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Abstract

Clinical prediction models are developed to estimate the absolute risk of clinically
important outcomes in patients. These models are often designed with the purpose
of guiding clinical decision making. Recently, there has been a deluge of publications
regarding clinical prediction models due to the resurgence of interest in artificial
intelligence. However, very few of these models end up being deployed in the
real-world.

In this thesis, we discuss the main obstacles facing effective model deployment in
healthcare. We identify improper development and evaluation of clinical prediction
models as the principal cause behind some of the main obstacles. Clinical prediction
models are particularly susceptible to improper development and evaluation due to
the inherent heterogeneities in clinical data. We discuss two of the most prevalent
heterogeneities in clinical data in further detail in this thesis.

Batch effects are a common heterogeneity in high-dimensional biological data,
such as gene expression microarray data. Failure to properly account for batch
effects during the development of prediction models often leads to poor generalisation
ability. Very few quantitative batch effects metrics have been proposed for use in
small data sets. The accuracy of these metrics are reduced when used to quantify
batch effects in data where different batches contain different class proportions.
We propose recursive variance partitioning (RVP), a novel metric for quantifying
batch effects. We show that RVP is able to accurately estimate the proportion of
total variance attributable to batch effects in data, over a range of magnitudes of
batch effects. RVP exhibits similar performance even in data with severe batch-class
imbalance.

Another common heterogeneity that exists in clinical data is when it is made
up of patients who receive different treatments. This heterogeneity complicates
model development and evaluation as different patient treatments affect patient
outcome, which is often the prediction target, to varying degrees. We propose a
scoring scheme for use in evaluating clinical prediction models, which incorporates
patient treatment information. We use the Malaysia-Singapore acute lymphoblastic
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leukaemia (ALL) data set as a case study to demonstrate the use of the proposed
scoring scheme. Evaluating models in this manner would help to avoid errors that
arise due to treatment differences.

In this thesis, we develop a subtype-specific prediction model for treatment
outcome in ALL patients. Our subtype-specific model incorporates the use of
transcriptomic features engineered from patient gene expression profiles (GEPs)
at different time-points of treatment. Our model outperforms other methods in
classifying patients who achieved continuous complete remission and patients who
relapsed, in homogeneous ALL subtypes. Our subtype-specific model is designed to
be robust to small sample sizes. We also present the biological hypothesis behind our
model: GEPs measure the average gene expression of all leukaemic and normal cells
in a sample, and patients who are more responsive towards treatment will experience
a faster decrease in proportion of leukaemic cells and hence exhibit a greater shift
in their GEP. We validate the hypothesis by estimating B-cell abundance in patient
samples using various methods.
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CHAPTER 1. INTRODUCTION

Chapter 1

Introduction
Advances in high-throughput technologies and the rapid digitalisation of health-

care have led to an explosion in the amount of medical data freely available for
research. The increased availability of medical data, coupled with recent advance-
ments in machine learning, have led to a resurgence of interest in the use of predictive
modelling in healthcare. This has resulted in an exponential increase in the number
of publications on prediction models in healthcare (Bohr & Memarzadeh, 2020; Guo
et al., 2020; Weissler et al., 2021). However, despite the copious publications on
prediction models in healthcare, the number of models deployed in clinical practice
still remains fairly limited (Perel et al., 2006; Wyatt & Altman, 1995).

The central theme of this thesis is the development of clinical prediction models.
In this thesis, we discuss the main obstacles that impede the deployment of clinical
prediction models in real life, and their underlying causes. Clinical prediction
models are especially susceptible to improper development, due in large part to
inherent heterogeneities in clinical data. Failure to account for certain heterogeneities
leads to improper model development; it is imperative to identify and handle
these heterogeneities. In particular, we discuss in greater detail two common
heterogeneities in clinical data that impede proper model development: batch effects
and patient treatment differences.

Batch effects are systematic errors in measurements between different batches
of samples, and are an extremely prevalent problem in many different types of
high-dimensional biological data (Goh et al., 2017; Leek et al., 2010). Failure to
account for batch effects in data used to develop clinical prediction models often leads
to models that show poor generalisation performance. In this thesis, we propose a
quantitative batch effects metric that is able to accurately estimate the proportion

1



CHAPTER 1. INTRODUCTION

of total variance attributable to batch effects, even in data where different batches
have different proportions of classes (i.e. data with batch-class imbalance). We
term this metric recursive variance partitioning (RVP). We believe that RVP can
serve as a tool to help modelling practitioners handle batch effects in their data.
For example, RVP can assist practitioners in deciding which batch effects correction
method would best mitigate batch effects.

In many diseases, risk-adapted treatment strategies are used to treat patients,
where patients receive different treatments based on their individual risk level.
Developing prediction models where patient outcome is the prediction target is
problematic when using data where patients receive different treatments. This is
because different treatments have different impacts on patient outcome. Failure to
deal with patient treatment differences when developing prediction models results
in inaccurate models that are unable to generalise (Groenwold et al., 2016; Sperrin
et al., 2018). There are many nuances when attempting to account for differences in
patient treatment; we discuss some of the subtleties in this thesis. We also propose a
scoring scheme that incorporates patient treatment information in order to achieve
more detailed and accurate evaluation of prediction models.

Acute lymphoblastic leukaemia (ALL) is a cancer that affects blood cells that
originate from lymphoid progenitor cells. ALL is broadly classified according to the
type of lymphocyte that has become malignant, namely B-cell precursors, T-cells,
and mature B-cells. In addition to the above classification, ALL can be classified
into different subtypes based on the type of chromosomal or genetic aberration that
can be observed in leukaemic blasts. In this thesis, we propose a subtype-specific
model that predicts treatment outcome in paediatric acute lymphoblastic leukaemia
(ALL) patients, which incorporates the use of transcriptomic features computed from
microarray gene expression data. During the development of our model, we utilised
our proposed batch effects metric RVP to ascertain that our feature selection and
feature engineering methodology had sufficiently mitigated batch effects in the data.
As patients in the paediatric ALL data set received different treatment intensities,
we use our proposed scoring scheme to evaluate treatment recommendations given
by our subtype-specific prediction model. The use of our proposed scoring scheme,
which incorporates the use of patient treatment information, allows us to achieve a
more nuanced and accurate evaluation of predictions from our model.

2



CHAPTER 1. INTRODUCTION

1.1 Motivation
Despite the massive increase in research on machine learning applications in

healthcare, the number of predictive models that are adopted in practice still remain
fairly limited (Mateen et al., 2020; Steyerberg et al., 2013). In a recent review by
Wynants et al., 2020, the authors found that most COVID-19 diagnosis models
that were proposed in preprint or published articles suffered from high risk of bias,
opaque reporting and reported performance measures that were probably inflated.

The main focus of this thesis is on the development of clinical prediction models.
Our objective is to bring attention to challenges that are unique to the development
of prediction models using clinical data. Clinical prediction models are extremely
susceptible to improper development due to several heterogeneities that are partic-
ularly prevalent in clinical data. Two of these heterogeneities in clinical data are
batch effects and differences in patient treatment.

Failure to handle heterogeneities in clinical data properly will result in prediction
models with poor generalisation performance. In this thesis, we aim to highlight the
most common obstacles to effective model deployment and their underlying causes,
so that modelling practitioners will be better able to identify and handle these issues.
In addition, we also discuss some of the subtleties involved in dealing with these
issues. We hope that this would facilitate practitioners in developing prediction
models that can be effectively deployed in a real-world setting.

One of the most prevalent heterogeneities in clinical data is batch effects. Devel-
oping a prediction model without accounting for batch effects in clinical data will
result in a model that is unable to generalise to future batches of data. Batch effects
are conventionally diagnosed qualitatively, through the use of principal component
analysis (PCA) plots or uniform manifold approximation and projection (UMAP)
plots. However, qualitative assessments of the magnitude of batch effects can be
quite subjective. Quantitative batch effects metrics provide a more precise and
objective way of measuring the magnitude of batch effects. Unfortunately, most
existing metrics are inaccurate when used on data with different proportions of
classes in different batches (i.e. batch class imbalance). In this thesis, we propose
a quantitative batch effects metric that is accurate even when used on data with
batch-class imbalance, which we call RVP. Our goal is to provide a tool for modelling

3



CHAPTER 1. INTRODUCTION

practitioners to use when attempting to mitigate batch effects in their data. For
example, modelling practitioners will be able to use RVP to aid their decision on
which batch effects correction method to use.

Differences in patient treatment occur frequently in clinical data, and will affect
model performance if not dealt with properly during model development. In this
thesis, we discuss the nuances behind common methods that have been used to deal
with differences in patient treatment when developing prediction models. We also
highlight that the specific differences in patient treatment vary between different
diseases. Our objective is to help modelling practitioners better understand the
nuances behind these methods, to enable them to select (and possibly tailor) the
method to handle treatment differences that best suits their needs. We also seek to
encourage modelling practitioners to incorporate information regarding treatment
differences during evaluation of prediction models in order to improve evaluation
accuracy.

ALL is the most prevalent form of paediatric cancer, making up approximately
one fifth of paediatric malignancies (Inaba et al., 2013; Pui & Evans, 2006). Although
modern risk-adapted therapy is able to achieve a long-term event-free survival rate
of approximately 80%, relapse in B-cell precursor ALL still remains as one of the
most common cause of cancer related deaths in children (Hunger & Mullighan, 2015).
More accurate estimation of the risk of relapse would allow for improved treatment
intensity recommendations, which would result in decreased number of deaths due
to relapse and allow for de-intensification of chemotherapy in patients with good
prognosis. The above reasons serve as our main motivation behind developing a
prediction model for treatment outcome in paediatric ALL.

Previous work has demonstrated that accurate assignment of subtype in ALL can
be achieved through the use of microarray gene expression profiles (Alizadeh et al.,
2000; E.-J. Yeoh et al., 2002). Furthermore, there have been instances where ALL
subtyping using gene expression profiling has led to identification of patients who
would otherwise have been misclassified through conventional analysis (E.-J. Yeoh
et al., 2002). Predicting treatment outcome solely through the use of microarray
gene expression data would enable accurate risk stratification of ALL patients using
a single technology platform. This would eliminate the need for multiple laboratory
procedures, thus lowering the costs for risk stratification of ALL patients.

4



CHAPTER 1. INTRODUCTION

1.2 Scope
In this section, we define the scope of the main topics in our thesis. We first

discuss the main obstacles facing the deployment of clinical prediction models in
real-world settings, and their underlying causes. Subsequently, we investigate in
greater detail two inherent heterogeneities in clinical data that if not accounted
for, will lead to improper model development: batch effects and patient treatment
differences. In our study of batch effects, we constrain our scope to batch effects
that occur in high-dimensional bulk transcriptomics and proteomics data (i.e. we
exclude single-cell data). Only batch effects metrics designed for use on such data are
considered to be within our scope of study. In our study where we develop a clinical
prediction model, we focus specifically on the task of predicting treatment outcome
in paediatric ALL patients. For our discussion on patient treatment differences, we
highlight common methods that are used to handle such differences. We demonstrate
the value of incorporating treatment information during the evaluation of prediction
models by presenting a scoring scheme specifically designed for the paediatric ALL
treatment outcome prediction model.

1.3 Thesis contributions and organisation
In Chapter 2, we discuss the main obstacles facing effective model deployment, and

investigate their underlying causes. We identify the main underlying cause behind
these obstacles - improper development and evaluation of prediction models. Clinical
prediction models are more susceptible to improper development and evaluation
due to the inherent heterogeneities in clinical data. Two of the most important
heterogeneities that have to be dealt with are batch effects and patient treatment
differences. We also highlight other sources of heterogeneity and bias in clinical
data that should be dealt with in order to develop accurate models. However,
heterogeneities in clinical data are seldom reported due to privacy concerns or
because they are deemed to be irrelevant. This further hinders our ability to deal
with these heterogeneities. We offer suggestions to help overcome some of the
obstacles facing effective model deployment. This chapter contains work that has
been published in Chan and Wong, 2023.

5
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In Chapter 3, we propose a novel quantitative batch effects metric, which we
term RVP. RVP was designed to be robust to batch-class imbalance, and to be
suitable for use in both small and large data sets. We demonstrate that RVP is able
to accurately estimate the proportion of total variance attributable to batch effects
over a range of batch effect magnitudes, using simulated RNA-seq data. RVP is
able to do so even in data with batch-class imbalance. In addition, we show that
RVP outperforms other metrics when evaluated on various types of real data, such
as quantitative transcriptomics and proteomics data. Comparison of runtime and
peak memory usage of the batch effects metrics on a data set with 8000 samples
reveal that RVP is two orders of magnitude faster, and has a peak memory usage
that is at most half that of other batch effects metrics.

In Chapter 4 we discuss the nuances of accounting for differences in patient
treatment during the development or evaluation of clinical prediction models. We
identify the most common methods used to handle differences in patient treatments
and discuss certain caveats associated with each method. We use data from the
Malaysia-Singapore ALL 2003 and 2010 studies (A. E. J. Yeoh et al., 2012; A. E. J.
Yeoh et al., 2018) as a case study to demonstrate the complexities associated with
differences in patient treatment. In addition, we present a plausible scoring scheme
that incorporates treatment information to achieve more detailed evaluation of
prediction models. The material presented in this chapter has been published in
Chan and Wong, 2022.

In Chapter 5, we tackle the problem of predicting treatment outcome in paediatric
ALL patients. We verify that feature selection is sufficient to mitigate batch effects,
using our proposed batch effects metric RVP and PCA plots. We propose three
transcriptomic features that are computed from patient gene expression profiles
(GEPs) at different treatment time-points. We show that these features are associated
with treatment outcome in homogeneous subtypes of ALL. We present a subtype-
specific model that incorporates these features to predict treatment outcome in
homogeneous ALL subtypes. We demonstrate that our subtype-specific model is
able to discriminate well between patients who relapse and patients who achieve
continuous complete remission (CCR), even when trained on small data sets. We
evaluate our subtype-specific model in a more detailed manner by using our proposed
scoring scheme, which incorporates patient treatment information. In addition, we

6
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identify patients belonging to the recently discovered DUX4 subtype (Yasuda et al.,
2016; Zhang et al., 2016) through clustering, and validate the performance of our
model on the DUX4 subtype. The DUX4 subtype had not been discovered at the
time of the Ma-Spore 2003 and 2010 studies; patients in the subtype were classified
under the “B-Other” subtype. Lastly, we present our biological hypothesis behind
the subtype-specific model, and substantiate it by inferring B-cell abundance in
patient samples through various methods.

7
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Chapter 2

Obstacles to effective model deploy-
ment

2.1 Introduction
Despite an exponential increase in publications on clinical prediction models over

recent years, the number of models deployed in clinical practice remains fairly limited.
In this chapter, we identify common obstacles facing effective model deployment
in healthcare, and investigate their underlying causes. One of the most common
obstacles is the lack of reproducibility and replicability (A. E. Johnson et al., 2017).
Failure to replicate the performance of a prediction model on independent data sets
casts doubts on the model’s ability to perform effectively when deployed. Another
common obstacle facing effective model deployment is the high risk of unfairness
displayed by models. We provide examples of unfairness exhibited by prediction
models deployed in real-life in this chapter.

We observe that a key underlying cause behind the various obstacles is the
improper development and evaluation of prediction models. Healthcare/clinical
prediction models are especially susceptible to improper development and evaluation
due to the inherent heterogeneities in clinical data. We highlight common hetero-
geneities in clinical data and sources of biases that should be dealt with in order
to avoid improper development and evaluation of models. Improper development
of models often leads to inaccurate models that show poor generalisability, while
improper evaluation of models may lead to overly optimistic results that cannot be
replicated in independent data sets.

The purpose of this chapter is to familiarise modelling practitioners with the most
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common obstacles facing effective model deployment, and their underlying causes.
By being aware of the potential problems that may occur during development and
evaluation of prediction models, practitioners would be better able to identify and
deal with these issues. This would increase their chances of developing a model that
can be effectively deployed.

2.2 Poor reproducibility and replicability
A core tenet of the scientific discovery process lies in the ability of the scientific

community to either confirm or refute previous discoveries through independent
studies. Scientific results and inferences that are replicable through independent
studies have a higher likelihood of being true, and confidence in their reliability
is built through repeated independent validation (National Academies of Sciences,
Engineering, and Medicine, 2019). To avoid the many inconsistent definitions of
reproducibility and replicability in scientific literature, we follow the definitions set
out by National Academies of Sciences, Engineering, and Medicine, 2019:

Reproducibility is obtaining consistent results using the same input data;
computational steps, methods, and code; and conditions of analysis.

Replicability is obtaining consistent results across studies aimed at
answering the same scientific question, each of which has obtained its
own data.

The lack of reproducibility is one of the most common and problematic issues
found in clinical prediction models, and stems from incomplete and unclear reporting
(A. E. Johnson et al., 2017; Wynants et al., 2020). To ensure that researchers are
able to reproduce results from the original data, clear and complete reporting of all
aspects concerning the prediction model should be performed. Firstly, the prediction
task and clinical setting that a model is to be deployed in has to be clearly defined.
This includes defining the prediction target and deployment population clearly.
Secondly, population characteristics of patient data used to train and validate the
prediction model should be described in detail, so that researchers have the necessary
context to interpret the results. Thirdly, data pre-processing steps that were taken to
transform the data should be clearly described, such as feature selection methodology.
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In addition, predictors in the model should be clearly described, including details
regarding how and when they were measured (if applicable). Fourthly, model details
such as its type, parameters and architecture should be reported, along with design
choices made regarding the model. Lastly, details regarding evaluation methodology
should be clearly stated. The above-mentioned details are not exhaustive, and
any other detail necessary to reproduce the original results should also be clearly
reported. Modelling practitioners are encouraged to standardise reporting according
to suggested guidelines in order to avoid incomplete and unclear reporting (Beam
et al., 2020; A. E. Johnson et al., 2017; Weissler et al., 2021; Wynants et al., 2020).

