6= y|X = x) (2.11)

= arg max
y∈Y

P(Y = y|X = x) (2.12)

Although Bayes’ model and the irreducible error are useful concepts for studying the

capabilities of learning algorithms, in practice fX,Y (X,Y ) is rarely known. It may seem

intuitive to solve the learning problem by estimating fX,Y (X,Y ) by counting the fre-

quency of observations over the predictor space, and then defining the model according

to Equation 2.9. However, in order to be a reasonable approximation this would require

a very large sample whose points are sufficiently dense across each point of the predictor

space X. To make things worse, the required number of samples would grow exponen-

tially with the number of predictors (Geurts 2002). A better approach is to estimate

the risk in Equation 2.3 using the learning set D.

2.2.2.2 Empirical Risk Minimisation

The empirical risk of function ϕ is an estimate of the true risk. Let D′ denote the

dataset that is used to assess the risk of the model, which may or may not be D. The

empirical risk can be calculated by averaging over each sample’s contribution to the loss

based on the model ϕD fitted on the learning set, as in Equation 2.13. Note that n′ is

the number of observations in dataset D′.

R̂(ϕD,D
′) =

1

n′

∑
(xi,yi)∈D′

L(yi, ϕD(xi)) (2.13)

6Also known as the residual error.
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The strong law of large number tells us that almost surely:

lim
n→∞

R̂(ϕ) = R(ϕ). (2.14)

The task of determining the target function as in Equation 2.5 can be made well-posed

for reasonable sample sizes (with a possible large number of covariates) by restricting

the function space to F ⊂ AX (Evgeniou et al. 2000), where the choice of F is very

important. Linear models are a common choice of model class, i.e:

F = {ϕ : ϕ(x) = θ0 +

p∑
j=1

θjxj ,∀x ∈ X}. (2.15)

The function found to minimise the empirical risk out of the functions belonging to the

restricted function space F, defines the task of statistical learning. This is known as the

empirical risk minimisation principle (Vapnik 1999). This results in the approximation

to the target function as required:

ϕ̂ = arg min
ϕ∈F

R̂(ϕ). (2.16)

A learning algorithm is therefore characterised by the choice of model class F and loss

function, and can be regarded as an optimisation procedure (via empirical risk minimi-

sation) that accepts a dataset D and returns an estimated function ϕ̂. These choices

affect which optimisation procedure is appropriate, although few can be solved analyti-

cally and most require numerical methods.

Most model classes are defined by a set of parameters θ ∈ Θ that are estimated based

on the data as θ̂, in which case ϕ̂(x) = ϕ(x; θ̂). For example, when F is chosen to be

the class of linear models, the problem simplifies to finding the parameter vector that

minimises Equation 2.13.

Maximum likelihood estimation can be viewed as an empirical risk minimisation problem

when an appropriate loss function is chosen. However, loss functions based on parameters

rather than predicted values are not optimal for prediction.

2.2.2.3 Maximum Likelihood Estimation

Maximum likelihood estimation is the most common method for estimating parameters

in a parametric model. A known probability density function is assumed based on the

nature of the data. For example, a Gaussian density is used for the class of linear models.

This would only be chosen when Y ∈ R.
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The likelihood function represents the joint density of the data:

L(θ) =
n∏
i=1

fY (yi;θ), (2.17)

whose arguments correspond to the observed responses y = {yi}ni=1 and the parameters.

The maximum likelihood estimate (MLE) is derived using Equation 2.18.

θ̂ = arg max
θ∈Θ

l(θ;y) = arg max
θ∈Θ

n∑
i=1

log fY |X(yi;θ(xi)) (2.18)

This directly corresponds to the loss function in Equation 2.19, which is minimised with

respect to the parameters θ in order to derive the parameter estimates.

L(y,θ(x)) = − log fY |X(y;θ(x)) (2.19)

In the case of linear regression a conditional Gaussian distribution (Equation 2.20) is

selected as the conditional probability distribution function contained in the loss function

in Equation 2.19.

[Y |X] ∼ N(µ(X), σ2) (2.20)

This corresponds to the loss function displayed in Equation 2.21.

L(y, µ(x)) =
1

2
log(2πσ2) +

1

2σ2
(y − µ(x))2 (2.21)

An analytical solution is available for the optimisation problem in Equation 2.18 in the

case of linear regression. This is obtained by the least squares estimates (Equation 2.22),

where X = (1,x1, . . . ,xp)
> is the design matrix.

θ̂ = (X>X)−1X>y (2.22)

In the classification case where Y = {0, 1}, perhaps the most common approach is to

employ logistic regression (Cox 1958). The conditional probability mass function for

this method is the Bernoulli distribution:

[Y |X] ∼ Bernoulli(p(X)), (2.23)

where applying the sigmoid function to the linear predictor gives:

p(X) =
exp(θ0 +

∑p
j=1 θjXj)

1 + exp(θ0 +
∑p

j=1 θjXj)
. (2.24)
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For logistic regression the loss function corresponds to:

L(y, ϕ(x)) = −y log(p(x))− (1− y) log(1− p(x)) (2.25)

and the target function is:

p̊(x) = P(Y = 1|X = x). (2.26)

As p(x) = [0, 1] is bounded, a link function g : Θ→ A is used to give ϕ(x) = g(p(x)) ∈ A.

Logistic regression can therefore be expressed as Equation 2.27:

log

(
p(X)

1− p(X)

)
= θ0 +

p∑
j=1

θjXj . (2.27)

Here the response is referred to as the log odds and the right hand side of the equal-

ity in Equation 2.27 is the linear predictor. This formulation has the advantage of a

straightforward interpretation. For example, a unit increase in X1 corresponds to a

multiplicative change in the odds of success by exp(θ1), while adjusting for the other

covariates.

Statistical models whose likelihood function is based on the exponential family of distri-

butions (Pitman 1936), such as logistic regression, come under the class of generalised

linear models (GLMs). These models most often do not have analytical solutions, in

which case they can be fit using the Iteratively Reweighted Least Squares (IRLS) (Nelder

& Wedderburn 1972) algorithm, which is a variation of Newton’s method for optimising

θ.

2.2.2.4 Performance Evaluation

It is often necessary to evaluate the performance of a model by assessing its ability to

generalise and accurately predict on unseen data. This can be useful for model selection,

validation and tuning hyper-parameters of a learning algorithm. This is most often used

with models built for the purpose of prediction but can also be applied to explanatory

models.

In most practical applications, an extra dataset is not available for validation, in which

case it may be tempting to replace D′ in Equation 2.13 with D, which results in the

training estimate of the generalisation error (the ability of the model to generalise the

unseen data). This is well known to give an over-optimistic estimate of the true risk,

because the same data is used to estimate the risk that is used to fit the model. This is

denoted as follows:

Êrr
train

(ϕD) = R̂(ϕD,D). (2.28)
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A better approach is to randomly partition the data into two sets, creating Dtrain and

Dtest. For example, 70% of the data becomes Dtrain and 30% as Dtest. Although this

reduces the bias regarding the estimate of the generalisation error, a caveat is that the

model becomes more biased due to a reduced sample size. This would be costly in

our application due to the relatively small sample size. Losing this much data would

seriously impact accuracy. The test estimate of the generalisation error is denoted as:

Êrr
test

(ϕD) = R̂(ϕDtrain ,Dtest). (2.29)

A preferable approach, particularly for data sizes similar to what we have in our ap-

plication, is to use K-fold cross-validation (Hastie et al. 2008). This involves choosing

a value of K that determines how many folds the data is partitioned into. Common

values are 5 or 10. In this case a single fold is used as a testing set Dk and the other

folds are combined to form the training set D−k. The performance is evaluated and the

process is repeated K times and then averaged, so that each fold is used as a training

set sequentially.

Êrr
CV

(ϕD) =
1

K

K∑
k=1

R̂(ϕD−k ,Dk) (2.30)

This approach has the advantage of using the whole dataset, at the expense of being

more computationally demanding. A large value for K would result in a more accurate

estimate of the generalisation error compared to a low value, but more computational

resources would be required for its computation.

A common fault in practice is to use K-fold cross-validation for the use of both model

selection (or tuning the hyper-parameters) and estimating the generalisation error. It is

often not recognised that this also results in an over-optimistic estimate of the generali-

sation error as the learned model is not independent of the test set. This is because the

criterion used to select the best model was based on minimising of the test error, which

could result in a large under estimation of the true generalisation error.

Alternatively, the data could be split to give another component Dvalid, namely the

validation set, which is used to tune the hyper-parameters without using the test set.

However, this exacerbates the problem of reducing the training sample size, as even

more data is being given away than splitting into training and testing sets. One method

for achieving an unbiased estimate of the generalisation error, while using the whole

dataset but keeping the model selection and validation procedures separate is nested

K-fold cross-validation.

Figure 2.3 demonstrates how nested cross-validation is performed. In this example there

are three outer loops and four inner loops. During each outer loop the full dataset is

partitioned into training and testing datasets. This is done such that each segment

(shaded in light green) is used as the test set once, after all three outer loops are
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Figure 2.3: An illustration of how the dataset is split for nested cross-validation for
tuning hyper-parameters. This graphic presents a 3 fold cross-validation in the outer
loop and a 4 fold cross-validation in the inner loop (Figure taken from Schiffner et al.
(2016)).

performed. In each inner loop the training data is split into four segments, three of

which become the new training set and the left out segment is the test set. Again,

after each inner loop has been performed each segment has its turn as the inner test

set. This enables a hyper-parameter selection procedure to be performed by minimising

the test error within the inner loop. The generalisation error is then calculated as the

outer test error of averaged across the three loops. This ensures that the test set for

estimating the generalisation is not used a priori to determine the hyper-parameters.

Nested cross-validation is formally given in Algorithm 1 (taken from Louppe (2014)).

Although nested cross-validation is a highly effective method for simultaneously deter-

mining the hyper-parameters and estimating the generalisation error, it is the most

computationally demanding approach out of those discussed in this chapter.
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Algorithm 1 Nested K-fold cross-validation for tuning and evaluation.

1: Split D into K folds D1, . . . ,DK each of size n/K
2: for i = 1, . . . ,K do
3: Split D \Di = D−i into K folds D−i1 , . . . ,D−iK
4: Tune model using subset D−i using K-fold CV estimates, i.e., calculate:

θ̂∗i = arg minθ
1
K

∑K
l=1 R̂(ϕ(θ,D−i \D−il ),D−il )

5: Evaluate generalisation error of sub-model as: R̂(ϕ(θ̂∗i ,D
−i),Di)

6: end for
7: Derive the unbiased generalisation error estimate of selected model, as the average

error of sub-models over folds:
1
K

∑K
i=1 R̂(ϕ(θ̂∗i ,D

−i),Di)
8: Tune hyper-parameters on full set D, i.e

θ̂∗i = arg minθ
1
K

∑K
i=1 R̂(ϕ(θ,D−i),Di)

9: Learn final model on entire dataset D.
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2.2.3 Performance and Information Metrics

It is important to distinguish between the meaning of performance and information

metrics. At a high level, performance metrics reflect how correct the statistic is, and

information metrics describe how precise it is. What is referred to here as ‘correct’

represents how far the estimated value is from the true underlying value being estimated.

Precision in this context reflects the estimated value’s variation. For example, if the

experiment conducted to derive the estimated value were repeatable, how clustered

would the estimated value be when derived over multiple repeats. A high precision

corresponds to a low variation (clustered values) and low precision is high variation

(randomly scattered values). It is important to note that it is possible for the following

seemingly counter-intuitive cases to arise: an estimated value can be precise but not

accurate, or accurate yet not precise.

In the case of explanatory modelling, the performance of a parameter estimate is often

described by its bias: E(θ̃) − θ; and its precision by the standard error

√
V ar(θ̂) (the

standard deviation of the sampling distribution). The remainder of this section is fo-

cussed on metrics in the case of predictive modelling. Metrics that are used throughout

this thesis are defined accordingly.

A natural starting point for describing performance metrics is to consider the confusion

matrix (Table 2.1), which is a table of predicted and actual outcomes for each class (here

we restrict our attention to binary classification). The diagonals highlighted in green

contain the total number of correctly predicted cases and those highlighted in red display

the total number of incorrectly predicted cases. The cell values in the confusion matrix

(TP, FN, FP, TV) are important values that many metrics of predictive performance

are derived from. FP corresponds to type 1 error and FN corresponds to type 2 error.

Table 2.1: The confusion matrix displaying the number of predicted and actual outcomes.
Correct classifications are highlighted in green and incorrect classifications are highlighted
in red.

Actual Positive Actual Negative

Predict Positive True Positive (TP) False Negative (FN)

Predict Negative False Positive (FP) True Negative (TN)

Accuracy is perhaps the most intuitive performance metric, which gives the proportion

of values that were correctly predicted. This can be derived mathematically as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(2.31)

Accuracy is a useful metric when TP and TN are more important than their false coun-

terparts. However, accuracy is a poor measure of predictive performance when classes

out unbalanced. For example, if the training data has an event rate of 95%, a model
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that predicts all values to have an event would have a misleadingly strong predictive

performance. Accuracy is strongly connected to the generalised error discussed in the

previous section, as it is its complement, i.e., accuracy = 1 - generalisation error.

Certain cases arise in practice where the aim is to keep FP and or FN low, requiring

metrics designed on that basis. In this case precision and recall may offer value to

the analyst. Precision is derived as TP/(TP + FP ), which is high when FP are low.

Recall (also known as sensitivity) is the true positive rate i.e., TP/(TP + FN). This

corresponds to the fraction of predicted successes that are correct. Recall is a useful

measure when the cost of committing a type 2 error (false negative) is high, as recall is

high when the number of false negatives are low.

Sensitivity =
TP

TP + FN
. (2.32)

Specificity represents the proportion of the negative classes predicted correctly. This

metric is large when the number of false positives are low. Specificity is therefore a

useful measure when the penalty of committing a type 1 error (false positive) is high.

Specificity =
TN

TN + FP
. (2.33)

We now introduce performance metrics that are conditional on sensitivity and specificity.

The receiver operating characteristic curve (ROC) is a plot of sensitivity against 1 -

specificity, varied over all possible threshold values for a classification rule. The area

under the curve (AUC) of the ROC curve is possibly the most commonly reported

performance measure for classification in practice. This corresponds to the concordance

index and represents the ability of a model to discriminate between the two classes.

The following AUC ROC values can be used as a guide for determining discriminatory

ability:

• 0.5: Equivalent to ‘tossing a coin’.

• 0.5 - 0.6: poor discriminatory ability.

• 0.6 - 0.7: reasonable ability to discriminate.

• 0.7 - 0.8: good discrminiatory ability.

• 0.8 - 0.9: strong discriminatory ability.

• 0.9 - 1: exceptional to perfect ability to discriminate.
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Finally, the balanced error rate (BER) is the average error of each class, given as follows:

BER =
1

2

(
FN

FN + TP
+

FP

FP + TN

)
(2.34)

This metric is useful when interest is being able to accurately predict both positive and

negative outcomes.

It is necessary at this stage to give a high level description of variable importance met-

rics, which are described in more detail in Chapter 3. In addition for the interested

reader, an excellent description of variable importance metrics is given by Fisher et al.

(2018). Although the term ‘variable importance’ can be used in the case of inference,

in this work we restrict our attention to the case of prediction. In this case, a vari-

able’s importance relates to how much a model’s accuracy relies on the given covariate.

This definition highlights the distinction between ‘performance’ and ‘importance’ met-

rics, as the latter is a proxy for a specific covariate’s contribution to the model’s overall

performance (captured by the accuracy performance metric). An example of a vari-

able importance metric that is often used in practice with random forests (described in

Chapter 3) is the decrease in prediction accuracy after permuting a covariate, i.e., the

permuted importance metric (Breiman 2001b, Strobl et al. 2008).

Although importance metrics are not directly interpretable and do not provide infor-

mation relating to the structure of the corresponding covariates in the model, they are

useful for ranking the overall contribution of individual covariates to the performance

of the model. This is useful for informing model selection and deciding whether a given

variable should be included at all, once accounting for the confounding effects of the

other predictor variables.

2.2.4 Missing Data in Longitudinal Studies

Missing data is highly prone to occur in longitudinal studies, due to the nature of the

data being recorded and the way that it is collected. For instance, repeatedly measuring

biomarkers on the same set of subjects over time, implies that the subject must be alive

and present when the follow-up recordings are planned for the measurement to exist.

In many cases, patients drop-out as result of death or censoring, which may be related

to a treatment effect. In either case, missing data occurs such that it certainly is not

completely at random (as it is related to the data being observed).

Following Rubin (1976), we informally outline the three mechanisms of missing data:

• Missing Completely at Random (MCAR): The missingness process does not depend

on the observed or unobserved data. The observed and missing data distributions

are the same.
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• Missing at Random (MAR): The missingness process is associated with the ob-

served data. However, conditional on the observed data the missingness is unre-

lated to the unobserved data.

• Missing not at Random (MNAR): The missingness process directly depends on at

least a subset of the unobserved (and possibly also the observed) data.

It is important to distinguish between the two types of patterns of missingness, namely

monotone and nonmonotone missingness. The former relates to attrition (or drop-out),

which occurs when a patients’ planned longitudinal recordings are no longer recorded

after the first missing data point occurs. Nonmonotone missingness relates to intermit-

tent missing data, where a missing value occurs, more recordings are then observed and

missingness again commences (Ibrahim & Molenberghs 2009).

The distinction between the two patterns of missingness is important because appropri-

ate treatment of the problem depends on the type of pattern. Monotone missingness

is more straightforward to address, as the likelihood function can be factorised into the

conditional density terms (Ibrahim & Molenberghs 2009). In the case of nonmonotone

missingness, factorising the likelihood function is most often not possible. Despite this,

in the case of ignorability (MAR), longitudinal models that cope with unbalanced data

(the linear mixed effects model) achieve satisfactory results (Rizopoulos 2012b).

We now define the following notation to formalise the concepts introduced so far. Let

yi = {yij}nij=1 be the set of all planned longitudinal measurements for the ith subject.

The missing data process is denoted by ω, where ωij = I(∃ yij) (i.e, takes a value of 1 if yij

exists and 0 otherwise). This allows us to partition the data into the observed component

yObsi = {yij , if ωij = 1}nij=1 and missing component yMis
i = {yij , if ωij = 0}nij=1.

The missingness mechanism is the conditional density of the missing data process given

the complete response yi. This is denoted as: p(ωi | yObsi ,yMis
i ,θω), where θω is the

vector of parameters corresponding to the missing data mechanism.

The above notation can be used to define the three missing data mechanisms mathe-

matically (Ibrahim & Molenberghs 2009):

• Under MCAR, the missing data process is independent of both yObsi and yMis
i ,

i.e., p(ωi | yObsi ,yMis
i ,θω) = p(ω;θω).

• Under MAR, the missing data process is independent of the unobserved data given

the observed data, i.e., p(ωi | yObsi ,yMis
i ,θω) = p(yObsi ,ω;θω).

• Under MNAR, the missingness mechanism depends on at least some values of the

unobserved response (and possibly also observed response values), i.e.,

p(ωi | yObsi ,yMis
i ,θω) = p(yMis

i ,ω;θω) or p(yObsi ,yMis
i ,ω;θω).
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The missing data mechanism is MAR when data is missing at random or when drop-out is

random (also referred to as non-informative missingness or drop-out). As the distribution

of yi depends on yObsi , the observed data alone is not a random sample from the target

population. However, when the missing data mechanism is MAR and assuming that the

longitudinal model is correctly specified, likelihood-based analysis using the observed

data alone can provide valid inference. Rizopoulos (2012b) demonstrates how this is the

case by factorising the likelihood of the longitudinal model as follows:

Li(θ) =

∫
p(yi,ωi;θ) dyMis

i (2.35)

=

∫
p(yObsi ,yMis

i ,θy) p(ωi | yObsi ,yMis
i ;θω) dyMis

i (2.36)

=

∫
p(yObsi ,yMis

i ,θy) p(ωi | yObsi ;θω) dyMis
i (2.37)

= p(yObsi ;θy) p(ωi | yObsi ) (2.38)

= Li(θy)× Li(θω). (2.39)

Note that Bayes’ rule is used to derive Equation 2.36 and the conditional independence

assumption is used to derive Equation 2.37. If the product of the parameter spaces for

θy and θω is equal to the parameter space of the full parameter vector θ = [θ>y ,θ
>
ω ]

(i.e., the two individual parameter vectors are disjoint), then it is legitimate to conduct

inference based on the marginal observed density p(yObsi ;θy) (Rizopoulos 2012b). This

is referred to as ignorability, as the likelihood of the missingness process can be ignored

without compromising the validity of inference on the observed data.

When the missing data mechanism is MNAR, the missingness process is nonignorable (as

the conditional independence assumption used to derive Equation 2.37 cannot be used)

and a parametric model for the missingness process must be specified in conjunction with

the longitudinal outcome. The model for the missingness process be incorporated into

the complete data likelihood function to provide valid inference in the case of MNAR.

Various methods have been proposed to incorporate the missingness process into the

likelihood function. The family of models proposed to model this joint distribution

include: selection models, pattern-mixture models and shared-parameter models. Ibrahim

& Molenberghs (2009) provide a review of these approaches that we now briefly describe.

Selection models (Diggle & Kenward 1994, Little 1995) decompose the joint distribution

using the following factorisation:

p(yObsi ,yMis
i ,ωi;θ) = p(yObsi ,yMis

i ;θy) p(ωi | yObsi ,yMis
i ;θω). (2.40)

The first term on the right hand side of the equality in Equation 2.40 is the marginal

density of the longitudinal process. The term that follows corresponds to the density of
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the missingness process conditioned on the longitudinal process.

The reverse factorisation is used by pattern-mixture models (Little 1993), which is given

by Equation 2.41.

p(yObsi ,yMis
i ,ωi;θ) = p(yObsi ,yMis

i | ωi;θy) p(ωi;θω) (2.41)

Here the joint likelihood is composed of the conditional distribution of the longitudinal

process given the missingness process and the distribution of the missingness process.

Finally, we introduce shared-parameter models (Wu & Carroll 1988, Wu & Bailey 1989,

1988) which are the focus of this work. These models use latent variables such as

random effects to account for the dependence between the longitudinal and missingness

processes.

p(yObsi ,yMis
i ,ωi;θ) =

∫
p(yObsi ,yMis

i | bi;θy) p(ωi | bi;θy) p(bi;θb) dbi (2.42)

The shared-parameter formulation (Equation 2.42) postulates that the longitudinal

and missingness processes are independent given the latent random effects. We re-

strict our attention to these models due to their ability to handle both monotone and

non-monotone missing data patterns. Moreover, software implementation of shared-

parameter models is well established and implementing extensions to standard shared-

parameter models (as discussed in Chapter 4) requires relatively minimal ad-hoc pro-

gramming.

2.2.5 Joint Modelling Longitudinal and Time-to-Event Data

We now give a brief introduction to the joint model for longitudinal and time-to-event

data (JM). More details are given in Chapters 4 and 5, including parameter estimation,

performance evaluation, and various extensions that we employ to analyse the motivating

data. In this chapter we present the standard JM formulation as discussed by Rizopoulos

(2012b) and consider the various scenarios where a joint modelling approach may be

beneficial to the analyst. We also discuss the connection between the JM and the

missing data framework. We aim to exploit this important connection in our analysis in

Chapter 5, which is the driver of our proposed approach that we investigate.

The JM comes under the family of shared-parameter models discussed in Section 2.2.4.

In particular, parameter estimation is performed using the joint likelihood of the longitu-

dinal and time-to-event processes. The likelihood is factorised by assuming conditional

independence between the longitudinal and time-to-event processes, given the latent ran-

dom effects. By including the time-to-event process in the likelihood function, parameter
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estimation is performed conditioned on the missing data process. This approach there-

fore does not involve imputation of missing values, but allows for unbiased estimation

when the longitudinal process involved endogenous time-dependent covariates (which

corresponds to informative missingess)

Suppose that we are faced with the task of analysing a dataset that consists of n patients,

where an individual patient is indexed by i. A biomarker (such as the patient’s systolic

blood pressure) is recorded repeatedly at specific (possibly irregular and or unequally

spaced) time intervals, such that yij = {yi(tij)}nij=1. We compact this notation, denoting

yi(t) as the observed biomarker value at t. Moreover, we have access to these patients’

survival information. We denote the observed event time by T ∗i and the true event

time Ti = min(T ∗i , Ci), where C denotes the censoring time. There is also a censoring

indicator δi = I(T ∗i < Ci).

The longitudinal component of the JM is modelled by a linear mixed effects model

(LMEM) (Laird & Ware 1982), as given by Equation 2.43. This is used to model the

evolution of the longitudinal trajectory over time.

yi(t) = x>i (t)β + z>i (t)bi + εi(t) (2.43)

yi(t) = mi(t) + εi(t) (2.44)

Here, x>(t) represents the design vector of the fixed effects, which corresponds to the

fixed effects parameter vector β. The random effects’ design vector z>i (t) corresponds

to the random effects bi, which describe the ith individual’s deviation from the mean

profile. The measurement error εi(t) ∼ N(0, σ2) and the random effects bi ∼ Nq(0,D),

where q represents the dimension of the random effects and D is the variance-covariance

matrix of the random effects. Equation 2.44 highlights that the observed biomarker at

t is the sum of the true unobserved biomarker value mi(t) = x>i (t)β + z>i (t)bi and the

measurement error.

As the biomarker is generated by the same patient that the survival information is

recorded, it constitutes an endogenous time-dependent covariate (Kalbfleisch & Prentice

2002). The time-dependent Cox model results in biased parameter estimates when the

time-dependent covariate is endogenous, and the full likelihood must be used to perform

parameter estimation (Wulfsohn & Tsiatis 1997, Rizopoulos 2012b).

The time-to-event component of the JM postulates the following relative risk model,

where the instantaneous risk depends on the history of longitudinal measurements

Mi(t) = {mi(s), 0 ≤ s < t} and the design matrix for the confounding variables is

wi, which corresponds to the parameter vector γ.
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hi(t | Mi(t),wi) = lim
dt→0

1

dt
P (t ≤ T ∗i < t+ dt | T ∗i ≥ t,Mi(t),wi) (2.45)

=h0(t) exp(γ>wi + α[x>i (t)β + z>i (t)bi]), t > 0 (2.46)

The parameter α contained within the frailty term represents the association between the

longitudinal and survival processes. When α = 0 the missingness mechanism corresponds

to MCAR, because it does not depend on either yObsi or yMis
i (in which case there is

no benefit from employing a joint modelling approach). Due to the fact that both

Equations 2.43 and 2.46 share the same random effects, the JM comes under the family

of shared-parameter models.

2.2.5.1 Connection with the Missing Data Framework

It can be seen that the joint model for longitudinal and time-to-event data has a distinct

connection with missing data in longitudinal studies. This is not by any means of

imputation, but rather by enabling valid inference (even in the case of MNAR, resulting

from the endogenous nature of the time-dependent covariates), by incorporating the

missingness process into the joint likelihood function by explicitly specifying a survival

model. This section formally describes how this is so.

The time-to-event component of the JM explicitly specifies a survival model for the

missingness process. Although the goodness-of-fit of this model is not testable from

the data, this formulation corresponds to the MNAR missingness mechanism (Equation

2.47). Rizopoulos (2012b) shows that by making implicit assumptions for the com-

plete longitudinal profile [yObsi ,yMis
i ], the JM missingness mechanism depends on yMis

i

through the posterior distribution of the random effects conditioned on the complete

longitudinal response, and therefore corresponds to MNAR. Note that Equation 2.49 is

derived by assuming that the survival and longitudinal processes are independent given

the random effects.

p(T ∗i | yObsi ,yMis
i ,θ) =

∫
p(T ∗i , bi | yObsi ,yMis

i ;θ)dbi (2.47)

=

∫
p(T ∗i | bi,yObsi ,yMis

i ;θ) p(bi | yObsi ,yMis
i ;θ)dbi (2.48)

=

∫
p(T ∗i | bi;θ) p(bi | yObsi ,yMis

i ;θ)dbi (2.49)

Note that the JM censoring mechanism corresponds to MAR, as the missingness process

is assumed to depend on the observed covariates and longitudinal responses (but not

the unobserved values). We restrict our attention in this work to right censoring that is

non-informative.
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Rizopoulos (2012b) also illustrates how shared-parameter models have an elegant and

computationally efficient way of dealing with both intermittent missingness and attri-

tion (as opposed to the computationally demanding approaches of selection models and

pattern-mixture models). This can be seen by writing the likelihood of the observed data

under the complete data model {yObsi ,yMis
i } for the longitudinal outcome (as displayed

in Equations 2.50 to 2.53).

L(θ) =

n∏
i=1

∫
p(Ti, δi,y

Obs
i ,yMis

i ;θ) dyMis
i (2.50)

=

n∏
i=1

∫ ∫
p(Ti, δi,y

Obs
i ,yMis

i | bi;θ) p(bi;θ)dyMis
i dbi (2.51)

=
n∏
i=1

∫
p(Ti, δi | bi;θ)

[∫
p(yObsi ,yMis

i | bi;θ)dyMis
i

]
p(bi;θ) dbi (2.52)

=
n∏
i=1

∫
p(Ti, δi | bi;θ) p(yObsi | bi;θ) p(bi;θ) dbi. (2.53)

Equation 2.52 is derived by assuming conditional independence between the longitudinal

and survival processes given the random effects. Clearly, the missing data here is only

related to the longitudinal component of the likelihood function. The second conditional

independence assumption (that the longitudinal measurements are independent of each

other given the random effects) can be exploited so that the integral in Equation 2.52

is easily dropped to derive Equation 2.53.

2.2.5.2 When could a Joint Modelling Approach be Beneficial?

We have already covered various possible motivations behind employing a joint mod-

elling approach. In particular, the JM can be used to provide valid inference when a

longitudinal covariate constitutes an endogenous time-dependent covariate and is sub-

ject to measurement error. Although it is not possible to distinguish between MAR

and MNAR from the data alone (this can only be known from expert knowledge of the

problem at hand), the JM can produce valid inference under MNAR. It is sensible to

employ the JM when the missingness mechanism is unknown, as a means to conduct a

sensitivity analysis. If the parameter estimates are sensitive between the LMEM and

JM approaches, this indicates that the mechanism is likely to be MNAR.

Henderson et al. (2000) outlines various possible interests of the analyst when a joint

modelling approach is appropriate:

• Interest is in the survival outcome. The analyst may be interested in the

distribution of the event times conditional on an endogenous time-dependent co-

variate that is contaminated with measurement error. This also comes under the
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case where the purpose of the study is to exploit the rich nature of longitudinal

data to perform dynamic prediction. This is our motivation for employing the

joint modelling framework in Chapter 4.

• Interest is in the longitudinal outcome. It is often the case where the ana-

lyst is concerned with a longitudinal outcome that is subject to possible outcome

dependent drop-out. This corresponds to adjusting for the implicit outcome of

missing data. This relates to our motivation for employing this framework in

Chapter 5.

• Interest is in the association between the survival and longitudinal pro-

cesses. In this case the parameter α is of interest as it describes the association

between the two processes.

In this work we employ the JM for various purposes. In particular, in Chapter 4 we wish

to take advantage of the rich nature of DCD donor physiological profiles throughout the

treatment withdrawal to death period (while adjusting for baseline covariates) in order

to dynamically predict survival probabilities between medically relevant time frames.

In chapter 5 we study whether the JM’s ability to deal with informative missingness

and measurement error simultaneously can be exploited to extract information from an

endogenous time-dependent covariate, which becomes a covariate in a predictive model

for predicting transplant outcome DGF.