Another major obstacle facing effective model deployment is the poor replica-
bility of clinical prediction models. Models that do not show consistent results
on independent data sets are deemed to be less reliable and often fail to gain the
confidence of the scientific community. Even so, a majority of publications on
clinical prediction models does not perform external validation (Ho et al., 2020;
Siontis et al., 2015). This is compounded by the fact that publications that do
perform external validation often report worse model performance (Siontis et al.,
2015). For instance, A. E.-J. Yeoh et al., 2018 performed external validation of
three treatment outcome prediction models (Bhojwani et al., 2008; Holleman et al.,
2004; Meyer et al., 2011) that were developed using their own respective cohort of
acute lymphoblastic leukaemia (ALL) patients. All of the models were unable to
discriminate between treatment outcomes when evaluated on an independent data
set of ALL patients.

There are two possible reasons why the prediction models mentioned above
showed good internal validation while having poor external validation. Firstly, the
data sets used to develop these models were small in size, and had low proportions
of patients with the event of interest (i.e. relapse). Performing internal validation
involves partitioning the small data sets into even smaller training and test sets,
which may result in unstable results during evaluation (Steyerberg & Harrell, 2016).
Secondly, the development data set and the data set used for external validation may
consist of patients from different sub-populations (e.g. from different geographic
regions). If that were the case, it would be more accurate to describe the models as
having poor generalisability instead of poor replicability.

External validation of prediction models should be performed whenever possible

10



CHAPTER 2. OBSTACLES TO EFFECTIVE MODEL DEPLOYMENT

to demonstrate its replicability (Ho et al., 2020). Demonstrating the replicability
of a model helps to build confidence in its reliability and improves its chances of
clinical deployment. In cases where external validation is not possible, the next best
alternative would be temporal validation, where the development data set can be
split into training and test sets according to time (Ramspek et al., 2021).

2.3 Unfairness in prediction models
Another key reason behind the limited number of prediction models that are

deployed in healthcare is due to the high risk of unfairness in prediction models.
More recently, researchers have become aware of biases exhibited by prediction
models that have been deployed in real-world applications. Most prediction models
derive their function by recognising implicit patterns in the data that they are
trained on. These models tend to learn the hidden biases that exist in the training
data. As as result, these models make biased predictions that result in unfairness
against certain groups or individuals. On the other hand, some prediction algorithms
make biased predictions even when trained on data that is devoid of biases.

There are many different sources of biases in both data and algorithm. The
introduction of these biases is mostly unintentional; often we are only made aware
of their presence upon the discovery of errors or unfairness in model predictions.
Procedures or design choices that seem innocuous are often responsible for introducing
biases to data or algorithm. It is extremely hard to ensure that data is free of
biases, as doing so would require pre-empting every possible source of bias, which
requires an inordinate amount of care. A more reasonable goal would be to minimise
the number of biases by learning the most frequent sources of biases that have
recurred in previous literature. We enumerate below a few of the most prevalent
sources of biases in prediction models deployed specifically in healthcare. For a more
comprehensive summary of the sources of biases in machine learning, please refer to
Mehrabi et al., 2021.

Omitted variable bias occurs when variables which have an impact on the
dependent variable (i.e. prediction target) are omitted from the model. This may
cause the model to attribute the effect of the omitted variable to variables that are
included in the model. Usually, the omitted variable is excluded, or in some cases not
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recorded, due to oversight. In some cases, variables may be omitted due to privacy
concerns. An example of omitted variable bias was observed when a rule-based
learning algorithm was trained to predict a patient’s risk of dying from pneumonia
(Caruana et al., 2015). One of the rules the model learned was that patients with
a history of asthma had a lower risk of mortality from pneumonia. The rule was
counter-intuitive, and on closer inspection it was discovered that patients with a
history of asthma who contracted pneumonia were sent to the intensive care unit
(ICU). Patients admitted into the ICU received intensive care which greatly lowered
their risk of mortality. This resulted in the model erroneously associating lowered
risk of mortality with asthma, instead of the omitted variable, ICU admission.

Representation bias occurs when the sampled data is not representative of
the underlying population. When prediction models are trained on sampled data
lacking in representation of certain subpopulations, they may exhibit poor prediction
performance when deployed on these subpopulations. An example was when the
Framingham risk score for cardiovascular disease, which was developed on a data
set that was predominantly White and male, was found to be inaccurate when
deployed on Black populations (Gijsberts et al., 2015). To maximise the prediction
performance of a model on the target population or group, the model should be
trained on data that contains a sizeable number of patients representative of the
target group.

Measurement bias is the systematic error that arises during improper measure-
ment of data. An example of measurement bias can be observed in the case of
the algorithm used to facilitate COVID-19 relief funding allocation (Kakani et al.,
2020). COVID-19 infection rates may be subject to measurement bias as it may
be affected by differing diagnostic testing coverage between poorer and wealthier
counties. Wealthier counties may receive higher diagnostic testing coverage, leading
to a larger number of cases detected and thus higher COVID-19 infection rate.

2.4 Underlying causes
There are countless possible causes that may impede effective model deployment.

We mention several of the causes above, but they are by no means exhaustive. Out of
the many causes, we highlight an underlying cause that recurs frequently: improper
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development and evaluation of models. We elaborate on how improper development
and improper evaluation of prediction models impedes model deployment through
the use of real-life examples in the sections below.

2.4.1 Improper development of models

Throughout the development process of prediction models, there are many actions
that constitute improper development. These actions often result in models that
do not function well or exhibit unfairness when deployed on the target population.
One such action is when an incorrect proxy for the prediction target is used to
train a prediction model; we show why this leads to a biased model using a real-life
example.

This example concerns a commercial prediction model that was developed to
predict the health risk of primary care patients (viz. risk of onset of common chronic
illnesses). The model was used to identify patients who would benefit from high-risk
care management programs. Developing the model using healthcare cost as a proxy
to health risk resulted in a biased model, as healthcare cost was not an accurate
proxy for health risk. Obermeyer et al., 2019 highlighted that for the same risk score
predicted by the model, Blacks had a higher number of chronic illnesses than Whites.
This reflected an inherent bias in the development data - for the same number of
chronic illnesses, healthcare costs of Blacks were lower than that of Whites.

Other examples of improper model development include the sources of biases
mentioned above, such as developing models on samples that are not representative
of the deployment population, or not ensuring the uniformity of measurements across
different sub-populations when collecting development data.

2.4.1.1 Heterogeneities in data

Clinical prediction models are especially susceptible to improper development and
evaluation due to the many possible heterogeneities in clinical data. It is important
to deal with these heterogeneities when they arise, in order to avoid improper model
development and evaluation.

The most important heterogeneity in clinical data that has to be accounted for
is the differences in patient treatment. This is because different treatments have
different magnitudes of effect on patient outcome. Failing to account for treatment
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differences when developing models that predict patient outcome results in models
that produce biased risk estimates. We elaborate on the differences in patient
treatment and how to account for them during model development and evaluation
in Chapter 4.

We use the MIMIC-III electronic health records (EHR) data set (A. E. Johnson
et al., 2016) to demonstrate how failure to account for differences in treatment
results in the development of models that show sub-optimal performance. This
example also emphasises the importance of complete reporting, especially of factors
that have a causal effect on the prediction target. MIMIC-III is a real-world EHR
data set that comprises of data on patients who stayed in the ICU of the Beth
Israel Deaconess Medical Center (in Boston) between 2001 and 2012. Patient year
of care is randomised in the data set for privacy reasons. However, this prevents
modelling practitioners from accounting for differences in treatment year of care
when developing prediction models.

In a study by Nestor et al., 2019, the authors obtained a license to access the year
of care of patients in the MIMIC-III data set; they highlighted two heterogeneities
in the data set related to patient year of care. Firstly, clinical measurements were
recorded in a different manner after 2008 due to a change in the data management
system. Secondly, care practices and population demographics evolved through
the years, resulting in temporal drift in the data. The authors developed models
trained only on prior year data, by taking into account patient year of care. These
models showed better discriminative performance than models developed without
accounting for year of care.

Other heterogeneities that occur in clinical data include batch effects, which
commonly arise due to the processing of patient data in batches because of, for
example, limited patient availability at each point in time.

The overwhelming amount of heterogeneous details in clinical data makes it
hard to ascertain which essential details have to be dealt with when developing
prediction models. As a result, these essential details are frequently unreported and
unaccounted for, which impedes the proper development and evaluation of models.
Great care has to be taken to identify and handle these details to achieve proper
model development and evaluation.
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2.4.2 Improper evaluation of models

Clinical prediction models are susceptible to improper evaluation, mainly due
to issues with data availability. Improper evaluation of models often produces
overly optimistic model assessments which are not reflective of model performance
under actual deployment. Healthcare decision makers are less likely to trust the
authenticity of evaluation results if they observe evidence of improper evaluation.
Performing proper evaluation is a key foundation for successful model deployment.
In this section, we provide examples of improper evaluation.

The most common flaw when evaluating clinical prediction models is not per-
forming external validation (Ho et al., 2020; Siontis et al., 2015). External validation
on an external cohort of patients (i.e. not from the development cohort) should
be performed whenever possible. A model may perform well on a hold-out test set
partitioned from the development cohort but perform badly on an external cohort
(i.e. patients from another study). Performing well during external validation is
essential to prove a model’s replicability and generalisability (Ho et al., 2020).

Other flaws in evaluation are less discernible; we present a flaw in the evalua-
tion of a deep learning model (Coudray et al., 2018) that is used to predict gene
mutation from small cell lung cancer histopathology images. In the original study,
histopathology slide images are randomly split into training, validation and test sets.
However, Oner et al., 2020 discovered that some of the slides in the training and test
sets were highly correlated as they were derived from the same patient, which led
to overly optimistic results during evaluation. Proper evaluation involved splitting
slide images at the patient level, so that slides from the same patient can only be
present together in either the training, validation or test set. The model showed
significantly worse performance when properly evaluated. This example highlights
the importance of proper evaluation, in giving an accurate assessment of a model’s
ability to generalise to new patients during real-world deployment.

Evaluating the performance of prediction models usually entails a few established
procedures and metrics, such as plotting the receiver operating characteristic (ROC)
and precision-recall curves, and calculating the c-statistic (i.e. area under the ROC
curve), calibration and net benefit. Nonetheless, there is no one-size-fits-all approach
in evaluating prediction models, with the most appropriate metrics to use differing

15



CHAPTER 2. OBSTACLES TO EFFECTIVE MODEL DEPLOYMENT

according to the intended use cases of the models (Weissler et al., 2021). Evaluating
models using unsuitable metrics will give inconsequential results that offer little
indication of how models would perform during real-world deployment. In addition,
modelling practitioners should be aware that metrics such as accuracy and precision
vary according to the proportion of positive and negative samples in the test set,
even when model performance remains the same.

In cases where either the prediction task or data set is more complex than
usual, we propose that evaluation should be customised accordingly. The aim is
to evaluate the performance of the model on its prediction task as accurately as
possible. Traditional metrics are often suited for standard tasks, but lack the finesse
to accurately evaluate model performance on more specialised tasks. We provide an
example of a customised evaluation method that incorporates differences in patient
treatment in Section 4.5.

2.5 Key takeaways
Heterogeneities in data and sources of biases during model development differ

according to each data set and situation. It is best for modelling practitioners to
familiarise themselves with common heterogeneities in data and common sources of
biases during model development. The best way to handle heterogeneities and biases
is highly dependent on the characteristics of each individual situation. It is also
crucial for practitioners to be aware of the intricacies in handling heterogeneities
and biases.

Certain heterogeneities in clinical data are often unreported due to privacy
and other reasons. Hence, it is important to anticipate, in particular, unreported
heterogeneities that have a causal effect on the prediction target. A frequent example
is treatment differences between patients. Permission to access patient treatment
information for model development should be requested from data providers, as it
is imperative to account for treatment differences during model development and
evaluation. Failure to account for treatment differences would be equivalent to
implicitly assuming that all patients receive the same treatment.

Proper evaluation of models helps to build confidence in their reproducibility
and replicability. Firstly, external validation should be performed whenever possible,
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to ensure fair assessment of model performance. Secondly, care has to be taken to
ensure that the evaluation methodology is free of errors (e.g. data leakage). Lastly,
the evaluation metrics used should be focused on assessing model performance in
achieving the prediction objective.

Complete and clear reporting of all aspects of model development and evaluation
is a simple yet often overlooked factor that improves the reproducibility, replicability
and generalisability of models. All details regarding the prediction model, such as
the prediction objective, target deployment population, data characteristics and
composition, data pre-processing, model specification and evaluation methodology,
should be provided. As a rule of thumb, all details required to reproduce the original
results should be reported when presenting the prediction model.
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Chapter 3

RVP: Quantifying batch effects

3.1 Introduction
Batch effects are systematic errors in measurements between different batches of

samples, and have been widely reported in many types of high-dimensional biological
data (Goh et al., 2017; Leek et al., 2010). Examples include quantitative data
produced using microarray, RNA-seq, scRNA-seq and liquid chromatography/mass
spectrometry (LC/MS) technologies. Batch effects may result from a variety of causes,
such as differences in experimental laboratories, technology platforms, measurement
times or laboratory personnel. Batch effects often result from an amalgamation of
different contributing factors.

Batch effects in data impairs downstream analysis in various ways. For example,
batch effects result in the identification of spurious differentially expressed genes
during differential expression analysis (Leek et al., 2010). Also, batch effects
frequently affect the generalisation ability of clinical prediction models. Significant
batch effects often exist between future batches of data that clinical prediction
models are deployed on, and batches of data used to train the model.

Batch effects are generally identified qualitatively, with the most popular method
being principal component analysis (PCA). Frequently, variation between batches is
captured in the first or second principal components (PCs), and samples from different
batches can be easily distinguished from each other in PCA plots (Lazar et al., 2012).
At times, variation between batches may be even bigger than biological variation
between different classes (Belorkar & Wong, 2016). Other popular dimension
reduction techniques that are used to visualise batch effects in high-dimensional data
include uniform manifold approximation and projection (McInnes et al., 2018) and
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t-distributed stochastic neighbour embedding (Van der Maaten & Hinton, 2008).
Very few quantitative batch effects metrics have been proposed for data with

small sample sizes. Most of the metrics proposed recently were developed specifically
for scRNA-seq data, which typically consist of thousands of samples. Some examples
include k-nearest-neighbour batch-effect test (Büttner et al., 2019) and cell-specific
mixing score (Lütge et al., 2021). The core concept behind these metrics is the same:
to detect batch effects by examining the characteristics of the k-nearest neighbours
(k-NNs) of all samples in the data. These metrics are not suited for small data sets
as k-NN methods do not work well in small data sets; suitable values of k values are
limited in small data sets. More critically, these metrics are not robust and can be
misleading when there are batch-class imbalances (Goh et al., 2022). Batch-class
imbalance refers to data in which different batches have different class proportions.
Most of the quantitative batch effects metric designed for small data sets, such as
guided PCA (gPCA; Reese et al., 2013) and principal variance component analysis
(PVCA; Scherer, 2009) are also inaccurate when used on data with batch-class
imbalance.

We propose a novel quantitative batch effects metric, recursive variance partition-
ing (RVP), which estimates the proportion of variance in data due to batch effects.
RVP was designed to be robust to batch-class imbalance, and to be suitable for use
in both small and large data sets. We evaluate the performance of RVP against two
batch effects metric designed for small data sets, gPCA and PVCA (Reese et al.,
2013; Scherer, 2009). We show that RVP most accurately estimates the proportion
of total variance in data due to batch effects across different magnitudes of batch
effects, using simulated RNA-seq data. RVP is able to give accurate estimates even
in data with batch-class imbalance. RVP also outperforms the other metrics in
real-world microarray and proteomics data sets. Most quantitative batch effects
metrics designed for small data sets involve PCA, either as a pre-processing step
or as part of their model (Lütge et al., 2021; Reese et al., 2013; Scherer, 2009).
We show that the runtime of RVP increases linearly with respect to the number of
samples in the data, while the runtime of gPCA and PVCA increases polynomially
with respect to the number of samples. Furthermore, we demonstrate that peak
memory usage of RVP is lesser than that of gPCA and PVCA when benchmarked
on the same data sets.
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3.2 Background
Batch effects can be characterised as systematic errors in measurements between

different batches of samples. Chen et al., 2011 defines a batch as a group of samples
that have been collected at a single experimental site over a short period of time.
Although batch effects are more commonly associated with high-dimensional data,
they have been reported in low-dimensional data as well (Goh et al., 2017; Leek
et al., 2010). Causes of batch effects include differences in experimental laboratories,
technology platforms, measurement times or laboratory personnel. Batch effects
observed in real-world data are often the result of multiple contributing factors.

Batch effects are not only present in high-dimensional biological data. For
example, batch effects can be found in near-infrared spectrums of edible oils as well.
Batch effects in different types of data may have different characteristics. We restrict
our scope in this thesis to batch effects in high-dimensional biological data.

3.2.1 Characteristics of batch effects

In this section, we describe various characteristics of batch effects that have
been observed in high-dimensional biological data. Batch effects in microarray gene
expression data are generally modelled either as additive or multiplicative batch
effects, or both (Lazar et al., 2012). The popular microarray batch effects correction
method ComBat (W. E. Johnson et al., 2007) models batch effects as both additive
and multiplicative batch effects as follows:

Yijk = Xijk + δik + γikϵijk

where Yijk is the measured log-transformed expression value for gene i of sample j
from batch k, Xijk is the theoretical gene expression value, ϵijk represents random
Gaussian noise with mean zero and variance σ2

i , and δik and γik represents additive
and multiplicative batch effects, respectively. Following the above model, additive
batch effects can be visualised intuitively as the distance separating different batches
of samples in a PCA plot, while multiplicative batch effects can be visualised as
different batches having different levels of dispersion among their own samples.