Part II

An Application of Machine

Learning Methods
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Chapter 3

Ensemble Learning for Predicting

Failed Kidney Transplants

Summary

The prevalence of delayed graft function (DGF) is rising due to a substantial increase in

the number of kidney transplants from deceased after circulatory death (DCD) donors.

Being able to accurately predict DGF for recipients from DCD donors at an individual

level would enable more personalised and effective medical care. In this chapter we

benchmark the ability of various machine learning ensemble methods (adaptive boosting,

extreme gradient boosting, random forests and conditional random forests) for predicting

DGF against a semi-parametric random intercept logistic regression that contains spline

terms.

The NHSBT dataset is inherent of various features that typically complicate analysis. In

particular, having a hierarchical structure, non-linear associations, categorical variables

with a large number of categories, and highly correlated variables; can cause standard

methods of analysis to break down. We consider whether ensemble methods have the

potential to be an invaluable set of tools for the NHSBT in related, future applications.

By the means of a simulation study we assess the ensemble methods’ ability to identify

important variables, when faced with the complications present in the NHSBT dataset.

Finally, we propose a novel approach for visualising variable importance when missing

data is present and multiple imputation is performed.

41
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3.1 Introduction

For patients with ESRD there are two treatment options. Dialysis can be undertaken,

where a machine is used to perform the functioning of the failing kidney. However this

option is not always sustainable and in most cases the alternative option of a kidney

transplant is the preferred (and only long-term) treatment. A kidney transplant does

not always come without complication. In some cases, once the kidney is transplanted

into the recipient it fails to function immediately. Delayed graft function (DGF) is most

often defined as the failure of the kidney to function within seven days of transplant

(Yarlagadda et al. 2008) and is a bottleneck in the transplantation process.

Previously there had been a consensus that transplant outcomes for donation after cir-

culatory death (DCD) donors are inferior to donation after brain-stem death (DBD)

donors, which are the most common type of donor. However, a shift in attitude oc-

curred as a result of research findings suggesting that the two types of donors have

comparable long-term transplant outcomes (Summers et al. 2015). This led to a sub-

stantial increase in the number of DCD donor transplants in the UK, as the NHSBT

implemented a transplant program specifically for controlled DCD. Nevertheless, recipi-

ents from DCD donors are more susceptible to developing DGF, which is thought to be

due to ischaemic injury being inflicted during the treatment withdrawal to death phase.

As research is limited with regards to what characteristics of the withdrawal phase are

associated with the chances of a recipient experiencing DGF, we investigate this research

question in Chapter 5.

Clinicians record data relating to the physiological profiles during the treatment with-

drawal phase, as well as donor, recipient and graft characteristics. Being able to predict

which patients are likely to develop DGF and determine which factors contribute to-

wards the occurrence of DGF would enable clinicians to make more informed decisions,

such as which patients the removal team should attend. Deriving a predictive model for

transplant outcome DGF based on the motivating data, and ranking the importance of

variables in the derived model are the primary aims of this chapter.

Due to the nature of the kidney transplantation process, these data were not gathered

according to a well designed experiment. One should acknowledge that this is observa-

tional data that is to be analysed retrospectively. In this case, we conjecture that it is

not possible to determine causal effects and that results from any such analysis should

be used as no more than a guide. However, it is worth noting that in some cases observa-

tional data is preferred to “overly clean” experimental data when the aim is prediction,

as it reflects the realistic context of the problem due to the presence of uncontrolled

factors and noise (Shmueli et al. 2010).

Machine learning methods are appealing for any application that involves the analysis

of observational data. This is due to their ability to elegantly cope with various possible
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complications that can arise with real data, that are problematic for standard statistical

methods. Many of these possible complications are present within the NHSBT dataset

(including non-linear associations, correlated variables, a large number of variables).

However, little research to this author’s knowledge has been conducted to study their

predictive performance, and ability to rank the importance of variables, when a hierar-

chical structure is present and categorical variables exist that have many categories yet

a relatively small sample size.

Popular machine learning methods include the artificial neural network (ANN), the

support vector machine (SVM) (Vapnik 1999), decision trees (DT) (Breiman et al. 1984)

and random forests (RF) (Breiman 2001a). Despite the large amount of scepticism that

these methods have quite rightly faced in the past due to being treated as “black-

box” algorithms, they have proven to be tenable and their application has now become

mainstream in a multitude of applications. The majority of these applications involve

the analysis of large datasets, however, this is not always the case and it has become

more common to analyse relatively small datasets, such as the NHSBT dataset, with

machine learning methods.

Recall from Section 2.2.1 the characteristics that determine an appropriate method for

the problem at hand. A model should be sufficiently accurate, interpretable, efficient

and robust to complications in the data. Based on these criteria we consider tree based

ensemble methods, while acknowledging that interpretability is limited. This choice was

in part inspired by these methods having achieved an exceptionally high predictive ability

when applied to various prestigious machine learning competitions, such as Kaggle1. A

notable example was the use of ensemble methods to win the Netflix prize (Bell et al.

2010).

In order to be aware of the dangers that arise from using black box algorithms we cover

relevant methodological concepts that underlie these methods. A secondary aim of this

chapter is to assess the applicability of these methods to the NHSBT dataset. This

is examined by benchmarking the discriminatory ability of various machine learning

algorithms to standard statistical methods, and by a simulation study designed to test

the algorithms’ ability to rank the importance of covariates at various levels of sample

size.

The remainder of this chapter is structured as follows. In Section 3.2 a review of relevant

literature is given, justifying this work by exposing grey areas in current research and

providing scope for novelty in this chapter, in terms of both application and methodology.

Subsequently, the ensemble methods are introduced in Section 3.3, providing relevant

concepts and intuition as to how they function. This is followed by a simulation study

in Section 3.4 to assess the ability of ensemble methods to identify important variables.

1Kaggle is an online community of data scientists owned by google, that runs machine learning
competitions.



44 Chapter 3 Ensemble Learning for Predicting Failed Kidney Transplants

Finally, we conduct the analysis in Section 3.5, where the objective is to achieve the

primary aims stated above.

3.2 Review of Literature

Specialists have claimed that being able to accurately predict kidney transplant outcomes

would be invaluable for the clinical decision making process (Bergler & Hutchinson 2017).

The US already (albeit controversially) use post-transplant predicted survival time as

a basis for allocating kidneys. The proportional hazards model that was used to form

this basis, was found to have a reasonably good discriminatory ability, achieving 0.69

Harrell’s concordance index (C-index) (Clayton et al. 2014).

There are many other studies that employ standard statistical methods (logistic or pro-

portional hazards regression) in order to predict patient or survival outcomes (Thoro-

good et al. 1991, Hernández et al. 2005, Tiong et al. 2009, Foucher et al. 2010, Lin et al.

2008). A relatively recent predictive analysis was conducted by Molnar et al. (2017).

Using proportional hazards models, they found many variables to be significantly as-

sociated with graft survival (recipient age, cause and duration of ESRD, haemoglobin,

albumin, selected co-morbidities, race, type of insurance, donor age, diabetic status,

number of HLA-mismatches). This model achieved a 0.63 C-index, demonstrating rea-

sonable discriminatory ability.

The NHSBT have conducted studies attempting to predict transplant outcomes for

kidney recipients from deceased donors. Watson et al. (2012) analysed 7,620 adult re-

cipients from deceased donors between 2000 to 2007. Recipient age, ethnicity, primary

renal disease, CIT, HLA mismatch, donor age, donor hypertension, donor weight, hos-

pital duration and use of adrenaline were found to be significantly associated with graft

survival. A C-index of 0.62 was achieved. Watson et al. (2012) compare their analysis

to that of Rao et al. (2009), claiming that their selected model is more parsimonious yet

has a comparable predictive ability (where Rao and colleagues achieved 0.63 C-index).

The study by Watson et al. (2012), however, could be criticised for categorising the

continuous covariate age. Modelling a variable that is continuous by nature with a step

function is unnatural and will often result in a loss of predictive accuracy (Harrell 2015).

As Shmueli et al. (2010) explain, predictive models are fitted with a different procedure

and aim to that of explanatory models and when the former are employed the aim

should not be to simplify the model in order to improve interpretability, or else a loss in

predictive ability is inevitable.

Many of the same authors from the study Watson et al. (2012) were involved in another

study (Li et al. 2016) that aimed to predict long-term survival outcome for recipients

from deceased donors. This was based on a dataset consisting of 12,000 recipients
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from 2003 to 2013. In this study, non-linearity was dealt with by employing a flexible

proportional hazards regression with restricted cubic spline terms. However, model

selection becomes significantly more complicated under this approach, as many more

potential combinations of models become apparent. Testing interactions with all possible

non-linear combinations of continuous variables is not computationally feasible.

Predicting DGF can also be useful for clinical decision making (Schröppel & Legendre

2014). An attempt to predict DGF was made by Irish et al. (2003), performing logistic

regression on 13,846 recipients from deceased donors between 1995 and 1998. In this

study the incidence of DGF was 23.7% and an AUC of the ROC was 0.70, indicating

a good discriminatory ability. Irish et al. (2010) performed another ‘new era’ logistic

regression analysis on 24,337 recipients from deceased donors between 2003 and 2006,

achieving an identical discriminatory ability of AUC of the ROC. They found many

variables to be significantly associated with DGF (ethnicity, gender, dialysis at trans-

plant, single organ donor, previous transplant, panel reactive antibody, repeat blood

transfusion, HLA mismatch, donor age, CIT, hypertension, heart beating, donor cause

of death). In the latter study warm ischaemic time and recipient BMI were also included

in the analysis and were found to be significant.

External validation of the study by Irish et al. (2010) found an AUC of the ROC equal

to 0.69 (Michalak et al. 2017). These studies could be criticised for not having accounted

for the multilevel structure of the data as a result of multiple kidneys being donated

from a single donor. Use of random intercept logistic regression, for example, may have

improved the predictive ability.

The application of machine learning to kidney transplant data is an emerging area of

research. Supervised learning algorithms, such as the ANN, SVM, DT and RF, have

been used to predict graft or patient survival of kidney recipients (Greco et al. 2010,

Shaikhina et al. 2017, Akl et al. 2008, Lasserre et al. 2011, Vijayarani & Dhayanand

2015). The predictive ability achieved in these studies varies substantially. Lasserre

et al. (2011) claim that this variation is attributed to the varying quality of the available

data. They suggest that the data origin, the number of samples, a few extra features

and the chosen outcome make up most of the difference. A closer inspection reveals that

the studies including both pre and post-transplant clinical indicators achieved higher

accuracy (Greco et al. 2010, Akl et al. 2008). Furthermore, the studies whose datasets

consisted of living donors had a higher accuracy compared to those with deceased donors

(Akl et al. 2008).

Krikov et al. (2007) analysed a dataset relating to a large multi-centre study consisting

of 94,844 patients. Based on 31 pre-transplant predictor variables (relating to the donor,

recipient and graft characteristics) they used DT to predict graft survival at 1, 3, 5, 7 and

10 years. They achieved AUC of the ROC of 0.63, 0.64, 0.71, 0.82 and 0.90 respectively.

The unintuitive increase in accuracy that occurs as events are being predicted further



46 Chapter 3 Ensemble Learning for Predicting Failed Kidney Transplants

into the future is a result of the imbalance between classes becoming more prominent

over time. Graft losses and drop-out at earlier stages result in a high success rate for

those that remain alive in the distant future, causing this imbalance. If there is a 90%

success rate a predictive model will appear to perform very well if a success is predicted

for every observation.

The phenomenon of a high predictive accuracy as a result of imbalanced classes is also

present in studies that use machine learning to predict DGF using all types of donors.

This is because its incidence is only relatively high for DCD donors. Shoskes et al.

(1998) used a dataset consisting of 100 recipients from deceased donors (from a single

transplant centre) to predict DGF by employing a neural network. In this study, only

24% of patients developed a DGF and by randomly partitioning the dataset such that 80

of the transplants were used to train the neural network and 20 were used to determine

the predictive ability, they reported 80% accuracy. This result is questionable having

used such little data to estimate so many parameters, and by a poor choice of evaluation

criteria. A stratified K-fold cross-validation would have enabled the whole dataset to be

used to estimate accuracy while accounting for the unbalanced classes.

Brier et al. (2003) compared the performance of an ANN to logistic regression for pre-

dicting DGF using a dataset consisting of 304 kidney transplants from deceased donors.

In this single centre study there was a higher incidence of 38% DGF. The ANN was

found to be more sensitive to predicting the presence of DGF (56% against 37%), while

logistic regression was more sensitive to predicting the absence of DGF (91% against

70%). They found the interaction between donor and recipient ethnicity to be the only

variable that had a highly significant association with the development of DGF. The

ANN had a marginally better predictive ability overall with an AUC of the ROC 0.67,

in contrast to 0.64 for logistic regression.

Decruyenaere et al. (2015) compared the performance of logistic regression to eight ma-

chine learning algorithms for predicting DGF. The dataset consisted of 497 transplants

from deceased donors (10% of which were DCD donors), which was obtained from a

single transplant centre. There was a low incidence of DGF in this dataset of 12.5%. 24

predictors were used by the learning algorithms DT, RF, stochastic gradient boosting

(SGB), SVM (with linear, polynomial and radial basis functions), linear and quadratic

discriminant analysis (LDA and QDA). AUC of the ROC (using stratified K-fold cross-

validation) achieved 0.53, 0.74, 0.77, 0.84, 0.80, 0.83, 0.82, 0.80 respectively. However,

the estimate of the generalisation error is likely to be optimistic as a result of the same

data being used to tune the hyper-parameters as was used to estimate the generalisation

error. A nested cross-validation approach (Algorithm 1) would have been a less biased

estimate despite it being much more computationally demanding.

To the best of this author’s knowledge, no study exists that attempts to predict DGF

based on a dataset consisting of only DCD donors. Due to the increased incidence of



Chapter 3 Ensemble Learning for Predicting Failed Kidney Transplants 47

DGF for DCD donors, a binary outcome indicating the development of DGF is much

less likely to suffer from a biased estimate of the generalisation error as a result of highly

imbalanced classes. Although Yoo et al. (2017) used tree based ensemble methods to

predict kidney patient survival, there are many variants of ensemble methods that have

not yet been applied to transplant data (particularly for predicting DGF). For example,

adaptive gradient boosting (AdaBoost) and extreme gradient boosting (XGBoost) are

some of the most popular boosting methods providing further scope for novelty in this

research.

3.3 Methods

In this section various methods are discussed that are employed in the analysis section

later in this chapter. The machine learning methods considered are variations of tree

based ensembles, that have been used in a wide range of applications. In the context of

classification (which we restrict our attention to), ensemble methods provide a means of

combining a set of weak learners2 to create a powerful classifier. The idea is analogous

to model averaging in statistics and two powerful classes of algorithms, namely bagging

and boosting, dominate in practice as a means of combining weak learners. Both of these

methods have deep roots in statistics that we consider later in this section.

Regression trees have a number of properties (discussed in Section 3.3.1) that make them

highly effective weak learners for an ensemble. For this reason, they are the most popular

choice of weak learner to form an ensemble in practice. As the methods we employ are

all tree based, regression trees are now introduced for the sake of completeness.

3.3.1 Regression Trees

Regression trees are a class of tree based methods for non-parametric regression and

classification. In either case, the model takes a vector of inputs (xi, yi) and returns an

output ŷi (which is a prediction) for each observation (i = 1, . . . , n).

The feature space X is recursively partitioned into T rectangular areas R1, . . . , RT . The

idea is that observations with similar outcomes are grouped by these distinct partitions

(interchangeably referred to as regions, leaves or nodes). The regression tree that fits a

constant model to each region is displayed in Equation 3.1, where w represents the leaf

weights. In this case, the decision tree is in effect a piecewise constant function.

ϕ(x) =
T∑
j=1

wjI(x ∈ Rj), wj ∈ R (3.1)

2Weak or base learners refer to simple predictive models that have limited predictive accuracy, i.e.,
they perform only slightly better than random guessing.
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Regression trees can also be seen as adaptive basis functions. In this case there are T

basis functions φj(x) = I(x ∈ Rj) (which represent the nodes). The number of nodes is

a hyper-parameter that controls the complexity of the model. This integer value is best

determined using cross-validation.

Minimising the empirical risk given by Equation 3.2 requires choosing an appropriate loss

function L and determining both the regions and weights. This is an ill-posed problem

due to a possibly infinite number of regions. This is circumvented by approximating

the target function with a greedy top-down3 binary partitioning algorithm. Various

algorithms exist for this purpose. However, the CART (classification and regression

trees) (Breiman et al. 1984) algorithm appears to be the most developed in available

software, and is used in the ensemble methods that we consider in this chapter.

R̂(ϕ) =
1

n

n∑
i=1

L

(
yi,

T∑
j=1

wjI(xi ∈ Rj)

)
(3.2)

The gain is calculated as the difference between the empirical risk of the model evaluated

before and after a new split is made. Having tried each possible split at each possible

node, the split is made such that the gain is maximised. The splitting continues until a

specified stopping criterion is achieved. In practice, this is usually chosen to be until a

certain number of observations are contained within each region.

The complexity of decision trees can be controlled in various ways. As previously dis-

cussed, specifying the number of terminal nodes and a stopping criterion (the number of

observations in a given region) can stop the model from over-fitting the data. Further-

more, a “tall” tree can be grown and pruned in a bottom-up fashion, a process named

cost-complexity pruning (Hastie et al. 2008). This refers to growing a complex tree and

removing terminal nodes that have a negative gain. This is equivalent to penalising

the empirical risk function to give the penalised objective function L̃(ϕ) as displayed in

Equation 3.3.

L̃(ϕ) = R̂(ϕ) + λT (3.3)

Hastie et al. (2008) outline various advantages and disadvantages of regression trees.

As previously stated, they are able to capture interactions and non-linear associations

and are robust to outliers. They have an in-built model selection procedure and are

invariant to monotone transformations of the input. They have a natural approach to

dealing with missing data and are scalable to large datasets.

Regression trees are not competitive in terms of predictive ability compared to other

methods as they have a high variance and are unstable. Due to fitting rectangular

3This refers to the splits being made based on what appears the best at the time (that minimises the
empirical risk), without looking ahead of the current split, which otherwise may have further reduced
the empirical risk. See Friedman et al. (2001) for more details.
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regions, they often lack smoothness. Strobl et al. (2007) show that they are biased

towards selecting categorical variables that have many categories (that tend to result

in over-fitting) and towards numerical variables that have a large number of distinct

values.

3.3.2 Adaptive Boosting (AdaBoost)

Kearns (1988) first posed the question of whether multiple weak learners can be combined

to create a powerful classifier. Schapire (1990) showed that this was possible, which led

to the first practical boosting algorithm AdaBoost (Freund & Schapire 1997). This

remains one of the most popular boosting algorithms.

Suppose that a sequence of weak learners {ϕm(x)}Mm=1 return predictions coded such

that ŷ ∈ {−1, 1}, where in our case ϕm(x) is given by Equation 3.1. Each of these weak

learners (regression trees) correspond to basis functions of the boosted tree model. The

tree weights {αm}Mm=1 allow trees with a higher predictive accuracy to assign a larger

weight towards the final predicted values in the voting process. The AdaBoost algorithm

(Algorithm 2) (Hastie et al. 2008) works by iteratively weighting the data, such that on

each iteration more attention is given to observations that were previously misclassified.

Line 10 of Algorithm 2 shows how the final predictions are determined via a majority

vote, which explains why ŷ is coded as ∈ {−1, 1}.

Algorithm 2 AdaBoost (Adaptive Boosting)

1: Initialise the observation weights {w̃i}ni=1 = 1
n

2: for m = 1, . . . ,M do
3: Fit the weak classifier ϕm(x) to the training data using the weights wi.
4: Compute:

Errm =

∑n
i=1 w̃iI(yi 6= ϕm(x))∑n

i=1 w̃i

5: Compute the tree weights αm = log((1− Errm)/Errm)
6: for Update the observation weights i = 1, . . . , n do
7: w̃ ← w̃i exp(αmI(yi 6= ϕm(x)))
8: end for
9: end for

10: Output the strong classifier ϕ(x) = sign(
∑n

i=1 αmϕm(x))

The remarkable results that this algorithm has achieved in practice, as a result of reduc-

ing both bias and variance of the weak learners, was at one time a mystery. Friedman

et al. (2000) proved that this phenomenon can be explained by the well-known statis-

tical principle of additive modelling. In particular, they showed that AdaBoost can be

interpreted as a stage-wise estimation procedure for fitting an additive logistic regres-

sion model. AdaBoost uses the forward stage-wise additive modelling procedure (Hastie

et al. 2008) which iteratively fits the following:
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{α̂m, γ̂m} = arg min
{αm,γm}

n∑
i=1

L

(
yi, ϕ̂

(m−1)(x) + αmϕm(x; γm)

)
, (3.4)

where γ parametrises the basis functions, which in this case refers to the split variables

and split points at the nodes. The number of iterations should be determined by cross-

validation.

3.3.3 Extreme Gradient Boosting (XGBoost)

XGBoost (Chen & Guestrin 2016) is a highly scalable machine learning algorithm. It

employs a Newton gradient boosting method proposed by Friedman et al. (2000), for

optimisation in the function space. It has been implemented in many programming

languages and is used in this work in R (Chen et al. 2015). XGBoost has won many

machine learning competitions, notably the Higgs Boson discovery challenge (Chen &

He 2015).

We proceed with the same task as in Section 3.3.2, of finding the function ϕ that best

fits the data using boosted tree models:

ŷ = ϕ(x) =
M∑
m=1

ϕm(x), ϕm ∈ Φ (3.5)

where Φ is the function space containing all possible classification trees. As this is an

infinite function space, the solution is approximated with a greedy additive modelling

approach. The regularised objective function is given in Equation 3.6, where the loss

function is chosen to be convex and differentiable. Here the second term represents the

regularisation term penalising the complexity of the model.

L̃(m)(ϕ) =

n∑
i=1

L
(
yi, ŷ

(m−1) + ϕm(xi)
)

+

m∑
j=1

Ω(ϕj) (3.6)

In this application the logistic loss function is used:

L(yi, ŷi) = yi log(1 + e−ŷi) + (1− yi) log(1 + eŷi). (3.7)

Optimisation for this objective function must be performed in the function space, which

means that traditional methods of optimisation that are performed in the Euclidean

space are not appropriate. A second order Taylor expansion is used to approximate the
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loss function.

L̃(m)(ϕ) =

n∑
i=1

L
(
yi, ŷ

(m−1)
i + giϕm(xi) +

1

2
hiϕm(xi)

2
)

+

m∑
j=1

Ω(ϕj) (3.8)

where the gradient gi = ∂ŷ(m−1)L(yi, ŷ
(m−1)) and the Hessian hi = ∂2

ŷ(m−1)L(yi, ŷ
(m−1)).

The XGBoost regularisation term penalises both the number of leaves with hyper-

parameter γ and imposes an L2 norm penalty on the leaf weights that is controlled

by the hyper-parameter λ, such that:

Ω(ϕm) = γT +
1

2
λ

T∑
j=1

w2
j . (3.9)

With some manipulation Equation 3.8 can be written as Equation 3.10, which is the

sum of T independent polynomial functions of w (Chen & He 2015).

L̃(m) =
T∑
j=1

[(∑
i∈Ij

gi

)
wj +

1

2

(∑
i∈Ij

hi + λ
)
w2
j

]
+ γT, (3.10)

where Ij represents the indices for those observations that are contained within leaf

j. Now compacting notation by setting G =
∑

i∈Ij gi and H =
∑

i∈Ij hi, the optimal

weights w̃ for a fixed structure can be derived as:

w̃j =
Gj

Hj + λ
(3.11)

In determining the structure at the current iteration {Rj}Tj=1, a greedy approach is

employed to maximise the gain defined as:

Gain =
1

2

[ G2
L

HL + λ
+

G2
R

HR + λ
+

(GL +GR)2

HL +HR + λ

]
− γ (3.12)

where indices L and R represent the daughter nodes of an attempted split. Once the

regions and optimal weights are determined, the function is estimated for the current

iteration as given in Equation 3.13. Here η is the step-size (or shrinkage), in practice

usually set to 0.1 (Chen & He 2015).

ϕ̂m(x) = ŷ(m−1)(x) + η
T∑
j=1

w̃jI(x ∈ R̂j) (3.13)

Other hyper-parameters in the XGBoost algorithm include:

• Maximum depth: the maximum depth to grow the regression trees.
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• Stopping criterion: the threshold specifying the minimum sample size within a

leaf such that splits stop.

• Row subsampling : random subsample of rows (without replacement) (Friedman

2002), fitting trees to samples at each boosting iteration. This hyper-parameter is

determined as a fraction of subsampling.

• Column subsampling : the fraction of variables to include at each boosting iteration

(Ho 1998).

3.3.4 Random Forests

RF are conceptually more straightforward than boosting based ensembles. Although

both methods in the classification context involve a committee of trees that cast a vote for

a predicted outcome, the pivotal difference is that boosted trees evolve over time whereas

RF build a set of de-correlated trees. RF use bagging (bootstrap aggregation) (Breiman

1996), which involves taking bootstrap samples of the data, fitting a regression tree to

each sample and subsequently combining the output. By inducing random variability

through sampling with replacement, this approach reflects the inherent nature of the

sampling process. RF have improved predictive accuracy compared to weak learners by

reducing variance through averaging multiple trees. However unlike boosted trees, RF

are unable to reduce bias as the trees are identically distributed because they are fitted

on bootstrap samples of the original dataset (Hastie et al. 2008).

RF tend to be favoured in practice compared to bagged trees. This is due to a few

modifications in the algorithm that increases the potential for an improved predictive

accuracy. In particular, by pre-specifying a number of features by which to randomly

subset the original set of features (to be tried at each node split), RF create more

diverse trees. This gives features that would otherwise be consistently outplayed by a

dominating feature a chance to determine the tree structures. This in essence “levels

the playing field”. Algorithm 3 displays the algorithm for RF.

RF have the additional benefit of an alternative and convenient approach for estimating

the generalisation error. This is referred to as the out-of-bag error, which uses the

observations that were not included in the bootstrap sample as an in-built test set. This

provides an unbiased estimate of the generalisation error (Breiman 2001a, Strobl et al.

2009).

Part of the popularity of RF in practice is attributed to its ability to provide insight

into the predictive structure of the model. This insight is achieved by using variable

importance measures, most of which are a weighted mean of impurity4 reduction across

4In this context an impure node is a rectangular region in the feature space that contains a large
number of misclassified observations.
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Algorithm 3 Random Forests

1: Input: Dtrain, number of trees (ntree), number of variables tried at each split mtry,
minimum node size.

2: for i = 1, . . . , ntree do
3: Take a bootstrap D∗i sample of size n from Dtrain.
4: Grow a tree using D∗i , by the following steps for each node until the minimum

node size is reached:

• Randomly select mtry features from D∗i .

• Select the best feature and splitting point from the mtry features.

• Create a binary partition to create two daughter nodes.

5: end for
6: Output: Aggregate the predicted values over the ntree trees (the mean or mode

for regression or classification respectively).

all nodes that contain the feature of interest. Louppe et al. (2013) show that the mean

decrease in impurity measures are zero if and only if the corresponding variable is ir-

relevant and that the importance of a relevant variable is invariant to the addition or

removal of irrelevant variables.

Empirical studies show that some measures of impurity, such as the Gini importance

index5 (Friedman et al. 2001), can be biased in certain situations favouring variables

composed purely of noise (Strobl et al. 2007). In particular, this measure is optimistic

towards categorical variables with a large number of categories and also towards continu-

ous variables with many distinct values (both types are present in the NHSBT dataset).

A more robust measure of performance that considers the impact of each variable

while adjusting for the others is the permutation importance. The intuition behind

this method involves evaluating the out-of-bag accuracy for a model including variable

xj among others, evaluating it again having permuted variable xj′ and assessing the

difference in accuracy. In the case that xj is associated with the target variable, the

prediction accuracy will drop significantly.

Following Strobl et al. (2007), let B(t) be the out-of-bag sample for tree t, where t =

1, . . . , ntree. The permuted variable importance for xj on the tth tree is given as follows:

V I
(t)
permute(xj) =

∑
i∈B(t) I(yi = ŷ

(t)
i )

|B(t)|
−
∑

i∈B(t) I(yi = ŷ
(t)
i,πj

)

|B(t)|
, (3.14)

where ŷ(t) is the predicted class of the ith individual from tth tree based on the full

feature vector and ŷ
(t)
i,πj

is the same except the jth feature is randomly permuted. It can

be seen that this is simply the mean accuracy of a given tree’s predictions before and

5The Gini index can be expressed as:
∑K
k=1 p̂jk(1 − p̂jk), where p̂jk are the number of observations

in the kth class in region j.
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after xj is permuted. The overall permuted variable importance for xj is:

V Ipermute(xj) =
1

ntree

ntree∑
t=1

V I
(t)
permute(xj). (3.15)

3.3.5 Conditional Inference Random Forests

Strobl et al. (2007) introduced CRF as an attempt to address some of the inherent

limitations of RF. In particular, they claim that RF use a biased variable selection

procedure. As previously discussed, this bias is a result of the optimal binary split

search that favours certain variable types. CRF circumvent this bias by employing a

method with a strong statistical foundation.

CRF use an alternative set of weak learners, namely conditional inference trees (CI trees)

(Hothorn et al. 2006), which are based on the well-defined statistical principle of condi-

tional inference. This method was proposed as a response to the demand for a method

that accounts for the distributional properties of variables when selecting variables to

perform splits, so that an unbiased model selection procedure can be performed (i.e.,

certain variable types are not favoured in the splitting process).

A defining characteristic of CI trees is that the procedures of selecting and splitting

variables are performed separately. Over-fitting is addressed by model selection based

on significance tests (chi-squared tests), which also provide the stopping criterion. The

significance level α is a hyper-parameter that is used to control the complexity of the

CI trees, where a larger value will result in a taller and more complex tree.

Hothorn et al. (2006) provide the generic algorithm given below for the conditional

inference approach to recursive binary partitioning, which is implemented in the ctree

package in R. The party package is used to build CRF, which is built on the ctree

package. This approach can be applied when both the target and the features are

measured at arbitrary scales. It is therefore not problematic to include variables that

are continuous, categorical (with possibly many categories), multivariate or censored.

Let the non-negative integer observation weights w̃ = {w̃}ni=1. Each node contains

a vector w̃ which is non-zero if the observations are elements of the node and zero

otherwise.

1. Test a global hypothesis of independence in the form of p partial hypothesis tests:

Hj
0 : p(Y |Xj) = p(Y ), where the global hypothesis to be tested has the form

H0 = ∩pj=1H
j
0 . Terminate step if cannot reject H0 at α, otherwise, choose Xj with

the strongest association.

2. Choose the split point using optional split criterion, such as that used by CART

or the permutation based approach described by Hothorn et al. (2006) to produce
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R ⊂ Xj . The observation weights for the daughter nodes are w̃left,i = w̃i · I(Xj ∈
R) and w̃right,i = w̃i · I(Xj ∈/ R) for i = 1, . . . , n.

3. Repeat both steps until termination, with modified case weights w̃left and w̃right.

Another important difference between the most common implementation of CRF (the

party package) as opposed to the conventional RF, is that subsampling (sampling with-

out replacement) is used instead of bootstrap sampling. In general, the subsampling

fraction is 63.2% of the training set sample size, which corresponds to the percentage of

non-duplicate observations when the bootstrap is used. This results in approximately

the same out-of-bag sample size. Strobl et al. (2007) show empirically that bootstrap

sampling biases the model selection procedure and variable importance measures that

are based on selection frequencies, which led to a subsampling implementation.