Batch effects correction methods that perform location-scale adjustment (e.g.
ComBat) assume batch effects to be constant across all samples in a batch, regardless
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of biological class. In other words, batch effects in microarray data are assumed
to be global, and correction of batch effects are performed uniformly across all
samples in a batch. On the other hand, batch effects in scRNA-seq data have been
characterised to be local, i.e. batch effects are assumed to vary between different
samples in a batch (Haghverdi et al., 2018; Hie et al., 2019). However, variation in
local batch effects between samples in a batch are expected to be small.

3.3 Related work
In this section, we describe two quantitative batch effects metrics that were

developed for use in microarray data, gPCA δ and PVCA. We provide a brief
summary on how each metric estimates the magnitude of batch effects in data. Both
gPCA δ and PVCA incorporate the use of PCA when quantifying batch effects.

3.3.1 gPCA δ

Guided PCA (gPCA) is a variation of PCA that incorporates the use of a batch
factor that encodes the batch a sample is assigned to (Reese et al., 2013). Both
gPCA and PCA are used to compute the test statistic δ that is used to quantify
batch effects.

PCA is commonly implemented by performing singular value decomposition
(SVD) on a centered matrix X ∈ Rn×p with n samples and p features:

X = UDV⊤

where V ∈ Rp×p is the orthogonal feature loadings matrix and Z = XV ∈ Rn×p

represents the transformed PC score matrix.
In gPCA, SVD is performed on a batch matrix W = Y⊤X ∈ Rm×p with m

batches and p features instead, where wkj is the aggregated expression value in batch
k of feature j, and Y ∈ Rn×m is the design matrix whose elements are given by

yik =


1 if sample i is in batch k,

0 otherwise.

Performing SVD on the batch matrix W results in

W = U′D′V′⊤
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where V′ ∈ Rp×p is the gPCA feature loadings matrix. The column vectors of V′

are known as the right singular vectors of W.
To compute the test statistic δ, the data is first projected onto the space spanned

by the right singular vectors of W (i.e. PCs obtained from gPCA of W), by
multiplying the original data matrix X by the gPCA feature loadings matrix V′ to
obtain the resulting gPCA-transformed PC score matrix Z′ ∈ Rn×p:

Z′ = XV′

The test statistic δ is the ratio of the variance of the scores from the first PC of
the gPCA-transformed score matrix, to the variance of the scores from the first PC
of the PCA-transformed score matrix:

δ = Var(Z′
·1)

Var(Z·1)
where the column vectors Z′

·1 ∈ Rp and and Z·1 ∈ Rp are the score vectors from the
first PC of the gPCA-transformed matrix Z′ and the PCA-transformed matrix Z,
respectively. Larger δ values (near one) imply that batch effects are larger.

In addition to the test statistic δ, a corresponding p-value is also reported which
shows the probability of obtaining a value greater than the observed test statistic
value δ0 by chance. A Monte Carlo permutation test is used to approximate the
p-value. The null distribution is generated by permuting the batch factor for a total
of S times, repeating gPCA each time to obtain the test statistic value δs of the sth
permutation. The p-value is then approximated by

p = 1
S

S∑
s=1

1{δs > δ0}

where 1{δs > δ0} is the indicator variable that is equals to one if δs is larger than δ0

and zero otherwise.

3.3.2 PVCA

Principal Variance Component Analysis (PVCA) quantifies batch effects by
estimating the proportion of variance in the data that can be attributed to batch-
related factors (Scherer, 2009). PVCA takes in different factors of interest (e.g.
batch, class) and estimates the proportion of total variance explained by these
factors and their two-way interactions terms.
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The PVCA algorithm consists of three main steps. First, PCA is performed on
the data, and only the top PCs are retained. The number of PCs retained depends
on the minimum number of PCs required for total variance of the retained PCs to
be above a target percentage of total variance of the data. However, the number of
retained PCs is limited at a maximum of 10.

Second, each PC was fitted separately using a linear mixed model. PC scores
were modelled as the dependent variable while all factors of interest were modelled
as random effects. Variance components due to the random effects are estimated
using restricted maximum likelihood (REML). The linear mixed model partitions
the total variance of each PC into variance components belonging to the factors and
their two-way interaction terms, as well as the model residual.

Third, a weighted average of the variance components of each factor is calculated
across PCs, using the respective eigenvalue of each PC as its weight. The weighted
average of variance components of each factor is subsequently normalised by dividing
by their sum (i.e. normalised so that they sum to unity). This normalised value is
used to represent the proportion of total variance explained by each factor.

3.4 Recursive variance partitioning
We propose recursive variance partitioning (RVP), a quantitative batch effects

metric which estimates the proportion of total variance in data that can be attributed
to batch effects. To use our metric, users provide a single batch factor specifying the
batch for each sample, along with the data matrix. Users should provide class-related
factors (e.g. disease condition) if present, as this would allow for more accurate
estimation of batch effects, particularly when data is batch-class imbalanced (i.e.
when different batches have different class proportions).

Our method is based on an important statistical concept known as the partition
of sums of squares, which is commonly used to attribute the proportion of variation
in data to different sources. This concept is used in the statistical model, analysis of
variance (ANOVA), and is also applied to calculate the coefficient of determination
R2 of linear regression models.

In RVP, the proportion of total variance in the data due to batch effects is
estimated as follows. The sum of squares that can be attributed to the batch factor
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is calculated for each feature, and subsequently summed across all features. The
resulting sum is divided by the total sum of squares of the data to arrive at our
estimate of the proportion of total variance in data that is attributable to batch
effects.

To elaborate, we consider a two factor model with a batch factor b and class
factor c. Let X ∈ Rp×n be the data matrix with p features and n samples, whose
elements xijkg denote the expression value of feature i in the j-th sample from batch
k and class g. The total sum of squares of the data matrix, which we denote as
SS(··)

T , can be obtained by summing the total sum of squares of all its features:

SS(··)
T =

∑
i

SS(i·)
T

where SS(i·)
T is the total sum of squares of feature i. SS(··)

T is proportional by a factor
of n− 1 to the total sample variance of the data matrix. The same relationship
applies between the total sum of squares and total variance of each feature vector in
the data matrix as well.

3.4.1 Case 1: Samples belong to the same class

We first consider estimating the proportion of variance due to batch effects in a
simpler case where all samples belong to the same class. We start by partitioning
the total sum of squares of each feature i into the sum of squares between batches
SS(i·)

B(b) and the sum of squares within batches SS(i·)
W (b):

SS(i·)
T = SS(i·)

B(b) + SS(i·)
W (b)

This is equivalent to the partition of sum of squares in a one-way ANOVA with
batch factor b. The total sum of squares of feature i is the sum of the squared
deviations of all samples from the overall mean x̄i··· and is defined as

SS(i·)
T =

∑
k,g,j

(xijkg − x̄i···)2

The sum of squares between batches (encoded by batch factor b) of feature i is
calculated by

SS(i·)
B(b) =

∑
k

nk(x̄i·k· − x̄i···)2
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where nk is the number of samples in batch k and x̄i·k· is the mean of feature i across
all samples belonging to batch k. The sum of squares within batches of feature i is
calculated by

SS(i·)
W (b) =

∑
k

∑
g,j

(xijkg − x̄i·k·)2

We estimate the proportion of total variance in the data that can be attributed to
batch effects by summing up across features all the sum of squares between batches,
and dividing it by the total sum of squares of the data matrix

RVP =
∑

i SS(i·)
B(b)∑

i SS(i·)
T

3.4.2 Case 2: Samples belong to different classes

In the case where samples come from different classes, we use a class factor c with
levels g to denote the classes that samples belong to. If more than one class-related
factor is provided, all possible factor level combinations are considered as levels of
a single class factor. For example, if disease condition and gender are provided as
class-related factors, the four possible factor level combinations: (Disease, Male),
(Disease, Female), (Normal, Male) and (Normal, Female) will be treated as individual
levels of a single class factor.

The two-way ANOVA can be used to estimate the proportion of variance at-
tributable to batch. However, the calculation of sum of squares of the batch factor b
in a two-way ANOVA is equivalent to the calculation of sum of squares between
batches according to a one-way ANOVA when samples are assumed to be from the
same class (as in section 3.4.1).

Disregarding information regarding the class factor when class effects are present
leads to biased estimates of the proportion of variance attributable to batch in data
with batch-class imbalance. In batch-class imbalanced data where a feature can be
affected by both batch and class effects, variation due to class will be erroneously
attributed to batch if the class factor is disregarded, resulting in an over-estimation
of batch effects.

To ensure that our estimate of the proportion of total variance due to batch
effects remains unbiased even in data with batch-class imbalance, we partition
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samples according to their class before calculating the proportion of variance within
each class that can be attributed to batch effects. This is performed by recursively
partitioning the total sum of squares of feature i using the class factor c first, followed
by the batch factor b:

SS(i·)
T = SS(i·)

B(c) + SS(i·)
W (c)

= SS(i·)
B(c) +

∑
g

∑
k,j

(xijkg − x̄i··g)2

= SS(i·)
B(c) +

∑
g

SS(ig)
T

= SS(i·)
B(c) +

∑
g

(SS(ig)
B(b) + SS(ig)

W (b))

where x̄i··g is the mean of feature i across all samples belonging to class g, and SS(ig)
T ,

SS(ig)
B(b) and SS(ig)

W (b) are the total sum of squares, sum of squares between batches, and
sum of squares within batches, respectively, of feature i across all samples belonging
to class g.

We estimate the proportion of total variance in the data that is due to batch
effects by summing across all features and classes, the sum of squares between
batches in each class g for feature i. Subsequently, we divide the above sum by the
total sum of squares of the data matrix to obtain our estimate:

RVP =
∑

i

∑
g SS(ig)

B(b)∑
i SS(i·)

T

By first partitioning samples into their respective classes before calculating the
sum of squares between batches in each class, we manage to attribute to batch
effects the variance that would have been attributed in a two-way ANOVA to the
interaction between the batch factor and class factor.

3.5 Methods

3.5.1 Data sets

We evaluate the performance of all batch effects metrics on four data sets from
different high-throughput technologies. We evaluate their accuracy in estimating

26



CHAPTER 3. RVP: QUANTIFYING BATCH EFFECTS

batch effects of different magnitudes, using simulated RNA-seq count data. We also
evaluate their performance on real data sets, such as gene expression microarray
and quantitative proteomics data sets. For all data sets, different subsamples were
taken to represent data with and without batch-class imbalance.

3.5.1.1 Simulated RNA-seq data set

RNA-seq count data was simulated using the BatchQC 1.22.0 package (Mani-
maran et al., 2016) in R (R Core Team, 2018). Data was simulated using a two-batch
and two-class design, with equal batch and class sizes. Two sets of ten count matrices
with different magnitudes of batch effects were simulated. The first set of data
matrices were simulated to have severe batch-class imbalance while the second set
of matrices represent data with a balanced batch-class design (see Table 3.1).

Batch A B
1 20 20
2 20 20

(a) Balanced

Batch A B
1 10 30
2 30 10

(b) Severe imbalance

Table 3.1: Distribution of samples across batches and classes in simulated RNA-seq
count data for (a) the set of data matrices without batch-class imbalance and (b)
the set of data matrices with batch-class imbalance.

BatchQC simulates counts Xijkg for feature i in the j-th sample from batch k

and class g by sampling from a negative binomial distribution parametrised by the
dispersion parameter rk and mean parameter µijkg:

Xijkg ∼ NB(rk, µijkg)

The mean and dispersion parameters are defined in terms of user-specified
hyper-parameters:

µijkg = α + ϕi + δk + ψg + ϵYijkg , rk = β + γk

where α is the overall base mean, ϕi is the feature effect, δk is the batch effect, ψg is
the class effect, ϵ is the extra dispersion, the random variable (r.v.) Yijkg ∼ Beta(2, 2)
is the multiplier term, β is the base dispersion and γk is an additional dispersion
term specific to batch k.

27



CHAPTER 3. RVP: QUANTIFYING BATCH EFFECTS

We simulated data with additive batch effects using a three-step process. First,
we simulated a data matrix X ∈ Zp×n

≥0 with no batch effects consisting of two classes
using the following hyper-parameters: n = 80, p = 8000, α = 5000, ϵ = 2000,
β = 2000, δk = 0 and γk = 0 for all k, class effect vector ψ = (ψ1, ψ2) = (0, 10000),
and feature effect vector ϕ = (ϕ1, ϕ2, . . . , ϕp) = (0, 100, . . . , 799900). Second, we
simulated additive batch effect terms ωijkg for feature i in the j-th sample from
batch k and class g by sampling from a Poisson distribution:

ωijkg ∼ Pois(δk)

where δk represents the magnitude of batch effects in batch k. Third, we added the
batch effect terms to their respective counts to obtain counts with additive batch
effects:

X ′
ijkg = Xijkg + ωijkg

To simulate ten data matrices with different magnitudes of batch effects, we set
δ1 = 0 and δ2 = 1000, 2000, . . . , 10000 when simulating additive batch effect terms
for each data matrix, respectively.

3.5.1.2 MAQC-I microarray data set

The Microarray Quality Control I (MAQC- I) data set was generated to analyse
the reproducibility of microarray measurements across different microarray platforms
and test sites (Shi et al., 2006). Raw microarray gene expression data were down-
loaded from the Gene Expression Omnibus (GEO) repository (Edgar et al., 2002)
under the accession number GSE5350. We restricted our analysis to microarrays
from the Affymetrix HG-U133 Plus 2.0 platform. To ensure consistency of the RNA
samples, two different classes of commercially available RNA samples were assayed,
the 100% Universal Human Reference RNA (UHRR) samples and the 100% Human
Brain Reference RNA (HBRR). A total of 60 samples were assayed at six different
laboratories, representing six different batches. There were ten samples per batch,
with five technical replicates from each class.

Different subsamples of the MAQC-I data set were used to simulate data with
different degrees of batch-class imbalance, and data with no batch effects. To simulate
data with no batch effects, samples from the same batch were artificially assigned to
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different batches. Batch and class distributions of the different subsamples used in
our experiments are in Table 3.2.

Batch UHRR HBRR
1 2 2
1′ 2 2

(a) Balanced (no batch effects)

Batch UHRR HBRR
1 3 1
1′ 1 3

(b) Severe imbalance (no batch effects)

Batch UHRR HBRR
1 4 4
2 4 4

(c) Balanced

Batch UHRR HBRR
1 3 5
2 5 3

(d) Moderate imbalance

Table 3.2: Distribution of samples across batches and classes in four different
subsamples of the MAQC-I microarray data set. Samples in batch 1′ refer to samples
from batch 1 that have been artificially assigned to be from a different batch.

3.5.1.3 Ma-Spore ALL microarray data set

The Ma-Spore acute lymphoblastic leukaemia (ALL) data set consists of time-
series gene expression microarrays of childhood ALL patients at different treatment
time points, specifically at Day 0 (diagnosis) and Day 8 (Stary et al., 2014; A. E. J.
Yeoh et al., 2012; A. E. J. Yeoh et al., 2018). It is publicly available at the GEO
repository under accession number GSE67684. Sample microarrays were scanned
over a period of time ranging from 2002 to 2015, and grouped into ten different
batches according to their scan dates. Patient subtypes are diagnosed through the
use of cytogenetic analysis, immunophenotyping and molecular screening. Patients
either achieve continuous complete remission or suffer from relapse.

Only samples from the TEL-AML1 subtype belonging to patients who achieved
remission were used for experiments in this chapter. Different subsets of the above-
mentioned samples were used to simulate data with different degrees of batch-class
imbalance, and data with no batch effects. Samples from the same batch were
artificially assigned to different batches to simulate data with no batch effects.
Table 3.3 shows the batch and class distributions of the various subsets used in our
experiments.
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Batch Day 0 Day 8
2 4 4
2′ 4 4

(a) Balanced (no batch effects)

Batch Day 0 Day 8
2 6 2
2′ 2 6

(b) Severe imbalance (no batch effects)

Batch Day 0 Day 8
2 4 4
9 4 4

(c) Balanced

Batch Day 0 Day 8
2 5 3
9 3 5

(d) Moderate imbalance

Table 3.3: Distribution of samples across batches and classes in four different
subsamples of the Ma-Spore ALL microarray data set. Samples in batch 2′ refer
to samples from batch 2 that have been artificially assigned to be from a different
batch.

3.5.1.4 Westlake proteomics data set

The Westlake data set is a quantitative proteomics data set that was derived
from LC/MS measurements. It was generated to study batch effects in proteomics
data. Protein expression of two different cancer cell lines, K562 and A549, were
measured using two different mass spectrometers. Samples measured using the
same mass spectrometer are considered to be from the same batch. For each class,
a total of three biological replicates were obtained, and four technical replicates
were performed for each biological replicate (giving 12 samples per class for a single
batch). This was repeated using two different mass spectrometers to give a total of
48 samples. Different subsets of samples were used to simulate data with different
degrees of batch-class imbalance, and data with no batch effects. Samples from the
same batch were artificially assigned to different batches to simulate the absence of
batch effects. Details regarding the batch and class distributions of samples in the
different subsamples can be found in Table 3.4.

3.5.2 Runtime and memory analysis

Runtime was measured using the Sys.time function in R (R Core Team, 2018),
while peak memory usage was measured using the Linux utility time. We simulated
five RNA-seq count matrices with 2000, 4000, . . . , 10000 samples using the BatchQC
package in R. All matrices were simulated using the same hyper-parameters stated
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Batch K562 A549
1 4 4
1′ 4 4

(a) Balanced (no batch effects)

Batch K562 A549
1 2 6
1′ 6 2

(b) Severe imbalance (no batch effects)

Batch K562 A549
1 8 8
2 8 8

(c) Balanced

Batch K562 A549
1 6 10
2 10 6

(d) Moderate imbalance

Batch K562 A549
1 4 12
2 12 4

(e) Severe imbalance

Table 3.4: Distribution of samples across batches and classes in five different
subsamples of the Westlake proteomics data set. Samples in batch 1′ refer to samples
from batch 1 that have been artificially assigned to be from a different batch.

in section 3.5.1.1, but with a fixed batch effects parameter of δ = (0, 5000). We
ran PVCA using the pvcaBatchAssess function from the pvca package in R, with
the minimum percentage of variance parameter set to 60%. We modified the
implementation of the gPCA.batchdetect function in order to run gPCA with zero
number of permutations in the permutation test, and to solve memory issues due to
inefficient coding design. The permutation test is not required for the calculation of
the gPCA δ metric. All experiments were run on a personal workstation with 3.40
GHz Intel Core i7-4770 CPU and 8 gigabytes (GB) of RAM.