3.4 A Simulation Study

We conducted a simulation study to assess the ability of the RF, CRF and XGBoost

to identify important variables when applied to data with the inherent complications

faced in the analysis section of this chapter. Note that AdaBoost is excluded here as

at the time of this analysis, AdaBoost’s implementation in R did not have functionality

to return importance indices. This is done by taking bootstrap samples of the NHSBT

dataset and simulating a binary response from a random intercept logistic regression

(RILR). This enables us to closely mimic the NHSBT dataset and therefore to study

properties of interest. In particular, it is of interest how applicable these methods are

to multilevel data, which to this author’s knowledge has not been studied empirically in

terms of ensemble method variable importance measures.

As previously discussed, the NHSBT dataset exhibits various complications, including:

• A multilevel structure, arising from most donors (level 2) having donated both

kidneys, for which we analyse the response at the recipient level (level 1).

• The presence of highly correlated variables, in particular the donor variables re-

lating to time, which one would expect to be correlated by definition (such as

o2sat90time6, o2sat80time, o2sat70time, and possibly deathtime).

• A mixture of continuous and categorical variables, where some categorical variables

have a large number of categories (approximately 20 categories), and continuous

variables with skewed distributions often containing many outliers.

• Possible non-linear associations between the predictor variables and the response.

6It is convenient here to use the variable code names. A description relating to these names can be
found in appendix Table A.1.
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3.4.1 Simulation Design

As the intention of this section is not to interpret the data, the dataset is restricted to

complete cases and feature engineering (described in Section 3.5.1) is not performed. A

RILR model was fit to the dataset including four variables found to be predictive of DGF

in the literature (CIT MINS, dage, DIAL AT TX, o2sat90time). This provided a wide

scope for research, by including both categorical and continuous variables and one that

is highly correlated (o2sat90time) with (what we specify to be) non-significant variables

(o2sat80time and o2sat70time). Non-linearity was introduced by fitting CIT MINS

with a natural spline with two interior knots. Furthermore, a log transformation was

applied to o2sat90time. A single random intercept term was fitted relating to the donor

ID. More specifically, we have:

yij | πij ∼ Bernoulli(πij) (3.16)

πij = P(yij = 1|xij , ζj), (3.17)

where the random intercept term ζj ∼ N(0,Ψ). The simulation is based on the following

model:

logit(πij) =β0 + β1dage1ij + β2B(CIT MINSij , υ1) + β3B(CIT MINSij , υ2)+

β4B(CIT MINSij , υ3) + β5DIAL AT TXij + β6 log(o2sat90timeij + 1)

+ ζj ,

(3.18)

where {B(CIT MINS, υk)}3k=1 represents the B-spline basis matrix for a natural spline

with two internal knots placed at the 33.3% and 66.7% percentiles (in the range of the

observed data for variable CIT MINS). υk indicates which of the three segments separated

by the two internal knots the piecewise polynomial is fit to.

The specified model is fit to the data and the coefficients are extracted, which become

the set parameters of the simulation study. Ψ = 1.8 and the coefficients for the fixed

effects β = (β0 . . . β6)
> are:

β =



3.58

−0.24

−1.05

−4.12

−2.14

−1.86

0.22


.
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The RILR found each variable to be associated with DGF, where DIAL AT TX, dage,

CIT MINS and o2sat90time had the strongest to the weakest association respectively.

Each bootstrap sample was drawn by sampling donor ID (which in most cases corre-

sponded to two recipients). For every sample the donor was assigned a new ID and each

recipient was assigned a simulated response. This way the hierarchical structure of the

data at the donor level was preserved while recognising duplicate bootstrap samples as

different donors.

1000 simulations were performed at each of the three investigated levels of sample size

(100, 200, 1000 donors). Each bootstrap dataset was split into a 70% training and

30% testing set, where the training set was used to tune the hyper-parameters over a

pre-specified grid of points. The algorithms were subsequently fit on the full dataset

with the tuned hyper-parameters. The Gini and permuted importance measures were

extracted for the RF and the permuted importance for the CRF. The gain importance

was extracted for XGBoost.

3.4.2 Results

Figure 3.1 displays a matrix of box-plots corresponding to the simulation results for RF

and CRF. Due to XGBoost requiring all features as dummy variables, the importance for

each category is returned, which made a comparison in the form of this figure impossible.

The left column corresponds to the Gini importance for RF, the middle column gives

the permuted importance for RF, and the right column gives the permuted importance

for CRF. The rows correspond to n = 100, 200, 1000 bootstrap samples of donors (top

to bottom respectively). The x-axis gives the variable code names, where the important

variables are colour coded by their level of importance (brown, red, beige and yellow;

most important to least).

The left column is consistent with findings by Strobl et al. (2007) who found that the

Gini index is biased towards variables with many categories (REC UNIT and recip prd

have 24 and 21 levels respectively) and continuous variables. The Gini index had barely

any ability at all to determine important variables. This is confirmed by Table 3.1 which

displays how many times out of the 1000 simulations per sample size each important

variable was included in the top four ranks and how many times they were correctly

ranked. Notably, based on the Gini importance the most important variable was not

once correctly identified, for any sample size. Only CIT MINS was correctly identified a

reasonable number of times, which is likely to be a result of the Gini importance bias

towards continuous variables. Reporting this measure in our analysis would clearly lead

to misleading conclusions.

In contrast to the Gini importance, the RF permutation importance shows a substantial

improvement, not only in identifying the top four most important variables, but also
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their correct rank. For low sample sizes, one of the categorical variables with many levels

(REC UNIT) was identified as the third most important variable (ranked by the median

importance index across the simulations). Low cell counts for many of this variable’s

categories may explain this overoptimistic importance index for this variable, as perfect

separation of classes is more likely to occur when only a couple of observations occurred.

At the 1000 donors sample size, the top two variables are correctly ranked by the median

importance. Three of the four variables are correctly ranked to be in the top four most

importance variables.

Strobl et al. (2008) found that the permutation importance measure is biased towards

correlated variables. Our results are consistent with this finding, as sbp60time and

sbp50time were found to be important (by median importance) for each sample size

and are very highly correlated (correlation 0.99). Although it was not computationally

feasible to implement in the context of a simulation, we investigated the performance

of the most recently proposed importance measure (Strobl et al. 2008) (a conditional

permutation measure that accounts for correlated variables). Having run a few iterations

of the simulation with this measure, the results were comparable to the Gini index. This

suggests that this measure is not appropriate for multilevel data.

Finally, for each sample size the CRF permutation importance correctly ranked the

true important variables to be in the top four ranks (by median importance). More

impressively, for the largest sample size they were ranked by median importance in the

correct order. It can be seen from Figure 3.1 that as sample size increases there are

much less outliers that lead to false conclusions, compared to the lower sample sizes.

This suggests that asymptotically, the permutation importance for CRF is appropriate

for the NHSBT dataset. However, even for the largest sample size considered in this

study, outliers from non-important variables make it difficult to distinguish between

important variables. For example, o2sat90time was correctly ranked in the top four

45% of the time). This is opposed to the most important variable DIAL AT TX, which

was correctly ranked 100% of the time. XGBoost importance ranking was found to give

competitive results to RF, but was outperformed by CRF.

It is important to note that this study was designed to be conservative, in the sense

that tree models are known to give a poor approximation when the true association is

linear or smooth. As we simulate this to be the case, the results from this simulation

study reflect the worst case scenario of employing a non-parametric approach when

the true relationship is linear and suggest that even in this case ensemble methods

provide an effective means of identifying important variables. This result provides useful

information, as the opposed case of incorrectly assuming linearity can be very costly.

These results may have been improved by subsampling, leaving scope for future work.

However, in our case it was of interest to understand how these methods perform when

homogeneity exists between observations.
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Figure 3.1: An ordered box-plot displaying the model selection simulation results, pre-
senting the importance indices of the Random Forest related methods for 1000 simula-
tions. The rows top to bottom correspond to sample size n = 100, 200, 1000, and the
names are coloured by true significant where the darkest colour is the most significant
(i.e DIAL AT TX).
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Table 3.1: Simulation results for ensemble methods as a means of model selection. Values represent the number of simulation out of 1000 that
were either correctly ranked or included within the top four most importance variables. This is presented for four variables of varying importance
for n = 100, 200, 1000 bootstrap sampled individuals.

Ensemble Method RF (Gini) RF (Permute) CRF XGBoost

n 100 200 1000 100 200 1000 100 200 1000 100 200 1000

DIAL AT TX

Top four ranks 10 18 25 648 905 1000 803 979 1000 350 680 1000
Correct rank 0 0 0 399 711 1000 422 772 1000 70 247 974

dage

Top four ranks 83 45 9 282 330 648 325 418 836 362 398 654
Correct rank 9 3 0 82 111 368 108 142 444 95 112 253

CIT MINS

Top four ranks 924 974 999 352 323 298 519 559 728 671 682 846
Correct rank 422 511 445 70 63 85 109 121 235 98 121 207

o2sat90time

Top four ranks 2 0 0 187 186 323 187 221 450 208 197 297
Correct rank 1 0 0 57 56 85 45 79 193 48 62 125
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3.5 Application to the NHSBT Dataset

Recall the NHSBT dataset introduced in Section 1.1. This dataset contains all of the

proceeding DCD donors in the UK between 1 April 2010 and 31 March 2015 (extracted

from the UK transplant registry on 3 August 2015). This is made up of 1906 kidney

recipients, corresponding to 1120 DCD donors. 825 of these donors donated both kidneys

and 256 donated one kidney each.

There are 14 baseline characteristic variables in total, seven relating to donors and seven

relating to recipients (age, gender, blood group, cause of death, ethnicity, height and

weight). Eight variables relate to the surgery process at the donor level (time from

treatment withdrawal to death7, surgery time, time until blood pressure drops to 70, 60

and 50mmHg; time until oxygen saturation drops to 90, 80, 70%). Other variables at

the recipient level include primary renal disease, whether the recipient was on dialysis

at the time of transplant, CIT (in minutes) and which of the 24 transplant centres they

attended. Three response variables relating to short term transplant outcomes were

present (a binary indicator representing DGF, survival time in days and a censoring

indicator).

The aim of this application is to benchmark various machine learning algorithms de-

scribed in Section 3.3 (RF, CRF, AdaBoost, XGBoost) and RILR in terms of discrimi-

natory ability, in order to determine the applicability of these methods to the NHSBT

dataset and to determine how well we are able to predict DGF based on only DCD donor

data. To this author’s knowledge this has not been done before. We subsequently use

ensemble importance measures to rank the importance of the variables in the NHSBT

dataset for predicting outcome DGF.

3.5.1 Preprocessing and Feature Engineering

Variables thought to carry no information and those with a high proportion of miss-

ingness (that were not known in the literature to be predictive of DGF) were dropped.

This led to the removal of donor and recipient ID (except when donor ID was used to

merge datasets and to specify the random intercept term for RILR). Recipient height

was also dropped due to a large number of missing values.

The censoring indicator was found to give a very high proportion of censoring (95%).

This is due to a relatively short follow up time, where the maximum event time is just

over two years. Analysis using a response with such a large imbalance in the proportion

of classes would suffer from low statistical power. For this reason the survival response

was dropped and the remainder of this work focuses on the binary DGF response.

7Note that this corresponds to deathtime, the donor survival time in minutes once withdrawn from
life-supporting treatment. The importance of this variable is compared against the physiological variables,
to determine whether there is a ‘duration of withdrawal’ or a‘physiological variable variation’ effect.
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Categorical variables that were found to have a low cell count (of less than five) once

stratified by DGF were combined to avoid complications in the analysis and as an at-

tempt to improve predictive power. For this reason, donor and recipient ethnicity vari-

ables were converted to binary indicators, which represent whether the patient was white

or not white (a large majority of the donors were white). Many levels of recip prd had

a count below five, all of which were combined to give a single category that represents

uncommon types of primary renal disease.

For XGBoost, categorical variables were transformed with one-hot encoding8, which

means that each category is represented by dummy variables. For example, transplant

centre was transformed from a single variable with 24 categories to 24 variables with

two categories. As tree based methods are invariant to changes of scale, normalisation

was not necessary.

In order to improve predictive ability, feature engineering (creating new predictor vari-

ables from the data) was carried out. A binary variable was created using donor ID to

represent whether a single kidney or both kidneys were donated. Furthermore, a binary

indicator was created to represent blood group compatibility (compatible or identical)

between the donor and the recipient. Variables were created to represent a mismatch

between gender (i.e., a male organ was donated to a female or vice versa) and also for

ethnicity mismatch, where the same principle applies. Thus, some of the variables in

Table A.1 were created from the dataset.

3.5.2 Missing Data

The appropriate treatment of missing data between predictive and explanatory mod-

elling approaches differ. The missing data literature is monopolised by explanatory

modelling and it is a regular occurrence in predictive modelling studies that missing

data is handled inappropriately. A common mistake is often made by imputing values

based on statistics (such as the mean or values randomly generated from the empirical

distribution) obtained from the full dataset, rather than just the training set, resulting

in leakage9.

Appropriate treatment begins by considering both the proportion of missing data in

the full dataset and the types of variables that have data missing. Table 3.2 displays

the percentage and total number of missing values in the NHSBT dataset. The table

includes only the variables that have missing values and is sorted in ascending order

of missingness. It appears that most of the variables have a relatively low number of

missing values, with the large exception of recip prd.

8A common terminology in the machine learning community.
9Leakage refers to an indirect access to information in the test set that may lead to an optimistic

generalisation error.
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Table 3.2: The total number and percentage of missing values in the NHSBT dataset,
including only variables that have missing values. Sorted in ascending order of proportion
missing.

Variable Type Total Missing % Missing

RSEX factor 1 0.05
GMM factor 1 0.05
dheight integer 4 0.21
RETHNIC factor 8 0.42
CIT MINS integer 25 1.31
sbp70time integer 27 1.42
sbp50time integer 33 1.73
o2sat70time integer 52 2.73
o2sat90time integer 57 2.99
dethnic factor 58 3.04
o2sat80time integer 58 3.04
EMM factor 66 3.46
sbp60time integer 72 3.78
surgerytime integer 83 4.35
deathtime integer 85 4.46
RWEIGHT numeric 141 7.40
recip prd factor 732 38.40

Six of the seventeen variables with missing values are factors, two of which have only a

single missing value. Three of the other factor variables relate to ethnicity. The NHSBT

have implemented schemes aimed at urging the non-white population to become organ

donors due to this being a highly under represented group (4% non-white patients in

this dataset). Acknowledging this large imbalance, it may be reasonable to replace these

missing values with the mode. In predictive modelling missing values can sometimes be

a blessing in disguise, as the pattern of missingness may reveal features that cannot be

drawn from the observed data alone. For this reason, a reasonable treatment for the

large number of missing values in recip prd, is to create an extra category of “missing”.

Case-wise deletion for this variable would have resulted in a loss of 522 observations,

which is which is approximately 27% of the full dataset.

Single imputation can be a highly effective method for improving predictive accuracy.

However, when the aim of a study is explanation, multiple imputation (MI) is preferred

due to its ability to appropriately treat uncertainty arising as a result of drawing random

numbers from posterior distributions for the purpose of inference. Although MI is appli-

cable in the predictive modelling context it is far more computationally demanding and

in many cases simple methods provide comparable predictive accuracy. In this work, we

use a single imputation for the dataset used to tune the hyper-parameters, and fit the

tuned model to multiple datasets.

Our employed approach for imputing missing data is as follows:
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Table 3.3: Learning algorithm hyper-parameter names, types and bounded range.

Algorithm Hyper Parameter Type Bounded Space

Random Forest ntree Integer Between 50 and 2000

mtry Integer Between 1 and 30

Node size Integer Between 1 and 100

CRF ntree Integer Between 50 and 2000

mtry Integer Between 1 and 30

AdaBoost Number of boosting iterations Integer Between 50 and 1000

Shrinkage Numerical 10x,−1 ≤ x ≤ 0

XGBoost Booster Discrete Linear or tree based

Max depth of tree Integer Between 1 and 10

Minimum child weight Integer Between 1 and 10

Subsample Numerical Between 0.5 and 1

Eta (shrinkage) Numerical Between 0.1 and 0.5

Lambda (L2 Regularisation term) Numerical 10x,−1 ≤ x ≤ 0

Col sample by tree Numerical Between 0.5 and 1

• For recip prd create an extra category for missing values. Missing values corre-

sponding to factor variables are imputed using the mode. Numerical and integer

values are drawn at random from their empirical distribution. Dummy variables

are created for each variable that was imputed, representing which values were

imputed, so that patterns of missingness can be modelled explicitly.

3.5.3 Model Selection and Hyper Parameter Tuning

In Section 3.3 the methods were described such that the algorithm hyper-parameters

could be understood and therefore dealt with appropriately. By performing a nested CV

procedure (see Section 2.2.2.4 for an explanation of nested CV) with 5 outer loops and 3

inner loops, we have a means of simultaneously selecting hyper-parameters and obtaining

an unbiased estimate of the generalisation error in the benchmarking experiment.

Table 3.3 shows the relevant hyper-parameters that are optimised for each of the machine

learning algorithms. Those that are not displayed were deemed to be unnecessary for

tuning and set to their default values in the corresponding software packages. The

specified bounds for the ranges of values for those that are continuous, and the possible

values for those that are discrete are given in Table 3.3. Selection is performed by

randomly drawing values within the ranges of the continuous hyper-parameters and

possible categories for those that are categorical. 50 random combinations of hyper-

parameters are generated and their performance evaluated (using the evaluation criteria

explained in Section 3.5.4) on the inner test sets for each of the outer loops of the nested

CV procedure.

We aim to benchmark the machine learning methods as well as the standard statistical

method RILR. However, it is not practically feasible to perform a manual model selection
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procedure for the standard statistical methods for each fold of the nested cross-validation

scheme. For this reason, these models are pre-specified based on variables found to be

predictive of DGF in the literature and also based on the expert knowledge of a kidney

transplant surgeon. Moreover, based on Harrell (2015)’s recommendation for gauging

predictive potential, we prespecify complexity without later simplification. This refers to

fitting a model with as much complexity as the effective sample size will allow and by

allowing greater complexity for variables thought to be the most important (for example

by including more knots for the spline terms). We adopt a slightly more conservative

rule of the 15:1 rule of thumb10 (being 20:1) to account for having to estimate random

effects. Therefore, we conjecture that estimating more than 40 parameters would make

the model’s validity questionable.

3.5.4 Evaluation Criteria

In this work, various measures of predictive performance are considered. In particu-

lar, the hyper-parameters are optimised according to the mean misclassification error

(MMCE). Equation 3.19 is the misclassification error (MCE), which is averaged across

the inner folds to give the MMCE. The optimal set of hyper-parameters is chosen on

this basis.

MCE =
1

n

n∑
i=1

I(yi 6= ŷi) (3.19)

Recall the confusion matrix introduced in Chapter 2 (Table 2.1). Here, positive refers

to the default event (positive outcome), which in this case is an immediately functioning

graft. Negative therefore represents a delayed graft function.

A useful measure in our case is the accuracy which is the proportion those correctly

classified as given in Equation 2.31. This is a useful metric when the outcomes are

reasonably balanced. In our case there are 798 delayed graft functions (42%) and 1108

immediately functioning grafts (58%), which is considered to be well balanced data.

We consider the metrics defined in Section 2.2.3, in particular the BER and AUC ROC.

In our case, as the data outcomes are reasonably balanced and the false positive and

false negative outcomes could be considered equally costly, the accuracy is a reasonable

measure. However, BER is a better measure because we are interested in the ability of

the model to predict both an immediate and a delayed graft function.

10This 15:1 rule means that we can afford to estimate p < m
15

parameters, where m is the limiting
sample size. The limiting sample size is the minimum number of cases in the binary response (which is
798 in the NHSBT dataset).
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Figure 3.2: Violin plots displaying the density and summary statistics of various perfor-
mance measures across the outer folds of the nested cross validation, performed in order
to tune and evaluate the performance of learning algorithms for predicting DGF.

3.5.5 Results

This analysis was performed in R version 3.5.1 using the mlr package (Bischl et al.

2016) for building machine learning pipelines. Tuning and the nested cross-validation

was run on the University of Southampton high performance computing facility Iridis 4,

enabling a much more rigorous search for the optimal hyper-parameters in the specified

hyper-parameter space, by using parallel computing.

Note that the RILR model that represented the benchmark, was pre-specified in order

to avoid complications arising from multicollinearity by including a single one of the set

of highly correlated variables (o2sat70time). This particular variable chosen as it was

found to be the strongest predictor in this set based on the variable importance metrics

of the machine learning methods. The pre-specified model included: dage, CIT Mins,

o2sat70time, DIAL AT TX (continuous variables were represented with B-spline terms

with four knots). Recipient centre and donor ID were both included as random intercept

terms.

The results for the benchmarking experiment are presented in Figure 3.2. Each violin

plot presents the distribution of a corresponding performance measure obtained across

the five outer loops of the nested cross-validation. Box-plots can be seen inside each

of the violin plots displaying summary statistics. These are presented for each learning

algorithm fitted with the tuned hyper-parameters and for the pre-specified RILR model.

It is immediately obvious that for each performance measure, RF and AdaBoost had a

wide range in performance across the five folds (except RF training time). These were
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arguably the worst performers overall, having both large variances on each plot and

comparatively low median values for measures that we aim to maximise (accuracy and

AUC ROC). They also appeared to have comparatively large values for those that the

aim is to minimise (BER and training time, except training time for RF).

Despite the reduced variance in general compared to RF and AdaBoost, CRF performed

similarly. This is with the exception of being the best performer in terms of AUC ROC.

For this measure, it does not only have the highest median value but also the least

variance. CRF was however the slowest algorithm to train, taking approximately eight

times longer than XGBoost.

The best performers were arguably XGBoost and RILR, particularly in terms of ac-

curacy. However, counter-intuitively RILR had the lowest AUC ROC, suggesting it

performs poorly for certain decision rules. XGBoost remained competitive for this mea-

sure, however suffered from a large variance. In this work we consider BER to be the

most important measure, as we are interested in the prediction error for each class.

In terms of this measure XGBoost was the winner despite being multi-modal, due to

having the lowest median and variance. This can be seen by the wide section of the

violin, representing a high density in that corresponding area. This violins multi-modal

behaviour is likely to be due to the number of outer loops of the nested cross-validation

being low (5 loops only).

As previously mentioned, XGBoost is highly scalable algorithm, being by far the fastest

to train and tune. This means that in practice a much more thorough search in the

hyper-parameter space can be performed compared to the 50 iterations performed here.

Note that RILR is not included in the training time graph as it did not require tuning.

We decided to see how these performance measures vary for algorithms with tuned

hyper-parameters across multiple datasets, where continuous variables were imputed by

randomly drawing from the empirical distribution.

Figure 3.3 displays the variation of the mean performance measures (where the mean

is taken across five CV folds) between ten imputed datasets. Algorithms are run with

tuned hyper-parameters using the same indices used in the nested CV outer loop to

estimate performance.

After taking into account the uncertainty induced from imputing missing data, RILR and

XGBoost become even more prominent as the best predictive models. However, RILR

has one of the lowest AUC ROC. XGBoost, RF and CRF have similar performances for

this metric (RF being marginally better than the others).

Despite being the most sensitive to missing data (having the highest variance in Figure

3.3), XGBoost could be argued to be the best performing machine learning algorithm

overall in terms of predictive ability. However, the results from the simulation study in

Section 3.4 suggest that CRF is the most appropriate algorithm for determining variable
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Figure 3.3: Violin plots displaying the variance of various performance measures over ten
generated dataset, where continuous variables were drawn at random from their empirical
distribution.

importance in the NHSBT dataset. As CRF had a high mean AUC ROC, we proceed

to rank importance using this algorithm.

At this stage of the analysis the CRF is fitted to the full dataset. We propose a novel

method for analysing importance when missing data is present that is similar in spirit

to how random forests tactically induce randomness to understand distributional prop-

erties. Our method involves imputing multiple (in our case ten) datasets by randomly

drawing from the empirical distributions (now from the full dataset as testing is not re-

quired). The imputation can be treated as a sampling process, exposing which variables

have large importance indices by random chance.

Ranking the variables by their median importance index enables us to incorporate un-

certainty from missing data at the same time as studying the distribution of importance

indices. This can be seen in Figure 3.4, which is a box-plot of the CRF importance

measure (mean decrease in accuracy) for each variable across the ten imputed datasets.

Clearly, DIAL AT TX and REC UNIT are important variables, being far separated from the

rest. It can be seen that the variation in the importance indices across the imputed

datasets is lowest (in general) for what are deemed to be unimportant variables. How-

ever, it appears that the importance ranking is little impacted by the imputation due to

a small variance for all of the variables. This is confirmed by Figure 3.5 which displays a

heat-map of the ranking totals across the ten datasets. It can be seen that DIAL AT TX,
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REC UNIT, CIT MINS, dage and RETHNIC, were ranked in the same place for each impu-

tation (ranked 1, 2, 3, 4 and 5 respectively). However, the less important variables tend

to have more mixed ranks. This is with the exception of the least important variable

no.tx.Freq which was ranked the least important almost every time.

An interesting clinical result has emerged from these findings. Bradley et al. (2013)

conjecture that although transplants do not proceed when death time is prolonged,

death time is not actually as related to transplant outcome as originally thought and

that the physiological variables throughout the treatment withdrawal to death phase

play a more important role. They express the need for further research on the matter

and that there is a need to find a better surrogate relating to transplant outcome. Figure

3.4 suggests that many of the physiological variables are predictive of DGF, but death

time is very close to zero. It can be seen that o2sat70time and sbp60time are better

surrogates for predicting transplant outcome.

These results are all consistent with the literature. It would be a cause for concern in

terms of the reliability of these results if DIAL AT TX, CIT MINS or dage were found to

be not important variables.
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Figure 3.4: Box-plots showing the variation in the CRF permuted importance measure
across the ten datasets. Variable names ending .dummy correspond to binary indicator
variables that represent imputed values.

Figure 3.5: Heat-map displaying the number of times each variable obtained each rank
across the ten imputed datasets.
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3.6 Discussion

This chapter has covered a wide range of topics. We began by introducing algorith-

mic models as a possible alternative means of predicting an outcome and identifying

important variables, as opposed to standard statistical methods. The theoretical back-

ground for these methods was covered such that the hyper-parameters could be better

understood and tuned effectively in our application.

A simulation study was run to determine the ability of various ensemble methods to

identify and rank important variables. This was assessed for two importance measures

for the RF (Gini and permuted) and the permuted importance for CRF. The importance

measure “gain” was also used for XGBoost. CRF was by far the best algorithm for

determining important variables. This was surprisingly effective given that the data was

generated from a RILR. The rectangular regions fitted by the tree based methods would

in general be a poor approximation to these data, which suggests even in the worst

case scenario in terms of the data generating mechanism, machine learning methods can

provide benefit by identifying important variables.

We conducted a benchmarking experiment to determine the applicability of machine

learning methods for predicting DGF when faced with various complications that the

NHSBT dataset presents (multilevel structure, categorical variables with many cate-

gories, correlated variables). We found that these methods performed similarly on the

dataset used to tune the hyper-parameters (where RILR performed the best followed by

XGBoost), but a larger disparity emerged when assessing the performance measures over

multiple datasets. RILR had the highest accuracy but the lowest AUC ROC. XGBoost

was arguably the best performer overall when considering each measure.

We proposed a new (to this author’s knowledge) approach of ranking variable importance

when missing data is present. This involves performing multiple imputation, drawing

each dataset from the empirical distribution of the variables with missing data. Im-

portance measures are extracted from models fitted to each dataset and presented as

box-plots (Figure 3.3). A heat-map displaying the number of times each rank was chosen

can also provide insight into the distribution of the importance measures (Figure 3.5).

Inducing randomness through imputation provides insight into the sampling distribu-

tion of the importance measures and accounts for the uncertainty resulting from missing

data.

We were able to empirically investigate a conjecture form the NHSBT (Bradley et al.

2013) as to whether death time or physiological variables are related to transplant out-

comes. Our findings suggest that death time is not an important variable for predicting

DGF, but the time until oxygen saturation and SBP drop to certain levels in the treat-

ment withdrawal phase are.
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Chapter 4

Dynamically Predicting Donor

Death Time from Treatment

Withdrawal

Summary

Although there exists a large disparity in the number of kidneys available for transplan-

tation and the number of patients on the transplant waiting list, many organs from DCD

donors are discarded every year. Although this is mostly due to suboptimal graft qual-

ity, it also occurs for logistical reasons, such as a prolonged withdrawal resulting in the

removal team having to be elsewhere. Being able to accurately predict when donors are

going to experience an event (such as death once withdrawn from life support) would be

invaluable for clinicians, enabling a more efficient allocation of what are currently highly

stretched resources.

In the last few years substantial progress has been made in the field of joint modelling.

Important extensions to the standard joint model include the incorporation of multiple

longitudinal covariates, various functional forms of the longitudinal process and flexible

association structures. These extensions provide potential improvements in predictive

accuracy. Moreover, these extensions allow for real time dynamic prediction of survival

probabilities. This chapter aims to exploit these extensions to dynamically predict the

time a donor will experience a cardiac arrest once withdrawn from life support.

75
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4.1 Introduction

The duration of the withdrawal from life-sustaining treatment to asystole is a major

determinant of whether organ procurement for DCD donors proceeds. The main reason

for this is that warm ischaemic injury is thought to damage the graft during this period

(D’Alessandro et al. 2004). In the UK the maximum time before the transplant ceases

to proceed is 3 hours. In Australia and the USA the limit is 1.5 and 2 hours respectively

(Manara et al. 2012, Bellingham et al. 2011). Although it is unclear whether the duration

of the agonal phase is directly associated with the quality of the graft (Reid et al. 2011,

Bradley et al. 2013), demand remains for a predictive model that can determine whether

the donor will die within a given period of time (Pugin et al. 2017). Such a model would

enable more efficient and effective use of the organ procurement team. At the very

least hospital staff would be better prepared to deal with family expectations (Souter &

Van Norman 2010).

In this chapter we analyse observational data relating to 231 DCD donors from various

centres across the UK. Our aim is to provide a new prediction tool that can dynamically

predict the time of an event throughout the withdrawal period, conditioning on the fact

that the patient is still alive at the current time that the prediction is being made. This

prediction tool is based on the joint model (JM) and its extensions, which is an approach

that takes advantage of both characteristic variables and the rich nature of longitudinal

data. In our case the longitudinal data refers to the physiological variables repeatedly

measured over time (SBP1, DBP, MAP, HR and O2). Note that recipient information

is not relevant in this chapter.

By exploiting various extensions to the JM, in particular by including multiple lon-

gitudinal covariates (Rizopoulos & Ghosh 2011), alternative functional forms of the

physiological variables (Rizopoulos 2012b) and positing a flexible association structure

(Andrinopoulou et al. 2018), we aim to determine the discriminatory ability of these

physiological variables while adjusting for both censoring and what is found to be pre-

dictive out of the baseline covariates (age, cause of death, BMI, gender and ethnicity).

This chapter is structured as follows. In Section 4.2 we give a review of literature

relating to both the application and the methods that are employed. This is followed

by a more formal description of the methods in Section 4.3 (the JM for longitudinal

and time-to-event data and relevant extensions). We then analyse the novel dataset in

Section 4.4 with the chosen methods to dynamically predict survival probabilities of

donors throughout the treatment withdrawal period. In Section 4.5 we conclude with a

discussion.