3.6 Results

3.6.1 Simulated RNA-seq count data

In order to evaluate the ability of RVP to accurately quantify batch effects of
different magnitudes, we simulated RNA-seq count data with different magnitudes
of batch effects using the BatchQC package. We simulated data consisting of two
batches and two classes, with equal batch and class sizes. Two sets of data were
simulated, one with batch-class imbalance and the other without.

We simulated data with additive batch effects through a three-step process.
First, we simulated data without batch effects using BatchQC. Let Xijkg be the r.v.
denoting the count of feature i in the j-th sample from batch k and class g. BatchQC
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simulates counts by sampling from a negative binomial distribution parametrised
by the dispersion parameter rk and mean parameter µijkg: Xijkg ∼ NB(rk, µijkg).
The parameters rk and µijkg are defined by user-specified hyper-parameters, which
control the step sizes of increment between different features, classes and batches.
For more details on the hyper-parameters used to simulate the data, please refer to
section 3.5.1.1. Second, we simulated additive batch effect terms ωijkg by sampling
from a Poisson distribution: ωijkg ∼ Pois(δk), where δk represents the magnitude of
batch effects in batch k. Third, we added the batch effect terms to their respective
counts to obtain counts with additive batch effects: X ′

ijkg = Xijkg + ωijkg. We
simulated ten data matrices with different magnitudes of batch effects by setting
δ1 = 0 and δ2 = 1000, 2000, . . . , 10000 when simulating additive batch effect terms
for each data matrix, respectively. The notation defined in this paragraph is used
consistently throughout the following subsections.

To assess the accuracy of the batch effects metrics in quantifying batch effects of
different magnitudes, we derived two different estimates of batch effects magnitude
from the hyper-parameters used to simulate the data. The derived a priori estimates
are 1) the percentage of batch effects in the data, and 2) the variance due to batch
effects in the data. We use each estimate as the ground truth for the magnitude of
batch effects in the data sets. We verify both a priori estimates by comparing them
to measurements of the simulated additive batch effect terms used to generate the
data.

3.6.1.1 Percentage of batch effects in data

We estimate the percentage magnitude of batch effects in our simulated RNA-seq
data, which we denote as π, by dividing the expected value of the total magnitude
of additive batch effect terms, by the expected value of the total counts without
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batch effects in the entire data matrix:

π =
E
(∑

i,k,g,j X
′
ijkg −Xijkg

)
E
(∑

i,k,g,j Xijkg

)
=
∑

i,k,g,j E (ωijkg)∑
i,k,g,j E (Xijkg)

=
∑

i,k,g,j δk∑
i,k,g,j α + ϕi + ψg + ϵE(Yijkg)

= p
∑

k nkδk

pnα + 0.5pnϵ+ p
∑

g ngψg + n
∑

i ϕi

where nk is the number of samples in batch k, ng is the number of samples in
class g, n is the total number of samples and p is the number of features. The
r.v. Yijkg ∼ Beta(2, 2) has an expected value of E(Yijkg) = 0.5. Simplifications of
summations over individual features, samples, batches and classes can be made as
both batch effects δk and class effects ψg are constant across all features.

In order to verify that the theoretical formula for percentage magnitude of batch
effects is correct, we first obtained the matrix of additive batch effect terms and
the original count data matrix (without batch effects) used to simulate each data
set. Subsequently, we measured the percentage of batch effects in each data set
by dividing the sum of all additive batch effect terms by the sum of all counts
in the original data matrix. Figure 3.1 shows that the theoretical percentage of
batch effects corresponds closely to the measured percentage of batch effects in all
simulated data sets.

Figure 3.2 demonstrates that RVP is able to quantify batch effects accurately in
both data with and without batch-class imbalance. RVP has the smallest absolute
change in metric values between balanced and imbalanced data when the percentage
of batch effects in the data is the highest (compare points at top end of curves in
Figures 3.2c and 3.2f). Furthermore, the relationship between the percentage of
batch effects in data and RVP most resembles a linear relationship out of the three
metrics. However, RVP reports a small percentage of batch effects when there are
no batch effects in the data.

PVCA estimates the percentage of batch effects more accurately when the
percentage of batch effects in data is low (see Figures 3.2a and 3.2b). However, its
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Figure 3.1: Plots of the measured percentage of batch effects in the simulated
RNA-seq data sets against the theoretical percentage of batch effects computed from
data simulation hyper-parameters for data sets (a) with batch-class imbalance, and
(b) without batch-class imbalance. The original data set without batch effects is
included in the plot as well.

error increases exponentially as the percentage of batch effects in the data increases.
gPCA δ fails to accurately and robustly quantify the percentage of batch effects
in data with batch-class imbalance, at times reporting an increase in batch effects
when the theoretical percentage of batch effects in the data is decreasing (see Figure
3.2d).

3.6.1.2 Variance due to batch effects

We derive a theoretical estimate of variance due to batch effects in the simulated
RNA-seq data, which is computed using the data simulation hyper-parameters. Let
W ∈ Zp×n

≥0 be the count matrix with p features and n samples, whose elements wijkg

represent the expected value of additive batch effects in feature i of the j-th sample
from batch k and class g:

wijkg = E(X ′
ijkg −Xijgk) = E(ωijkg) = δk

where δk is the mean parameter of the Poisson distribution used to simulate additive
batch effect terms ωijkg. The random variables X ′

ijkg and Xijkg denote counts with
and without batch effects, respectively.

We use the total sample variance of W, which we denote as S2
W, as our theoretical

estimate of the variance in data that is attributable to batch effects. We compute
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Figure 3.2: Plots of different batch effects metrics against the theoretical percentage
of batch effects in (a) data with severe batch-class imbalance and (b) data without
batch-class imbalance. (c-e) Individual magnified plots of each metric in (a). (f-h)
Individual magnified plots of each metric in (b). RVP, gPCA δ and PVCA are
coloured in red, green and blue, respectively. All metrics are percentage values, and
are plotted as a decimal. For all metrics, higher values indicate stronger batch effects.
Theoretical percentage of batch effects in data is plotted as a decimal. Dashed grey
line (identity line) indicates the performance of a metric that correctly estimates the
theoretical percentage of batch effects in the data with no error. Vertical distance
between the curve and the dashed grey line represents the error at a specific batch
effects percentage.
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S2
W by summing the sample variance of each row vector wi:

S2
W =

∑
i

S2
wi

=
∑

i

1
n− 1

∑
k,g,j

(wijkg − w̄i)2

= 1
n− 1

∑
i

∑
k

nk(δk − w̄i)2

where nk is the number of samples in batch k and w̄i is the mean of wi, which is
given by:

w̄i =
∑

k,g,j wijkg

n
=
∑

k nkδk

n

As we simulated data following a two-batch and two-class design with equal
batch and class sizes, the number of samples in each batch equals to half the total
number of samples (nk = n/2), and the batch effects magnitude of batches one and
two can be defined as δ1 = 0 and δ2 = δ. Thus, the above formula for S2

W can be
simplified to:

S2
W = 1

n− 1
∑

i

∑
k

n

2

δk −

∑
k

n

2δk

n


2

= pn

2(n− 1)
∑

k

(
δk − δ

2

)2

= pn

n− 1

(
δ

2

)2

RVP estimates the percentage of variance attributable to batch effects in the
data. By definition, it can also be used to estimate the variance due to batch effects
in data by multiplying it with the observed sample variance of the data, which we
denote as S2

X. Similarly, we can also multiply PVCA and gPCA δ by the observed
sample variance of the data S2

X to obtain their respective estimates of variance due
to batch effects in data. This can be done as PVCA measures the proportion of
variance attributable to batch effects, and gPCA δ is a ratio between two variances;
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both PVCA and gPCA δ are percentages that when expressed as a decimal, range
from zero to one.
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Figure 3.3: Plots of the measured variance due to batch effects against the theoretical
estimate of variance due to batch effects in simulated RNA-seq data sets (a) with
batch-class imbalance, and (b) without batch-class imbalance. The original data set
without batch effects is included in the plot as well.

We use the theoretical estimate of variance due to batch effects (S2
W) as the

ground truth to evaluate the accuracy of each metric in quantifying the variance
attributable to batch effects. In order to verify that the theoretical estimate of
variance due to batch effects is correct, we first obtained the matrix of additive batch
effect terms used to simulate each data set. Subsequently, we measured the total
sample variance of the additive batch effects matrix for each data set. Comparison of
the measured variance due to batch effects and the theoretical estimate of variance
attributable to batch effects show that they correspond closely to each other in both
data with and without batch-class imbalance (see Figure 3.3).

In Figure 3.4, we compare the batch effects variance estimated by each batch
effects metric against the theoretical benchmark batch effects variance S2

W. RVP
is able to accurately estimate variance due to batch effects in both data with and
without batch-class imbalance (see Figures 3.4a and 3.4b). The batch effects variance
estimated empirically using RVP has a linear relationship with the benchmark batch
effects variance in both balanced and imbalanced data, and does not deviate much
from the correct estimate (indicated by the dashed lines in Figures 3.4c and 3.4f).
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Figure 3.4: Plots of batch effects variance estimated by the different batch effects
metrics, against the theoretical batch effects variance computed from the hyper-
parameters used to simulate the data. (a) Comparison between metrics in data
with severe batch-class imbalance and (b) Comparison between metrics in data
without batch-class imbalance. (c-e) Individual magnified plots of each metric in
(a). (f-h) Individual magnified plots of each metric in (b). RVP, gPCA δ and PVCA
are coloured in red, green and blue, respectively. Dashed grey line (identity line)
indicates the performance of a metric that correctly estimates batch effects variance
in the data. Vertical distance between the curve and the dashed grey line represents
error at a specific batch effects magnitude.
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On the other hand, the batch effects variance estimated by PVCA increases
exponentially as the benchmark batch effects variance increases, deviating more from
the correct estimate in balanced data (indicated by the dashed line in Figure 3.4h).
Batch effects variance estimated by gPCA δ deviates greatly from the benchmark
batch effects variance in both balanced and imbalanced data. In imbalanced data, as
the benchmark batch effects variance increases, the batch effects variance estimated
by gPCA δ decreases at first before increasing again (see Figure 3.4d). Data with
different batch effects variances may be erroneously estimated by gPCA δ to have
equal batch effects variances. This undermines the reliability of gPCA δ in data
with batch-class imbalance.

3.6.1.3 Runtime and memory analysis

We evaluated the runtime and peak memory usage of RVP, gPCA and PVCA
on five simulated RNA-seq data sets with different numbers of samples (n =
2000, 4000, . . . , 10000). All data sets had 8000 features and did not have batch-class
imbalance. Figure 3.5a shows that the runtime of RVP increases linearly with
respect to the number of samples in the data set. On the other hand, the runtime
of gPCA and PVCA increases polynomially with respect to the number of samples.
We observe that RVP is two orders of magnitude faster than both gPCA and PVCA,
taking 8.2 seconds to run on data with 8000 samples and 8000 features, as compared
to 504 seconds for gPCA and 677 seconds for PVCA. PVCA failed to run on the
data set with 10000 samples as it required more than 8 GB of RAM memory. We
observe in Figure 3.5b that the peak memory usage of all the batch effects metrics
increased linearly with respect to the number of samples, with RVP showing the
smallest peak memory usage out of the three in all five data sets. For the data set
consisting of 8000 samples, peak memory usage of RVP was roughly half that of
gPCA and a third of the peak memory usage of PVCA.

RVP has a time complexity of O(mn) when used on a data matrix with m

features and n samples. RVP performs basic arithmetic operations across n samples
independently for m features, before summing up the intermediary results across all
features. The number of basic arithmetic operations it performs is proportional to
the number of entries in the data matrix mn. On the other hand, gPCA, PVCA and
most batch effects metrics involve the use of PCA. Most implementations of PCA
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perform SVD on the data matrix; the Jacobi SVD algorithm has a time complexity
of O(m2n+ n3) when performed on a m× n matrix (Golub & Van Loan, 2013). In
the case of PVCA, in addition to performing PCA, PVCA fits a linear mixed model
to PCA-transformed data using the REML method, which requires O(m2n) time
(Z. Tan et al., 2018).
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Figure 3.5: Comparison of (a) runtime and (b) peak memory usage of batch effects
metrics when used to quantify batch effects in simulated RNA-seq data sets of
different sample sizes. All data sets consist of 8000 features. PVCA failed to run on
the data set with 10000 samples due to insufficient RAM memory.

3.6.2 Microarray and proteomics data

We compare the performance of RVP, PVCA and gPCA δ in quantifying batch
effects in different microarray and proteomics data sets in Table 3.5. In particular,
we investigate their performance in data with and without batch-class imbalance,
both with and without batch effects. Different subsets of each data set are used
to represent data with and without batch effects, and with different degrees of
batch-class imbalance. All subsets that fall under the same category (having or not
having batch effects) contain an equal number of samples and have equal batch and
class sizes, to facilitate fair comparison.

gPCA δ is found to be highly unreliable in quantifying batch effects in data with
batch-class imbalance. gPCA δ consistently reports strong batch effects in data
with no batch effects when there is severe batch class imbalance. This corroborates
with previous findings that gPCA δ over-estimates the magnitude of batch effects
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in data with batch-class imbalance (Zhou et al., 2019). In comparison, both RVP
and PVCA correctly report low magnitudes of batch effects in data without batch
effects that have severe batch-class imbalance.

In data with batch effects, gPCA δ values increase along with the severity of
batch-class imbalance, even though batch sizes and the total number of samples in
the different subsamples of each data set remain the same. On the other hand, both
RVP and PVCA report consistent values in the different subsamples of each data
set with different degrees of batch-class imbalance.

No batch effects Batch effects
Balanced Severe imbalance Balanced Moderate imbalance

gPCA δ 0.345 0.545 (+0.20) 0.701 (+0.36) 0.692 (+0.35)
PVCA 0.0353 0.0738 (+0.039) 0.233 (+0.20) 0.191 (+0.16)
RVP 0.123 0.142 (+0.019) 0.247 (+0.12) 0.242 (+0.12)

(a) Ma-Spore ALL data set

No batch effects Batch effects
Balanced Severe imbalance Balanced Moderate imbalance

gPCA δ 0.0605 0.858 (+0.80) 0.122 (+0.062) 0.469 (+0.41)
PVCA 0.0312 0 (-0.031) 0.101 (+0.070) 0.0896 (+0.058)
RVP 0.0879 0.0864 (-0.0015) 0.116 (+0.028) 0.112 (+0.024)

(b) MAQC-I data set

No batch effects Batch effects

Balanced Severe imbalance Balanced Moderate imbalance Severe imbalance

gPCA δ 0.0499 0.942 (+0.89) 0.416 (+0.37) 0.584 (+0.53) 0.834 (+0.78)
PVCA 0.0335 0.0646 (+0.031) 0.260 (+0.23) 0.215 (+0.18) 0.178 (+0.14)
RVP 0.0532 0.0331 (-0.020) 0.283 (+0.23) 0.264 (+0.21) 0.218 (+0.16)

(c) Westlake proteomics data set

Table 3.5: Values of batch effects metrics when used to quantify batch effects in
different subsets of the (a) Ma-Spore ALL data set, (b) MAQC-I data set and (c)
Westlake proteomics data set. Different subsets represent data with varying degrees
of batch-class imbalance, both with and without batch effects. Differences between
each metric value and its value in data with no batch effects and no batch-class
imbalance are included in brackets. Differences are comparable across metrics as
they are all percentages expressed as decimals that range from zero to one.

The difference in metric values when measuring balanced data without batch
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effects, and balanced data with batch effects, can be interpreted as the magnitude
of a true positive when actual batch effects are detected (see bracketed values in
Table 3.5). Similarly, the difference in metric values when measuring balanced data
with no batch effects, and imbalanced data with no batch effects, can be thought of
as the magnitude of a false positive that results from batch-class imbalance. The
ratio of the magnitude of true positive, to the magnitude of false positive of a batch
effects metric can be interpreted akin to its signal to noise ratio. RVP exhibits the
highest ratio across all data sets, which highlights its reliability in quantifying batch
effects in data with batch-class imbalance. However, it can be observed that RVP
has a slight bias in estimating batch effects in balanced data with no batch-class
imbalance, deviating slightly from the desired value of zero.

3.7 Discussion
Batch effects can be modelled either as additive effects, multiplicative effects

or both additive and multiplicative effects (Lazar et al., 2012). An increase in
magnitude of additive batch effects can be visualised as an increase in distance
between batches in a PCA plot, while an increase in multiplicative batch effects can
be visualised as an increase in dispersion of samples in any of the batches. RVP is
designed to quantify additive batch effects, and may fail to capture variance caused
by multiplicative batch effects. However, we believe that additive batch effects
dominate multiplicative batch effects, especially after log-transformation of data.

In this chapter, we presented RVP, a novel quantitative batch effects metric
suitable for use in small data sets. We demonstrated that RVP is able to accurately
quantify the magnitude of batch effects across a wide range of magnitudes, using
simulated RNA-seq data. We also showed that RVP outperforms other metrics in
quantifying batch effects in real-world gene expression microarray and quantitative
proteomics data sets, especially in data with batch-class imbalance. RVP is hardly
affected by batch-class imbalance, and achieves similar estimates of magnitude of
batch effects in both data with or without batch-class imbalance. We argued that
RVP has a lower time complexity than PVCA and gPCA, as it does not involve
computationally expensive operations such as PCA. We substantiated our claim by
demonstrating that RVP runs orders of magnitude faster than gPCA and PVCA on
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a data set with 8000 features and 8000 samples. In addition, we showed that the
peak memory usage of RVP is less than both gPCA and PVCA when benchmarked
on the same data sets.