1Abbreviations: SBP, systolic blood pressure, DBP, diastolic blood pressure, MAP, mean arterial
pressure, HR, heart rate, O2, oxygen saturation.
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4.2 Review of Literature

Various studies have been conducted with the aim of predicting whether an organ donor

will die within a given time-frame from treatment withdrawal (a consensus of the length

of time being 60 minutes). de Groot et al. (2012) used logistic regression with boot-

strapping to adjust for overoptimism and achieved reasonable discrimination of 0.74 (CI

0.69-0.90) AUC ROC. This study included as covariates: corneal reflex, absent cough

reflex, oxygenation index and extensor or absent motor response.

Wind et al. (2012) conducted a prospective multi-centre study of observational data that

consisted of 211 patients. Controlled mechanical ventilation, norepinephrine administra-

tion and absence of cardiovascular co-morbidity were found to be risk factors for death

time and achieved 0.73 AUC ROC.

In a retrospective study of 621 DCD liver donors, Davila et al. (2012) found various

features predictive of a transplant proceeding (age, BMI, duration of time in intensive

care and warm ischaemic time). They also found age, use of inotropes and absence of

gag reflexes predictive of time to asystole. The age and BMI variables in this study were

dichotomised, which is likely to have resulted in a loss of predictive ability. Nevertheless,

this study achieved a discrimination for predicting the time to asystole, with ROC AUC

of 0.84 and for proceeding to transplant 0.75. However, having access to the warm

ischaemic time variable would require the full trajectory to have been obtained.

A prospective study of 191 patients from nine different transplant centres across the UK

was conducted by Suntharalingam et al. (2009) using Cox proportional hazards regres-

sion. Univariate analysis showed categorised age, SBP, O2, cause of death, ventilation

mode, inotrope use and arterial pH were associated with death time. The multivariate

analysis retained the variables age, O2 and ventilation mode as significant.

Kotsopoulos et al. (2018) provided an external validation with a single-centre retrospec-

tive study of 92 patients, on the following studies that performed the logistic regression

finding: de Groot et al. (2012) AUC 0.86, CI 0.77-0.95; Wind et al. (2012) 0.62, CI

0.49-0.76; Davila et al. (2012) 0.8, CI 0.71-0.90; and for the Cox regression study Sun-

tharalingam et al. (2009) Harrell’s C-index 0.63.

The JM consists of a longitudinal sub-model (usually a linear mixed effects model) and a

survival sub-model which is often a Cox model. By considering the joint likelihood of the

longitudinal and outcome processes, simultaneous estimation is conducted conditional

on a shared latent random effects term. Various studies (Ibrahim et al. 2010, Ratcliffe

et al. 2004, Sweeting & Thompson 2011) have shown that when the two processes are

associated, the JM provides more efficient and reliable estimates than achieved by a

two-stage approach.
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The two-stage approach, first proposed by Tsiatis et al. (1995), involves fitting a linear

mixed effects model (LMEM) to the longitudinal data and substituting the trajectory

into the Cox model as a time-dependent covariate. Although this approach is much

less computationally demanding than the JM, Wang et al. (2000) showed it results

in significant bias. They proposed a regression calibration approach which uses the

best linear unbiased predictors (BLUP) as covariates in the Cox model. This approach

postulates that the hazard of event is associated with the current biomarker value. Wang

et al. (2000) found that although this reduced the bias, it did not eliminate it. Various

other two-stage approaches have been proposed (Rice & Wu 2001, Ye et al. 2008, Albert

& Shih 2010, Murawska et al. 2012) to attempt to correct for bias occurring as a result

of measurement error and informative drop-out. None of these approaches were able to

eliminate the bias.

The most well-known application of the JM is modelling the trajectories of biomarker

CD4 count in the AIDS dataset (Wulfsohn & Tsiatis 1997, Lavalley & DeGruttola 1996,

Henderson et al. 2000, Hogan & Laird 1997). This became the standard dataset that is

used to demonstrate developments in methodology.

By assuming conditional independence, the JM handles endogenous (internal) time-

dependent covariate (as recordings are taken on the same subject whom the event out-

come relates to) (Kalbfleisch & Prentice 2002). In this case the time-dependent Cox

model does not suffice as it assumes the time-dependent covariates are exogenous (ex-

ternal). An example in which they are exogenous is the case where they represent

environmental factors (Rizopoulos 2012b).

Many novel extensions have been applied to the JM over the last few decades. In

particular, extending the JM to the case of multiple longitudinal covariates has been a

popular topic in the joint modelling literature (Rizopoulos & Ghosh 2011, Brown et al.

2005, Chi & Ibrahim 2006, Hwang et al. 2015). The framework behind this extension

is well covered in both the frequentist and Bayesian context. However, the multivariate

case involves an increased computational burden as a result of integrating with respect

to high dimensional random effects. A large part of current research in this area aims to

make the JM scalable (Rizopoulos 2012a, Soleimani et al. 2018, Mauff et al. 2018). This

is a challenging problem for which developments are still in their infancy and availability

is limited in standard statistical software.
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4.3 Methods

4.3.1 The Multivariate Bayesian Joint Model (MBJM)

The MBJM is employed to predict the occurrence of an event given multiple longitudinal

covariates that may be both unbalanced and unequally spaced. Moreover, samples are

subject to measurement error as a result of biological variation.

Denote a sample from a target population as D = {Ti, δi,y1i, . . . ,yKi}ni=1, where the

index i represents the organ donor. Ti corresponds to the observed event time, which

is the minimum of the true event time T ∗i and the censoring time Ci. δ is a censoring

indicator, that is 0 when an observation is censored2 and 1 otherwise. yki corresponds

to the vector of repeated measures on the kth longitudinal covariate, where {ykij}nkij=1.

yki(t) is often used to represent the longitudinal outcome at time t rather than using

the index j, to emphasise the biomarker is a function of time, i.e., t ≥ 0.

4.3.1.1 The Longitudinal Sub-Model

We begin by specifying a model that describes the subject-specific trajectories for each of

the physiological variables. As all of the biomarkers in this application are continuous, we

restrict our attention to this case and therefore specify a multivariate LMEM (Equation

4.1)3. Here mki(t) is the true unobserved biomarker value and yki(t) is the biomarker

contaminated with measurement error εki(t) ∼ N(0, σ2k).

yki(t) = mki(t) + εki(t) (4.1)

yki(t) = x>ki(t)βk + z>ki(t)bki + εki(t) (4.2)

Equation 4.2 shows (highlighted in blue for clarity) how the unobserved biomarker value

is composed of a (possibly time-dependent) design vector x>ki(t) for the fixed effects βk

and a time-dependent design vector z>ki(t) for the random effects bki. The full vector

of random effects bi = (b1i, . . . , bKi)
> ∼ Nq(0,D), where the q × q variance-covariance

matrix of the random effects is represented by D. Denoting the dimension of random

effects corresponding to the kth longitudinal covariate as qk, then q =
∑K

k=1 qk. The

fixed effects component in Equation 4.2 represents the mean longitudinal profile and the

latent component represents the deviation of a given individual from the mean profile.

2In this work we restrict our attention to right censoring, i.e., T ∗i > Ti.
3Note that any member of the exponential family of distributions can be used in practice.
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4.3.1.2 The Time-to-Event Sub-Model

The time-to-event component of the JM expresses the hazard of an event conditional

on the true unobserved biomarker values (or some function of them) at a specified time.

More formally, the instantaneous risk at time t is expressed as:

hi(t | Mi(t),wi) = lim
dt→0

1

dt
P (t ≤ T ∗i < t+ dt | T ∗i ≥ t,Mi(t),wi)

= h0(t) exp(γ>wi +
K∑
k=1

Lk∑
l=1

fkl{λkl(t),Mki(t)}), (4.3)

where the baseline hazard function is denoted by h0(t). The complete history of the

true unobserved longitudinal process up to (but not including) time t is represented by

Mi(t) = {mi(s), 0 ≤ s < t}. The vector of parameters γ correspond to the survival

component’s confounding effects design matrix wi. Note that wi may contain exogenous

time-dependent covariates, but in our application contains only baseline covariates.

The functions fkl(·) and λkl(t) each allow for a different extension to the standard JM

specification. In particular, fkl(·) allows alternative functional forms for mki(t) to be

specified rather than the current biomarker value. A more elaborate specification of the

biomarker, such as the current gradient or area under the curve up to time t may result

in a better surrogate for predicting the outcome of interest (Rizopoulos 2012b). Note

that l indexes the functional form of the Lk forms specified for the kth longitudinal

covariate.

The α parameters contained within λ(t) determine the association between the two

processes. λkl(t) relates to an extension to the standard JM (Andrinopoulou et al. 2018)

that relaxes the assumption of a constant association between mki(t) and the hazard at

time t. A flexible representation of the association parameters αkl may more accurately

capture the underlying process, although this depends on the problem at hand.

To illustrate the above extensions, three possible choices of fkl(·) are presented below.

We compact notation by dropping the subscripts k and l, although they are still assumed.

f(λ(t),Mi(t)) = λ(t)mi(t), (4.4)

f(λ(t),Mi(t)) = λ(t)
dmi(t)

dt
, (4.5)

f(λ(t),Mi(t)) = λ(t)

∫ t

0
mi(s)ds, (4.6)

Equation 4.4, 4.5 and 4.6 correspond to the current, gradient and cumulative parametri-

sations respectively, where the parameters are a smooth function of time contained

within λ(t). Note that Equation 4.4 corresponds to the standard JM when λ(t) = α.
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When λ(t) = 0, the longitudinal and survival processes are independent and no benefit is

gained from a joint modelling approach compared to separate time-to-event and mixed

effects models.

The association structure term can be flexibly modelled over time by representing it with

a linear combination of B-spline basis functions evaluated at time t, i.e., B = {Bg(t)}Gg=1

and parameters α = {αg}Gg=1.

λ(t) =
G∑
g

αgBg(t) (4.7)

Here the use of P-splines (Eilers & Marx 1996) to represent λ(t) is appealing. With

this approach the knot selection problem can be avoided by specifying a modestly large

number of knots placed at the percentiles of the data and by penalising them according

to the differences of the adjacent B-spline coefficients. This can be done naturally in the

Bayesian context by choosing an appropriate prior. We delay this discussion and return

to it in Section 4.3.2.

Due to the presence of random effects, parameter estimation in the joint modelling

framework requires the complete likelihood function. In this case, the partial-likelihood

approach used in proportional hazards regression does not suffice. For this reason we

are required to specify the baseline hazard function h0(t) to complete the specification

of Equation 4.3. In this work we estimate the baseline hazard function in the same spirit

as the flexible association structure with P splines, i.e.,

log(h0(t)) =
U∑
u=1

γh0,uBu(t), (4.8)

where γh0,u is the uth parameter of the baseline hazard function corresponding to the

uth B-spline basis function.

4.3.2 Bayesian Parameter Estimation

When parameter estimation of the JM is conducted in the Bayesian paradigm, the

Markov chain Monte Carlo (MCMC) class of algorithms is most commonly used to

sample from the posterior distribution of the parameters, which is conditioned on the

observed data. In this research, we use the JMbayes package to fit the MBJM which

calls the sampling software Stan (Stan Development Team 2018). This implements a

Hamiltonian Monte Carlo (HMC) algorithm for sampling from the posterior distribution.

Deriving the likelihood function of the MBJM relies on three assumptions of conditional

independence. First, that the event times and longitudinal outcomes are independent

given the random effects (Equation 4.9). Second, given the random effects the repeated
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measures for a given subject are independent of each other for each longitudinal outcome

(Equation 4.10). Finally, the longitudinal outcomes are independent of each other given

the random effects (also Equation 4.10).

p(Ti, δi,yi | bi;θ) = p(Ti, δi | bi;θt) p(yi | bi;θy) (4.9)

p(yi |bi;θy) =

K∏
k=1

nki∏
j=1

p(yki(tkij) | bi;θy), (4.10)

where θ = ( θ>y ,θ
>
t ,θ

>
b )> denotes the full parameter vector, containing the parameters

relating to the longitudinal component θy, the time-to-event component θt, and the

random effects component θb. Using Bayes’ rule with the conditional independence

assumptions above, the posterior distribution is derived as:

p(θ, bi | Ti, δi,yi) ∝
K∏
k=1

nki∏
j=1

p(ykij | bki,θy) p(Ti, δi | bki,θt) p(bki |θb) p(θ) (4.11)

The likelihood contribution of the ith subject for the time-to-event, longitudinal and

random effects components are respectively given by Equations 4.12, 4.13 and 4.14. The

conditional survival function evaluated at time Ti is denoted by St(Ti | Mi(Ti)).

p(Ti, δi | Mi(·),θt) = hi(Ti | Mi(Ti))
δi exp

{
−
∫ Ti

0
hi(s | Mi(s))ds

}
︸ ︷︷ ︸

Si(Ti | M(Ti))

(4.12)

p(ykij | bki;θy) =
1

(2πσk)2
exp

{
−(ykij − x>kijβk − z>kijbik)2

2σ2k

}
(4.13)

p(bi|θ) = (2π)−
∑K
k=1 qk

2 det(D)−
1
2 exp

{
−b>i D−1bi

2

}
(4.14)

The non-closed form integral contained within the survival function is numerically ap-

proximated using a 15 point Gauss-Kronrod quadrature rule (De Boor 2001).

4.3.3 Selecting Prior Distributions for Parameters in the Joint Model

Although the MBJM contains many parameters, the literature has well covered the

problem of selecting priors for joint models (Brown & Ibrahim 2003, Ibrahim et al.

2010, Rizopoulos & Ghosh 2011). However, the choice of the most appropriate prior can

depend on the type of data being analysed. Consistent with the studies noted above,
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fixed effect coefficients β and γ are chosen to have standard non-informative priors. In

both cases the variance is chosen to be 1000.

β ∼ N(0, σ2β)

γ ∼ N(0, σ2γ)

We employ a Bayesian P-spline approach that imposes a penalty on the complexity

of the functions h0(t) and λ(t) by assigning a set of hierarchical priors. In particular,

the prior for the baseline hazard coefficients can be expressed as the following global

smoothness prior:

p(γh0 | τh) ∝ τρ(Mγh0
)/2

h exp
(
− τh

2
γ>h0Mγh0γh0

)
, (4.15)

where the smoothing parameter τh ∼ Γ(1, τhδ) has a hyper-prior τhδ ∼ Γ(0.001, 0.001)

ensuring that the posterior distribution of γh0 is proper (Lang & Brezger 2004). Mγh0 =

∆>r ∆r + 10−6I, where ∆r is the r-th difference penalty matrix and the rank of Mγh0 is

represented by ρ(Mγh0). The scaled identity matrix I ensures that the covariate matrix

is positive-definite.

The smoothness of the time varying association structure λ(t) can be controlled by

selecting the following set of hierarchical priors for the coefficients:

α | τα ∼ NG(0, ταMα)

τα ∼ Γ(c1, c2),

where Mα = Mγh0 , and in both cases we assume that the penalty is second order

based on the recommendation by Eilers & Marx (1996). Furthermore, we follow the

recommendation made by Lang & Brezger (2004) to set c1 and c2 to 1 and 0.005.

The precision parameters of the longitudinal components have an inverse gamma distri-

bution with shape and scale parameters a and b respectively, i.e.,

σ2k ∼ Inv-Γ(a, b).

The most challenging prior to assign corresponds to the variance-covariance matrix of

the random effects D. Barnard et al. (2000) proposed the use of an inverse Wishart

prior due to its conjugacy, which is the most commonly selected prior for multivariate

normal data. However, various authors (Gelman 2006, Gelman et al. 2013, Alvarez et al.

2014) note detrimental issues relating to this prior, such as the marginal distribution for

the variances having low density in a region near zero. In many cases users are restricted

when using Bayesian software (such as JAGS) due to the inverse Wishart prior being the
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only option for the latent covariance matrix. This is due to the Gibbs sampler approach

suffering from the computational burden of alternative possible priors.

By employing a HMC algorithm, Stan does not suffer from this burden and its man-

ual (Stan Development Team 2018) recommends a re-parametrisation of the covariance

matrix of the random effects in terms of the correlation matrix Ω and vector σd. An

LKJ-correlation prior (Lewandowski et al. 2009) is assigned and the scale parameter is

chosen to be ζ = 1.5. A half-Student’s t prior is used for each element of σd with 3

degrees of freedom.

4.3.4 Dynamic Prediction

The endogenous nature of the biomarkers in the problem at hand implies that in order

for a longitudinal measurement to be taken at time t, survival is implied up to that point

in time (Kalbfleisch & Prentice 2002). For this reason, prediction must be performed in

a dynamic manner conditioning on both the observed data up to t and the fact that the

subject has a survival probability of 1 at t.

Suppose we have a set of observed biomarker values for a new subject i′, that are

represented by Yki′(t) = {yki′(ti′j); 0 ≤ ti′j ≤ t}ni′j=1. We compact notation by letting

Yi′(t) = {Y1i′(t), . . . ,YKi′(t}. The probability of surviving up to time u given survival

up to t can be expressed mathematically as follows:

πi′(u | t) = P(T ∗i′ ≥ u | T ∗i′ > t,Yi′(t), wi(t),D;θ∗), (4.16)

where D is the training set that the JM was fitted on. θ∗ represents the vector of true

parameters. We now compact notation further by dropping wi(t), although it is still

assumed. The conditional independence assumption (Equation 4.9) allows us to rewrite

Equation 4.16 as follows (Rizopoulos 2011):

P(T ∗i′ ≥ u | T ∗i′ > t,Yi′(t);θ)

=

∫
P(T ∗i′ ≥ u | T ∗i′ > t,Yi′(t);θ)× p(bi′ | T ∗i′ > t,Yi′(t);θ)dbi′ (4.17)

=

∫
P(T ∗i′ ≥ u | T ∗i′ > t;θ)× p(bi′ | T ∗i′ > t,Yi′(t);θ)dbi′ (4.18)

=

∫
Si′{u | Mi′(u, bi′ ,θ);θ}
Si′{t | Mi′(u, bi′ ,θ);θ}

× p(bi′ | T ∗i′ > t,Yi′(t);θ)dbi′ (4.19)
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Estimating πi′(u | t) proceeds using asymptotic Bayesian arguments and rewriting Equa-

tion 4.16 in terms of its posterior predictive distribution:

πi′(u | t) =

∫
P(T ∗i′ ≥ u | T ∗i′ > t,Yi′(t);θ)︸ ︷︷ ︸

(=Equation 4.19)

p(θ | D)dθ (4.20)

=

∫ ∫
Si′{u | Mi′(u, bi′ ,θ);θ}
Si′{t | Mi′(u, bi′ ,θ);θ}

p(bi′ | T ∗i′ > t,Yi′(t);θ) p(θ | D)dbi′dθ (4.21)

Note that the parameter vector θ does not update with new subject i′, which makes

dynamic prediction computationally feasible. Following Rizopoulos (2011) we devise a

Monte Carlo scheme to determine estimates of survival probabilities using Algorithm 4,

which breaks the three terms in Equation 4.21 into separate steps.

Algorithm 4 Monte Carlo Scheme for Dynamic Prediction in the MBJM

1: for l = 1, . . . , L do
2: Draw θ̃(l) from the posterior distribution of the parameters [ θ | D ]

3: Draw b̃
(l)
i′ from the random effects posterior distribution

[ bi′ | T ∗i′ > t,Yi′(t),θ
(l)]

4: Compute the survival probabilities ratio
Si′ (u |Mi′ (u,b̃

(l)

i′ ),θ̃
(l))

Si′ (t |Mi′ (t,b̃
(l)

i′ ),θ̃
(l))

5: end for

6: Estimate the conditional survival probabilities by: 1
L

∑L
l=1

Si′ (u |Mi′ (u,b̃
(l)

i′ ),θ̃
(l))

Si′ (t |Mi′ (t,b̃
(l)

i′ ),θ̃
(l))

We note that line 2 and 4 are straightforward, however line 3 requires the use of the

Metropolis Hastings algorithm with multivariate t proposals. Rizopoulos et al. (2008)

show that as ni increases this posterior converges to a multivariate normal distribution.

The standard deviation over the Monte Carlo samples gives the standard errors which

are used to derive confidence intervals. This sample scheme assumes that n is sufficiently

large such that [ θ | D ] can be well approximated.

4.3.5 Assessment of Predictive Performance

In this work we focus on performance measures that test a model’s ability to correctly

discriminate between patients (i.e., assign a higher survival probability to a patient that

survives longer than another patient, who is assigned a lower survival probability). We

also consider measures that assess the ability of the model to correctly predict the ob-

served event rates. These phenomena are referred to discrimination and calibration

respectively (Harrell 2015). In Chapter 3 we used the AUC ROC as a measure of dis-

criminatory ability for a binary classifier. In this chapter we are required to extend this

concept to be able to account for dynamic prediction and censoring. We also want to use

a measure that allows the probability of censoring to depend on the observed biomarker

values and baseline covariates.
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4.3.5.1 Discrimination

In order to assess the discriminatory ability of the physiological variables recorded up

to time t (Y(t)) and baseline covariates w(t) in dynamically predicting survival proba-

bilities, we must specify a medically relevant time frame (t, t+ ∆t] . As discussed in the

literature review, a consensus for predicting donor death time is 60 minutes. Assum-

ing we predict from 10 minutes to an hour, ∆t would represent the difference being 50

minutes. In this case t+ ∆t = u.

Being able to discriminate between two patients, where one incurs an event within

the medically relevant time frame and another that does not, would enable the organ

procurement team to be in the right place at the right time. We define a prediction rule

such as Equation 4.16, where the probability of an event πi′(t+ ∆t | t) depends on the

history of biomarkers Yi′(t). A threshold value c ∈ [ 0, 1 ] is chosen such that:πi′(t+ ∆t | t) ≤ c, Predict Event between t and ∆t

πi′(t+ ∆t | t) > c, Predict No Event between t and ∆t

We can define sensitivity and specificity such that they depend on the specified time

frame as given by Equations 4.22 and 4.23.

Sensitivity = P{πi′(t+ ∆t) ≤ c | T ∗i′ ∈ (t, t+ ∆t] } (4.22)

Specificity = P{πi′(t+ ∆t) > c | T ∗i′ > t+ ∆t} (4.23)

Denote a randomly chosen pair of subjects as i and i′. The AUC ROC can be derived

using Equation 4.24, which reflects the overall discriminatory ability of the assumed

model across a varied threshold c. Intuitively speaking, this formula reflects the chances

of the model correctly assigning a higher probability of survival for patient i′ who incurs

an event after the medically relevant time frame compared to subject i who incurs an

event within the time frame. This formulation is based on similar arguments to Harrell’s

C-index.

AUCROC(t,∆t) = P[ πi′(t+∆t | t) < πi′(t+∆t | t) | {T ∗i ∈ (t, t+∆t] }∩{T ∗i′ > t+∆t}]
(4.24)

The AUC ROC is estimated by the frequency of concordant4 pairs of subjects. However,

due to the presence of censoring many pairs are not directly comparable. The AUC

ROC is decomposed into sets of comparable pairs (i.e., patients whose event times can

4A pair is said to be concordant if a randomly selected pair of patients is selected and the patient
that experiences the event first is assigned a higher event probability.
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be ordered) (Rizopoulos et al. 2017). That is,

̂AUCROC =

4∑
a=1

̂AUCROCa(t,∆t), (4.25)

where index a corresponds to a single component of the decomposition. The components

can be derived as follows,

̂AUCROCa(t,∆t) =

∑n
i=1

∑n
i′=1;i′ 6=i I{π̂i(t+ ∆t | t) < π̂i′(t+ ∆t | t)} × I{Ψ(a)

i,i′ (t)} × υ̂
(a)
i,i′∑n

i=1

∑n
i′=1,i′ 6=i I{Ψ

(a)
i,i′ (t)} × υ̂

(a)
i,i′

,

(4.26)

where the four distinct sets of comparable pairs are defined by,

Ψ
(1)
i,i′(t) =[ {Ti ∈ (t, t+ ∆t] } ∩ {δi = 1} ] ∩ {Ti′ > t+ ∆t} (4.27)

Ψ
(2)
i,i′(t) =[ {Ti ∈ (t, t+ ∆t] } ∩ {δi = 0} ] ∩ {Ti′ > t+ ∆t} (4.28)

Ψ
(3)
i,i′(t) =[ {Ti ∈ (t, t+ ∆t] } ∩ {δi = 1} ] ∩ {Ti < Ti′ ≤ t+ ∆t} ∩ {δi′ = 0}] (4.29)

Ψ
(4)
i,i′(t) =[ {Ti ∈ (t, t+ ∆t] } ∩ {δi = 0} ] ∩ {Ti < Ti′ ≤ t+ ∆t} ∩ {δi′ = 0}] (4.30)

and {υ̂a}4a=1 weight the relative frequency of concordant pairs to account for censoring.

In particular, υ̂
(1)
i,i′ = 1, because the pairs of subjects in the set Ψ

(1)
i,i′(t) are all comparable

as they all experience an event. In this case, Equation 4.26 directly corresponds to the

relative frequency of concordant pairs. υ̂
(2)
i,i′ = 1 − π̂i(t + ∆t | Ti′), υ̂

(3)
i,i′ = π̂i′(t +

∆t | Ti′) and υ̂
(4)
i,i′ = {1 − π̂i(t + ∆t | Ti)} × π̂i′(t + ∆t |Ti′) are the weights for the

components where censoring occurs, representing the probability that the concordant

subjects are comparable. This provides a measure of discriminatory ability that accounts

for censoring and the dynamic nature of the predictions. Note that π̂(t + ∆t | t) is

estimated by Equation 4.21.

4.3.5.2 Calibration

A standard measure of predictive accuracy in both the survival and joint modelling

frameworks is the expected prediction error, also referred to as calibration. This can be

expressed as follows:

PE(u | t) = E{L[ Ni(u)− πi(u | t) ] }, (4.31)

where time dependent event status is given by Ni(u) = I(T ∗i > u), and the loss function

(that we choose to be the square loss in this work) is represented by L(·). Henderson et al.

(2002) acknowledge that censoring causes bias in estimating such quantities as Equation
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4.31, and that simply removing censored observations is an inadequate approach. They

proposed the following unbiased estimator that takes censoring into account,

P̂E(u | t) =
1

N(t)

∑
i:Ti≥t

I(ti ≥ u)L[ 1− π̂i(u | t)]︸ ︷︷ ︸
A

+ δiI(Ti < u)L[ 0− π̂i(u | t)]︸ ︷︷ ︸
B

+ (1− δi)I(Ti < u){π̂i(u | Ti)L[ 1− πi(u | t)] + {1− π̂i(u | t)L[ 0− π̂i(u | t)] }}︸ ︷︷ ︸
C

,

where N(t) gives the number subjects at risk at time t. The above formula is best

understood by breaking it into three components. The component labelled A represents

the patients that were remaining after t + ∆t. Component B refers to those who died

before t + ∆t. Component C denotes those that were censored within the medically

relevant time frame.

4.3.6 Model Selection for Time-Independent Baseline Variables

In order to identify important time independent baseline variables for predicting the

time of asystole, a random survival forest (RSF) (Ishwaran & Kogalur 2007, Ishwaran

et al. 2008), as described in section 4.3.6.1, was fitted to the time-to-event response

with only time-independent baseline variables included as the predictors. A stepwise

selection procedure (Rizopoulos 2009) that makes use of bootstrap sampling was used

as a confirmation that the findings from the RSF were reasonable. This involved tak-

ing bootstrap samples of the data and performing a sequential replacement selection

procedure (which is a combination of forward and backwards) to each sample, choosing

the model with the lowest AIC. The sequential procedure involved starting with a null

proportional hazards model and sequentially including the most important predictors.

Every time a new variable was added, any variable that was found to no longer improve

the goodness-of-fit was removed.

4.3.6.1 Random Survival Forests (RSF)

The RSF is an extension of the random forest described in detail in Chapter 3, adapted

to be used for a survival outcome. In the case of this work, this relates to the bivariate

outcome that includes an event time (time of asystole) and a censoring indicator.

The steps of the RSF algorithm are analogous to the random forest algorithm given in

Chapter 3. They are given by Ishwaran et al. (2008) as follows:

• Draw B samples with replacement from the dataset.
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• For each bootstrap sample, grow a survival tree, randomly selecting p variables at

each node. The split at a node is made based on the strongest candidate variable,

i.e., that which maximises the survival difference between the daughter nodes.

• Grow a tall tree (to full size) using a constraint on the number of unique deaths.

• Calculate a cumulative hazard function for each tree, based on the Nelson-Aalen

estimator: Ĥh(t) =
∑

tl≤t
dl,h
Yl,h

, where dl,h and Yl,h represent the number of deaths

and individuals at risk at time tl,h respectively. Average to obtain the ensemble

CHF.

• Use data not included in bootstrap sample to calculate prediction error for the

ensemble CHF.

4.4 Analysis of the novel dataset

In this section we conduct a predictive analysis with data consisting of 232 DCD organ

donors. Two datasets are merged, one containing only donor baseline covariates and the

other containing a set of physiological variables repeatedly measured over time. As five

of these donors only have a single measure of the longitudinal covariates, we restrict the

dataset to 227 donors.

The same donor baseline covariates as the dataset analysed in Chapter 3 are present

(dage, dheight, dweight, dsex, dbg, dcod grp, dethnic)5. These data have the ad-

ditional variables sod, kiddonor and Proceed, representing whether the patient was a

solid organ donor, kidney donor, or proceeded to transplant respectively. As these vari-

ables were only recorded once the treatment withdrawal phase had terminated, these

variables were not used to predict death time (which otherwise would result in leakage).

We create the additional variable dbmi from dheight and dweight, which represents

the donor body mass index (BMI)6.

The longitudinal dataset contains various physiological variables (SBP, DBP, HR, O2,

Resp Rate) that are measured repeatedly from the moment the donor is withdrawn

from treatment until asystole or censoring. The date, time (in the format of the 24 hour

clock) and ID variables were used create a new time variable representing the number of

minutes from treatment withdrawal for each patient. This as well as the event indicator

variable were used to calculate the survival or censoring times for each patient.

The event time variable and the censoring indicator were collapsed from the long format

to the wide format, and were merged with the dataset containing the baseline covariates.

Model selection was performed on this dataset to determine which baseline covariates

5Recall that a description of these variables can be found in Appendix Table A.1.
6Where BMI = Weight (Kg) / {Height(metres)}2
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are important for predicting the time of asystole in the withdrawal period employing

the methods described in Section 4.3.6.

Subsequently, we investigate which longitudinal covariates are most predictive of the

event times, by comparing null7 univariate8 JMs with 5-fold cross-validation (for both

linear and flexible association structures). We also performed 5-fold cross-validation on

all possible combinations of bivariate null JMs (for linear, flexible and a mixture of the

two association structures). The baseline covariates were then included that were deemed

to be important in the previous stage. The chosen model is assessed with a 5-fold cross-

validation repeated 15 times (each time the data is randomly split into folds). Dynamic

predictions were made at time-frames 5-20, 15-60 and 30-75 minutes. As discussed in

the literature review, one hour is a medically relevant timepoint that is of interest to

clinicians. 15 minutes was chosen as the starting point to allow a sufficient number of

readings to be taken. Time-frames 5-20 and 30-75 minutes were chosen arbitrarily as a

basis of comparison.

As only three values are missing for the baseline covariates in this dataset (as a result of

dcod codes not being available), we perform a single imputation on this variable using

predictive mean matching (see Little (1988) for details).

4.4.0.1 Exploratory Data Analysis

Tables 4.1 and 4.2 display descriptive statistics for the categorical and continuous base-

line covariates respectively, stratified by the censoring indicator. It can be seen that the

majority of patients were white males, for most of whom their death time was known.

Donor age appears to play an important role in whether the patient becomes censored

or not. In particular, the average age of the censored patients is larger than that of

those who died (60 and 49 respectively). This was highly statistically significant (P-

value < 0.001 with a Mann-Whitney U test), which conforms with intuition, as younger

donors are known to have higher success rates than older donors, and are thus less likely

to be dropped out from the organ donation process.

Although ethnicity has a significant P-value of 0.03, this can be attributed to the small

counts for some of the categories (zero censored donors whose ethnicity was unknown).

Dropping the category “unknown” led to a P-value of 0.99, which is still questionable

due to low count numbers for “not white” donors. The large imbalance of ethnicity in

these data impedes the predictive potential of this covariate.

7In this Chapter we adopt a slight variation to the standard meaning of ’null’ and use this terminology
to relate it to a JM that includes no confounding variables (including only time as a fixed and random
effect in the longitudinal component and only an intercept in the fixed component of the survival model).

8In this Chapter, when referring to ’univariate JMs’, we mean JMs with a single longitudinal covariate
(and bivariate for two longitudinal covariates)
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Table 4.1: Description of categorical baseline variables relating to organ donors that are
also present in the longitudinal dataset. Totals and percentages are given per event status
and a chi-squared test of independence p-value is displayed.

All patients n (%) Censored n (%) Died n (%) P-Value (χ2 test)

Total 227 72 (32) 155 (68)

Gender 0.86
Male 139 (61) 43 (19) 96 (42)
Female 88 (39) 29 (13) 59 (26)

Ethnicity 0.03

White 205 (90) 69 (30) 136 (60)
Not White 8 (4) 3 (1) 5 (2)
Unknown 14 (6) 0 (0) 14 (6)

Blood Group 0.90

O 102 (45) 31 (14) 71 (31)
A 90 (40) 28 (12) 62 (27)
B 24 (11) 9 (4) 15 (7)
AB 11 (5) 4 (2) 7 (3)

Solid Organ < 0.001

Yes 165 (73) 14 (6) 151 (67)
No 62 (27) 58 (26) 4 (2)

Kidney Donor < 0.001

Yes 157 (69) 13 (6) 144 (63)
No 70 (31) 59 (26) 11 (5)

Death Cause 0.47
CVA 96 (43) 35 (16) 61 (27)
Miscellaneous 109 (49) 30 (13) 79 (36)
RTA 12 (5) 3 (1) 9 (4)
Other Trauma 7 (3) 3 (1) 4 (2)

Proceed < 0.001
Yes 167 (74) 16 (7) 151 (67)
No 60 (26) 56 (25) 4 (2)

Table 4.2: Mean and standard deviation (sd) of the continuous variables, unstratified
and stratified for censoring. A Mann-Whitney U test is performed to determine whether
the two groups (censoring) are from the same population.

Unstratified Censored Died Mann-Whitney U

Variable Mean (sd) Mean (sd) P-Value

Age 52 (18) 60 (15) 49 (18) < 0.001
Weight 78 (19) 78 (19) 78 (20) 0.99
Height 169 (16) 167 (17) 170 (15) 0.06
BMI 27 (6) 28 (6) 27 (6) 0.31
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Figure 4.1: Trajectory plots displaying the evolution of each trajectory over time for each
donor (multiple coloured lines) for each longitudinal covariate. The solid blue line shows
the flexible mean profile fitted by a GAM, with its 95% confidence interval (the shaded
region).

The trajectories of the physiological variables are displayed in Figure 4.1. Each line (ex-

cept the thick blue line) represents the evolution of an individual donor’s physiological

outcome from treatment withdrawal until either death or censoring. Many of the tra-

jectories are highly volatile for each of the variables, which is expected as these patients

were at this time experiencing the dying phase.

A high density of the observations occur within first half an hour, as many patients

experience a rapid decline. This can be seen in the left plot in Figure 4.2, which is a

box plot of the event times stratified by censoring status. As expected the majority

of patients that were censored experienced an event later than those that died, as a

prolonged withdrawal period is thought to compromise graft quality, thereby leading to

the decision to remove patients from the study.

Figure A.1 displays a box plot showing the within individual mean and standard de-

viation of the longitudinal outcomes. This confirms the presence of a large amount of

volatility, that is obvious from Figure 4.1. The most variation is present for SBP, in

terms of both the within individual mean and standard deviation.

The solid blue line in Figure 4.1 represents the mean profile with the shaded area rep-

resenting a 95% confidence interval, which is modelled by a generalised additive model

(GAM) (Hastie & Tibshirani 1987). This suggests that many of the mean profiles have

a non-linear functional form and should be modelled flexibly in the MBJM. The shaded
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Figure 4.2: Box plots displaying summary statistics of the donor event times (left) and
also the number of repeated measures per donor (right).

region becomes wider as the data becomes relatively sparse past approximately the 200

minute mark.

The right plot in Figure 4.2 displays a box plot representing the number of repeated

measures for each donor. It is clear that the data is highly unbalanced having a minimum

of 2, median of 12 and a maximum of 50 repeated measures. Furthermore, it can be seen

from the trajectory plots that the follow-up times are also unequally spaced. A mixed

effects modelling approach is required to deal with such complications, which is used in

the longitudinal component of the MBJM.

Figure 4.3 presents Kaplan-Meier curves displaying the observed probability of survival

throughout the treatment withdrawal period for each of the continuous variables cat-

egorised at their quantiles. A log-rank test (Mantel 1966, Cox 1972) is performed to

test for a significant difference between survival curves. Age is the only significant vari-

able in this plot at the 5% significance level (P-value < 0.001). However, differences

between the survival curves only becomes prominent once past the median event time

(27 minutes). Once past this point, young donors are the fastest to deteriorate, which

is desirable for organ procurement. Unintuitively, the slowest group to deteriorate was

the second youngest age group. This suggests age should be modelled flexibly in the

MBJM.

Figure 4.4 provides Kaplan-Meier curves for each of the categorical covariates that are

of potential use for predicting donor event time in the treatment withdrawal period.

According to the log-rank test (p-values provided in the title of each plot), none of
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Figure 4.3: Kaplan-Meier curves for the continuous variables categorised at their quan-
tiles, with p-values relating to the log-rank test for equal survival curves.

Figure 4.4: Kaplan-Meier curves for the categorical covariates, with p-values relating to
the log-rank test for equal survival curves.
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Figure 4.5: Hyper-parameter tuning the random survival forest to maximise the mean
C-index across cross-validation folds. Hyper-parameters include the number of variables
to try at splits (mtry), number of relevant variables and the number of trees (omitted
from figure).

these covariates’ categories have significantly different survival curves. This suggests

that these variables are not likely to be predictive of the donor event time.

4.4.0.2 Identifying Important Baseline Covariates

RSFs are used to identify which baseline covariates may be predictive of the donor event

times, and thus which should be included in the JM. The following hyper-parameters

are tuned by randomly sampling 1000 times from the specified bounds of the hyper-

parameters (as given in the following bullet points) and performing 5-fold cross-validation

to calculate the mean C-index:

• mtry: Randomly sample mtry variables from the set of predictors, these are used

to find the optimal split of the feature space. Specified bound between 1 and 8

(minimum and maximum number of covariates in the dataset).

• ntree: The number of regression trees to fit (corresponding to the number of

bootstrap samples taken). Specified bound between 50 and 2000.

• Number of variables: The number of variables ranked in order of importance to

keep in the model. Specified bound between 1 and 8.

Figure 4.5 presents the hyper-parameter tuning process. Each point represents the C-

index achieved for a RSF with a single random draw from the specified hyper-parameter
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Table 4.3: Proportion of bootstrap model selection iterations variables are retained in the
model. Both forward and backwards selection are performed using the AIC.

Variable Retained (%)

dage 100.0
dheight 86.1
dethnic 57.1
dsex 50.3
dweight 36.8
dbmi 34.3
dbg 26.5
dcod 21.7

space. As data visualisation is limited by the number of dimensions to be plotted, the

number of trees is omitted from the plot. This figure is given for illustratory purposes.

The optimal set of hyper-parameters are: mtry = 1, ntree = 1633, number of variables

= 4. This results in a mean test C-index of 0.582. The top four variables ranked by the

permutation importance index are: age, height, gender, blood group. It is important

to be aware that although the optimal parameter set retains all four variables, the

improvement in accuracy by including gender and blood group is 0.002. This difference

is small enough such that it could only improve accuracy by random chance.

We seek assurance by employing an additional model selection procedure based on boot-

strap sampling of the dataset and fitting proportional hazards models by both forward

and backwards stepwise selection (dropping variables that result in a larger AIC). The

results for this procedure are given in Table 4.3 for 1000 bootstrap samples, indicating

that the model containing only age and height has the best fit. The RSF containing only

age and height resulted in an almost equivalent accuracy to the RSF that contained the

variables in (what was determined to be) the optimal set of variables. This can be seen

in Figure 4.5, as the largest mean concordance index for two variables is similar to that

of four.

We proceed by fitting a GAM suitable for a survival response to determine whether

it is sufficient to model the baseline covariates that were found to be important by

assuming that the associations are linear, or whether a more elaborate specification is

required. Figure 4.6 presents the functional form of height and age corresponding to the

GAM fitted that contains only these two variables as covariates. Although the points

appear to be somewhat randomly scattered, with a possibly clustered structure, a flexible

representation was not found to improve the fit compared to a linear fit. Therefore, we

proceed by assuming linearly in the model for these variables.



Chapter 4 Dynamically Predicting Donor Death Time from Treatment Withdrawal 97

20 40 60 80

-2

-1

0

1

2

3

dage

f(d
ag
e)

140 150 160 170 180 190

-2

-1

0

1

2

dheight
f(d
he
ig
ht
)

Figure 4.6: Testing the assumption of linearity by modelling covariates with smoothing
splines in a GAM. The shaded region corresponds to a 95% confidence interval.

4.4.0.3 Joint Modelling

Joint models were compared using the discrimination and calibration measures described

in Section 4.3.5, with 5-fold cross-validation. For every null9 JM fitted, the longitudinal

component corresponds to Equation 4.32, where in the multivariate case K > 1 (where

k = 1, . . . ,K).

yki(t) = (βk0 + bk0) + (βk1 + bk1)Bki1(t) + (βk2 + bk2)Bki2(t) + εki(t) (4.32)

Here the B-spline basis functions for the natural spline, given by B, allow a flexible

representation of both the fixed and random effects. The formulation of Equation 4.32

shows how the random intercept and slope terms represent a deviation from the mean

profile, which is recovered when the random effects are set to zero.

We compared many different combinations of null JMs to determine the most appropri-

ate longitudinal response (or combinations of responses). In particular, we compared

univariate null JMs for each physiological variable for both linear and flexible associa-

tion structures. Equation 4.33 displays the form of the survival component fitted. In

9A null JM corresponds to specifying no variables for w or any fixed effects not relating to time in
the longitudinal component (as given by Equation 4.32).
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Table 4.4: Joint model selection using 5-fold cross-validation. For each univariate JM
with linear association structure, the mean and standard deviation (in brackets) for the
AUC ROC and PE are given across the 5 folds for three different time frames in the
agonal phase.

Mean AUC ROC (Standard Deviation) Mean PE (Standard Deviation)

5-20 mins 15-60 mins 30-75 mins 5-20 mins 15-60 mins 30-75 mins

SBP 0.67 (0.15) 0.82 (0.06) 0.73 (0.24) 0.22 (0.03) 0.17 (0.05) 0.12 (0.05)
DBP 0.68 (0.09) 0.74 (0.09) 0.72 (0.17) 0.24 (0.08) 0.22 (0.07) 0.16 (0.06)
O2 0.61 (0.08) 0.83 (0.06) 0.74 (0.17) 0.24 (0.02) 0.20 (0.05) 0.15 (0.05)
HR 0.44 (0.07) 0.64 (0.12) 0.42 (0.25) 0.25 (0.05) 0.23 (0.03) 0.18 (0.04)
MAP 0.67 (0.10) 0.76 (0.05) 0.73 (0.22) 0.24 (0.05) 0.20 (0.02) 0.13 (0.05)
Resp 0.69 (0.08) 0.77 (0.20) 0.55 (0.33) 0.19 (0.03) 0.18 (0.06) 0.15 (0.07)

Table 4.5: Joint model selection using 5-fold cross-validation. For each univariate JM
with flexible association structure, the mean and standard deviation (in brackets) for the
AUC ROC and PE are given across the 5 folds for three different time frames in the
agonal phase. Variable names ending with an apostrophe assume a flexible association
structure.

Mean AUC ROC (Standard Deviation) Mean PE (Standard Deviation)

5-20 mins 15-60 mins 30-75 mins 5-20 mins 15-60 mins 30-75 mins

SBP’ 0.43 (0.16) 0.75 (0.14) 0.47 (0.33) 0.30 (0.05) 0.30 (0.07) 0.32 (0.10)
DBP’ 0.47 (0.15) 0.47 (0.24) 0.40 (0.27) 0.29 (0.09) 0.33 (0.12) 0.34 (0.12)
O2’ 0.56 (0.11) 0.90 (0.07) 0.83 (0.13) 0.23 (0.02) 0.17 (0.04) 0.12 (0.03)
HR’ 0.12 (0.05) 0.09 (0.04) 0.05 (0.05) 0.54 (0.06) 0.58 (0.05) 0.67 (0.10)
MAP’ 0.45 (0.13) 0.54 (0.15) 0.42 (0.21) 0.28 (0.06) 0.28 (0.05) 0.27 (0.07)
Resp’ 0.31 (0.13) 0.28 (0.10) 0.12 (0.07) 0.33 (0.07) 0.43 (0.04) 0.47 (0.03)

the univariate case k = 1 and a linear association structure corresponds to λ(t) = α.

hi(t,Mi(t),wi) = h0(t) exp
(
γ>wi +

K∑
k=1

λk(t)mki(t)
)

(4.33)

Table 4.4 displays the results for the univariate null JMs with linear association struc-

tures. The mean AUC ROC and mean PE are given with the standard deviation (dis-

played in brackets) across the 5 cross-validation folds. It can be seen that SBP and O2 are

overall the most predictive longitudinal covariates across the three medically relevant

time frames. Although O2 has the highest discrimination between 15-60 minutes it has

the second lowest discrimination between 5-20 minutes. Both of these models performed

well in terms of calibration, and Resp has a competitive predictive performance.

The cross-validation results displayed in Table 4.5 correspond to the same fitted mod-

els as those displayed in Table 4.4, except a flexible association structure is specified.

Comparing Table 4.4 and 4.5, it can be seen that a flexible specification of the associa-

tion structure impedes the predictive ability of many of the physiological variables. In

particular, mean AUC ROC decreases and the mean PE increases for every time frame
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Table 4.6: 5 fold cross-validation for identifying the best pair of longitudinal responses,
where association structure is modelled linearly.

Mean AUC ROC (Standard Deviation) Mean PE (Standard Deviation)

5-20 mins 15-60 mins 30-75 mins 5-20 mins 15-60 mins 30-75 mins

SBP+DBP 0.53 (0.14) 0.61 (0.19) 0.54 (0.26) 0.27 (0.07) 0.28 (0.09) 0.29 (0.08)
SBP+O2 0.73 (0.07) 0.88 (0.05) 0.72 (0.15) 0.24 (0.06) 0.18 (0.05) 0.13 (0.03)
SBP+HR 0.76 (0.11) 0.88 (0.11) 0.78 (0.17) 0.22 (0.07) 0.16 (0.08) 0.14 (0.06)
SBP+MAP 0.75 (0.09) 0.84 (0.09) 0.77 (0.15) 0.22 (0.04) 0.17 (0.05) 0.13 (0.04)
SBP+Resp 0.72 (0.18) 0.78 (0.09) 0.76 (0.18) 0.20 (0.06) 0.16 (0.05) 0.13 (0.03)

DBP+O2 0.70 (0.09) 0.85 (0.06) 0.70 (0.15) 0.25 (0.11) 0.21 (0.05) 0.12 (0.03)
DBP+HR 0.67 (0.06) 0.76 (0.07) 0.71 (0.17) 0.24 (0.03) 0.21 (0.05) 0.14 (0.05)
DBP+MAP 0.70 (0.08) 0.82 (0.09) 0.77 (0.15) 0.24 (0.04) 0.18 (0.07) 0.14 (0.06)
DBP+Resp 0.72 (0.19) 0.80 (0.13) 0.70 (0.22) 0.20 (0.08) 0.19 (0.10) 0.15 (0.04)

O2+HR 0.52 (0.12) 0.79 (0.08) 0.69 (0.17) 0.23 (0.04) 0.21 (0.04) 0.19 (0.05)
O2+MAP 0.71 (0.17) 0.87 (0.10) 0.82 (0.08) 0.22 (0.10) 0.17 (0.04) 0.13 (0.04)
O2+Resp 0.71 (0.19) 0.88 (0.07) 0.71 (0.41) 0.25 (0.08) 0.19 (0.06) 0.13 (0.07)

HR+MAP 0.70 (0.10) 0.84 (0.09) 0.73 (0.19) 0.22 (0.04) 0.17 (0.05) 0.14 (0.05)
HR+Resp 0.45 (0.31) 0.46 (0.39) 0.51 (0.23) 0.31 (0.16) 0.33 (0.22) 0.39 (0.33)

MAP+Resp 0.72 (0.12) 0.80 (0.11) 0.70 (0.26) 0.21 (0.07) 0.18 (0.07) 0.14 (0.08)

for each variable with the large exception of O2. With the exception of the 5-20 minute

time frame, there is a substantial improvement in AUC ROC for O2. Moreover, the PE

decreases across each time frame and the standard deviation also decreases. Despite

largely decreasing the predictive ability of all but one physiological variables, a flexi-

ble association structure for O2 gives the highest predictive accuracy out of the models

considered so far.

Table 4.6 displays the cross-validation results for bivariate null JMs with a linear asso-

ciation structure. Notably, many of the weak variables in the univariate case see a large

improvement in predictive ability when combined with SBP (HR, MAP, Resp). Including

SBP with O2 resulted in an improvement in discriminatory ability but somewhat weaker

calibration performance. Arguably, the best performing model overall in Table 4.6 is

the bivariate JM containing SBP and HR.

Table 4.7 presents the 5-fold cross-validation results for each combination of null JMs

that have a bivariate longitudinal response, where the time-to-event component assumes

a flexible association structure between the instantaneous risk and one of the two longi-

tudinal outcomes. Comparing Table 4.7 to Table 4.6, it can be seen that only four models

have a notable improvement by modelling the association structure flexibly. These mod-

els include: SBP + O2’, DBP + SBP’, DBP + O2’, MAP + O2’ and Resp + O2’. Clearly,

modelling the association structure of O2 flexibly results in a substantial improvement

in predictive performance. The model highlighted in red in Table 4.7 is deemed to be

the best model so far (SBP + O2’), which has an exceptional discriminatory ability for
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Table 4.7: 5 fold cross-validation for identifying the best pair of longitudinal responses,
where the association structure between the hazard and a single longitudinal outcome is
modelled flexibly. Variable names ending with an apostrophe assume a flexible associa-
tion structure. The chosen model is highlighted in red.

Mean AUC ROC (Standard Deviation) Mean PE (Standard Deviation)

5-20 mins 15-60 mins 30-75 mins 5-20 mins 15-60 mins 30-75 mins

SBP+DBP’ 0.53 (0.14) 0.61 (0.19) 0.54 (0.26) 0.27 (0.07) 0.28 (0.09) 0.29 (0.08)
SBP+O2’ 0.85 (0.05) 0.97 (0.03) 0.93 (0.05) 0.22 (0.05) 0.11 (0.02) 0.09 (0.03)
SBP+HR’ 0.62 (0.17) 0.82 (0.12) 0.66 (0.20) 0.23 (0.07) 0.18 (0.07) 0.17 (0.07)
SBP+MAP’ 0.65 (0.24) 0.73 (0.10) 0.56 (0.14) 0.25 (0.11) 0.23 (0.08) 0.25 (0.12)
SBP+Resp’ 0.49 (0.15) 0.46 (0.18) 0.30 (0.14) 0.25 (0.07) 0.28 (0.05) 0.29 (0.07)

DBP+SBP’ 0.56 (0.17) 0.65 (0.17) 0.61 (0.10) 0.27 (0.07) 0.26 (0.11) 0.30 (0.11)
DBP+O2’ 0.80 (0.09) 0.96 (0.03) 0.93 (0.02) 0.24 (0.09) 0.15 (0.02) 0.09 (0.03)
DBP+HR’ 0.34 (0.15) 0.45 (0.18) 0.39 (0.18) 0.32 (0.06) 0.35 (0.08) 0.33 (0.09)
DBP+MAP’ 0.60 (0.22) 0.71 (0.11) 0.54 (0.11) 0.26 (0.09) 0.24 (0.07) 0.25 (0.10)
DBP+Resp’ 0.43 (0.14) 0.47 (0.22) 0.31 (0.29) 0.26 (0.06) 0.34 (0.10) 0.34 (0.09)

O2+SBP’ 0.47 (0.06) 0.62 (0.07) 0.39 (0.22) 0.28 (0.09) 0.26 (0.04) 0.29 (0.09)
O2+DBP’ 0.41 (0.15) 0.60 (0.22) 0.39 (0.22) 0.31 (0.08) 0.30 (0.10) 0.36 (0.12)
O2+HR’ 0.27 (0.15) 0.56 (0.22) 0.57 (0.32) 0.29 (0.08) 0.28 (0.09) 0.28 (0.12)
O2+MAP’ 0.36 (0.07) 0.52 (0.11) 0.39 (0.17) 0.31 (0.09) 0.31 (0.04) 0.30 (0.07)
O2+Resp’ 0.26 (0.11) 0.29 (0.11) 0.27 (0.25) 0.32 (0.04) 0.36 (0.05) 0.37 (0.10)

HR+SBP’ 0.57 (0.11) 0.77 (0.11) 0.62 (0.13) 0.28 (0.07) 0.19 (0.06) 0.22 (0.03)
HR+DBP’ 0.39 (0.18) 0.51 (0.09) 0.50 (0.14) 0.31 (0.08) 0.31 (0.08) 0.32 (0.09)
HR+O2’ 0.32 (0.08) 0.79 (0.07) 0.75 (0.20) 0.27 (0.07) 0.22 (0.06) 0.14 (0.07)
HR+MAP’ 0.54 (0.08) 0.70 (0.14) 0.51 (0.18) 0.24 (0.02) 0.23 (0.06) 0.24 (0.08)
HR+Resp’ 0.29 (0.07) 0.32 (0.16) 0.14 (0.13) 0.33 (0.06) 0.42 (0.07) 0.49 (0.08)

MAP+SBP’ 0.61 (0.24) 0.66 (0.15) 0.49 (0.14) 0.27 (0.11) 0.26 (0.11) 0.29 (0.14)
MAP+DBP’ 0.59 (0.24) 0.68 (0.12) 0.55 (0.16) 0.27 (0.10) 0.24 (0.08) 0.26 (0.11)
MAP+O2’ 0.78 (0.07) 0.94 (0.03) 0.92 (0.06) 0.23 (0.09) 0.15 (0.02) 0.10 (0.04)
MAP+HR’ 0.42 (0.16) 0.62 (0.07) 0.49 (0.16) 0.26 (0.01) 0.25 (0.02) 0.25 (0.03)
MAP+Resp’ 0.37 (0.22) 0.39 (0.12) 0.20 (0.13) 0.30 (0.06) 0.39 (0.05) 0.40 (0.05)

Resp+SBP’ 0.45 (0.08) 0.51 (0.27) 0.28 (0.22) 0.27 (0.08) 0.33 (0.12) 0.36 (0.10)
Resp+DBP’ 0.39 (0.16) 0.48 (0.25) 0.26 (0.18) 0.35 (0.10) 0.41 (0.16) 0.44 (0.17)
Resp+O2’ 0.67 (0.19) 0.93 (0.09) 0.94 (0.05) 0.24 (0.07) 0.14 (0.04) 0.09 (0.04)
Resp+HR’ 0.19 (0.07) 0.29 (0.23) 0.18 (0.11) 0.37 (0.04) 0.44 (0.09) 0.53 (0.05)
Resp+MAP’ 0.40 (0.18) 0.43 (0.08) 0.31 (0.17) 0.33 (0.05) 0.39 (0.05) 0.42 (0.10)

predicting the donor event time. It can also be seen that for many of the models in Ta-

ble 4.7, the predictive performance is substantially worse than when a linear association

structure is assumed, indicating over-parametrisation.

Having selected the longitudinal responses (SBP + O2) and the association structure

(O2’), we proceed to see if the predictive ability can be improved further by including

baseline covariates, transformations of the longitudinal responses and alternative func-

tional forms for the longitudinal responses. Table 4.8 displays notable models that were

fitted testing various combinations of log transformations, (with 0.1 added to avoid in-

finity being returned where values are 0) the derivative functional form and the inclusion
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Table 4.8: 5-fold cross-validation results for the final few combinations of bivariate JMs, testing for improvements in predictive accuracy by
including baseline covariates, response transformations and alternative functional forms.

Mean AUC ROC (Standard Deviation) Mean PE (Standard Deviation)

5-20 mins 15-60 mins 30-75 mins 5-20 mins 15-60 mins 30-75 mins

log(SBP+0.1)+O2’ 0.86 (0.07) 0.96 (0.03) 0.91 (0.10) 0.24 (0.10) 0.12 (0.03) 0.09 (0.02)
SBP+log(O2’+1) 0.94 (0.02) 0.98 (0.02) 0.99 (0.03) 0.19 (0.05) 0.08 (0.04) 0.08 (0.05)
DerivSBP+log(O2’+0.1) 0.98 (0.02) 0.99 (0.01) 0.98 (0.03) 0.22 (0.07) 0.08 (0.04) 0.07 (0.04)
log(SBP+0.1)+log(O2’+0.1) 0.97 (0.03) 0.99 (0.01) 0.97 (0.03) 0.18 (0.07) 0.09 (0.04) 0.14 (0.18)
log(SBP+0.1)+log(O2’+0.1)+(dweight+dheight) 0.95 (0.05) 0.99 (0.01) 0.97 (0.04) 0.17 (0.07) 0.08 (0.05) 0.14 (0.18)
SBP+O2’+(dheight+dweight) 0.83 (0.06) 0.97 (0.02) 0.94 (0.05) 0.22 (0.06) 0.11 (0.02) 0.10 (0.02)
SBP+log(O2’+0.1)+(dheight+dweight) 0.92 (0.04) 0.98 (0.02) 0.98 (0.03) 0.19 (0.05) 0.09 (0.04) 0.07 (0.05)
SBP+Derivlog(O2’+0.1)+(dheight+dweight) 0.67 (0.09) 0.83 (0.11) 0.73 (0.24) 0.21 (0.05) 0.18 (0.03) 0.14 (0.06)
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Figure 4.7: Results for the 15 times repeated 5-fold cross-validation, presenting the AUC
ROC and PE for three medically relevant time frame.

of baseline covariates that were identified as important.

Once again a large improvement in predictive ability can be seen in Table 4.8. In par-

ticular, using the value of the slope of SBP and assuming a flexible association structure

of O2 with a log transformation, results in an almost perfect discriminatory ability. This

indicates that for almost every pair of patients in the dataset, a higher probability of

survival was allocated to the patient that survived longer than the other patient in

the selected pair. The change in calibration performance is less noticeable, however a

marginal improvement indicates a reduced prediction error overall. The model high-

lighted in red is selected as the best performing model. However, further validation

is required to ensure this was not a result of a fortunate allocation of patients to the

cross-validation folds.

We further validate the chosen model by performing a 15 times repeated 5-fold cross-

validation (such that in each repeat, patients are randomly allocated to folds). Figure

4.7 presents violin plots displaying the distribution of the mean AUC ROC and mean

PE across the 5-folds for the 15 repeats. The predictive ability is consistently high,

although a relatively large variance and higher PE can be seen for the 5 to 20 minute

time frame for which the predictions are made. The model validation is satisfactory.

We fit the chosen model to the full dataset using the Hamiltonian Monte Carlo algorithm

implemented by the Bayesian sampling software “Stan”. A warm-up period of 500

iterations is specified, to which Stan applies dual averaging (see Nesterov (2009)) to

determine the optimal leapfrog step-size. This requires the target Metropolis acceptance

rate parameter, which we set to 0.8 (forcing the adaption to take small step-sizes so that
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reasonable acceptance rates are used). We specify 30000 iterations after the warm-up

period, half of which are discarded as the burn-in period. Thinning is applied to the

remaining 15000 iterations, such that one in every 50 samples are retained, to reduce

autocorrelation between samples from the conditional posterior distribution. Two chains

are run in parallel with different starting values to avoid convergence to isolated modes

and to assist during assessment of convergence.

Figure 4.8 displays the trace and smoothed density plots for the longitudinal fixed pa-

rameters β1 and β2. The two chains can be distinguished by the colours (red and black)

and appear to be exploring the same conditional posterior distribution. The density

plots appear to be approximately normally distributed for each parameter. The auto-

correlation plots are omitted to avoid extensive output, however, the autocorrelation

rapidly drops to zero as lag increases for each of these parameters (and for each chain).

The horizontal red and black lines represent the means of each chain, which remain flat

and do not diverge, indicating convergence to the stationary distribution. There were no

divergent transitions and the plots are satisfactory in the sense that there is no evidence

of a lack of convergence or poor mixing.

The same plots are displayed for the standard deviation of the measurement error pa-

rameters in Figure 4.9 and for the association parameters α11 and {α2,i}10i=1 (Figures 4.10

and 4.11). The same conclusions can be drawn from these plots. There is no evidence

of a lack of convergence for any of the parameters in the chosen fitted MBJM.

We proceed by presenting the chosen model in Table 4.9, which includes the posterior

mean, standard deviation, standard error, 95% credible interval and Bayesian p-values.
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Table 4.9: The chosen model (null bivariate JM with the gradient functional form of the
SBP response and a flexible representation of the association parameters of log O2). The
posterior means, standard deviation, standard error and credible interval are presented
alongside the Bayesian p-values. The potential scale reduction factor (Gelman et al.
1992) (R̂) is presented with the upper confidence interval limit to assess convergence.