43



CHAPTER 4. ACCOUNTING FOR TREATMENT DIFFERENCES

Chapter 4

Accounting for treatment differences

4.1 Introduction
Clinical prediction models are often used for estimating the absolute risk of

clinically important outcomes in patients. Prediction models can be employed to
support clinical decision making, with estimated risks of clinically poor outcomes
being used to guide treatment initiation in individuals. Examples of real-world
applications include the Framingham risk score in cardiovascular disease (CVD) and
Apgar score for the prognosis of newborns (Apgar, 1952; Wilson et al., 1998).

Differences in patient treatment occur frequently in clinical data as many diseases
are treated using a risk-adapted strategy. Failure to handle treatment effects properly
during the development of prediction models results in inaccurate models that have
low generalisability (Groenwold et al., 2016; Sperrin et al., 2018).

This can be illustrated by a famous example presented by Caruana et al., 2015,
where a machine learning model learns that patients with a history of asthma have
a lower risk of dying from pneumonia. Information regarding intensive care unit
(ICU) admission of asthmatic patients was not fed to the model, which resulted in
the model erroneously learning that asthma is associated with lower risk. Deploying
the model in a population where asthmatics are not admitted to the ICU would
prove disastrous, as these patients would be predicted as low risk when they in fact
require intensive treatment.

Despite the need to properly account for patient treatments, few prediction
modelling studies report patient treatments in sufficient detail. Surveys on prediction
modelling studies in CVD highlighted that a significant portion of studies do not
mention treatment use, and that most studies fail to mention treatment initiated

44



CHAPTER 4. ACCOUNTING FOR TREATMENT DIFFERENCES

after the time of prediction (Liew et al., 2011; Pajouheshnia et al., 2017).
Treatment strategies developed for diseases are highly specific and usually involve

a combination of different treatments that may include both medical and non-
medical interventions. In addition to treatment strategies differing between diseases,
treatment strategies for the same disease evolve over time as well. In general,
treatments differ in whether they are initiated prior to prediction (baseline treatment)
or after the time of prediction (treatment drop-in). In complex cases, intensity levels
of treatment are altered throughout the course of treatment.

As the treatment for each disease varies greatly, there is no one-size-fits-all
approach in handling treatment effects during the development or evaluation of
prediction models; the appropriate approach often depends on each individual
situation. As a result, there are many subtleties to consider when accounting for
treatment effects during the development or evaluation of prediction models in
different settings.

In this chapter, we introduce common methods that are used to handle treatments
during the development of prediction models, and discuss issues associated with
these methods. When treatment strategies are the same in the development and
deployment cohorts, ignoring treatment may be a viable approach. However, when
treatment strategies are different between cohorts, patient treatments should be
accounted for. We illustrate the benefits of incorporating treatment information
during the evaluation of prediction models through a case study of the Ma-Spore
ALL data set (A. E. J. Yeoh et al., 2012; A. E. J. Yeoh et al., 2018). We suggest a
scoring scheme that incorporates patient treatment information to assess whether
treatment intensity predictions are correct. We encourage examining individual
cases in detail during the analysis and evaluation of clinical prediction models in
order to properly account for the heterogeneities in clinical data.

4.2 Methods in handling treatment differences
Clinical prediction models are frequently employed to facilitate treatment initia-

tion decisions, which requires estimating the risk of adverse outcomes in the absence
of treatment (Groenwold et al., 2016; Hemingway et al., 2013). As clinical data often
consists of a mix of treated and untreated patients, it is essential to properly account
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for patient treatments when developing a model to support treatment initiation
decisions. The most common methods used to handle treatments include ignoring
treatment, restricting analysis to untreated patients, including treatment together
with the adverse outcome as a composite outcome, modelling treatment, and hypo-
thetical prediction (Groenwold et al., 2016; Sperrin et al., 2018; van Geloven et al.,
2020). However, modelling treatments will only work if knowledge of treatment use
is known at the time of prediction (i.e. will not work for treatment drop-ins).

4.2.1 Ignoring treatment

Many prediction modelling studies choose to ignore the fact that treated patients
are present in the data being using to develop the models (Pajouheshnia et al.,
2017). If the treatment was effective in reducing risk of adverse outcome in patients,
treated patients would have a lower chance of suffering from the adverse outcome.
Not accounting for treated patients in the data used to train the model would result
in a model that under-estimates risk when deployed on untreated patients. The
effectiveness of treatment and proportion of treated patients in the data would
determine the extent to which the developed models would under-estimate risk
(Groenwold et al., 2016).

Ignoring treatment also leads to a “treatment paradox” (Peek et al., 2017).
Suppose a model predicts patients as high risk due to a specific predictor, and
treatment is given to patients predicted as high risk. If the treatment is effective and
lowers the patients’ probability of having an adverse outcome, the predictor-outcome
association would be attenuated. If the data is used to develop a model without
accounting for treatment, the model would learn that the predictor is now associated
with low risk instead, contradicting the original prediction.

4.2.2 Restricting analysis

Another commonly used method is to restrict analysis to untreated patients only.
This method is susceptible to selection bias, as often patients deemed to be low risk
are excluded from treatments (Sperrin et al., 2018). Developing models using data
consisting only of untreated patients with a lower probability of the outcome might
lead to an under-estimation of risk when the model is validated on the full range of
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patients with different levels of risk (Groenwold et al., 2016).

4.2.3 Composite outcome

A method that can be used to handle treatment drop-ins is to combine the
treatment together with the original outcome as a composite outcome. Essentially,
we are estimating the risk of occurrence of the outcome or administration of treatment
in a patient. One of the cases better suited for this method is when treatment most
likely prevented the occurrence of the outcome (e.g. patients would most probably
suffer from myocardial infarction if they did not undergo surgery).

4.2.4 Modelling treatment

Baseline treatments received by patients can be accounted for by explicitly
including treatment as a predictor in the prediction model. However, as information
about treatment drop-ins are unavailable at the time of prediction, this method does
not apply to them.

4.2.5 Hypothetical prediction

The hypothetical prediction method accounts for treatments by performing a
counterfactual prediction - predicting risk in a hypothetical world where treated
patients are not given treatment instead. Causal inference methods, such as marginal
structural models and g-formulas, are used in the estimation of hypothetical untreated
risk (Dickerman et al., 2022; Sperrin et al., 2018). However, the validity of these
estimates are conditioned on three key assumptions: exchangeability of treated
and untreated patients given measured confounders, positivity (having a non-zero
number of treated and untreated patients for all covariate patterns) and consistency,
where a patient’s hypothetical risk is equal to her observed risk in the real world
(Dickerman et al., 2022; van Geloven et al., 2020). These assumptions are often
unverifiable empirically in observational studies, where treatment is not randomised.
In addition, it is challenging to 1) account for differences between interventional and
conditional distributions, 2) identify all potential confounders and colliders, and 3)
avoid model misspecification (Prosperi et al., 2020).
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4.3 Prediction estimands
Accounting for treatment using different methods during the development of

prediction models results in different models with subtly different estimands (van
Geloven et al., 2020). Ignoring treatment effectively results in a model that estimates
a patient’s risk of the adverse outcome, given that patients are treated according to
the current treatment strategy. Deployment of the model in a population with the
same treatment strategy would yield legitimate predictions, as similar associations
between predictors, treatment and outcome exist. If the deployed model predicted
a good outcome for a patient, the patient should continue on the same treatment
strategy; however, if the model predicted a poor outcome, the patient would do
better not to follow the same treatment strategy. In cases where the deployment
population does not have the same treatment strategy, it is best to account for
treatment in order to avoid inaccurate predictions.

4.4 Case study: Ma-Spore ALL data set
Different diseases require different treatment strategies, each with their own set

of issues and complexities. Treatment strategies should be reported in detail so that
necessary actions can be taken to account for them during both the development
and evaluation of prediction models. We use data from the Ma-Spore ALL 2003 and
2010 studies (A. E. J. Yeoh et al., 2012; A. E. J. Yeoh et al., 2018) as a case study
to demonstrate some of the issues and complexities related to treatment, and offer
suggestions on how to deal with them in a nuanced manner.

Patients in the Ma-Spore ALL data set underwent risk-adapted chemotherapy
and were treated at different intensities at different times throughout the course
of treatment. In addition, eligible patients in the high risk subtype BCR-ABL
underwent a bone marrow transplant (BMT). Patient treatment information was
not included in the public Ma-Spore ALL data set. We requested for patient
treatment information from the authors and were granted information regarding,
firstly, the final treatment intensity patients were treated at and, secondly, whether
they underwent BMT (A. E. J. Yeoh et al., 2018).

However, details regarding patient treatment intensities at other points in time

48



CHAPTER 4. ACCOUNTING FOR TREATMENT DIFFERENCES

during the therapy were not available. We inferred each patient’s treatment intensities
throughout the course of treatment from patient metadata and the set of decision
rules in the risk-adapted treatment protocol. We concluded that the varying
treatment intensities that patients received at different times throughout the course
of treatment could be simplified down to four possible treatment routes. Patients
undergo one out of four possible treatment routes, which we denote as standard risk
(SR), intermediate risk (IR), high risk one (HR1) and high risk two (HR2).

We illustrate the treatment routes that patients can undergo in Figure 4.1.
All patients start off on IR treatment intensity, and may be re-assigned to other
treatment intensity levels at only two specific time points, Day 8 and post-induction
(i.e. after the induction phase of chemotherapy). Patients who are escalated to HR
treatment intensity will remain at HR treatment intensity for the remaining course
of treatment. In the HR1 treatment route, patients are elevated to HR treatment
intensity at Day 8. Patients who are assigned to the HR1 treatment route are
primarily from high risk subtypes, namely the BCR-ABL, MLL and hypodiploid
subtypes. In the HR2 treatment route, patients are elevated to HR treatment
intensity post-induction. Patients who undergo the HR2 treatment route mostly
have poor treatment response which is evidenced by their high Day 33 or Week 12
minimal residual disease (MRD) values. Patients who meet a set of stringent criteria,
including having low Day 33 and Week 12 MRD values, will be assigned to the SR
treatment route where patients will be treated on IR treatment intensity before
being de-escalated to SR treatment intensity post-induction. In the IR treatment
route, patients are treated on IR treatment intensity throughout the course of
chemotherapy.

4.5 Model evaluation: Incorporating treatment
information

The treatment strategy for ALL is more complicated than the simple case where
patients are either treated or untreated. Not only are ALL patients treated at
different intensities at different points in time throughout chemotherapy, eligible
high risk patients also receive BMT. In this section, we propose a scoring scheme
that incorporates the use of patient treatment information. We demonstrate why
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Day 8 Post induction

SR

IR

HR

MRD TP1 & TP2 <= 10-4 & CNS1 & No testicular involvement &
No IKZF1 (del) & Age < 10 (MS2010)

• MRD TP2 >= 10-3
• Induction failure
• MRD TP1 >= 10-2 (MS2010)
• IKZF1(del) & MRD TP1 > 10-4 (MS2010)

• PPR (MS2003)
• BCR-ABL1, MLL, Hypodiploid

Figure 4.1: Risk-adapted treatment plan employed in Ma-Spore acute lymphoblastic
leukaemia 2003 and 2010 studies (MS2003 and MS2010). All patients start off on
the intermediate risk (IR) treatment arm, and treatment intensity may be altered at
two decision time-points, namely Day 8 of chemotherapy and post induction. The
criteria for escalation to high risk (HR) or de-escalation to standard risk (SR) is
stated next to the arrowheads. Bullet points represent an “OR” relationship between
criteria. Criteria specific to MS2003, MS2010 are highlighted in light blue and light
green text, respectively. PPR: Poor prednisolone response, MRD: Minimal residual
disease, TP1: Time-point one, TP2: Time-point two.

it is beneficial to utilise treatment information during the evaluation of prediction
models.

Consider a prediction model that predicts the risk of relapse given that patients
are treated according to the risk-adapted treatment protocol. The predicted risk of
relapse is used to recommend the treatment intensity that patients should receive
(SR, IR or HR). The correct treatment intensity has to achieve a balance between
maximising a patient’s probability of achieving continuous complete remission
(CCR) and reducing the cytotoxic effects of chemotherapy. As achieving CCR is
significantly more important than eliminating cytotoxic side-effects, the correct
treatment intensity is essentially the lowest treatment intensity level at which a
patient still achieves CCR.

Determining the correct treatment intensity patients should receive requires
knowledge of individual treatment outcome under counterfactual treatments. How-
ever, there is no ground truth of counterfactual events as they do not occur in the
real world. For example, if a patient who was on IR treatment was predicted to
require SR treatment, we do not know for sure how the patient would respond if
given SR treatment. We overcome the absence of ground truth by logically deducing
whether a treatment recommendation is correct or not based on each patient’s
treatment information and treatment outcome. We deduce whether treatment
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Table 4.1: Scoring scheme for treatment intensity recommendations for paediatric
ALL patients.

Outcome Treatment Prediction Score
Remission SR SR 1
Remission SR IR 0
Remission SR HR 0
Remission IR SR 1
Remission IR IR 1
Remission IR HR 0
Remission HR SR 0
Remission HR IR 1
Remission HR HR 1
Relapse SR SR 0
Relapse SR IR 1
Relapse SR HR 1
Relapse IR SR 0
Relapse IR IR 0
Relapse IR HR 1
Relapse HR SR 0
Relapse HR IR 0
Relapse HR HR 1

intensity recommendations are correct or not for all combinations of a patient’s
treatment outcome (relapse or CCR), treatment route (SR, IR or HR) and predicted
treatment intensity recommendation (SR, IR or HR). We present a scoring scheme
encompassing all cases in Table 4.1. All conceivably correct recommendations are
awarded a score of one, while incorrect recommendations are given a score of zero.

We elaborate on how we logically deduced whether treatment intensity rec-
ommendations are correct or incorrect in the plausible framework we suggested
above. For patients who relapsed, treatment intensity recommendations that are
above the treatment intensities patients were treated at are deemed to be correct,
while recommendations that are below or equal to the treatment intensities patients
received are incorrect. This stems from the reasoning that patients who relapsed
were treated at an insufficient treatment intensity level, and would benefit from a
higher treatment intensity level. In the case that the patient relapses even when
treated on the highest intensity level (HR), we take HR to be the correct treatment
intensity. For patients who achieved CCR, recommendations that are equal to or less
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intense (by one risk level) than the actual treatment intensity received are deemed
to be correct, while a recommendation at a higher level than the treatment level
received would be incorrect. This penalises cases of over-treatment, while awarding
treatment de-escalation that will help reduce toxic side-effects of chemotherapy.

However, one subtlety regarding the above framework is that it relies on the
implicit assumption that patients are able to complete the treatment intensity they
were prescribed. In reality, some patients may discontinue treatment for various
reasons, such as being unable to tolerate the side effects of the prescribed treatment
intensity. Consequently, these patients suffer from relapse or treatment failure. For
example, patients who receive HR treatment but are unable to tolerate the high
dosage typically discontinue treatment, thereby ending up suffering from relapse
or treatment failure. There has been sporadic evidence that such patients could
potentially benefit from a lower dosage (B. K. J. Tan et al., 2021). These patients
are different from patients who are able to complete treatment at the prescribed
intensity but still relapse. In these cases (patients who relapsed previously but who
might not be able to tolerate high intensity treatments), it is not straightforward to
decide whether these recommendations of increased intensity are correct or incorrect.

4.6 Benefits of incorporating treatment informa-
tion

To illustrate the benefits of incorporating treatment information during evaluation
of prediction models, we consider a classifier C that is able to predict treatment
outcome labels perfectly. Originally, patients in the Ma-Spore ALL data set are
treated using a risk-adapted treatment strategy, where decisions are made whether
to alter patient treatment intensity at two time-points, based on individual patient
features such as ALL subtype and MRD (see Figure 4.1). We look to adopt a new
treatment strategy, where instead of deciding whether to alter patient intensity
according to the original strategy, we use predictions from classifier C to decide
whether to escalate or de-escalate patient treatment intensity. Patients who are
predicted to relapse would have their treatment escalated to HR, while patients
predicted to achieve CCR would be de-escalated to SR treatment.

Evaluation of the new treatment strategy using traditional metrics such as
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accuracy may give misleading results. If patients who relapsed are assumed to
require HR treatment and patients who achieved CCR are assumed to be suitable
for de-escalation to SR treatment, classifier C would be deemed to have an accuracy
of 100%. However, some patients who achieved CCR were treated on HR treatment
intensity, and treatment recommendations of SR may not be sufficient for these
patients, who may end up relapsing instead. Evaluation using our scoring scheme,
which incorporates treatment information, would identify these recommendations as
incorrect.

It is tricky to evaluate the above group of patients, as there are no ground truths
available for these counterfactual claims. Patients who were treated at HR intensity
and achieved CCR may either require HR treatment intensity to achieve CCR, or
on the other hand may benefit from de-escalated treatment. A way to infer which of
the two possibilities patients belong to is by examining a feature that is indicative
of treatment response, such as the Day 33 MRD. Patients with good treatment
response will be more likely to benefit from de-escalation of treatment.

4.7 Handling complex treatment differences
It is difficult to account for treatment differences in diseases with complex risk-

adapted treatment plans (e.g. ALL). Developing models that estimate the risks
of patients under the counterfactual assumption that they are untreated is best
done by using causal inference methods. Although these methods work well when
differences in treatment are simple (e.g. where patients either received treatment or
not), they become unwieldy when differences in treatment are complex.

Instead of attempting to estimate the counterfactual risk of (hypothetically)
untreated patients, we suggest a simple approach to deploy prediction models to
guide treatment decisions when there are complex treatment differences between
patients. This approach can only be used if patients undergo the same treatment
plan in both the development and deployment cohort.