Parameter PostMean StDev StErr 2.5% 97.5% P R̂ Upper C.I (R̂)

β01 118.47 3.73 0.22 111.40 125.97 0.00 1.00 1.03
β11 -15.29 9.91 0.57 -34.51 3.70 0.14 1.00 1.00
β21 4.15 10.14 0.59 -15.72 24.50 0.69 1.00 1.00
σ1 20.05 0.39 0.02 19.31 20.85 0.00 1.00 1.00
β02 4.42 0.04 0.00 4.35 4.49 0.00 1.01 1.05
β12 -0.09 1.01 0.07 -2.21 1.69 0.92 1.00 1.00
β22 -0.31 0.33 0.03 -0.87 0.36 0.32 1.00 1.00
σ2 0.56 0.01 0.00 0.54 0.58 0.00 1.00 1.00
α1,1 -0.15 0.05 0.00 -0.25 -0.06 0.01 1.00 1.00
α1,2 0.36 0.24 0.02 -0.13 0.79 0.15 1.00 1.00
α2,2 -0.34 0.08 0.00 -0.50 -0.16 0.00 1.00 1.00
α3,2 -1.54 0.19 0.01 -1.96 -1.15 0.00 1.00 1.00
α4,2 -2.49 0.38 0.01 -3.45 -1.83 0.00 1.00 1.00
α5,2 -3.06 0.53 0.02 -4.25 -2.10 0.00 1.00 1.00
α6,2 -3.23 0.59 0.02 -4.37 -1.98 0.00 1.00 1.00
α7,2 -3.39 0.65 0.03 -4.67 -2.15 0.00 1.00 1.00
α8,2 -3.42 0.71 0.03 -4.93 -2.08 0.00 1.00 1.00
α9,2 -3.35 0.76 0.04 -4.92 -1.84 0.00 1.00 1.00
α10,2 -3.16 0.85 0.05 -4.86 -1.54 0.00 1.00 1.00
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Figure 4.8: Hamiltonian Monte Carlo diagnostic trace (for two chains - coloured in red
and black) and smoothed density plots for both the β1 and β2 parameters.
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Figure 4.9: Hamiltonian Monte Carlo diagnostic trace (for two chains - coloured in red
and black) and smoothed density plots for the σ1 and σ2 parameters.
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Figure 4.10: Hamiltonian Monte Carlo diagnostic trace (for two chains - coloured in red
and black) and smoothed density plots for the parameters α1,1 and α2,i where i = 1, . . . , 7.
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Figure 4.11: Hamiltonian Monte Carlo diagnostic trace and density plots for the coeffi-
cients α2,i where i = 8, . . . , 10 coefficients.
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Figure 4.12: The Time-varying effect of log(O2 + 0.1)′ presented with the 95% credible
interval (shaded region).

The potential scale reduction factor in Table 4.9 is close enough to one such that we

do not suspect convergence difficulties (consistent with our conclusions from the trace,

density and autocorrelation plots).

A direct interpretation of the chosen model is complicated by having specified a flexible

MBJM (in both of the longitudinal and survival components). As our aim in this work

is to use this model for prediction, a lack of interpretability is not problematic. However

we are able to infer from Table 4.9 that the association between both of the longitudinal

responses and the survival response are statistically significant. The functional form of

the association structure λ2(t) can be seen in Figure 4.12. Clearly the link between the

longitudinal and survival response is far from constant over time, which explains the

large increase in predictive ability when modelling this term flexibly.

We now proceed with a subject-specific dynamic prediction to illustrate how this model

can be applied in practice for a new subject who has been withdrawn from their life-

support machine. Figure 4.13 and 4.14 display the dynamic predictions for “subject 5”,

who is chosen because they have many repeated measures (33), which is useful for the

purpose of illustration.

The predictions are made using all information available for the subjects remaining

at time t (in minutes), represented by the vertical dashed line. To the left of this
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(a) After 1 repeated measure.
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(b) After 3 repeated measures.
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(c) After 5 repeated measures.
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(d) After 7 repeated measures.
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(e) After 9 repeated measures.
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(f) After 11 repeated measures.
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(g) After 13 repeated measures.
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(h) After 15 repeated measures.

Figure 4.13: Dynamic prediction for Subject 5, using information for all patients remain-
ing at the time corresponding to the vertical dashed line. The subject-specific longitudinal
fitted line is given in red (before the dashed line) with the raw data points as black circles.
To the right of the dashed line is the estimated survival probability with 95% confidence
interval given by the shaded region. Time progresses from Sub-figure (a) to Sub-figure
(h).
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(a) After 17 repeated measures.
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(b) After 19 repeated measures.
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(c) After 21 repeated measures.
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(d) After 23 repeated measures.

obs_times

S
B
P

10
5

11
5

12
5

13
5

S
B
P

times

su
rv

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

E
ve

nt
-F

re
e 

P
ro

ba
bi

lit
y

S
B
P

4.
30

4.
40

4.
50

4.
60

0 100 200 300 400

lo
g(

O
2 

+ 
0.

1)
su
rv

0 100 200 300 400

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

E
ve

nt
-F

re
e 

P
ro

ba
bi

lit
y

Time

Subject 5

(e) After 25 repeated measures.
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(f) After 27 repeated measures.
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(g) After 29 repeated measures.
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(h) After 33 (final number of) repeated mea-
sures.

Figure 4.14: The remainder of dynamic prediction points for Subject 5, after Subfigure
(h) in Figure 4.13.
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line is the longitudinal process (for each longitudinal outcome). The circles represent

observed values and the red line represents the fitted function. To the right of the

vertical dashed line is the survival process, where the red line represents the estimated

survival probability for each time point until the maximum observed event time. The

shaded region represents a 95% point-wise confidence interval for this predicted values,

which is derived from the percentiles of the Monte Carlo samples.

It can be seen that when only a single measurement exists (taken at the time of with-

drawal) the confidence interval is very wide for most of the time values. For this reason,

one may question whether this method provides insight at all at this stage, however, it

is important to note the skew in these data. At the time the confidence interval becomes

wide, approximately 50% of the patients in the data became deceased (see Figure A.2,

at approximately 20 minutes). This means that with a single observation of SBP and O2,

we are able to determine with high confidence whether the patient will still be alive for

a meaningful time horizon: until approximately 20 minutes. Of course, as this process

is notoriously difficult to predict, the confidence interval becomes very wide at a given

future time point. However before this time occurs, important and potentially life-saving

insight can be drawn.

As more data points are recorded (moving from Subfigures (a) - (h) in Figure 4.13) it

can be seen that estimates of survival probability are drawn with higher confidence for

a longer period of time for this subject. Again this happens until the confidence interval

becomes exceedingly wide (at which point, we are unsure when the event time would

be). Note that simply being able to tell a clinician that we are confident that the patient

will survive for another 5 minutes from a specific time, could be the difference between

a transplant proceeding in practice by allowing the removal team to effectively allocate

limited resources.

Notice that in Figure 4.14 as more data points are recorded, the distance from the

current time point (vertical dashed line) and the lower limit of the confidence interval

approach each other, suggesting the distance into the future we are able to reliably

predict is shortening as time increases. This is because such few patients remain in

the data around this time (approximately 200 minutes), making the data less credible.

As it is uncommon for patients to enter this region of the data, this is unlikely to be

a problem in practice, and could be improved by updating the model as more data

becomes available in the future.

To demonstrate how this approach could be used in practice to inform clinicians, take

Figure 4.13 subfigure (e) for example. Suppose we observe these trajectories of SBP and

O2, and we know the patient is still alive at this point in time (represented by the vertical

dashed line). We would be able to say that we are confident that the patient will still be

alive for approximately another 40 minutes, thereafter we do not know when the event

is likely to occur, though we can make an estimate which corresponds to the thick red
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Figure 4.15: The Time-varying effect of log(O2 + 0.1)′ presented with the 95% credible
interval (shaded region).

line. This would allow clinicians to provide notice to the removal team to arrive before

the 40 minutes have passed. Note that these estimates are based on characteristics of

multiple physiological variable trajectories of the organ donors and conditioning on the

fact that the patient is still alive at the current time point.

Finally, we present in Figure 4.15 the ROC curves for the same three time frames that

were used for model selection (but this time the full dataset is used instead of test data).

As expected the AUC ROC remains exceptionally high and prediction error is low.
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4.5 Discussion

In this work we have applied sophisticated statistical methods to a unique and rich

dataset, in order to solve a real practical problem. This involved dynamically predicting

the probability of a controlled DCD organ donor experiencing a cardiac arrest between

specific medically relevant time frames. Notably, we employed a recently proposed ex-

tension to the JM, which involved modelling the association between the longitudinal

and survival processes flexibly (Andrinopoulou et al. 2018). By applying this extended

JM to the longitudinal covariate O2, we obtained a substantial improvement in predic-

tive ability. This implies that as time progresses throughout the treatment withdrawal

phase the association between the current value of O2 and the risk of death varies.

There was a noticeable improvement in predictive ability when the “current slope” func-

tional form of the longitudinal covariate SBP was used in the relative risk model, rather

than the current value of SBP. This implies that the rate of change of SBP is a more

important risk factor than its current value.

We were able to validate (based on the novel dataset) that the chosen model had an

exceptional predictive ability, achieving to the best of our knowledge what is by far the

highest predictive ability achieved. Moreover, the models in the literature that obtained

a high predictive ability were based on many clinical variables that were not available

in this dataset. This is one advantage of the chosen model, that although it is more

computationally demanding than standard methods, only SBP and O2 were required to

make such accurate predictions. This is in part attributed to the model conditioning on

the fact that the patient is still alive at the time a prediction is made. We acknowledge

that in practice it would be preferred to make these predictions before the treatment

withdrawal period begins. However, we believe that this approach still has a wide scope

for improving medical practice.

Various implicit assumptions were made in the derivation of the MBJM likelihood func-

tion. First, the model assumes that the censoring mechanism depends on the observed

data but not the unobserved data, which is plausible in our application. The JM makes

implicit assumptions with regards to the full vector of longitudinal recordings includ-

ing the planned measurements that were missed. As the visiting process in our data is

stochastic, our case is complicated. However, research shows (Rizopoulos 2012b) that

assuming that the visiting process is not related to the event times then inference re-

mains valid when the visiting mechanism is stochastic. Although this assumption is not

testable from the data we believe it is plausible, as the British Transplantation Society

guidelines state that the protocol is for nurses to take the readings once every few min-

utes. As no attempt is being made to resuscitate these patients, there is no incentive

for nurses to take readings more regularly as the patients approach death. When expert
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knowledge of the problem at hand suggests that this assumption is not valid, the vis-

iting process must be specified explicitly and incorporated into the likelihood function

(Lipsitz et al. 2002).

We also assumed that random effects follow a multivariate normal distribution. As the

random effects are unobserved this is also an assumption that is not testable from the

data. However, various studies have shown that as ni increases, misspecifying the nor-

mality of the latent random effects has very little effect on the parameter estimates and

standard errors (Rizopoulos et al. 2008, Huang et al. 2009). Moreover, the exceptional

predictive ability achieved in our application suggests that either these assumptions hold

or our chosen model in this application is robust when the aim is to perform prediction.





Chapter 5

Impact of the Treatment

Withdrawal Period on Kidney

Transplant Outcomes

Summary

In this chapter we utilise the novel dataset to investigate the ability of various charac-

teristics of multiple DCD donor physiological variables in the treatment withdrawal to

death period for predicting short-term recipient transplant outcome, delayed graft func-

tion (DGF). We compare the performance of various methods for summarising phys-

iological variable characteristics that are subsequently used as predictor variables in a

classification model (random intercept logistic regression). A simulation study is con-

ducted to determine whether summaries (intercept, slope and AUC) estimated from a

joint model (JM) are preferable to the observed summaries or those estimated from a

linear mixed effects model (LMEM). The method deemed best is used in our analysis in

the first part of the two stage approach for predicting recipient transplant outcome. The

chosen predictive model is used to improve our understanding of the impact of physiolog-

ical variable characteristics in the withdrawal phase on the chances of recipient’s graft

immediately functioning.

115
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5.1 Introduction

The treatment withdrawal to death phase is a major determinant as to whether organ

procurement proceeds. As it has been discussed throughout this thesis, the decision

to withdraw a donor from transplantation can depend on both medical and logistical

reasons that relate to the withdrawal phase. However, research is limited with regards

to which characteristics (such as the duration, or specifically characteristics relating to

physiological variables) of the withdrawal period impacts the graft quality and how,

which provides scope for this research.

A common scenario that leads to the decision for a donor to be withdrawn from trans-

plantation is when the treatment withdrawal to death phase is prolonged. Organs be-

come deprived of oxygenation as a result of the circulation cessation, causing ischaemic

injury. This is referred to as warm ischaemic exposure and is known to cause cellular

decay in the organs, which is believed to increase the risk of complications including

DGF.

To safeguard patients from ischaemic injury, protocols specify a limit for the duration of

the treatment withdrawal to death period. In the US and the Netherlands it is one and

two hours respectively. The UK protocol acknowledges the limited evidence (Reid et al.

2011, Scalea et al. 2017) indicating that the duration itself does not compromise graft

quality, but more so the evolution of the physiological profiles over time. The UK allows

a maximum of three hours before SBP drops below 50mmHg and also a maximum of

two hours after (Peters-Sengers et al. 2018).

Bradley et al. (2013) also conjecture that the graft quality of organs from donors whose

physiological profiles have certain characteristics is not compromised when the with-

drawal period is prolonged. The limited evidence to support this hypothesis is attributed

to restrictive protocols, meaning that the extremes of warm ischaemia have not previ-

ously been able to be explored. In this work, we analyse a novel dataset that allows

these extremes to be explored (maximum death time of 406 minutes), which provides

scope to investigate this conjecture.

Various attempts have been made to investigate how characteristics of the treatment

withdrawal to death period are associated with recipient outcomes. However, due to

the complex nature of temporal data these studies have been limited to crude statistical

measures such as the observed AUC of the longitudinal trajectories.

Ho et al. (2008) found through an exploratory analysis that characteristics of the with-

drawal period could be more predictive of DGF than the duration alone. Consistent

findings were achieved by Scalea et al. (2017), who found using logistic generalised esti-

mating equations that time to death was not predictive of DGF.
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Allen et al. (2016) analysed various characteristics of the treatment withdrawal period

(median, slope, AUC and threshold values for SBP, shock index and oxygen saturation).

Only the AUC SBP categorised at the median was retained as a significant covariate in

the multi-variable model (odds ratio 1.42, 95% CI 1.06 to 1.91). This implies that those

with an AUC SBP above the median were more likely to experience DGF.

Peters-Sengers et al. (2018) used logistic regression with restricted cubic splines to see

if the time it took physiological variables (SBP and oxygen saturation) to drop below

certain threshold values (80mmHg and 60%) was predictive of DGF. They also investi-

gated the effect of the duration of the treatment withdrawal period. They found that

the duration was significantly associated with DGF as well as the time it takes SBP to

drop below 80mmHg.

This clinical problem poses several interesting statistical challenges. A LMEM can

be used to model the longitudinal trajectories that are recorded over time in possibly

irregular and unequally spaced intervals. However, we are still faced with two major

complications. First, the longitudinal recordings are contaminated with measurement

error. Moreover, inference based on the LMEM is only valid under MAR (see Section

2.2.4 for a discussion on missing data in longitudinal studies), and the missingness

mechanism is not testable from the data. If the true mechanism is MNAR the parameter

estimates from the LMEM are likely to be biased.

We investigate a joint modelling approach to summarise characteristics of the physiolog-

ical profiles, that takes full advantage of both the longitudinal and survival information

of the donor. In particular, the full trajectories are modelled with a LMEM and the

time-to-event process of the donor is modelled with a proportional hazards model. By

performing parameter estimation based on the full joint likelihood of the two processes,

a model is explicitly specified to account for the missing data implicit outcome, which

may improve our ability to predict DGF. The estimated characteristics of the physio-

logical profiles (the intercept, slope and AUC) are then used in the second part of this

proposed two-stage approach to predict whether a recipient experiences DGF. To this

author’s knowledge, two-stage approaches have been often employed where a LMEM is

fitted in the first stage, but no study has used a JM as the first stage to extract rele-

vant information from the longitudinal process, which is then used as a covariate in a

classification model (stage two).

The aim of this chapter is to improve our understanding of how withdrawal phase char-

acteristics impact transplant outcome, and to determine the optimum combination of

factors that are discovered to be important in order for a transplant to be successful.

This chapter is structured as follows. In Section 5.2 we provide a description of the data

that is analysed and describe the methods employed to analyse it. In Section 5.3 a series

of simulations are carried out to investigate the performance of the proposed two-stage

approach. In Section 5.4.1 an exploratory data analysis is performed. This is followed
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by the main analysis in Section 5.4.2, where a predictive model is derived to improve

our understanding of the impact of the treatment withdrawal phase characteristics on

transplant outcome. This chapter concludes with a discussion in Section 5.5.

5.2 Methods

5.2.1 Description of Data

In this chapter we re-analyse a subset of the dataset that was analysed in Chapter 4

(analysed in this chapter for a different purpose), that contains DCD donor baseline

covariates and physiological variables repeatedly measured throughout the treatment

withdrawal to death phase (SBP, DBP, O2, MAP, HR, Resp Rate). The difference in

this chapter is that these data are merged with a dataset containing kidney recipient

baseline covariates and the binary outcome DGF, indicating whether the recipient had

to return to dialysis within one week of transplant.

Once the two datasets are merged, 130 DCD kidney donors remain that have an observed

DGF outcome (many did not proceed to transplant or had a missing response). 85 (65%)

of these donors donated both kidneys and 45 donated a single one, resulting in a total

of 215 observed recipient outcomes. Out of the 45 that donated a single kidney, 19

experienced DGF (42%) and 26 had an immediately functioning graft. Out of the 85

that donated both kidneys, 47 (55%) donors resulted in two immediately functioning

grafts, 25 (29%) resulted in a single functioning graft and 13 (15%) resulted in two

delayed graft functions.

Various other predictor variables are available (recipient transplant unit, cold ischaemic

time, sex, age, blood group, weight, height, ethnicity, type of primary renal disease,

dialysis status at time of transplant). The same donor baseline variables are available

that were described in Chapter 4 (age, sex, blood group, cause of death, ethnicity,

weight, height).

5.2.2 Statistical Methods

We investigate a two-stage approach that can be used to determine the impact of donor

treatment withdrawal phase characteristics on the probability of the recipient experi-

encing an immediate graft function. In particular, we use a JM for longitudinal and

time-to-event data to extract important information from the longitudinal trajectories

of the physiological variables. As parameter estimation in the JM is performed using

the joint likelihood of the longitudinal and survival processes of the donor, we expect

that the information is extracted reducing bias resulting from both measurement error

and missingness as a result of drop-out.
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The new covariate derived from the first stage is then used in a RILR model to predict

the chances of a successful transplant, while adjusting for confounding variables. Using

a multilevel modelling approach at stage two allows us to account for correlation within

donors (as many donate both kidneys) and also transplant unit. This approach therefore

acknowledges the hierarchical structure of the data.

More formally, suppose we observe a physiological variable at t, which is denoted by yi(t)

(where donor i = 1, . . . , n). In some cases it is convenient to use the alternative notation

of yij , where j = 1, . . . , ni corresponds to the jth longitudinal measurement (assuming

discrete time). A crude summary of the longitudinal profile for donor i would be, for

instance, ui = 1
ni

∑ni
j=1 yij , which could be used in another regression model (stage two)

to see how the observed mean profile is associated with transplant outcome.

The crude approach outlined above results in biased (typically attenuated) and inefficient

parameter estimates in the second modelling stage (see Section 4.2 for the literature), as

a result of noise being included as part of the new covariate that we denote by v. This

can be seen in Equation 5.1, which highlights that the observed value is the sum of the

true physiological variable measurement mi(t) and measurement error εi(t).

The longitudinal response can be modelled explicitly with a LMEM (Equation 5.2),

where the (possibly time-dependent) fixed effects design vector is denoted by xi(t) and

the corresponding vector of coefficients is given by β. The random effects and their

corresponding design vector are given by bi and zi(t) respectively. The measurement

error term εi(t) ∼ N(0, σ2) and random effects bi ∼ Nq(0,D) (where q represents the

dimension of the random effects).

yi(t) = mi(t) + εi(t) (5.1)

yi(t) = x>i (t)β + z>i (t)bi + εi(t) (5.2)

We postulate the following RILR model (Equation 5.3), which assumes that the odds

of a successful transplant depend on the vector of covariates vli (where l indexes one

of the two possible recipients that correspond to the ith donor), and the fixed effect

regression coefficients are denoted by ψ. ui is the random intercept term, allowing each

donor to have their own subject-specific baseline odds of success. This term allows us

to incorporate the within donor correlation into the regression model.

logit(P(Bli = 1)) = ψ>vli + ui, where ui ∼ N(0, σ2u), (5.3)

where the binary indicator variable B denotes a successful transplant when B = 1 or a

DGF otherwise. The vector of covariates vli include a variable that extracts information

from the longitudinal process. We denote this variable by vlong,li = g(Mi(Ti)), where

Mi(Ti) is the full true (and unobserved) history of the longitudinal measurements for
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the ith subject up to the event time Ti. The choice of the function g determines which

summary of the longitudinal profile is to be used as a surrogate, g : Rni 7→ R. We

hypothesise that the AUC is the best surrogate, that is: g(Mi(Ti)) =
∫ Ti
0 mi(s)ds. This

corresponds to Equation 5.4.

vlong,i =

∫ Ti

0
x>i (s)β̂ + z>i (s)b̂i ds (5.4)

We expect that using the estimated value m̂i(t) from the LMEM reduces bias compared

to using the observed data yi(t). However, as mi(t) constitutes an endogenous time-

dependent covariate (Kalbfleisch & Prentice 2002) (because the subject must be alive

for the longitudinal measurement to be recorded at time t) we suspect that bias occurs

as a result of drop-out. We aim to reduce this bias by performing estimation using the

joint likelihood of the longitudinal and survival processes of the donor (by employing

a JM approach). We expect that the estimated trajectories from the JM will reduce

bias in estimating the association between the longitudinal trajectory and the recipient

transplant outcome, compared to using the trajectory estimated from a LMEM.

5.3 A Simulation Study

In this section a simulation study is carried out to investigate whether the proposed

two-stage approach is able to contribute any benefit compared to the standard two-

stage approach in this chapter’s analysis, despite being much more computationally

demanding.

The mean squared error (MSE) is calculated for each estimator under three competing

approaches (AUC of observed trajectory, AUC of trajectory estimated with the LMEM,

AUC of the trajectory estimated with the JM). In every case the data is generated based

on parameters estimated when fitting the JM to the aids dataset (the standard dataset

for benchmarking joint modelling methodology). This dataset was chosen rather than

the novel dataset for simplicity (more balanced and equally spaced data) and thus less

likely to suffer from complications as a result of numerical instability.

In this experiment both the measurement error dispersion parameter σ and the associ-

ation parameter α (representing the association between the longitudinal and survival

process) are factors to be varied, to see if the best approach depends on the size of these

parameters.

To simplify this experiment, a logistic regression is postulated in the second stage rather

than a RILR, because the hierarchical structure at the recipient level is not of primary

interest in this simulation study.
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The binary response is simulated from a Bernoulli distribution with probability equal to

the inverse logistic transformation of the linear predictor ηi, as given by Equation 5.5.

Bi ∼ Bernoulli

(
1

1 + exp(−ηi)

)
(5.5)

The linear predictor (Equation 5.6) includes the parameters ψ0 and ψ1, which correspond

to the intercept and AUC of the longitudinal trajectory respectively.

ηi = logit(P(Bi = 1)) = ψ0 + ψ1vAUC,i (5.6)

The AUC term vAUC is simulated according to Equation 5.7, which requires the lon-

gitudinal response to be generated first (before the integral can be evaluated). The

longitudinal response is created such that it is conditionally independent of the survival

outcome, given the random effects (as assumed by the JM). For this reason, we hy-

pothesise that the parameters that determine the longitudinal trajectory (β, σ and D)

must be estimated simultaneously with the survival process parameters (α,γ), in order

to obtain unbiased parameter estimates. The notation βJM is used to denote that the

parameters depend on the joint likelihood of the longitudinal and survival processes (and

therefore all other parameters in the model are estimated using the joint likelihood).

vAUC,i =

∫ Ti

0
mi(s)ds =

∫ Ti

0
x>i (s)βJM + z>i (s)bi ds (5.7)

Although the data are simulated according to Equations 5.5 and 5.7, we fit three different

models, including the observed AUC (Scenario 1), the AUC of the estimated trajectory

from a LMEM (Scenario 2) and the gold standard that the data is generated from

(Scenario 3). By doing so we aim to quantify the effect on performance that occurs as a

result of measurement error and drop-out. In particular, the parameter ψ1 is of primary

interest. Note that β̂LMEM denotes that the parameters are estimated using only the

longitudinal process likelihood (Equation 4.13) (ignoring the survival process).

Scenario 1:

vAUC,i =

∫ Ti

0
yi(s) ds (5.8)

Scenario 2:

vAUC,i =

∫ Ti

0
x>i (s)β̂LMEM + z>i (s)b̂i ds (5.9)

Scenario 3:

vAUC,i =

∫ Ti

0
x>i (s)β̂JM + z>i (s)b̂i ds (5.10)
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Under each scenario various levels of α and σ are tested. The parameters estimated by

fitting a JM to the aids dataset were -0.28 and 1.74 for α and σ respectively. We also

forced α to take on the values of -0.05 and -0.80 and σ to take on a value of 10.00 for a

basis of comparison with more extreme values. This simulation study is carried out by

running 1000 simulations per combination of factors under investigation.

5.3.1 Results

Tables 5.1 to 5.6 display the results from this simulation study. The true parameters

displayed in Table 5.1 correspond to those estimated when fitting the JM to the aids

dataset. Clearly the three approaches perform equivalently in this scenario, which could

be due to a relatively low amount of measurement error. Note that only the ψ0 and

ψAUC can be estimated from the observed approach, and the JM is the only approach

that can be used to estimate α.

In Table 5.2, α is set to have a low magnitude. This appears to have a negligible impact

on the MSE, with a very small increase in bias of 0.01 across each of the three approaches.

Table 5.3 displays the results for a large relative increase in measurement error. Although

the observed trajectory approach has the largest magnitude of bias, the MSE for the

parameter of primary interest remains equivalent across each of the three approaches

suggesting that the proposed approach would not be beneficial this analysis. It can be

seen that the LMEM approach has the lowest magnitude of bias in the parameter of

interest. It can be seen that although the JM has a small improvement in terms of MSE

for the slope parameter β2 (as expected), the MSE indicates a worse performance for

the JM compared to the LMEM in terms of the intercept β0 and in particular σ. This

is likely to be a result convergence issues in many of the JM simulation runs, causing

instability in this estimate.

Table 5.4 indicates little sensitivity to a different (less extreme) value of α. With the

exception of the parameter σ, the JM and LMEM have identical MSE values, yet the

JM again shows a reduction in bias for the parameter β2. Tables 5.5 and 5.6 display the

results for a more extreme value of α, for each of the two levels of σ. Once again the MSE

values for the parameter of primary interest are identical across the three approaches.

The intercept and treatment effect parameter (β0 and β1) suffer from substantially larger

values of MSE for the JM approach, which is mainly attributed to a larger standard error.

Having simplified this study by using the standard joint modelling methodological devel-

opment dataset (the AIDS dataset) we expect to have removed various possible compli-

cations that could arise, for example, the presence of largely unbalanced and unequally

spaced data. We also studied the impact of the amount of measurement error and the

effect size of the parameter α. It was found that the proposed approach did not benefit

this analysis, which we expect is due to the detriment of numerical instability, as a result
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of having many more parameters to estimate and integrals to approximate numerically.

Based on these results we would not recommend employing the examined approach, but

would encourage future work to validate our findings. It is possible that this approach

under certain conditions would prove to be superior to the two-stage approach, which

may relate to the effect size of the other parameters that were not varied in this study.
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Table 5.1: Simulation results displaying the mean estimates across 1000 simulations,
under the three scenarios. The true parameter values for σ and α are set to 1.74 and
-0.28 respectively.

Observed LMEM JM

Parameter True Estimated MSE Estimated MSE Estimated MSE

σ 1.74 1.74 < 0.01 1.74 < 0.01
β0 6.96 6.92 0.05 6.97 0.05
β1 7.47 7.51 0.05 7.55 0.06
β2 -0.18 -0.17 0.00 -0.19 < 0.01
α -0.28 -0.28 < 0.01
ψ0 0.50 0.50 < 0.01 0.50 < 0.01 0.50 < 0.01
ψAUC 0.30 0.30 0.01 0.30 0.01 0.30 0.01

Table 5.2: Simulation results displaying the mean estimates across 1000 simulations,
under the three scenarios. The true parameter values for σ and α are set to 1.74 and
-0.05 respectively.

Observed LMEM JM

Parameter True Estimated MSE Estimated MSE Estimated MSE

σ 1.74 1.74 0.00 1.74 < 0.01
β0 6.96 7.02 0.05 7.05 0.06
β1 7.47 7.56 0.06 7.58 0.06
β2 -0.18 -0.18 0.00 -0.18 < 0.01
α -0.05 -0.05 < 0.01
ψ0 0.50 0.51 < 0.01 0.51 0.00 0.51 < 0.01
ψAUC 0.30 0.30 0.01 0.30 0.01 0.30 0.01

Table 5.3: Simulation results displaying the mean estimates across 1000 simulations,
under the three scenarios. The true parameter values for σ and α are set to 10.00 and
-0.28 respectively.

Observed LMEM JM

Parameter True Estimated MSE Estimated MSE Estimated MSE

σ 10.00 10.00 0.01 9.90 0.71
β0 6.96 6.82 0.11 6.84 0.12
β1 7.47 7.42 0.10 7.42 0.10
β2 -0.18 -0.10 0.01 -0.15 < 0.01
α -0.28 -0.22 0.01
ψ0 0.50 0.50 0.01 0.50 0.01 0.50 0.01
ψAUC 0.30 0.24 0.01 0.26 0.01 0.25 0.01
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Table 5.4: Simulation results displaying the mean estimates across 1000 simulations,
under the three scenarios. The true parameter values for σ and α are set to 10.00 and
-0.05 respectively.

Observed LMEM JM

Parameter True Estimated MSE Estimated MSE Estimated MSE

σ 10.00 10.00 0.01 10.04 0.63
β0 6.96 6.95 0.11 7.00 0.11
β1 7.47 7.52 0.11 7.52 0.11
β2 -0.18 -0.13 0.00 -0.17 < 0.01
α -0.05 -0.05 < 0.01
ψ0 0.50 0.49 < 0.01 0.50 < 0.01 0.50 < 0.01
ψAUC 0.30 0.24 0.01 0.27 0.01 0.27 0.01

Table 5.5: Simulation results displaying the mean estimates across 1000 simulations,
under the three scenarios. The true parameter values for σ and α are set to 1.74 and
-0.80 respectively.

Observed LMEM JM

Parameter True Estimated MSE Estimated MSE Estimated MSE

σ 1.74 1.73 0.00 1.73 0.01
β0 6.96 6.76 0.17 6.78 0.19
β1 7.47 7.28 0.15 7.30 0.21
β2 -0.18 -0.08 0.01 -0.09 0.01
α -0.80 -0.80 0.02
ψ0 0.50 0.51 0.01 0.51 0.01 0.51 0.01
ψAUC 0.30 0.30 0.01 0.30 0.01 0.30 0.01

Table 5.6: Simulation results displaying the mean estimates across 1000 simulations,
under the three scenarios. The true parameter values for σ and α are set to 10.00 and
-0.80 respectively.

Observed LMEM JM

Parameter True Estimated MSE Estimated MSE Estimated MSE

σ 10.00 9.99 0.02 9.86 0.06
β0 6.96 6.77 0.28 6.75 0.30
β1 7.47 7.29 0.28 7.27 0.31
β2 -0.18 -0.04 0.02 -0.07 0.01
α -0.80 -0.47 0.16
ψ0 0.50 0.50 0.01 0.50 0.01 0.50 0.01
ψAUC 0.30 0.25 0.02 0.27 0.02 0.26 0.02
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5.4 Statistical Analysis

5.4.1 Exploratory Data Analysis

An exploratory analysis is now carried out to identify both baseline variables and charac-

teristics of physiological variables in the treatment withdrawal period that are potential

surrogates for predicting recipient transplant outcome DGF.

Tables 5.7 to 5.10 display the patient characteristics (separately for continuous and

categorical variables) at both the donor and recipient levels, while stratifying by recipient

outcome. Note that at the donor level (level two) the outcome relates to how many

recipients were successful that correspond to a given donor; and at the recipient level a

binary indicator of success or failure.

Table 5.7 displays the total number (and percentage) of recipients for each category of

all recipient characteristic factor variables. A chi-squared test of independence is per-

formed, where the null hypothesis states that the corresponding variable is independent

of recipient transplant outcome. It can be seen that dialysis at tx, which a binary indi-

cator of whether the recipient was on dialysis at the time of transplantation, is the only

statistically significant variable at the 5% significance level.

Table 5.8 presents the mean and standard deviations (both unstratified and stratified

by DGF) for recipient continuous characteristic variables. It was found from the non-

parametric Mann Whitney U test that there is not sufficient evidence to reject the null

hypothesis at the 5% significance level, whose null hypothesis states that the two samples

come from independent populations.

The donor characteristics that are factors are displayed in Table 5.9. There is also

not sufficient evidence to reject the null hypothesis of independence (from a Chi-square

test) for donor gender, ethnicity or blood group at the 5% significance level. Note that

ethnicity ‘not white’, blood group ‘B’ and ‘AB’ have low cell counts which could make

these results unreliable.

Table 5.10 displays the donor level characteristics for continuous variables (including

both baseline variables and physiological variable characteristics). Variable names end-

ing ‘AUC’ correspond to the AUC of the observed trajectory, ‘slope’ corresponds to a

linear regression slope between the observed longitudinal data and names ending ‘in-

tercept’ correspond to the observed value of the physiological variable (also contained

in the variable name) at the time of withdrawal. It can be seen that according to the

Kruskal-Wallis test the variables HR, MAP, DBP and SBP that correspond to the linear

regression slopes are statistically significant at the 5% significance level across the recip-

ient outcome groups. It is notable that donor age and BMI do not show evidence of an

association with recipient outcome, but death time is significant at the 10% significance

level.
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Table 5.7: Categorical recipient characteristic variable count and proportion stratified by
outcome DGF. A χ2 test of independence is performed for each outcome combination.

All recipients n (%) DGF Immediate Function P-value (χ2)

Total 215 70 (33) 145 (67)

Gender 0.85
Male 144 (67) 46 (21) 98 (47)
Female 70 (33) 24 (11) 46 (21)

Ethnicity 0.42

White 169 (79) 52 (24) 117 (55)
Not White 44 (21) 17 (8) 27 (13)

Dialysis at tx 0.002

Yes 168 (78) 64 (30) 104 (48)
No 47 (22) 6 (3) 41 (19)

Blood Group 0.42

A 80 (37) 27 (13) 53 (25)
B 24 (11) 11 (5) 13 (6)
AB 22 (10) 7 (3) 15 (7)
O 89 (42) 25 (12) 64 (29)

Blood Compatible 0.44

Identical 202 (94) 64 (30) 138 (64)
Compatible 13 (6) 6 (3) 7 (3)

Gender Mismatch 0.82
Yes 117 (55) 37 (17) 80 (37)
No 97 (45) 33 (15) 64 (31)

Ethnic Mismatch 0.35
Yes 155 (79) 45 (23) 110 (56)
No 42 (21) 16 (8) 26 (13)

Table 5.8: Continuous recipient characteristic variables mean and standard deviation
stratified outcome DGF. Mann-Whitney U tests of independent populations are per-
formed.

Unstratified Stratified mean (sd) Mann Whitney U

Variable Mean (sd) Immediate Function DGF P-value

Age 52.95 (13.69) 52.36 (14.23) 54.17 (14.23) 0.28
CIT 840.10 (256.08) 829.85 (240.19) 861.03 (240.19) 0.37
BMI 27.19 (4.58) 27.15 (4.05) 27.27 (4.05) 0.52
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Table 5.9: Categorical donor characteristic variable count and proportion stratified by
number of successful recipients, with χ2 test of independence.

All recipients n (%) Successful Recipients n (%) P-value (χ2)

Variable 0 1 2

Gender 0.30
Male 80 (62) 16 (12) 33 (25) 31 (24)
Female 50 (38) 16 (12) 18 (14) 16 (12)

Ethnicity 0.46

White 117 (97) 27 (22) 46 (38) 44 (36)
Not White 4 (3) 2 (2) 1 (1) 1 (1)

Blood Group 0.26

A 57 (44) 15 (12) 26 (20) 16 (12)
B 12 (9) 4 (3) 5 (4) 3 (2)
AB 7 (5) 0 (0) 4 (3) 3 (2)
O 54 (42) 13 (10) 16 (12) 25 (19)
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Table 5.10: Continuous donor characteristic variable mean and standard deviations, both unstratified and stratified by number of corresponding
successful recipients. Observed physiological variable summaries are also included. A Kruskal-Wallis test of equal means is performed.

Unstratified Successful Recipients Kruskal-Wallis

Variable Mean (sd) 0 1 2 P-value

Age 47.77 (17.21) 48.25 (18.47) 49.43 (18.15) 45.64 (15.32) 0.35
Death Time 40.99 (60.62) 38.53 (49.47) 49.67 (64.75) 33.26 (62.84) 0.08
BMI 26.61 (5.51) 26.68 (6.17) 27.42 (5.25) 25.68 (5.29) 0.26

SBP AUC 4448.27 (7149.42) 4442.43 (7354.13) 5547.33 (7354.13) 3203.19 (5992.88) 0.07
DBP AUC 2238.06 (3516.93) 2096.62 (2843.60) 2778.73 (3973.53) 2096.62 (2843.60) 0.09
O2 AUC 2480.09 (4370.51) 2478.95 (3868.08) 2883.12 (4390.43) 2478.95 (3638.08) 0.20
MAP AUC 2958.90 (4643.81) 2866.46 (4131.40) 3654.92 (5163.15) 2193.57 (4269.15) 0.04
HR AUC 4138.52 (7258.38) 4077.48 (6243.19) 5078.21 (7852.89) 3090.95 (7194.4) 0.23
Resp Rate AUC 925.79 (1672) 998.00 (1567.95) 1018.73 (1955.65) 751.81 (1365.41) 0.81
SBP slope -5.99 (7.11) -5.09 (7.13) -4.90 (7.42) -7.83 (6.50) 0.02
DBP slope -2.80 (3.38) -2.12 (3.03) -2.26 (3.58) -3.86 (3.15) 0.01
O2 slope -5.12 (4.84) -5.18 (5.87) -4.10 (3.48) -6.26 (5.27) 0.16
MAP slope -4.29 (5.87) -3.17 (4.28) -3.38 (5.36) -6.09 (6.94) 0.03
HR slope -2.75 (4.10) -1.91 (3.89) -2.04 (3.02) -4.16 (4.96) 0.01
Resp Rate slope -0.28 (2.07) -0.37 (0.99) -0.62 (0.95) 0.22 (3.32) 0.64
SBP intercept 130.05 (39.27) 124.77 (41.14) 132.82 (39.75) 130.53 (38.00) 0.56
DBP intercept 67.56 (19.23) 62.55 (16.85) 67.75 (19.25) 70.66 (20.35) 0.14
O2 intercept 94.94 (9.13) 95.83 (5.31) 93.35 (11.46) 96.00 (8.27) 0.07
MAP intercept 87.77 (25.17) 81.13 (21.05) 89.45 (26.07) 90.27 (26.37) 0.28
HR intercept 97.93 (32.85) 95.50 (28.89) 98.67 (39.09) 98.87 (28.46) 0.78
Resp Rate intercept 18.10 (8.21) 19.00 (8.01) 17.82 (7.94) 17.52 (9.14) 0.97
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Kaplan-Meier curves are presented in Figures 5.1 and 5.2 to visualise how the prob-

ability of surviving throughout the treatment withdrawal phase varies between those

that experienced DGF and those that did not (based on the observed data). Figure 5.1

involves donors that only donated a single kidney, thus the survival curves are stratified

by whether the corresponding recipient experienced DGF. Figure 5.2 consists of those

that donated both kidneys and therefore the survival curves are stratified by the number

of recipients that experienced an immediately functioning graft (no.succ = 0, 1 or 2).

The cross-over between the confidence intervals (shaded regions) implies that there is

not sufficient evidence to suggest that patients that experience DGF deteriorate faster

in general than those that do not. This is confirmed by the p-value presented within

each figure that corresponds to the log-rank test (p=0.38 and p=0.30).

An interesting clinical finding is immediately apparent from Figures 5.1 and 5.2. As the

duration of the withdrawal period experienced by some of the patients in this dataset

is longer than any (to the best of our knowledge) in the literature, it is of interest

to see whether the recipients corresponding to these donors had successful transplant

outcomes. It can be seen that both of the recipients corresponding to the donor who

survived the longest (406 minutes) were successful. Moreover, the maximum time in the

two successful recipients group is longer than the one successful recipient group, which is

longer than the transplant outcome group where both recipients failed. This is consistent

with the results in Figure 5.1, where the immediate graft function group is somewhat

longer than the DGF group. This suggests that the duration of the withdrawal period is

not a good surrogate for predicting DGF and that kidneys from donors with prolonged

withdrawal periods can result in successful outcomes.

The number at risk tables and the steep survival curves show that most patients had

become deceased by 100 minutes.
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Figure 5.1: Donor survival probability throughout treatment withdrawal (time in minutes)
with 95% confidence intervals (shaded regions) and the number at risk table for donors
that donated a single kidney, stratified by recipient DGF. The p-value corresponds to the
log-rank test.
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Figure 5.2: Donor survival probability throughout treatment withdrawal (time in minutes)
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donated both kidneys, stratified by the number of grafts corresponding to the recipients
that immediately functioned (no.succ). The p-value corresponds to the log-rank test.
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We now investigate whether various characteristics of the physiological variables in the

withdrawal period are associated with recipient transplant outcome. Figure 5.3 and

5.4 are trajectory plots that display the observed donor trajectories for each physiolog-

ical variable. These are presented in the same spirit as the Kaplan-Meier curves just

discussed, in that the former plot relates to donors that donated a single kidney and

latter corresponds to those that donated both. The trajectories are distinguished by

transplant outcome (red is DGF and green is an immediate function). The thin lines

represent the observed trajectories, where each line corresponds to a different donor’s

physiological profile throughout the withdrawal phase. The thick lines correspond to the

mean profiles modelled by a non-parametric local regression (LOESS) curve (Cleveland

1979).

According to Figure 5.3 there is very little deviation between the mean profiles of the two

groups at the beginning of the withdrawal period for each physiological variable except

respiration rate. In particular, the mean profiles for SBP barely deviate throughout

the whole withdrawal period. The difference is somewhat more apparent for O2 and

DBP, indicating the those that maintain a higher DBP and lower O2 may result in more

favourable transplant outcomes. However, this deviation is small enough such that it

could be due to random chance.

Trends are difficult to detect from Figure 5.4, but much larger fluctuations between

the three groups are apparent compared to Figure 5.3. For this reason, Figure 5.5 is

presented, which is the same as Figure 5.4 except the x-axis is cut at 60 minutes. Figure

5.5 shows that the larger fluctuations do not occur within the first hour, except for O2,

where after half an hour the no successful recipients group dramatically drops. However,

it can be seen from 5.4 that after one hour the no successful recipients group has a sharp

rise.
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Figure 5.3: Trajectory plots for DCD kidney donors that donated a single kidney, colour
coded by the corresponding recipient transplant outcome DGF. The thick lines correspond
to non-parametric local regression (LOESS) curves (Cleveland 1979) representing the
conditional mean with 95% confidence intervals.
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Figure 5.4: Trajectory plots for DCD kidney donors that donated both kidneys, colour
coded by the number of corresponding recipient immediate graft functions. The thick
lines correspond to non-parametric local regression (LOESS) curves (Cleveland 1979)
representing the conditional mean with 95% confidence intervals.
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Figure 5.5: A repeat of Figure 5.4 with the x-axis is cut at one hour, to make the
beginning of the treatment withdrawal period more visually clear.

5.4.2 Statistical Modelling

5.4.2.1 A Joint Modelling Approach

We now employ a more formal modelling approach that acknowledges the hierarchical

structure of the data, in order to study characteristics of the mean profiles between

groups of transplant outcome. In particular, we fit a JM whereas opposed to Chapter 4

interest is now in the longitudinal outcome (treating the survival outcome as a nuisance

implicit outcome), rather than predicting event times.

Recall the standard JM discussed in Chapter 4 (Equations 5.11 and 5.12). A straightfor-

ward model selection procedure is carried out for each longitudinal outcome with the aim

to derive a model that regresses the outcome group against the longitudinal outcome,

while accounting for drop-out as a result of death or censoring. This selection procedure

involves comparing four models per longitudinal outcome (choosing the model with the

lowest deviance information criteria, DIC, value). For each model both the fixed and

random components are flexibly modelled over time with a natural spline basis function

that includes a single interior knot placed at the median of the follow-up times.

yi = x>i (t)β + z>i (t)bi + εi(t) = mi(t) + εi(t) (5.11)
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hi(t) = h0(t) exp(γ>wi + αmi(t)) (5.12)

The first model specified for each outcome includes an interaction in the fixed effects

component between the flexibly modelled time effects and the transplant outcome group

(no.succ). The survival component design matrix w is specified to include only an in-

tercept term. The longitudinal component for this model can be written mathematically

as follows:

mi(t) = (β0 + bi0) + (β1 + bi1)B(t, κ1) + (β2 + b2i)B(t, κ2)

+ β3{B(t, κ1)× no.succi = 1}+ β4{B(t, κ2)× no.succi = 1}

+ β5{B(t, κ1)× no.succi = 2}+ β6{B(t, κ2)× no.succi = 2}

+ β7{no.succi = 1}+ β8{no.succi = 2}.

We also specify for each longitudinal outcome a model that assumes no interaction

between the transplant outcome groups and time, i.e.:

mi(t) = (β0 + bi0) + (β1 + bi1)B(t, κ1) + (β2 + b2i)B(t, κ2)

+ β3{no.succi = 1}+ β3{no.succi = 2}.

The third and fourth models are the same, except a log transformation is applied to the

longitudinal response. The model with the lowest DIC for each outcome is compared

against the same model that includes an extra interior knot in the natural spline basis

function. The model with the lowest DIC is selected for each longitudinal outcome and

the fitted values are plotted in Figure 5.6 (note that the time axis is cut at two hours).

The longitudinal variable names on the y-axis in Figure 5.6 begin with ‘log’ if the selected

model included a log transformation. The models whose goodness-of-fit improved by

including the time-dependent interaction effect correspond to the plots where the mean

profile lines cross over.

It can be seen from Figures 5.6 and ?? that there is little evidence of a significant

difference in mean profiles across the outcome groups (due to the cross-over of the

credibility intervals), except for respiration rate for those that donated both kidneys.

This sub-figure suggests that a low respiration rate is beneficial in terms of short-term

transplant outcome DGF. Despite this, it is note worthy that respiration rate has a

considerably higher missing data rate. Moreover, this method of analysis is used here

only as an exploratory tool.
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Figure 5.6: Joint modelling DCD donor physiological variables throughout the treatment
withdrawal period treating group of number of successful recipients as a fixed effect (in-
cluding only donors that donated both kidneys).
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5.4.2.2 Random Intercept Logistic Regression

A univariate analysis was conducted, beginning with both characteristic variables and

observed characteristics of the physiological variables (intercept, slope and AUC). The

following step was to repeat the process using the intercept, slope and AUC estimated

from the LMEM. Models were compared using the AIC and 5-fold cross-validation.

Missing values were imputed using a method suitable for hierarchical data (Goldstein

et al. 2009, Yucel 2011), which was implemented using the jomoImpute function in the

mitml package in R.

Univariate RILR models were fitted with two random intercept terms. One corresponds

to the recipient centre and the other relates to the donor unique identifiers, both are

variables that we expect to have correlated observations within groups. All possible

models were fitted that contained a single fixed effect.

Figures 5.7 and 5.8 display the AIC and the mean AUC ROC for each univariate model

fitted. The former figure corresponds to an analysis where observed characteristics of

the physiological variables are used and the latter corresponds to their estimated char-

acteristics. The models are colour coded to highlight those that were ranked top six for

each metric (six is chosen arbitrarily). The x-axis displays the formula of the univariate

variable that is used in the model. Note that bs(x , df) and ns(x, df) represent a

B-spline and natural spline basis function for variable x respectively with df degrees of

freedom. The variable code name scale(x, scale = TRUE) subtracts the mean of the

variable from its current value and divides by the standard deviation. This normalisation

is performed to improve numeric stability during parameter estimation (particularly for

the AUC variables, whose large values are likely to cause numerical difficulties). Variable

names ending in scale are also normalised. Physiological variables names containing

auc, slope and inter correspond to the AUC, slope and intercept.

For each model containing a continuous covariate, the amount of flexibility specified for

the corresponding variable was tuned. This was done by fitting models with all com-

binations of natural and B-spline basis functions with degrees of freedom ranging from

the minimum (two for natural splines and three for B-splines) to a maximum of eight.

Models assuming linearity were also fitted and compared. This tuning procedure was

performed by selecting the model with the lowest AIC. This was repeated for both the

observed and the estimated physiological characteristic variables, and the best univariate

models are presented in Figures 5.7 and 5.8 alongside the other characteristic variables.

There is a notable difference between Figures 5.7 and 5.8. In particular, many of the

covariates were found to have different functional forms as a result of different imputation

models (one containing observed physiological variables and the other containing those

estimated from the LMEM). The AIC remains reasonably consistent (most variables

being around 274) with the exception of a few variables, in particular the observed HR
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and respiration rate slopes seem to perform somewhat better than the estimated. Little

variation can be seen in the mean AUC ROC nor the error bars. We proceed with

the dataset imputed with the estimated physiological variables based on the favourable

results in our simulation study compared to the observed values.

As it is not computationally feasible to compare all combinations of multi-variable mod-

els in an exhaustive selection procedure, it is necessary to reduce the set of candidate

variables that are compared for goodness-of-fit. This is done by considering results from

both the exploratory and univariate analyses, and judgement is used where necessary

(taking into account variables that have been found to be predictive of DGF with the

analysis of the larger dataset in Chapter 3) to remove likely weak predictor variables.

Moreover, variables that were found to be predictive in the observed physiological char-

acteristics univariate analysis, that were not predictive in the estimated analysis are not

removed from the set of candidate variables.
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Figure 5.7: Univariate RILR models with two random intercepts (relating to recipient centre and donor ID) for each characteristic variable and
observed: intercept, slope and AUC of the physiological variables. The mean AUC ROC and negative AIC are displayed and the variables
ranked in the top six are colour coded.
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Figure 5.8: Univariate RILR models with two random intercepts (relating to recipient centre and donor ID) for each characteristic variable and
estimated: intercept, slope and AUC of the physiological variables. The mean AUC ROC and negative AIC are displayed and the variables
ranked in the top six are colour coded.
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Figure 5.9: Multi-variable model selection for choosing a baseline model (comparing
models with the AIC and mean AUC ROC from 5-fold cross-validation). Each point
represents a different fitted model.

We proceed by deriving a predictive baseline model that is based solely on the character-

istic variables (not including those relating to the physiological variables). Based on the

criteria just discussed the following variables are retained for the multi-variable analysis:

DIAL AT TX, dsex, dheight, dethnic, deathtime, dage, rage, RETHNIC, RHEIGHT,

CIT MINS. All combinations of these covariates in what was found to be their best func-

tional form on a univariate basis (a total of 1,023 models) were tested and compared

by the AIC and 5-fold cross-validation AUC ROC metrics. This model selection pro-

cedure was performed utilising parallel computing on the University of Southampton

high performance computing facility Iridis 4. The results for the selection procedure

can be seen in Figure 5.9. We restrict our interest to the three competing models high-

lighted in colour (blue: DIAL AT TX + dsex; green: DIAL AT TX + dsex + dethnic;

red: bs(RAGE,5) + DIAL AT TX + dage + RETHNIC).

The final step for selecting a baseline predictive model was to test for an improvement

in goodness-of-fit and predictive ability by including interaction effects. First, all com-

binations of models with a single interaction effect were fitted (not adjusting for other

variables). The model with the best fitting interaction term was added to the three

candidate baseline models. No improvement in fit or predictive ability was achieved by

including interaction effects.

Judgement was used to select the model highlighted in blue as the baseline predictive

model. It can be seen that penalising for complexity (with the AIC metric) resulted in
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a small reduction in predictive ability. However, combining this model with non-linear

effects from the physiological characteristic variables in the model highlighted in red is

more likely to result in over-parametrisation and thus suffer from a loss of statistical

power due to the very limited amount of data available.

The tuning selection procedure previously described (comparing all combinations of

models with natural and B-spline basis functions with degrees of freedom ranging be-

tween the minimum and eight) was used for each estimated physiological characteristic

variable appended to the selected baseline predictive model that includes DIAL AT TX +

dsex. For each physiological characteristic that was tuned in terms of flexibility on the

univariate basis can be found in Table 5.11 with the corresponding AIC, mean AUC ROC

and standard deviation (SD) AUC ROC. Note that in order to avoid multicollinearity,

combinations of models including more than a single physiological characteristic variable

were not fitted. Three models were selected (highlighted in blue in Table 5.11).

Table 5.11: Final model selection comparing models including physiological characteristic
variables to the baseline model using goodness-of-fit and discriminatory ability metrics
(AIC and mean AUC ROC).

Baseline Including AIC Mean AUC ROC SD AUC ROC

Baseline Only 260.67 0.65 0.09

Resp Rateinter scale 262.67 0.61 0.06
bs(SBPinter scale,5) 262.10 0.62 0.08
DBPinter scale 262.35 0.63 0.07
ns(O2slope scale,4) 261.48 0.63 0.06
Resp Rateslope scale 262.31 0.63 0.09
Resp Rateauc scale 262.59 0.63 0.11
ns(HRauc scale,3) 261.78 0.64 0.09
MAPinter scale 262.29 0.64 0.07
bs(DBPslope scale,3) 258.16 0.65 0.03
SBPauc scale 262.60 0.65 0.07
HRinter scale 262.48 0.65 0.06
bs(SBPslope scale,3) 260.56 0.65 0.07
ns(MAPslope scale,3) 261.80 0.65 0.10
DBPauc scale 262.53 0.65 0.07
MAPauc scale 262.62 0.66 0.07
bs(O2auc scale,7) 260.05 0.66 0.04
HRslope scale 258.06 0.67 0.10
ns(O2inter scale,3) 259.54 0.68 0.04

It can be seen that only four of the physiological characteristic variable models resulted

in an improved discriminatory ability compared to the baseline characteristic model.

This improvement was marginal (an increase in mean AUC ROC between 1 and 2).

Again compared to the baseline model, the AIC reduced for only three models (albeit

by a very small amount). The model containing the estimated O2 intercept had the best

discriminatory ability and the model containing the estimated slope of HR had the best

goodness-of-fit.
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As two of the three chosen models are semi-parametric due to the spline functions, their

parameter estimates are not directly interpretable. These models are best interpreted

by visualising the estimated probabilities over the unscaled range of the correspond-

ing predictor variables. These plots are displayed for each chosen model in Figure

5.10, while stratifying for the two categorical baseline characteristic variables (dsex and

DIAL AT TX). These plots display the marginal estimated probabilities (i.e., the average

across recipient centres and donors), so that the random intercept terms can be incor-

porated into the interpretation. The estimated probabilities are presented with the 50%

range that the predicted probabilities fell (marked by the shaded regions).

It can be seen that recipients that are not on dialysis at the time of transplant have a

substantially improved chance of an immediately functioning graft compared to those

that are. Moreover, there appears to be a less prominent gender effect, suggesting that

males have an improved chance of success to females. The physiological characteristic

variable that had the best discriminatory ability was the estimated oxygen saturation

intercept, for which Figure 5.10 suggests an improved chance of success for those that

have a larger oxygen saturation at the time of treatment withdrawal. In particular, a

threshold effect appears around O2 intercept of 96, where patients with values greater

than this have a much more improved chance of success. Figure 5.11 displays the density

of the estimated O2 intercepts, indicating that there is credibility particularly between

90 and 100% O2 intercept. These results conform with intuition as a lack of oxygenation

is known to impact graft quality.

The middle two plots in Figure 5.10 correspond to the chosen model including the

estimated HR slope. It can be seen that a donor with a steep decrease in HR corresponds

to an improved chance of success for the recipients. Conversely, those whose HR remains

relatively constant or increases are less likely to be successful. Figure 5.11 shows that

these probability estimates are credible between HR slopes values of approximately -7

and 1.

The bottom two plots in Figure 5.10 correspond the estimated AUC of O2. These

results are less informative due to a lack of credibility across the majority of the range

of the physiological characteristic predictor variable as shown by Figure 5.11. For the

part range of the variable where there is credibility, there appears to be a negligible

difference in the chances of success as a result of varying the estimated AUC. For this

reason, the AUC O2 model is dropped from consideration.

As a final check we compare the competing models to the nested baseline model with

the likelihood ratio test. These results are presented in Table 5.12. As O2 intercept

and HR slope are not correlated variables, the model containing both of these variables

is considered. It can be seen that including both O2 intercept and HR slope in the

baseline model results in the lowest AIC (255.68) and is statistically significant at the

5% significance level.
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As the variable time to death is of interest, we compare this to the current best model

(including: O2 intercept, HR slope, dialysis status and gender). Assuming linearity

for the death time variable resulted in AIC 257.28 (LRT p-value 0.53) and allowing

flexibility by including a natural spline function with 3 degrees of freedom resulted in

AIC 260.72 (LRT p-value 0.81). We proceed by choosing the model without time to

death from treatment withdrawal.
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Figure 5.10: Estimated marginal probability of an immediate graft function based on
the three selected models with the range in which 50% of the predicted probabilities fell
marked by the shaded regions.

0.00

0.05

0.10

0.15

60 80 100
O2 Intercept

D
en
si
ty

0.00

0.05

0.10

0.15

-15 -10 -5 0
HR Slope

D
en
si
ty

0e+00

2e-04

4e-04

6e-04

0 10000 20000 30000
O2 AUC

D
en
si
ty

Figure 5.11: Density plots for each estimated physiological variable characteristic that
corresponds to the chosen models, to further determine credibility of probability estimates
in Figure 5.10.
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Table 5.12: The likelihood ratio test to investigate whether the additional parameters of
interest are significantly different from 0, by comparing models to the nested baseline
model.

Model Including AIC Degree of Freedom Deviance P-value (LRT)

Baseline 260.67 5 250.67 -

O2 Intercept 259.54 8 243.54 0.07

HR Slope 258.06 6 246.06 0.03

O2 Intercept and HR Slope 255.68 9 237.68 0.01

We proceed by presenting the chosen model. The random intercept corresponding to

the donor ID had a variance of 0.63 and that corresponding to the recipient centre had

a variance of 0.41. The fixed effects estimates, standard errors, z values and p-values

are displayed in Table 5.13.

Table 5.13: Summary of chosen model, displaying parameter estimates, standard errors,
z-values and p-values.

Estimate Std. Error z value Pr(>|z|)
(Intercept) 1.32 1.38 0.96 0.34

dsexMale 0.75 0.41 1.82 0.07
DIAL AT TXYes -1.72 0.60 -2.88 < 0.001

ns(O2inter scale, 3)1 -0.22 1.10 -0.20 0.84
ns(O2inter scale, 3)2 13.16 7.15 1.84 0.07
ns(O2inter scale, 3)3 22.16 10.56 2.10 0.04

HRslope scale -0.49 0.22 -2.24 0.03

The natural spline term in this model inhibits the interpretability of the parameter esti-

mates. As an alternative interpretation, the marginal probabilities of recipient outcome

(averaged over recipient centre and donor) that were estimated from this model are dis-

played in Figure 5.12. The 50% range of these values are represented by the shaded

regions. Estimated probabilities are plotted over the range of values of the covariate O2

intercept. These probabilities are stratified by gender, the recipient’s dialysis status at

time of transplant, and the slope of HR (at the quantiles of the data).

Moving from the first quantile to the fourth of the covariate HR slope in Figure 5.12

results in a shift in probability towards a negative transplant outcome. Findings from

Figure 5.10 still hold that those on dialysis at the time of transplant have a much larger

risk of DGF (p-value < 0.001). This is somewhat worse for females (p-value 0.07).

According to this model, donors with an oxygen saturation greater than approximately

95% at treatment withdrawal (that also have a steep decline in HR) have the best chance

of a favourable transplant outcome.

The caterpillar plot in Figure 5.13 displays the conditional modes of the random inter-

cept term corresponding to transplant centre with error bars. These estimated random

intercept values represent the inherent risk of incurring DGF for recipients attending a

given recipient centre. Those whose values are close to zero on the x-axis correspond
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to an average risk. Centres with a large positive estimated value performed better from

past experience compared to those with a large negative value.
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Figure 5.12: Visualisation for the final selected model displaying the probability of success
(immediate graft function) across the range of possible oxygen saturation intercept values,
stratifying by gender, dialysis at time of transplant and the quartiles of the slope of heart
rate.
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Figure 5.13: The conditional modes (blue dots) of the recipient transplant centre random
intercept values with error bars.



148
Chapter 5 Impact of the Treatment Withdrawal Period on Kidney Transplant

Outcomes

5.5 Discussion

The aim of this chapter was to analyse the novel dataset provided by the NHS Blood

and Transplant, that differs from those in the literature due to the availability of re-

cipient outcomes corresponding to donors with a prolonged treatment withdrawal, to

improve our understanding of how characteristics relating to this pivotal phase are as-

sociated (if at all) with recipient short-term transplant outcome DGF, while adjusting

for confounding variables.

Recall Section 2.2.1 where it was discussed that causation cannot be established from an

explanatory modelling approach when not all associated variables are available and ad-

justed for in the statistical model. Moreover, observational data collected not according

to a well designed experiment is likely to inherit complications that violate explanatory

modelling assumptions. For this reason, this analysis was posed as a predictive modelling

task so that less assumptions were made at the cost of some interpretability. However,

we were still able to test whether associations were statistically significant and visually

interpret the model by observing how the probability of an immediately functioning graft

varies across the range of predictor variables while adjusting for confounding variables.

Although we acknowledge that explanatory models are not optimal for prediction, the

impact of our choice of method on statistical inference was still of interest as we expect

it to be associated with predictive ability. Moreover, this impact on inference may be

informative for future studies that employ explanatory models. We therefore conducted

a simulation study to compare the MSE of estimates corresponding to the AUC of the

observed physiological trajectories to those estimated from a LMEM and also those es-

timated from a joint modelling approach. Our results suggest that a two stage approach

that uses the physiological trajectories estimated from a LMEM as a covariate in a

classification model has better inferential properties as opposed to using the observed

trajectories. However, the trajectories estimated from a joint modelling approach per-

formed almost equivalently (yet somewhat worse) than those estimated from the LMEM.

We expect this is a result of the expense of having to estimate many more parameters

and having to approximate integrals numerically in the joint modelling approach. This

led to the decision to implement the LMEM method for extracting relevant information

from the longitudinal trajectories in our analysis.

An exploratory analysis was performed with the aim to understand the demographics

that the motivating dataset is composed of and to obtain preliminary results that are

indicative as to whether characteristics of donor physiological variables (observed AUC,

slope and intercept) in the withdrawal phase could be related to recipient transplant

outcome DGF. Simple univariate statistical tests (Chi-square, Mann Whitney U and

Kruskal-Wallis) found that recipient dialysis status at time of transplant was the only

baseline variable related to the DGF outcome at the 20% significance level (p-value

< 0.001). Although donor death time was borderline significant (p-value 0.08), various



Chapter 5 Impact of the Treatment Withdrawal Period on Kidney Transplant
Outcomes 149

characteristics of the treatment withdrawal were found to be significantly associated with

the DGF outcome. In particular, the following variables (with p-values in parenthesis)

were found to be potential surrogates: SBP AUC (0.07), DBP AUC (0.09), MAP AUC

(0.04), SBP slope (0.02), DBP slope (0.01), MAP slope (0.03) and HR slope (0.01) and

O2 intercept (0.07).