In this approach, the objective of the prediction model is to predict whether
patients should continue to be treated on the original treatment plan, or be excluded
from it. Prediction models that are developed without accounting for differences
in patient treatment can be used, as the treatment strategy remains the same in
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the deployment cohort. Using ALL as an example, a model that predicts whether a
patient will relapse or achieve CCR can be used to guide treatment decisions in the
following way: patients predicted to achieve CCR are recommended to continue with
the existing treatment strategy, while patients predicted to relapse are recommended
to be excluded from the existing treatment plan. If the latter group of patients
are able to tolerate higher treatment intensity, they should be recommended to
receive escalated treatment. However, if they are unable to tolerate higher treatment
intensity, they may instead benefit from de-escalated treatment (B. K. J. Tan et al.,
2021). In the worst case where they do not respond to treatment at all, taking
patients off treatment would eliminate painful side effects of treatment and help in
saving costs. A shortcoming of this approach is that we do not identify patients
who might benefit from de-escalated treatment amongst those who are predicted to
achieve CCR.

4.8 Closing remarks
Differences in patient treatments is a source of heterogeneity in clinical data

that, if left unaccounted for, would lead to improper development of prediction
models. Treatment information of patients should be reported in detail to facilitate
the development and evaluation of clinical prediction models. We believe that proper
handling of differences in patient treatment is crucial for the development of accurate
and generalisable models. Incorporation of treatment information during evaluation
of prediction models allows for more detailed and accurate evaluation.

Different treatment strategies are employed for different diseases. There is
no one-size-fits-all approach in handling treatment differences, especially when
patient treatment differences are of varying degrees of complexity in each disease.
The best approach to handle differences in patient treatment is dependent on the
characteristics of each situation.

In clinical data, patients are typically treated on a case by case basis, with
clinicians prescribing treatment based on a patient’s individual condition. Hence,
examining individual patient details and taking consideration of individual patients
in clinical data during the analysis and evaluation of clinical prediction models
would lead to a more accurate and nuanced interpretation. As illustrated earlier,
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evaluating clinical prediction models using a scoring scheme which incorporates
patient treatment information allows for a more nuanced evaluation of treatment
intensity recommendations.
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Chapter 5

Subtype-specific treatment outcome
prediction

5.1 Introduction
Acute lymphoblastic leukaemia (ALL) is the most common type of paediatric

cancer (Inaba et al., 2013). Contemporary ALL treatment protocols adjust the
intensity of chemotherapy according to a patient’s risk of relapse. This is done to
maximise the patient’s chances of achieving continuous complete remission (CCR)
while minimising cytotoxic side effects. The earliest prognostic factors used to
assess risk were age and white blood cell (WBC) count at diagnosis. The National
Cancer Institutes (NCI) risk criteria (Smith et al., 1996) assigned patients based on
these prognostic factors as high risk (age ≥ 10 or WBC count ≥ 50 × 109/l) or low
risk (age < 10 and WBC count < 50 × 109/l). As ALL is a heterogeneous disease
consisting of various subtypes that respond differently to chemotherapy (Pui et al.,
2008), genetic subtypes were also found to be good risk factors and incorporated
into risk stratification strategies. Later studies discovered that early response during
remission induction therapy was a good predictor of treatment outcome (Miller
et al., 1989; Riehm et al., 1987). Early response was previously measured by a
morphological count of blasts in peripheral blood or bone marrow. Technological
advancements have enabled the measure of residual leukaemic cells that are present
in morphologically undetectable amounts, through techniques such as flow cytometry
and quantitative polymerase chain reaction (qPCR). These measurements are known
as minimal residual disease (MRD), and have been shown to be the most powerful
prognostic factor in ALL (Cavé et al., 1998; Coustan-Smith et al., 1998; van Dongen
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et al., 1998).
Contemporary approaches to risk stratification rely on a combination of the

above-mentioned clinical, cytogenetic and response features (A. E. J. Yeoh et al.,
2012; A. E. J. Yeoh et al., 2018). However, a substantial percentage of patients
identified by these approaches as low risk or intermediate risk still relapse (Conter
et al., 2010). In addition, these approaches have a bias towards classifying patients
as high risk. Patients who fulfil one of the high risk criteria, such as being of high
risk subtype or having high risk MRD are classified as high risk, regardless of their
other features. For example, a patient belonging to a high risk subtype would be
classified as high risk, even if their MRD indicates imperceptible residual disease.
Risk stratification performed by these approaches can be better improved.

In this work, we posit that different genetic subtypes of ALL have distinct
responses to treatment, and propose the use of a subtype-specific prediction model.
We explore the use of time-series gene expression profiles (GEPs) in predicting
whether a patient will relapse or achieve long-term remission after chemotherapy.
Each microarray GEP of a patient measures the average gene expression from all
leukaemia and normal cells present in the patient sample. Chemotherapy kills
leukaemia cells at a higher rate than normal cells, resulting in a change in the
proportion of leukaemia and normal cells. In patients who are more responsive to
chemotherapy, the difference between the killing rates of leukaemia and normal cells
are larger. This results in a larger change in the proportion of leukaemia and normal
cells.

We propose three transcriptomic features computed from a patient’s Day 0
and Day 8 GEPs that measure the change in proportion of leukaemia and normal
cells. Firstly, the effective response metric (ERM) ratio serves as a measure of the
magnitude of a patient’s treatment response along the direction of the leukaemia-
to-normal trajectory. A larger ERM ratio corresponds to a larger shift between a
patient’s Day 0 and Day 8 GEPs along the leukaemia-to-normal trajectory. This
implies that the treatment has a larger impact on a patient’s GEP in the correct
direction, shifting a leukaemia patient’s GEP closer to that of a normal patient.
Secondly, the absolute response metric (ARM) ratio measures the magnitude of
a patient’s treatment response, irrespective of direction. A larger ARM ratio
corresponds to a larger absolute change between a patient’s Day 0 and Day 8 GEP,
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and indicates a larger treatment impact, whether it be in a positive or negative
manner. Thirdly, the reorientation ratio, which we denote as ϕ, is an alternative
measure of a patient’s treatment response from Day 0 to Day 8. The change in a
patient’s Day 0 to Day 8 GEP is captured in terms of a change in the direction
of vectors which are anchored at the centroid of Day 0 leukaemia GEPs and point
towards a patient’s Day 0 and Day 8 GEPs. A larger reorientation ratio implies a
larger difference between a patient’s Day 0 and Day 8 GEPs, and hence a larger
treatment response. These three transcriptomic features serve as different measures
of a patient’s treatment response. We hypothesise that for patients from the same
subtype, having a larger ERM ratio, ARM ratio, or reorientation ratio are all
indicative of a higher probability of long-term remission.

Aside from these transcriptomic features, the prognostic factor MRD still remains
an effective measure of leukaemic cell clearance and hence treatment response. Larger
MRD values indicate that patients have relatively larger proportions of residual
leukaemia cells after chemotherapy (i.e. patients respond less to chemotherapy).

The ERM ratio and ARM ratio are derived from the original features ERM and
ARM (A. E.-J. Yeoh et al., 2018), respectively. While these features are similar
measures of treatment response, the fundamental difference between our proposal and
A. E.-J. Yeoh et al., 2018 is that the former presents a subtype-specific prediction
model, while the latter proposes the use of a global ALL model. In the global
ALL model, both feature selection and feature computation are performed in a
subtype-agnostic manner. All subtypes are assumed to have a similar leukaemia-
normal trajectory; a common leukaemia centroid is calculated using patients from
all subtypes. Patients with a higher ERM are taken to have a higher probability of
long-term remission, regardless of their subtype. On the other hand, our subtype-
specific prediction model is different in three main ways. Firstly, feature selection
and feature computation are performed for each subtype individually. Secondly, the
monotonic relationships between each of the patient’s features (viz. ERM ratio,
ARM ratio, ϕ and log-transformed MRD), and the probability of long-term remission
are only assumed to exist between patients from the same subtype. Lastly, ERM
ratio and ARM ratio expresses the magnitude of a patient’s treatment response in
terms of the remaining difference between a patient’s Day 8 GEP and the centroid
of normal patients’ GEPs.
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In this chapter, we present a subtype-specific model for treatment response
prediction that is robust on small data sets. Our subtype-specific model fits a
separate model for each subtype, and computes the transcriptomic features ERM
ratio, ARM ratio and ϕ from time-series GEPs. These transcriptomic features are
taken together with MRD for use in estimating a patient’s probability of remission.
We show that our subtype-specific model is better able to discriminate between
relapse and long-term remission patients, and achieves more refined risk stratification
than existing methods. In addition, our subtype-specific model is able to identify
prime candidates for reduced-intensity chemotherapy with high precision.

5.1.1 Contributions

The main contributions of our work are as follows. First, we propose a subtype-
specific model for treatment outcome prediction that estimates the probability
of remission. Subtypes are considered individually, allowing for subtype-specific
treatment responses to be modelled. Our subtype-specific model computes novel
transcriptomic features using time-series transcriptomic data. These features reflect
the change in the proportions of leukaemic and normal cells as a response to
treatment. Our subtype-specific model is able to robustly estimate the probability
of remission even when sample sizes within the individual subtypes are small. In
addition, our subtype-specific model does not discretise MRD values, hence leading
to no loss of information.

Second, we present our biological hypothesis and substantiate our hypothesis
by demonstrating empirically that B-lineage cells decrease in long-term remission
patients but not in relapse patients belonging to BCP-ALL subtypes. We infer the
quantity of B-lineage cells using the deconvolution algorithm MCP-counter.

Third, we demonstrate that our subtype-specific model outperforms existing
methods based on transcriptomic data and MRD when predicting treatment out-
come in homogeneous ALL subtypes. In addition, we demonstrate the use of our
subtype-specific model on the novel subtype DUX4-rearranged. Patients from DUX4-
rearranged were identified through the use of transcriptomic data. PCR-based MRD
erroneously classifies majority of DUX4-rearranged patients as intermediate or high
risk, even though the DUX4-rearranged subtype has been shown to have a good
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prognosis in general. In contrast, our subtype-specific model is able to discriminate
well between long-term remission and relapse patients.

5.2 Background

5.2.1 Acute lymphoblastic leukaemia

Leukaemia is a cancer that affects blood cells, which originate from the bone
marrow (BM). Leukaemia is classified according to the type of blood cells it affects.
Lymphoblastic leukaemia affects cells that arise from lymphoid progenitor cells (i.e.
lymphoid cell line), while myeloid leukaemia affects cells that arise from myeloid
progenitor cells. In addition, acute leukaemia refers to leukaemia that progresses
quickly, while chronic leukaemia refers to leukaemia that progresses slowly. Acute
lymphoblastic leukaemia (ALL) is the most common form of leukaemia in children,
while the most common form of leukaemia in adults is acute myeloid leukaemia
(AML). In this paper, we specifically focus on predicting treatment outcome in
paediatric ALL.

ALL can first be broadly classified into three groups according to the type of
lymphocyte that has become malignant. Firstly, there is B-cell precursor ALL
(BCP-ALL), which is characterised by the clonal proliferation of blast cells that
resemble early B cell progenitors in the BM and/or peripheral blood (PB). Secondly,
T-cell ALL (T-ALL) is characterised by T cells that are arrested at specific stages of
development, with the underlying genetic abnormality often determining the stage
of maturation arrest. Lastly, there is the mature B-cell ALL (B-ALL), which is also
known as the Burkitt type ALL.

Immunophenotyping can be used to discriminate B-cells from T-cells, and to
identify the different developmental stages of B-cells in a heterogeneous cell sample.
A popular technique for immunophenotyping is flow cytometry, where the presence
of cell surface antigens such as CD19 and CD20 are detected using fluorophore-
conjugated antibodies. By analysing the BM and/or PB samples of ALL patients
through flow cytometry, patients can be further classified according to their im-
munophenotype, which indicates the arrestment of B-cell development at specific
differentiation stages.
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In addition to classifying ALL into the three groups mentioned above, ALL
can be further classified into individual subtypes based on the presence of specific
chromosomal and genetic abnormalities found in leukaemic blasts. Chromosomal
translocations are a common characteristic of many subtypes. These recurrent
translocations in ALL frequently result in corresponding fusion genes that lead to
expression of chimeric fusion oncoproteins in ALL. Notable subtypes of BCP-ALL
that are characterised by specific translocations include t(9;22) / BCR-ABL1 (also
known as Philadelphia chromosome ALL), t(1;19) / E2A-PBX1 (TCF3-PBX1),
t(12;21) / TEL-AML1 (ETV-RUNX1) and t(v;11q23) / MLL (KMT2A) rearranged.
A less commonly observed ALL subtype characterised by intra-chromosomal amplifi-
cation of chromosome 21 is known as iAMP21 (Harewood et al., 2003). Another
type of chromosomal aberration that occurs frequently in ALL is aneuploidy, where
there is an increase or decrease in the number of chromosomes. Additional subtypes
of BCP-ALL are characterised by high hyperdiploidy (> 50), low hyperdiploidy
(47 − 50) or hypodiploidy (< 45). Patients from the hyperdiploid (> 50) subtype
have been shown to have distinctly different GEPs from patients belonging to the low
hyperdiploid subtype (E.-J. Yeoh et al., 2002). In general, patients with hyperdiploid
(> 50) have a more favourable prognosis than patients from the low hyperdiploid
and hypodiploid subtype. Even though the hyperdiploid (> 50) subtype has a
distinct GEP, it is inherently heterogeneous as many hyperdiploid (> 50) patients
have differing modal numbers of chromosome. Heerema et al., 2007 demonstrated a
sequential pattern in the chromosomes that gain an extra copy, as modal number in-
creases. There is a total of four different groups of chromosomal gain. Chromosomes
21, X, 14, 6, 18, 4, 17 and 10 are gained at modal numbers 51-54, chromosomes 8,
5, 11, and 12 at modal numbers 57–60, chromosomes 2, 3, 9,16, and 22 at modal
numbers 63–67, chromosomes 1, 7, 13, 15, 19, and 20 at modal numbers 68–79. The
gain of specific chromosomes has also been demonstrated to be of prognostic value
in paediatric ALL (Harris et al., 1992; Heerema et al., 2000; Moorman et al., 2003;
Sutcliffe et al., 2005).

Previously, the presence of these specific chromosomal and genetic abnormalities
were determined through a combination of cytogenetic analysis, immunophenotyping,
and molecular screening for fusion genes. BCP-ALL patients who did not exhibit any
chromosomal or genetic abnormalities were all classified under the “B-other” subtype,
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and they constituted approximately 25% of paediatric ALL patients (Lilljebjörn
et al., 2016). The driver events of ALL for patients under the “B-other” group were
unknown.

Characterisation of the long-term survival outcomes of the paediatric ALL
subtypes have enabled their stratification into different risk groups. TEL-AML1 and
hyperdiploid (> 50) are classified as low risk subtypes, while MLL-rearranged, BCR-
ABL1, near haploid (24 − 31), low hypodiploid (< 40) and iAMP21 are classified
as high risk subtypes. Both the E2A-PBX1 and “B-other” subtype are commonly
classified as intermediate risk (Moorman et al., 2010; Schwab & Harrison, 2018;
A. E. J. Yeoh et al., 2012).

However, recent work has identified novel subtypes that exist within the “B-other”
subtype, enabled by the advancement in gene expression profiling and next-generation
sequencing technology (Den Boer et al., 2009; Gu et al., 2016; Lilljebjörn et al.,
2016; Mullighan et al., 2009; Yasuda et al., 2016; Zhang et al., 2016). These novel
subtypes are characterised by distinct GEPs and/or specific genetic alterations that
were detected through high-throughput genomic analyses. Most of the chromosomal
rearrangements that resulted in these genetic alterations were undetectable by
conventional cytogenetic analysis, with an example being the DUX4-rearranged
subtype (Lilljebjörn et al., 2016; Yasuda et al., 2016; Zhang et al., 2016). Some of
the novel subtypes have varying chromosomal aberrations which ultimately result
in the alteration of a single gene (e.g. MEF2D-rearranged, ZNF384-rearranged,
PAX5-altered) (Gu et al., 2016; Gu et al., 2019). There are also subtypes with
distinct GEPs that were the result of different genetic alterations (e.g. BCR-ABL-
like, TEL-AML1-like) (Den Boer et al., 2009; Lilljebjörn et al., 2016; Mullighan
et al., 2009).

Novel subtypes that make up a significant proportion of the “B-other” subtype are
the PAX5 altered, PAX5 P80R, DUX4-rearranged, BCR-ABL1-like, TEL-AML1-like,
ZNF384-rearranged and MEF2D-rearranged subtypes (Gu et al., 2019). The long-
term survival outcomes of some of the novel subtypes have also been characterised
(Gu et al., 2019), allowing for refinements to be made to existing risk stratification
schemes. Previously, all patients under the “B-other” subtype were classified as
intermediate risk. Novel subtypes like BCR-ABL1-like, PAX5-amplified, ZNF384-
rearranged and MEF2D-rearranged subtypes are now classified as high risk, while
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DUX4-rearranged is classified as low risk (Schwab & Harrison, 2018; Tran & Loh,
2016). Discovery of the driver genetic events of these subtypes allows for the
development of targeted therapeutic strategies.

5.2.2 Related work

The earliest studies on paediatric ALL identified clinical and cytogenetic features
for risk stratification. Clinical features include age, sex and white blood cell count
at diagnosis, while cytogenetic features include the characteristic chromosomal or
genetic abnormalities that define classical ALL subtypes. Subsequently, response
features were identified to be good predictors of relapse (Miller et al., 1989; Riehm
et al., 1987). In particular, MRD was found to be the best predictor of relapse in
ALL (Cavé et al., 1998; Coustan-Smith et al., 1998; van Dongen et al., 1998). Many
of the current risk stratification protocols classify paediatric ALL patients into three
different risk groups (high risk, intermediate risk or standard risk), based on patient
subtype, clinical features (viz. age and WBC count) and treatment response features
(e.g. MRD) of a patient.

We identify three main flaws in current risk stratification protocols. Firstly,
discretisation of continuous features such as age, WBC count and MRD in current
protocols results in loss of information, which leads to a loss in statistical power.
Secondly, patients belonging to high risk subtypes are generally classified as high risk
regardless of their other clinical and response features, and given the corresponding
chemotherapy regimen (A. E. J. Yeoh et al., 2012). As a result, even patients who
exhibit good response (i.e. have low MRD) are given intensified chemotherapy.
Thirdly, accurate assignment of subtype by itself is a labour-intensive and expensive
process involving multiple laboratory tests (e.g. immunophenotyping, karyotyping,
qPCR) that all require professional expertise. Measuring the WBC count at diag-
nosis or end-of-induction MRD also involve similar laboratory tests. As a result,
measurement of these features may not be available in more remote hospitals in
developing countries.

Previous work on treatment outcome prediction using transcriptomic data focused
primarily on identifying gene expression signatures that are predictive of long-term
treatment outcome (Bhojwani et al., 2008; Kang et al., 2010; Willenbrock et al.,
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2004). These works share a general two-step framework: Firstly, univariate statistical
tests are used to select probe sets or genes that have high statistical association
with relapse-free survival. Secondly, a machine learning model is fitted on training
data to predict the risk of relapse. In the case of Bhojwani et al., 2008 and Kang
et al., 2010, generalised linear models were used for prediction (logistic regression
and Cox proportional hazards model, respectively). Similar works identified gene
expression signatures indicative of resistance to specific anti-leukaemia drugs, by
incorporating data regarding drug response (e.g. LC50) in addition to transcriptomic
data (Holleman et al., 2004; Lugthart et al., 2005; Sorich et al., 2008). These works
demonstrate that drug-resistant gene expression signatures could be used to predict
treatment outcome.

A common trait these methods share is that feature selection is performed
by identifying features with high statistical association with the prediction labels.
Conducting multiple statistical tests on high-dimensional gene expression data
inadvertently leads to a large number of false discoveries; a problem known as the
multiple testing problem. As high-dimensional transcriptomic data contains up to
tens of thousands of features, there will be a large number of statistically significant
features that are simply a result of chance. These erroneous features will not be
statistically significant when tested again in other data sets. Bhojwani et al., 2008
demonstrate a particular instance of such a problem, where out of the 24 features
identified to be predictive of Day 7 bone marrow status in the training set, only eight
features were found to be statistically significant in the test set. Most of the above
prediction methods do not show good performance when evaluated on independent
validation data sets (Bhojwani et al., 2008; Kang et al., 2010).

A. E.-J. Yeoh et al., 2018 was the first to explore the use of time-series GEPs in
predicting treatment outcome. The authors proposed the transcriptomic features
absolute response metric (ARM) and effective response metric (ERM), which are
computed from a patient’s GEPs at Day 0 and Day 8 of chemotherapy. A larger
ARM represents a greater shift in a patient’s GEP from Day 0 to Day 8, irregardless
of direction. On the other hand, a larger ERM represents a greater shift in a patient’s
GEP from Day 0 to Day 8, in the direction along the leukaemia-to-normal response
trajectory. This represents a greater treatment response, resulting in a patient’s
GEP shifting closer to resemble that of a normal patient. A more formal definition
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of the features can be found in section 5.3.2. A drawback in their work is that
the features were computed under the assumption that treatment response is the
same across all subtypes. Previous work have demonstrated that different subtypes
respond differently towards anti-leukaemic drugs (Aricò et al., 2000; Biondi et al.,
2000; Raimondi et al., 1990). Also, ALL subtypes have been shown to have distinctly
different GEPs (E.-J. Yeoh et al., 2002).

In the last decade, there have been numerous studies identifying a variety of
features that are predictive of treatment outcome in ALL. The most common type of
features identified are the presence of genetic or copy number alterations in specific
genes, such as IKF1 deletions and TP53 deletions (Hof et al., 2011; Krentz et al.,
2013; Mullighan et al., 2009). In addition, the continuous advancement of high-
throughput technologies have allowed novel subtypes of ALL to be discovered and
accurately characterised. In particular, the iAMP21 and BCR-ABL1-like subtypes
have been shown to be of prognostic value (Harewood et al., 2003; Harvey et al.,
2010), and have been newly included in the 2016 revision of the World Health
Organisation (WHO) classification of lymphoid neoplasms (Swerdlow et al., 2016).

The development of single-cell isolation and barcoding technologies has enabled
in-depth study of ALL cell populations at unprecedented single-cell resolution. Good
et al., 2018 used single-cell mass cytometry to study B-lineage cell populations in
BCP-ALL. The authors developed a cell classifier to assign each leukaemic cell based
on its similarity to one of twelve developmental stages of B-cell differentiation in
healthy B-lineage cells, or three populations of early progenitor, late progenitor
or mature non-B cells. This study corroborates the finding by Greaves, 1986 that
leukaemic cells are only slightly different from normal B-lineage cell populations.
The study also provides evidence that leukaemic cells are arrested at early stages
of B-cell differentiation, which results in leukaemic BM samples having a relatively
large proportion of cells at early B-cell developmental stages when compared to BM
samples from healthy patients. Comparing the proportions of different assigned
cell subpopulations across different ALL subtypes has shown that the E2A-PBX1
subtype has smaller proportions of immature B cell populations, and that the CRLF2-
rearranged subtype has smaller proportions of pro-BII and pre-BII subpopulations.
However, other subtypes (viz. BCR-ABL1, TEL-AML1) did not show a difference
in proportion of different assigned cell subpopulations. Most pertinently, Good
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et al., 2018 demonstrate the use of an elastic-net-regularised Cox model for relapse
prediction. The model selected six features out of a total of 352 candidate features
for use in predicting relapse cases. Candidate features include age and WBC count
at diagnosis, and for each of the early developmental subpopulations that were
expanded in ALL: 1) the percentage of cells, 2) mean protein expression of 24 marker
proteins, and 3) the percentage of cells with phosphorylated proteins for 9 different
proteins under 5 states (basal state and in response to four different perturbations).
Six features were selected from the above features, and are as follows:

1. % of cells with phosphorylated RPS6 (pRPS6) in pro-BII in the basal state

2. % change in cells with p4EBP1 in pro-BII in response to pervanadate (PVO4)

3. % change in cells with pSYK in pre-BI in response to thymic stromal lymphopoietin

4. % change in cells with pCREB in pre-BI in response to PVO4

5. % change in cells with pCREB in pre-BI in response to B-cell receptor cross-link (BCR-XL)

6. % change in cells with pRPS6 in pre-BI responding to BCR-XL

The authors concluded that these signalling proteins were activated in the pre-
BCR and PI3K-mTOR pathways in early developmental subpopulations in patients
who were at high risk of relapse. Validation of the model on a held-out test set gave
good prediction performance that was independent of MRD risk status.

In a complementary study, Witkowski et al., 2020 investigated the bone marrow
micro-environment in BCP-ALL, in particular the non-B lineage cell populations.
As B-lineage leukaemic blasts dominate in BM samples of BCP-ALL patients, the
authors enriched non-B lineage cells by mixing non-B lineage and B-lineage cells of
patient samples in a five to one ratio, prior to analysis using single-cell RNA-seq.
This allowed a more detailed and accurate study of non-B lineage cells. In the
study, leukaemic samples were shown to have an increased composition of early
developmental cell subpopulations among B-lineage cells, similar to findings in Good
et al., 2018. In addition, the authors demonstrated that the non-classical monocyte
subpopulation is expanded at diagnosis, but diminished during remission and re-
emerged during relapse. The expansion of the non-classical monocyte subpopulation
was accompanied by a decreased classical monocyte population. The authors showed
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that monocyte abundance at diagnosis was a predictor of relapse in paediatric BCP-
ALL, and suggested that monocytes facilitate the survival of BCP-ALL leukaemic
blasts.

5.3 Subtype-specific model
We propose the use of a subtype-specific model for prediction of treatment

outcome in ALL, based on our postulate that different ALL subtypes have distinct
treatment responses. Our subtype-specific model fits individual prediction models
for each ALL subtype.

The microarray GEP of a leukaemia patient measures the total gene expres-
sion summed from all leukaemia and normal cells present in the patient sample.
Chemotherapy kills leukaemia cells at a higher rate than normal cells, which results
in a decrease in the ratio of leukaemia to normal cells. Patients who are more
responsive to chemotherapy would experience a greater increase in the ratio of
normal to leukaemia cells, resulting in a greater change between a patient’s Day
0 and Day 8 GEPs. We propose transcriptomic features that measure the change
between a patient’s Day 0 and Day 8 GEPs in terms of magnitude and direction.
The effective response metric (ERM) ratio measures the magnitude of a patient’s
treatment response along the direction of the leukaemia-to-normal trajectory. A
larger ERM ratio implies that the patient has responded more along the correct
direction, resulting in the shifting of a patient’s GEP closer to that of a normal
patient. The ARM ratio is also a measure of the magnitude of a patient’s treatment
response, but does not take into account the direction of treatment response. A
larger ARM ratio indicates that the treatment had a larger impact on the patient,
regardless of whether the impact is positive or negative. We take a larger ARM
ratio to indicate larger absolute treatment response. The reorientation ratio (ϕ) is
an alternative measure of the change between a patient’s Day 0 and Day 8 GEPs.
Having a larger ϕ indicates a larger treatment response.

These individual transcriptomic features serve as measures of leukaemic cell
clearance and in essence measure a patient’s treatment response. Based on the
reasoning above, we hypothesise that between patients from the same subtype, having
a larger ERM ratio, ARM ratio or ϕ are all indicative of a higher probability of long-
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term remission. We build our subtype-specific model based on the assumption that
the above hypothesis is true. Our subtype-specific model estimates the probability of
a patient achieving long-term remission, based on the following features of a patient:
genetic subtype, ERM ratio, ARM ratio, ϕ and log10(MRD).

Our subtype-specific model is designed to be trained only using long-term
remission patients, in order to mitigate problems commonly associated with clinical
data sets. Clinical data sets are frequently small in size and often suffer from an
imbalance in the number of positive and negative samples. In ALL data sets, there
is a much smaller number of relapse patients than remission patients, with more
than 80% of patients achieving long-term remission (Pui & Evans, 2006). A naive
subtype-specific model exacerbates this problem by building an individual model
for each subtype. This results in an extremely small number of relapse patients
in each individual subtype prediction model. This prevents the use of machine
learning algorithms, which will overfit on the small training data set. Instead, by
training only on long-term remission patients, we reduce the chances of our model
overfitting on the training data. We estimate the probability of long-term remission
by averaging the percentile of each feature value in long-term remission patients in
the training set. Building an individual prediction model for any particular subtype
consists of the following steps: probe set selection, computation of transcriptomic
features, and estimation of prediction probabilities. We describe each step in further
detail in the sections below.

5.3.1 Probe set selection

For each subtype, we select probe sets that are differentially expressed between
Day 0 and Day 8 of treatment according to the following criteria: Probe sets must
1) exhibit a P value of below 0.05 in a paired t-test, 2) have an absolute log fold
change above one, and 3) have a minimum average expression value of 6 in either
of the classes (Day 0 or Day 8). We term these probe sets as “treatment response
probe sets”.

We performed probe set selection using only samples belonging to long-term
remission patients. Both probe set selection and model training were performed
using samples from long-term remission patients only. Hence, all relapse samples can
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be treated as independent test samples to evaluate the generalisation performance
of our model.

5.3.2 Transcriptomic features

We propose three transcriptomic features for use in treatment outcome prediction,
namely the ERM ratio, ARM ratio and reorientation ratio (ϕ). For each subtype,
computation of transcriptomic features is performed in a reduced probe set space
consisting of treatment response probe sets of the respective subtype.

Figure 5.1 provides a geometric visualisation of the transcriptomic features. The
normal centroid N is computed by taking the median of normal patient GEPs along
each dimension, while the leukaemia centroid L is computed by taking the median
of Day 0 GEPs belonging to long-term remission patients along each dimension. A
patient’s Day 0 and Day 8 GEPs are denoted D0 and D8, respectively.

Let −−−→
D0D8 denote the vector from a patient’s Day 0 GEP to a patient’s Day 8 GEP,

which we call a patient’s treatment response vector, and −→
LN denote the vector from

the leukaemia centroid to the normal centroid, which we call the subtype treatment
progression vector (or leukaemia-normal trajectory). The absolute response metric
(ARM) is defined as the magnitude of the patient’s treatment response vector, which
can be written as:

ARM = ∥
−−−→
D0D8∥

The effective response metric (ERM) is defined as the scalar projection of the
patient’s treatment response vector onto the subtype treatment progression vector,
and is hence:

ERM =
−−−→
D0D8 ·

−→
LN

||
−→
LN ||

(5.1)

We propose the ARM ratio as measure of the magnitude of change between a
patient’s Day 0 and Day 8 GEP, irregardless of direction. The ARM ratio can be
interpreted as the ARM of a patient expressed in terms of the remaining distance
between his/her Day 8 GEP and the normal centroid, and is defined as:
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ARM ratio = ∥
−−−→
D0D8∥

∥
−−→
D8N∥

D0

D8

Leukaemia centroid Normal centroid
θ2

ARM

ERM

θ1

Figure 5.1: Illustration of the effective response metric (ERM) ratio, absolute
response metric (ARM) ratio and reorientation ratio. The gene expression profiles
(GEPs) of a patient at Day 0 and Day 8 of treatment are represented by the points
D0 and D8, respectively. A patient’s treatment response vector is represented by the
red vector from D0 to D8. The ARM is the magnitude of a patient’s response vector
(red vector). The ARM ratio is computed by dividing the ARM by the magnitude of
the orange vector. The ERM is the scalar projection of the patient’s response vector
(red vector) onto the vector from the leukaemia centroid to the normal centroid, and
is represented by the magnitude of the green vector. The ERM ratio is computed
by dividing the ERM by the magnitude of the magenta vector. The reorientation
ratio is the ratio of θ1 to θ2.

Secondly, we propose the ERM ratio as a measure of the magnitude of change
between a patient’s Day 0 and Day 8 GEP, along the direction of the leukaemia-
normal trajectory. The ERM ratio is the ERM of a patient expressed in terms of
the projected distance between his/her Day 8 GEP and the normal centroid, onto
the direction of the leukaemia-normal trajectory. It is formalised as:

ERM ratio = ERM
proj−−→

LN

−−→
D8N

Lastly, we propose the reorientation ratio as an alternative measure of the
patient’s treatment response from Day 0 to Day 8, normalised to the remaining
response required for a patient to achieve full recovery (i.e. deviation remaining
between a patient’s Day 8 GEP and the normal centroid). Let θ be the function
that measures the angle between vectors −→

A and −→
B , which is defined by:

θ(−→A,−→B ) = cos−1

 −→
A ·

−→
B

∥
−→
A∥ ∥

−→
B ∥


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The reorientation ratio ϕ is the ratio of the angle between −−→
LD0 and −−→

LD8 to the
angle between −−→

LD8 and −→
LN :

ϕ = θ(−−→
LD0,

−−→
LD8)

θ(−−→
LD8,

−→
LN)

5.3.3 Estimation of probability of long-term remission

In our subtype-specific model, we assume that the monotonic relationships
between each of the patient’s features (viz. ERM ratio, ARM ratio, ϕ and log-
transformed MRD) and the probability of long-term remission only exist between
patients from the same subtype. For a patient from a specific subtype s, we estimate
his/her probability of achieving long-term remission by comparing his/her feature
values x with patients from the same subtype that achieve long-term remission. We
estimate the probability of a patient achieving long-term remission by averaging the
percentile each feature value achieves among long-term remission patients from the
same subtype. The feature vector x consists of the ERM ratio, ARM ratio, ϕ and
log10(MRD).

A higher ERM ratio corresponds to a larger magnitude in the shift between a
patient’s Day 0 and Day 8 GEP along the leukaemia-normal trajectory. Similarly, a
higher ARM ratio indicates a larger magnitude in the shift between a patient’s Day
0 and Day 8 GEP, regardless of direction. A higher ϕ indicates a larger difference
between a patient’s Day 0 and Day 8 GEPs. A lower log10(MRD) shows that there
is a lower proportion of leukaemic cells remaining after treatment. Thus, a higher
ERM ratio, higher ARM ratio, higher ϕ and lower log10(MRD) are all indicators of
a more favourable treatment response.

We hypothesise that a higher ERM ratio, higher ARM ratio, higher ϕ and
lower log10(MRD) are indicative of a higher probability of long-term remission. Our
subtype-specific model is built on the assumption that the above hypothesis is true,
and we validate that our hypothesis holds true in homogeneous ALL subtypes in
section 5.5.2.

Within each subtype s, we estimate the probability of long-term remission given
the observed value xi for each feature i as the proportion of remission samples from
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the subtype that has a less favourable or equal observed value than the current value
xi:

P (Remission|xi, s) = ns

Ns

where Ns is the total number of remission patients belonging to the subtype s

and ns is the number of patients of that subtype with a less favourable or equal
value than xi. This is calculated for each feature independently, and subsequently
averaged to give the probability of long-term remission given the feature vector
xD33 = (xERM Ratio, xARM Ratio, xϕ, xlog(MRD)):

P (Remission|x, s) = 1
4
∑

i

P (Remission|xi, s)

5.4 Methods

5.4.1 Ma-Spore ALL data set

The Ma-Spore ALL data set consists of children with de novo paediatric ALL
treated in the Ma-Spore ALL 2003 (A. E. J. Yeoh et al., 2012), Ma-Spore ALL
2010 (A. E. J. Yeoh et al., 2018) and ALL-IC-BFM-2002 (Stary et al., 2014) studies,
which ran from July 2002 to December 2014. Informed consent was obtained
in accordance with the Declaration of Helsinki and approved by the respective
review boards. Diagnosis of ALL was confirmed via bone marrow morphology and
standard immunophenotyping. Subtype assignment was performed through the
following procedures: Molecular screening for TEL-AML1, BCR-ABL, E2A-PBX1
and MLL fusion genes were carried out using quantitative polymerase chain reaction
(qPCR). Karyotyping or flow cytometry (DNA index ≥ 1.16) was used to determine
hyperdiploidy (> 50). MRD of patients at Day 33 was measured via qPCR analysis
of IGH/T-cell receptor gene rearrangements.