The log-rank test was performed to test whether the survival curves of the outcome

groups differ significantly based on the observed data. No evidence of a significant

difference was found suggesting withdrawal time is a poor indicator of DGF outcome.

Moreover, both of the recipients corresponding to the donor that survived the longest had

immediately functioning grafts. As this is the first dataset to the best of our knowledge

to contain donors with such a long withdrawal, this is an important clinical finding that

suggests a potential for increased conversion from potential to actual donors by allowing

transplants to proceed when the withdrawal phase is prolonged. Despite this, further

validation is required before this advice can be applied in practice.

Our analysis proceeded by investigating whether the mean profiles showed evidence of

trends between groups of transplant outcome DGF. In particular, a non-parametric local

regression was fitted to the observed trajectories as an exploratory method and a JM

was fitted allowing an interaction between outcome group and time (incorporating the

hierarchical structure of the data and drop-out mechanism in to the model). Trends

were difficult to detect from these methods, particularly for the part of the withdrawal

period with the most credibility. Despite this, the JM approach suggested that patients

with low respiration rate have favourable outcomes compared to those that do not.

A rigorous model selection procedure was performed to derive a model for DGF outcome

based on baseline characteristics and also characteristics of the physiological variables

(AUC, slope and intercept). We found that the model containing HR slope, O2 intercept,

dialysis status at the time of transplant and gender had the best goodness-of-fit and

discriminatory ability. In particular, we found that males that were not on dialysis at

the time of transplant with O2 intercept above 96 and a large negative slope for HR led

to the most favourable transplant outcomes.

We note that although our model accords with intuition, there was not sufficient evidence

in these data of an association between DGF outcome and donor age or cold ischaemic

time. This does not accord with findings in the literature which may suggest a limited

statistical power to detect these associations, which could be a result of the relatively

small sample size. It is also important to note that the JM approach suffers from the

same assumptions and limitations discussed in Section 4.5 and the RILR models assume

normality of the random intercept terms.
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Chapter 6

Discussion and Future Work

6.1 General Discussion

Throughout this thesis we have studied a range of problems that are of interest to

clinicians that wish to ensure that the organ transplantation process is as effective and

efficient as possible. The increased use of organs from DCD donors in the last decade has

largely narrowed the deficit in the number of kidneys available by expanding the pool of

potential donors. However, due to the nature of the DCD donor treatment withdrawal to

death period, kidney recipients whose donors are DCD donors have a higher incidence

of DGF compared to those from DBD donors. Although this is thought to be due

to ischaemic injury resulting from a lack of oxygenation in the withdrawal phase, our

understanding of how this period impacts DGF is limited, which has provided scope for

this research.

The currently limited understanding of how the withdrawal phase is associated with

negative transplant outcomes has led to restrictive protocols that prohibit donors pro-

ceeding to transplant under certain conditions as a safeguard to minimise the chances

of negative transplant complications such as DGF. In particular, protocols currently

restrict donors proceeding to transplant when the withdrawal phase is prolonged, how-

ever, in recent years the relevance of the treatment withdrawal period duration has been

questioned and studies have implied that the behaviour of the physiological profiles may

be a better predictor of DGF (Bradley et al. 2013). If this is the case, there is potential

for an improved conversion of potential to actual donors by allowing patients with a

prolonged treatment withdrawal duration to proceed to transplantation.

Graft quality is not the only factor that prohibits donors proceeding to transplant.

This can also occur as a result of logistics and the removal team’s limited resources.

Once withdrawn from life-sustaining treatment, donors can take any time between a few

minutes and a few days to become deceased. As this usually happens relatively fast, the
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removal team prepare for transplantation once the donor is withdrawn from life-support.

However, when the duration is prolonged the removal team do not have the capacity to

wait and are required to perform transplantation elsewhere. Being able to predict when

the donor is going to be deceased accurately would be invaluable for clinicians that aim

to optimise the efficiency of the transplantation process.

In this work we have aimed to address these issues by applying innovative statistical

methodology to the various datasets provided by the NHSBT. Each dataset proved to

be inherent of complications presenting novel and interesting statistical challenges. This

has provided scope for novelty in this work with regards to the methodological side of

the project.

In Chapters 1 and 2 the problem at hand was introduced and background context

was provided, describing both the clinical and statistical aspects of this project that are

important throughout this thesis. In particular, we described the kidney transplantation

process, types of kidney donors and the treatment withdrawal to death phase (and

its clinical relevance). We then proceeded by distinguishing between explanatory and

predictive models and outlined relevant statistical theory.

In Chapter 3 various machine learning methods (random forests, conditional random

forests, AdaBoost and XGBoost) were introduced, and their ability to predict whether

a patient would experience DGF based on donor, recipient and treatment withdrawal

phase characteristics were compared to the standard statistical method RILR. We noted

a range in predictive performance across the considered methods, but the overall best

performers were XGBoost and RILR. Based on the AUC ROC and BER metrics, XG-

Boost was the best performing method. This suggests that machine learning methods

can be a useful set of tools for the NHSBT when the aim is prediction, as minimal as-

sumptions are required and a subjective model selection procedure is not required at the

expense of having to tune the hyper-parameters of the learning algorithm and having

a limited ability to quantify certainty. Although the standard inferential tools used for

explanatory modelling are not available for non-parametric methods, visualisation tools

offer a means of interpretation. In the case of semi-parametric models (such as a RILR

model that contains spline terms), the significance of associations can be tested.

Although prediction in the setting of Chapter 3 is useful, it was also of interest to know

which of the covariates used to train the algorithms were predictive of DGF (and to rank

these variables’ importance). For this reason, we ran a series of simulations to assess

the ability of the machine learning algorithms to rank the importance of the covariates

when applied to data with the same inherent complications as the NHSBT dataset (such

as a multilevel structure, variables with many categories, and the presence of non-linear

associations). To the best of our knowledge, no study has assessed the robustness of

importance statistics from these machine learning algorithms when such complications

are present in the dataset. Our findings were consistent with Strobl et al. (2007) in that
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the Gini index is biased towards variables with many categories, and that the permuted

importance index should be used. Although Strobl et al. (2008) claim that the permuted

importance index is biased towards highly correlated variables, this was not evident in

our simulation study. In particular, the variables representing the time it takes SBP to

drop below 50, 60 and 70 mmHg are very highly correlated, yet were (correctly) found

to be not important in this simulation study. The CRF was by far the best performer

in terms of ranking variable importance. For the sample size of 1000 observations, the

CRF was able to correctly rank the most important variable every time. As expected

the ranking was less effective for variables with a weaker association with the response

and performance also decreased as the sample size was reduced. This suggests that

asymptotically the machine learning variable importance ranking methods perform as

they should (even when faced with the complications inherent to the NHSBT dataset)

and are therefore an appealing tool for exploratory analysis.

An interesting clinical finding occurred as a result of applying the importance ranking

methods to the NHSBT dataset in Chapter 3. The CRF algorithm found that the

duration of the treatment withdrawal period was not important for predicting DGF, but

features relating to physiological profiles throughout this phase are (such as the time

is takes the oxygen saturation to fall below 70%). Out of the three oxygen saturation

variables (time it took to drop to 70, 80 and 90%), the time it took to drop to 70% was

the most predictive, followed by 80 then 90%. This is consistent with the conjecture

made by Bradley et al. (2013), whom claim that too much attention in practice is given

to the duration rather than characteristics of the physiological profiles. They stated the

requirement for further research to support this claim.

We recommend the CRF importance ranking method for the purpose of exploratory

data analysis, but note that unlike standard statistical methods it is difficult to quantify

the level of certainty of the findings. Despite this, variables found to be important for

predicting DGF (in descending order of importance) include: recipient status of dialysis

at the time of transplant, recipient transplant centre, CIT, donor age, recipient ethnicity,

donor weight, ethnicity mismatch, the time it takes oxygen saturation to drop below 70%,

the time it takes SBP to drop below 60 mmHg and the time it takes oxygen saturation

to drop below 80%. Many other variables appear to improve predictive performance by

a small amount as can be seen in Figure 3.4.

In Chapter 3 we proposed the use of a method of visualisation helpful for interpreting

the ranks of variable importance when multiple imputation has been performed. We

proposed the use of a heat-map (see Figure 3.5) that displays how many times each

variable received a particular rank across the number of imputed datasets. A higher

confidence can be given to the ranking of variables that received the same rank many

times. In our application the variables ranked as the top five were assigned the same

rank for each dataset, indicating that these ranks are assigned with confidence and are

robust to the noise resulting from the imputation process.
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In Chapter 4 we proposed the use of the MBJM to dynamically predict when donors

reach asystole throughout the treatment withdrawal to death period. We began by using

an extension of the RF suitable for survival data to determine baseline covariates that

are important for predicting the time of asystole (age and height were found to be im-

portant). We then performed a model selection procedure using 5-fold cross-validation

to determine the discrimination and calibration performance measures that were used as

a basis to compare models. We found that using functions of SBP and oxygen saturation

as well as the fact that the patient is still alive at the time of prediction, resulted in an

encouraging discriminatory ability for predicting asystole at one hour from 15 minutes.

We tried including the baseline covariates found to be important from the RSF in the

MBJM, but this information appeared to have been already captured by the longitudinal

covariates, and having to estimate these additional parameters somewhat reduced the

predictive performance overall. The encouraging predictive ability of the chosen model is

attributed to employing an extension recently proposed by Andrinopoulou et al. (2018)

that allowed the association structure between oxygen saturation and the survival pro-

cess to be modelled flexibly over time. In the remainder of Chapter 4, we conducted

a further validation of the chosen model with a 15 repeated 5-fold cross-validation and

assessed the convergence of the sampler, which were both satisfactory. We presented

the chosen model and illustrated how dynamic prediction can be performed for a new

subject that has just been withdrawn from their life-support machine.

In Chapter 5 we investigated a two-stage approach for regressing a specified function

of a longitudinal covariate (that constitutes an endogenous time-dependent covariate

in a survival model) against the odds of success for a binary outcome. In our case,

stage one involved fitting a JM to the longitudinal covariate (such as SBP or oxygen

saturation) as well as the survival outcome (the event time and censoring indicator of

the donor). In stage two a specified function of the curve fitted by the JM (such as the

AUC) was used as a covariate in a RILR to see how it is associated with the chances of a

recipient experiencing DGF. We conducted a simulation study to compare the inferential

properties of the proposed approach compared to the alternative which involved fitting a

LMEM instead of the JM and using the fitted function as a covariate in the classification

model. We found that the LMEM and JM approaches performed almost equivalently

(as expected both better than the observed trajectory approach), indicating that the

less computationally intensive method (LMEM) sufficed and was therefore employed in

our analysis.

Our analysis in Chapter 5 revealed various clinical findings of interest. In particular, after

a rigorous model selection procedure, the chosen model retained estimated characteristics

of the physiological variables, but including the duration of the treatment withdrawal

period added no value to the model (in terms of goodness-of-fit or discriminatory ability).

This was consistent with findings in Chapter 3. It was found from this analysis that the

risk of a recipient experiencing DGF depends on whether the recipient was on dialysis
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at the time of transplant, gender, the oxygen saturation level at the time of withdrawal

and the rate of decline of HR. Those with an oxygen saturation above 96% at the

time of treatment withdrawal (that also had a rapid decline of HR) resulted in the

best chances of an immediately functioning graft. Moreover, it was notable that donors

with a treatment withdrawal duration longer than what has previously been studied

resulted in both recipients experiencing an immediately functioning graft. This suggests

that restrictive protocols prohibiting transplantation once the duration of treatment

withdrawal is prolonged could be stopping transplants that would have otherwise been

successful. However, we emphasise that further validation of these findings is required

before kidney transplant policy can be amended and changes are implemented in clinical

practice.

6.2 Assumptions and Limitations

Throughout this thesis as much effort as was possible was made to avoid making re-

strictive assumptions, which played a large role in the choice of methods and steered a

large part of this work towards predictive modelling rather than explanatory modelling.

However, it was not always possible to avoid making assumptions and various limitations

apply as we now discuss.

As it was discussed in Section 4.5 implicit assumptions were made relating to the JM.

This applies for all parts of this work where the JM was used. We assumed that the

visiting process was not related to the event times, which we claim to be plausible

in this application as no attempt was made to resuscitate the terminally ill patients.

The JM also assumes that the random effects follow a multivariate normal distribution.

Rizopoulos et al. (2008) show that the JM is fairly robust to this assumption, especially

when the number of repeated measures is large, which is the case for most patients in

our application.

We note an important limitation relating to Chapter 4, where we employed the MBJM

to dynamically predict the time of DCD donor asystole once withdrawn from their

life-support machine. This method can only be used to dynamically predict survival

probabilities once a set of physiological variable measurements have been obtained. We

acknowledge that in practice it is preferable to have a predicted time of asystole before

the donor is withdrawn from their life support machine, however, we believe that this

method still has scope to improve medical practice and can serve as an effective guide

for clinicians and can assist with managing family expectations. If no longitudinal data

is fed into the trained model for a prediction to be made, the MBJM defaults to a

proportional hazards model. In our analysis, a limited number of baseline characteristic

variables were available to make such predictions and the model was trained on only

longitudinal measurements.
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The physiological profiles in the datasets analysed in Chapters 4 and 5 were recorded at

irregular intervals and the number of measurements between donors varied substantially.

These data complications as well as the erratic nature of these longitudinal variables

meant that various possible surrogates such as the time it takes the physiological variable

to drop to a certain threshold would be highly biased and inaccurate when calculated

from the data. For this reason, in this work we limited the potential surrogates to the

observed and estimated intercept, slope and AUC. If these data complications were not

present it would have been interesting to have calculated warm ischaemic time from the

data available and to see how our findings change after including this variable in the

regression model. We suggest that this is carried out as future work (as discussed in

Section 6.4).

The analysis in Chapter 5 was limited by a relatively small sample size, and only a

subset of variables were available that have been found to be predictive of DGF in the

literature. We expect that the small sample size explains the lack of evidence of an

association between the variables cold ischaemic time and donor age with transplant

outcome DGF, which has been found many times in previous studies. This arguably

makes our findings that relate to these variables questionable.

6.3 Conclusion

Taking into account the assumptions and limitations discussed in Section 6.2, we now

discuss the final conclusions drawn from this work. We found that machine learning

methods offer a variety of tools that proved to be beneficial in the analysis of the NHSBT

dataset. These methods allow restrictive assumptions required by explanatory methods

to be relaxed at the cost of interpretability. We encourage the use of these methods in

future related analyses in conjunction with explanatory models. The predictive perfor-

mance of these methods were comparable and for some methods (XGBoost) improved

for certain metrics. These methods offer the ability to rank the importance of variables

in the model. Alternative methods of interpretation through visualisation offer valuable

insight into the predictive structure of the highly flexible model. We note that the choice

of variable importance metric is important, as the Gini importance metric proved to be

a poor measure of importance in our application (especially when variables with many

categories are present), yet the permuted importance index was able to detect important

variables successfully.

The MBJM achieved an encouraging predictive performance in our application, which

was mainly attributed to the recent extensions to the JM that relax the assumption of a

linear association between the longitudinal variable and the hazard as time progresses.

Moreover, the ability to model functions of the longitudinal variable such as the current
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gradient and also the ability to include multiple longitudinal covariates improved the

model’s predictive performance.

Although some variables that we suspect to be predictive of DGF were not available in

the motivating dataset, we were able to draw important insight from the model fitted

to improve our understanding of how characteristics of the treatment withdrawal phase

are related to the chances of a recipient experiencing a DGF. We found that the dialysis

status at the time of transplant, gender, the oxygen saturation at the time of withdrawal

and the slope of HR were variables that impacted the chances of a successful transplant.

6.4 Future Work

Although a range of sophisticated methods have been employed throughout this thesis

to address various clinical research questions, we have been limited by computational

resources and available data (in terms of both quantity and quality) to fully address all

questions of interest, which provides a wide scope for future work. In particular, we have

restricted this work to focus on the outcome of DGF, due to such a low count of events,

which would inevitably limit statistical power to detect associations between variables of

interest with the recipient survival outcome should they exist. As time progresses more

events (recipient deaths) will occur in the NHSBT data, allowing for a formal analysis

of how characteristics of physiological variables in the treatment withdrawal period are

associated with recipient survival outcome. As the data quality and quantity improve

over time, the opportunity for insightful analysis increases.

To the best of our knowledge, Chapter 4 is the first analysis of its kind in transplantation

medicine. More specifically, the application of joint modelling and its various extensions

(multiple longitudinal covariates, flexible association structure, parametrisations that

allow the hazard to depend on the current slope of the biomarker) for using physiolog-

ical variables to dynamically predict survival probabilities of DCD donors throughout

the withdrawal period. The encouraging results achieved in this analysis should spark

interest from both researchers and stakeholders that may lead to more ideas for novel

applications of these methods.

There is scope for future work by validating our findings externally. In addition, there is

potential for improved results through the implementation of more JM extensions that

have been provided in the literature, such as modelling competing risks (corresponding to

various events in the withdrawal period, such as asystole and death). Future studies may

have access to more data that has improved quality. More combinations of models (for

example, including baseline covariates in both the survival and longitudinal components

of the JM) may also lead to an improved predictive performance. Finally, our analysis

could have been improved by a rigorous approach to imputing the missing data in the

longitudinal covariates, which provides further scope for future work.
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Our analysis in Chapter 5 provides a strong starting point for improving our understand-

ing of how characteristics of physiological variables in the treatment withdrawal period

impact transplant outcome, by considering the intercept, slope and AUC surrogates.

The limitations discussed in Section 6.2 restrict the number of potential surrogates that

could be used. A future study could include the time that it takes the physiological vari-

ables to drop to a certain threshold as surrogates, and determine the optimal threshold

for predicting transplant outcome. Novel ideas for potential surrogates is valuable in

this work. It is of interest to include warm ischaemic time in the model and to see if our

findings still hold. Moreover, this analysis could be repeated for the survival outcome

(replacing the RILR model with a Cox frailty model), when there is a plausible number

of events incurred to estimate the parameters effectively.

6.5 Software

This work was implemented using R version 3.5.1. Code is available on demand. The

University of Southampton High Performance Computing facility Iridis 4 was used

for highly computational tasks, including both simulation studies, tuning the hyper-

parameters, cross-validation and rigorous model selection. Machine learning was per-

formed using the mlr package and joint models were fitted using the JMbayes package.

We selected the Hamiltonian Monte Carlo option for Bayesian estimation which calls

the Bayesian sampling software stan (which is called using wrapper functions available

in the rstan package).
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Appendices

Table A.1: Description of variables in the NHSBT dataset with corresponding code name
and variable type.

Variable Type Description

1 dbg factor Donor blood group
2 DGF factor Function of kidney post transplant in first week
3 dage integer Donor age (years)
4 dcod grp factor Donor cause of death grouping
5 dsex factor Donor gender
6 dethnic factor Donor ethnicity
7 dweight numeric Donor weight (kg)
8 dheight integer Donor height (cm)
9 sbp70time integer Time (in minutes) for SBP to reach 70mmHg

10 sbp60time integer Time (in minutes) for SBP to reach 60mmHg
11 sbp50time integer Time (in minutes) for SBP to reach 50mmHg
12 o2sat90time integer Time (in minutes) for oxygen saturation to reach 90
13 o2sat80time integer Time (in minutes) for oxygen saturation to reach 80
14 o2sat70time integer Time (in minutes) for oxygen saturation to reach 70
15 deathtime integer Time (in minutes) from treatment withdrawal to death
16 surgerytime integer Time (in minutes) from treatment withdrawal to surgery
17 CIT MINS integer Cold ischaemic time (in minutes) of donor kidney
18 RWEIGHT numeric Recipient weight (kg)
19 no.tx.Freq integer Number of kidneys donated by donor
20 REC UNIT factor Recipient transplant centre
21 RSEX factor Recipient gender
22 RBG factor Recipient blood group
23 RETHNIC factor Recipient ethnicity
24 DIAL AT TX factor Recipient on dialysis at time of transplant
25 recip prd factor Recipient on dialysis at time of transplant
26 GMM factor Gender mismatch
27 EMM factor Ethnicity mismatch
28 BGC factor Blood group compatibility
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Figure A.1: Box-plots displaying the summary statistics for the mean of the within donor
profiles for each longitudinal covariate.
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Figure A.2: The proportion of donors remaining throughout the treatment withdrawal to
death phase. The vertical green lines mark the 20, 60 and 75 minute marks, which are
the times that predictions are made in Section 4.4.0.3.
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Schröppel, B. & Legendre, C. (2014), ‘Delayed kidney graft function: from mechanism

to translation’, Kidney international 86(2), 251–258.

Shaikhina, T., Lowe, D., Daga, S., Briggs, D., Higgins, R. & Khovanova, N. (2017), ‘De-

cision tree and random forest models for outcome prediction in antibody incompatible

kidney transplantation’, Biomedical Signal Processing and Control .

Shmueli, G. et al. (2010), ‘To explain or to predict?’, Statistical science 25(3), 289–310.

Shoskes, D., Ty, R., Barba, L. & Sender, M. (1998), Prediction of early graft func-

tion in renal transplantation using a computer neural network., in ‘Transplantation

proceedings’, Vol. 30, pp. 1316–1317.

Soleimani, H., Hensman, J. & Saria, S. (2018), ‘Scalable joint models for reliable

uncertainty-aware event prediction’, IEEE transactions on pattern analysis and ma-

chine intelligence 40(8), 1948–1963.

Souter, M. & Van Norman, G. (2010), ‘Ethical controversies at end of life after traumatic

brain injury: defining death and organ donation’, Critical care medicine 38(9), S502–

S509.



BIBLIOGRAPHY 173

Stan Development Team (2018), ‘RStan: the R interface to Stan’. R package version

2.18.2.

URL: http://mc-stan.org/

Strobl, C., Boulesteix, A.-L., Kneib, T., Augustin, T. & Zeileis, A. (2008), ‘Conditional

variable importance for random forests’, BMC bioinformatics 9(1), 307.

Strobl, C., Boulesteix, A.-L., Zeileis, A. & Hothorn, T. (2007), ‘Bias in random forest

variable importance measures: Illustrations, sources and a solution’, BMC bioinfor-

matics 8(1), 25.

Strobl, C., Malley, J. & Tutz, G. (2009), ‘An introduction to recursive partitioning: ra-

tionale, application, and characteristics of classification and regression trees, bagging,

and random forests.’, Psychological methods 14(4), 323.

Summers, D. M., Johnson, R. J., Hudson, A., Collett, D., Watson, C. J. & Bradley,

J. A. (2013), ‘Effect of donor age and cold storage time on outcome in recipients

of kidneys donated after circulatory death in the uk: a cohort study’, The Lancet

381(9868), 727–734.

Summers, D. M., Watson, C. J., Pettigrew, G. J., Johnson, R. J., Collett, D., Neuberger,

J. M. & Bradley, J. A. (2015), ‘Kidney donation after circulatory death (dcd): state

of the art’, Kidney international 88(2), 241–249.

Suntharalingam, C., Sharples, L., Dudley, C., Bradley, J. & Watson, C. (2009), ‘Time to

cardiac death after withdrawal of life-sustaining treatment in potential organ donors’,

American Journal of Transplantation 9(9), 2157–2165.

Sweeting, M. J. & Thompson, S. G. (2011), ‘Joint modelling of longitudinal and time-

to-event data with application to predicting abdominal aortic aneurysm growth and

rupture’, Biometrical Journal 53(5), 750–763.

Thorogood, J., Houwelingen, J., Persijn, G., Zantvoort, F., Schreuder, G. et al. (1991),

‘Prognostic indices to predict survival of first and second renal allografts.’, Transplan-

tation 52(5), 831–836.

Tikhonov, A. & Arsenin, V. Y. (1977), ‘Solution of iii-posed problems’, VH Winston &

Sons, Washington, DC .

Tiong, H., Goldfarb, D., Kattan, M., Alster, J., Thuita, L., Yu, C., Wee, A. & Poggio, E.

(2009), ‘Nomograms for predicting graft function and survival in living donor kidney

transplantation based on the unos registry’, The Journal of urology 181(3), 1248–1255.

Tsiatis, A., Degruttola, V. & Wulfsohn, M. (1995), ‘Modeling the relationship of survival

to longitudinal data measured with error. applications to survival and cd4 counts in

patients with aids’, Journal of the American Statistical Association 90(429), 27–37.



174 BIBLIOGRAPHY

Vapnik, V. N. (1999), ‘An overview of statistical learning theory’, IEEE transactions on

neural networks 10(5), 988–999.

Vijayarani, S. & Dhayanand, S. (2015), ‘Data mining classification algorithms for kid-

ney disease prediction’, International Journal on Cybernetics & Informatics (IJCI)

4(4), 13–25.

Wahba, G. (1975), ‘Smoothing noisy data with spline functions’, Numerische Mathe-

matik 24(5), 383–393.

Wang, C., Wang, N. & Wang, S. (2000), ‘Regression analysis when covariates are regres-

sion parameters of a random effects model for observed longitudinal measurements’,

Biometrics 56(2), 487–495.

Watson, C. J., Johnson, R. J., Birch, R., Collett, D. & Bradley, J. A. (2012), ‘A simplified

donor risk index for predicting outcome after deceased donor kidney transplantation’,

Transplantation 93(3), 314–318.

Wind, J., Snoeijs, M. G., Brugman, C. A., Vervelde, J., Zwaveling, J., van Mook, W. N.

& van Heurn, E. L. (2012), ‘Prediction of time of death after withdrawal of life-

sustaining treatment in potential donors after cardiac death’, Critical care medicine

40(3), 766–769.

Wu, M. C. & Bailey, K. (1988), ‘Analysing changes in the presence of informative right

censoring caused by death and withdrawal’, Statistics in Medicine 7(1-2), 337–346.

Wu, M. C. & Bailey, K. R. (1989), ‘Estimation and comparison of changes in the presence

of informative right censoring: conditional linear model.’, Biometrics 45(3), 939–955.

Wu, M. C. & Carroll, R. J. (1988), ‘Estimation and comparison of changes in the presence

of informative right censoring by modeling the censoring process’, Biometrics pp. 175–

188.

Wulfsohn, M. S. & Tsiatis, A. A. (1997), ‘A Joint Model for Survival and Longitudinal

Data Measured with Error Author’, Biometrics 53(1), 330–339.

Wyatt, J. (1995), ‘Nervous about artificial neural networks?’, The Lancet

346(8984), 1175–1177.

Yarlagadda, S. G., Coca, S. G., Garg, A. X., Doshi, M., Poggio, E., Marcus, R. J. &

Parikh, C. R. (2008), ‘Marked variation in the definition and diagnosis of delayed graft

function: a systematic review’, Nephrology Dialysis Transplantation 23(9), 2995–3003.

Ye, W., Lin, X. & Taylor, J. M. (2008), ‘Semiparametric modeling of longitudinal mea-

surements and time-to-event data–a two-stage regression calibration approach’, Bio-

metrics 64(4), 1238–1246.



BIBLIOGRAPHY 175

Yoo, K. D., Noh, J., Lee, H., Kim, D. K., Lim, C. S., Kim, Y. H., Lee, J. P., Kim, G. &

Kim, Y. S. (2017), ‘A machine learning approach using survival statistics to predict

graft survival in kidney transplant recipients: a multicenter cohort study’, Scientific

reports 7(1), 8904.

Young, G. A., Smith, R. L. et al. (2005), Essentials of statistical inference, Vol. 16,

Cambridge University Press.

Yucel, R. M. (2011), ‘Random covariances and mixed-effects models for imputing mul-

tivariate multilevel continuous data’, Statistical modelling 11(4), 351–370.


	Acknowledgements
	Dedication

	I General Context
	1 Introduction
	1.1 The Motivating Data
	1.2 Outline of Thesis

	2 Background
	2.1 Clinical Background
	2.1.1 End Stage Renal Disease
	2.1.2 Types of Kidney Donors
	2.1.3 The Agonal Phase

	2.2 Methodological Background
	2.2.1 Explanatory or Algorithmic Modelling?
	2.2.2 Statistical Learning Theory
	2.2.2.1 Bayes Model and Irreducible Error
	2.2.2.2 Empirical Risk Minimisation
	2.2.2.3 Maximum Likelihood Estimation
	2.2.2.4 Performance Evaluation

	2.2.3 Performance and Information Metrics
	2.2.4 Missing Data in Longitudinal Studies
	2.2.5 Joint Modelling Longitudinal and Time-to-Event Data
	2.2.5.1 Connection with the Missing Data Framework
	2.2.5.2 When could a Joint Modelling Approach be Beneficial?




	II An Application of Machine Learning Methods
	3 Ensemble Learning for Predicting Failed Kidney Transplants
	3.1 Introduction
	3.2 Review of Literature
	3.3 Methods
	3.3.1 Regression Trees
	3.3.2 Adaptive Boosting (AdaBoost)
	3.3.3 Extreme Gradient Boosting (XGBoost)
	3.3.4 Random Forests
	3.3.5 Conditional Inference Random Forests

	3.4 A Simulation Study
	3.4.1 Simulation Design
	3.4.2 Results

	3.5 Application to the NHSBT Dataset
	3.5.1 Preprocessing and Feature Engineering
	3.5.2 Missing Data
	3.5.3 Model Selection and Hyper Parameter Tuning
	3.5.4 Evaluation Criteria
	3.5.5 Results

	3.6 Discussion


	III Joint Modelling Applications
	4 Dynamically Predicting Donor Death Time from Treatment Withdrawal
	4.1 Introduction
	4.2 Review of Literature
	4.3 Methods
	4.3.1 The Multivariate Bayesian Joint Model (MBJM)
	4.3.1.1 The Longitudinal Sub-Model
	4.3.1.2 The Time-to-Event Sub-Model 

	4.3.2 Bayesian Parameter Estimation
	4.3.3 Selecting Prior Distributions for Parameters in the Joint Model
	4.3.4 Dynamic Prediction
	4.3.5 Assessment of Predictive Performance
	4.3.5.1 Discrimination
	4.3.5.2 Calibration

	4.3.6 Model Selection for Time-Independent Baseline Variables
	4.3.6.1 Random Survival Forests (RSF)


	4.4 Analysis of the novel dataset
	4.4.0.1 Exploratory Data Analysis
	4.4.0.2 Identifying Important Baseline Covariates
	4.4.0.3 Joint Modelling


	4.5 Discussion

	5 Impact of the Treatment Withdrawal Period on Kidney Transplant Outcomes
	5.1 Introduction
	5.2 Methods
	5.2.1 Description of Data
	5.2.2 Statistical Methods

	5.3 A Simulation Study
	5.3.1 Results

	5.4 Statistical Analysis
	5.4.1 Exploratory Data Analysis
	5.4.2 Statistical Modelling
	5.4.2.1 A Joint Modelling Approach
	5.4.2.2 Random Intercept Logistic Regression


	5.5 Discussion


	IV Discussion and Concluding Remarks
	6 Discussion and Future Work
	6.1 General Discussion
	6.2 Assumptions and Limitations
	6.3 Conclusion
	6.4 Future Work
	6.5 Software

	A Appendices
	Bibliography