For gene expression profiling, bone marrow aspirates were taken from patients
at Day 0 and Day 8 of treatment, from which mononuclear cells were isolated
using Ficoll-Paque (GE Healthcare Life Sciences, Piscataway, NJ, USA) density
gradient centrifugation. Total RNA was extracted using TRIzol© reagent (Invitrogen,
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Carlsbad, CA, USA) and subsequently purified using RNeasy Mini Kit (Qiagen,
Valencia, CA, USA). Affymetrix HG-U133A or HG-U133 Plus 2.0 microarrays
(Affymetrix, Santa Clara, CA, USA) were used to measure Day 0 and Day 8 GEPs
of all patients.

All patients were treated using the ALL Berlin-Frankfurt-Münster backbone.
Patients in the Ma-Spore ALL 2003 and ALL-IC 2002 study received intrathecal
methotrexate followed by 7 days of prednisolone. Patients in Ma-Spore ALL 2010
received intravenous vincristine instead of intrathecal methotrexate at Day 0. A
3-drug dexamethasone-based remission-induction therapy was performed for stan-
dard and intermediate risk patients, while high risk patients received additional
daunorubicin in the Ma-Spore studies. Patients were defined as high risk if they
satisfied any of the following criteria: Week 12 MRD ≥ 1 × 10−3, belonging to high
risk subtypes (viz. BCR-ABL, MLL and hypodiploid), infant CD10-negative ALL,
poor prednisolone response or induction failure (A. E. J. Yeoh et al., 2012).

5.4.2 Data preprocessing

Raw microarray CEL data were processed using the MAS5 algorithm (Affymetrix,
2002) from the R package affy (Gautier et al., 2004). Probe sets that had less than
10% “Present” calls in the entire dataset were filtered out, and expression values
with “Marginal” or “Absent” calls were re-assigned a value of zero. As two different
Affymetrix platforms were used in the Ma-Spore ALL data set, we only retain probe
sets that are present in both platforms for that data set. Raw probe set intensities
of each chip were normalised using trimmed-mean scaling as part of the MAS5
protocol. We removed ambiguous probe sets (i.e. probe sets that map to multiple
transcripts) from the data and only retained probe sets that were expressed in
more than 70% of the patients at any time point. The probe set intensities were
subsequently log2-transformed to give their final expression values.

In the Ma-Spore ALL data set, outlier samples were identified through a principal
component analysis (PCA) plot and removed along with its corresponding pair
(belonging to the same patient). Day 0 and Day 8 sample pairs were removed
if they came from different batches. These pairs were removed to avoid possible
introduction of batch effects during computation of transcriptomic features from
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Subtype Remission Relapse
BCR-ABL 4 5
E2A-PBX1 3 0
MLL 2 2
T-ALL 7 1
TEL-AML1 20 4

(a)

Subtype Remission Relapse
BCR-ABL 1 0
E2A-PBX1 2 1
MLL 1 2
T-ALL 1 1
TEL-AML1 9 1

(b)

Table 5.1: Distribution of patients across subtypes and treatment outcomes in the
Ma-Spore ALL data set. (a) Training set consisting of patients from batches 1-7.
(b) Test set consisting of patients from batches 8-10.

Day 0 and Day 8 samples. A total of 19 samples were removed from the original
data set, resulting in 405 remaining samples.

5.4.3 Ma-Spore ALL data set: Train-test split

Three different versions of the Ma-Spore ALL data set were used for evaluation.
All three versions of the Ma-Spore ALL data set do not contain patients with
missing MRD values. Version 1 of the data set contains all subtypes aside from the
hypodiploid subtype, which consists of only one patient. It was not split into training
and test sets. Versions 2 and 3 contain all subtypes aside from the heterogeneous
subtypes, viz. hypodiploid, hyperdiploid (> 50) and “B-other”. Versions 2 and 3 of
the data set contain the same set of patients, with the only difference being that
version 3 was split into training and test sets while version 2 was not. Nonetheless,
relapse samples in version 2 are not used in training the subtype-specific models;
thus, they can serve as an independent test set for version 2 of the data set.

We evaluated the outcome prediction performance of the subtype-specific model
against other methods on both versions 2 and 3 of the data set, as our subtype-specific
model is only applicable to homogeneous subtypes. Training and test sets were
split in version 3 of the data set according to the dates on which the batches were
processed. Earlier batches (batches 1-7) were taken as the training set, while later
batches (batches 8-10) were taken as the test set. Table 5.1 shows the distribution
of patients across different subtypes and outcomes in the training and test set of
data set version 3.
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5.4.4 Receiver operating characteristic analysis

We standardise the partial area under the curve (pAUC) of receiver operating
characteristic (ROC) curves using the method of McClish, 1989. Standardisation of
pAUC is performed for easy interpretation, by providing a baseline for comparison;
a random classifier will have a standardised pAUC of 0.5. Standardisation of pAUC
is performed as follows:

A∗ = 0.5
(

1 + A−min

max−min

)
where A is the unstandardised pAUC, max is the maximum pAUC under the
specified true positive rate (TPR) and/or false positive rate (FPR) limits, and min
is the pAUC of a random classifier, represented by the identity line. The standardised
pAUC (A∗) is undefined when the unstandardised pAUC of the ROC curve is lesser
than that of a random classifier (i.e. A < min).

5.4.5 Other methods

In this section, we briefly introduce other treatment outcome prediction methods
that we evaluated against, and provide details on how each method was performed
for ease of reproducibility.

Minimal residual disease. MRD is widely used in contemporary ALL treatment
protocols for risk stratification, and has been shown to be the most powerful
prognostic factor in ALL (Cavé et al., 1998; Coustan-Smith et al., 1998; van Dongen
et al., 1998). It refers to the presence of small numbers of residual leukaemic cells
after treatment. In the Ma-Spore ALL data set, MRD was measured at Day 33
using qPCR analysis of IGH/T-cell receptor gene rearrangements. The sensitivity of
qPCR makes it possible to detect one leukaemia cell in 10000 normal cells (1×10−5).

Global ERM (A. E.-J. Yeoh et al., 2018). The authors propose the tran-
scriptomic feature ERM, which is computed as part of a global model consisting of
patients from every ALL subtype. This is different from our subtype-specific model,
where transcriptomic features of a patient are computed in a patient’s respective
individual subtype model. We term ERM computed in a global model as “global
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ERM” for the sake of clarity. Computing global ERM consists of two steps, both
involving patients from every subtype. First, probe set selection is performed using
a Wilcoxon signed rank test, where the top 1000 up- or down-regulated probe sets
with the lowest P values are chosen. Second, calculation of global ERM is performed
according to the formula provided in Equation 5.1.

Bhojwani et al., 2008. The authors identified a 47 probe set signature that is
predictive of long-term treatment outcome in ALL. Logistic regression (LR) with
backward selection, LR with forward selection and LR with stepwise selection were
used to build three different prediction models. Each of these models selected a
different subset of variables from the 47 probe sets and clinical covariates (e.g. sex,
age and WBC count). We use the best model reported by Bhojwani et al., 2008
for our evaluation. LR with backward selection was the best model, with the three
probe sets “201472_at”, “208687_x_at” and “212576_at” as its input features.

Kang et al., 2010. The authors present a 42 probe set classifier that is predictive
of treatment outcome. Only 26 out of 42 probe sets are present in the Ma-Spore
ALL data set. In our evaluation, we build the classifier using these 26 probe sets.
Firstly, principal components analysis was performed on standardised values of the
probe sets. Secondly, only the first principal component scores were used to fit a Cox
proportional hazard regression model. The linear predictor from the Cox regression
model, which is the product of the first principal component score and its coefficient,
is used as a risk score to predict the risk of relapse.

5.4.6 Statistical analysis

Possible treatment outcomes in ALL patients are continuous complete remission
(CCR), resistant disease, relapse after complete remission (any site) and death
(regardless of cause). Event-free survival (EFS) was defined as time from diagnosis
to relapse, resistant disease or death. EFS was estimated using the Kaplan-Meier
estimator, and survival curves are compared using the log-rank test. For treatment
outcome prediction, patients are labelled “relapse” if they achieve any outcome
aside from CCR, and “long-term remission” if they are in CCR. The two-sided
Wilcoxon-rank sum test was used to assess the statistical significance of differences
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in feature values or prediction probabilities between relapse and long-term remission
patients. All statistical analysis was performed using R 3.5.1 (R Core Team, 2018).

5.5 Results

5.5.1 Probe set selection mitigates batch effects

Microarray samples in the Ma-Spore ALL data set were processed on different
dates ranging from 2002 to 2015. The samples were assigned to nine different
batches, with each batch consisting of samples processed around the same period in
time. Batch 1 consists of samples measured using the Affymetrix GeneChip Human
Genome U133 Array, while samples in the rest of the batches were measured using
the Affymetrix Human Genome U133 Plus 2.0 Array.

PC2 (8.04%)

PC3 (4.08%)
PC1 (11.75%)

Class
D0

D8

N

Batch
1

2

3

4

6

7

8

9

Figure 5.2: Three-dimensional PCA plot of the Ma-Spore ALL data set.

Figure 5.2 reveals significant batch effects in the Ma-Spore ALL data set, es-
pecially between batch 1 and the rest of the batches. To mitigate batch effects,
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probe set selection was performed before the computation of transcriptomic features.
We evaluate whether probe set selection is sufficient to prevent batch effects from
affecting the prediction performance of our subtype-specific model in the following
three ways.
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Figure 5.3: Top four principal components of TEL-AML1 samples from the Ma-Spore
ALL data set (a) before and (b) after probe set selection.

Firstly, we assess qualitatively whether batch effects are mitigated in the reduced
space consisting only of selected treatment response probe sets. We compare PCA
visualisations of the top four PCs of samples in each subtype before and after
probe set selection. We observe that probe set selection reduces most of the batch
effects present in the original space. This is particularly evident in subtypes with
more samples, such as TEL-AML1 (see Figures 5.3a and 5.3b). Before probe set
selection, significant batch effects were observed in the second to fourth PCs, which
account for a total of 20% of the total variance in the data (see Figure 5.3a). In
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comparison, the first PC (which mainly captured class variation between Day 0 and
Day 8 samples) only accounts for 18% of total variance in the data. After probe
set selection, Figure 5.3b reports that PC1 (representing class variation) accounts
for an increased proportion of total variance (45%), demonstrating that the ratio of
class variation to batch variation has increased, and PC3 which still has observable
batch effects now accounts for less than 5% of total variance. Furthermore, we can
no longer observe significant batch effects in PC2 and PC4.

Secondly, we evaluate quantitatively whether batch effects are reduced by probe
set selection, using the batch effects metric RVP proposed in Chapter 3. Table 5.2
shows that the proportion of variance attributable to batch effects is reduced after
probe set selection in every subtype.

Subtype RVPbefore (%) RVPafter (%) # probe sets # samples p-value
BCR-ABL 75.9 53.9 21 20 0
E2A-PBX1 82.3 48.9 239 12 0
Hyperdiploid 35.6 28.3 281 70 0
MLL 63.1 41.0 262 14 0
B-other 21.7 13.7 448 166 0
T-ALL 52.3 43.8 136 20 0
TEL-AML1 31.2 23.2 505 68 0.001

Table 5.2: RVP of data before and after probe set selection across all subtypes. RVP
estimates the percentage of total variance in the data that is attributable to batch
effects. The number of treatment response probe sets selected for each subtype
and number of samples in each subtype is indicated as well. P -value indicates the
probability of observing a value lesser than RVPafter by chance (i.e. by randomly
selecting probe sets). It was approximated using 1000 Monte Carlo simulations.

We perform a Monte Carlo test to determine the statistical significance of the
observed RVP value of data after probe set selection (RVPafter) in every subtype.
This is done to assess whether a decrease in RVP value is due solely to a reduction in
data dimensions. We define the p-value as the probability of observing a value lesser
than RVPafter after random probe set selection. To approximate the p-value, a total
of n = 1000 Monte Carlo simulations were performed. In each simulation, probe
sets are randomly selected before computing the RVP. The number of probe sets
randomly selected is equal to the number of treatment response probe sets selected
originally in each subtype. The p-value is calculated by
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p = 1
n

n∑
i=1

1{RVPi < RVPafter}

where RVPi is the RVP value of the ith simulation and 1{RVPi < RVPafter} is the
indicator variable that is equals to one if RVPi is lesser than RVPafter, and zero
otherwise.

Table 5.2 reveals that the observed RVPafter values for all subtypes are statistically
significant (P ≤ 0.001). This indicates that our method of probe set selection has
effectively reduced the proportion of batch effects in the data, by selecting probe
sets with high class variation.

Thirdly, we evaluate whether batch effects are present in the three transcriptomic
features, ERM ratio, ARM ratio and ϕ. Transcriptomic features of patients are
computed using selected treatment response probe sets from their respective subtype.
We perform PCA visualisations of the transcriptomic feature space in order to assess
whether batch effects are present. We observe slight amounts of batch effects among
the three PCs of the transcriptomic feature space of TEL-AML1 patients (see Figure
5.4).
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Figure 5.4: PCA plot of transcriptomic features (viz. ERM ratio, ARM ratio and ϕ)
of TEL-AML1 patients from the Ma-Spore ALL data set.

5.5.2 Transcriptomic features are predictive of treatment
outcome in homogeneous subtypes

Figure 5.5 illustrates the relationship between each transcriptomic feature (viz.
ERM ratio, ARM ratio and ϕ) and treatment outcome in all subtype-specific models.
Individual subtype-specific models are fitted with patients from the subtype in the
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Ma-Spore ALL data set. We do not visualise transcriptomic features on a hold-out
test set as performing a train-test split results in an inadequate number of samples
in the training set for the building of accurate subtype-specific prediction models.

In general, we observe that long-term remission patients have higher ERM ratios,
higher ARM ratios and higher ϕ than relapse patients, within homogeneous ALL
subtypes (viz. BCR-ABL, E2A-PBX1, MLL, T-ALL and TEL-AML1). However,
differences between transcriptomic features of remission and relapse patients are
less distinct in the hyperdiploid (> 50) subtype, and are absent in the “B-other”
subtypes (see Figures 5.5f and 5.5g). Both hyperdiploid (> 50) and “B-other” are
heterogeneous subtypes.

This observation corroborates with our hypothesis that a higher ERM ratio
indicates a larger effective treatment response, a higher ARM ratio indicates a larger
absolute treatment response, and a higher ϕ represents a larger difference between
patient’s Day 0 and Day 8 GEPs, all of which imply a higher probability of achieving
long-term remission. A likely reason for the diminished or absent differences between
remission and relapse patients in heterogeneous subtypes is that patients within
heterogeneous subtypes have significantly different genetic profiles and respond
differently to treatment, and thus cannot be analysed collectively as a whole.

5.5.3 Prediction probabilities from the subtype-specific model
are significantly associated with treatment outcome
in homogeneous subtypes

We formally define the prediction probability estimated using our subtype-specific
model as the conditional probability of a patient achieving long-term remission given
his/her feature vector x and subtype s, which can be written as P (Remission|x, s).

Through our subtype-specific model, we can estimate the conditional probability
of achieving long-term remission using different sets of patient features. Figure 5.5
presents two sets of prediction probabilities that are estimated using Day 8 and
Day 33 feature vectors. We use xD8 and xD33 to denote a patient’s feature vector
at Day 8 and Day 33, respectively. xD8 is made up of three features: ERM ratio,
ARM ratio and ϕ, while xD33 consists of four features, ERM ratio, ARM ratio, ϕ
and log-transformed MRD. We log-transform MRD values as MRD has been shown
to be log-normally distributed within each subtype in ALL (O’Connor et al., 2018).
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Figure 5.5: Distribution of features among long-term remission and relapse patients
for each individual subtype model in the Ma-Spore ALL data set. Long-term
remission patients are shown as green points while relapse patients are shown as
red points. Prediction probabilities estimated with our subtype-specific model are
conditioned on both a patient’s subtype s and his/her Day 8 feature vector xD8 or Day
33 feature vector xD33. Prediction probabilities are denoted as P (Remission|xD8, s)
or P (Remission|xD33, s) based on the feature vector used to make the prediction.
xD8 consists of three features, namely ERM ratio, ARM ratio, and ϕ, while xD33
consists of four features, with log10(MRD) as an additional feature. The Wilcoxon
rank-sum test was performed to test for association between each individual feature
and treatment outcome; P values are reported for cases where the Wilcoxon rank-sum
test can be performed. Effect sizes calculated using Cohen’s d formula (assuming
unequal variance) are also reported.
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We observe in Figure 5.5 that higher prediction probabilities are generally
associated with long-term remission patients in homogeneous subtypes, viz. BCR-
ABL, E2A-PBX1, MLL, T-ALL and TEL-AML1. There is a large effect size between
remission and relapse patients for prediction probabilities estimated using either Day
8 or Day 33 feature vectors in homogeneous subtypes, with Cohen’s d > 1.6 in all
measurable cases. Effect sizes between remission and relapse patients are relatively
smaller in the hyperdiploid (> 50) subtype, and smallest in the “B-other” subtype
(see Figures 5.5f and 5.5g). J. Cohen, 2013 suggests the classification of Cohen’s d
effect sizes into small (d = 0.2), medium (d = 0.5) and large (d ≥ 0.8). Although
the effect sizes are smaller in both the hyperdiploid (> 50) and “B-other” subtypes,
they still fall under the large and medium categories. Besides the large effect
sizes, differences in prediction probabilities between long-term remission and relapse
patients reach statistical significance in most homogeneous subtypes (P < 0.05,
Wilcoxon rank-sum test). Absence of statistical significance in some cases may be
due to small sample sizes, which limits the power of the statistical test or precludes
the use of statistical analysis. In Figure 5.6a, we can see that the consolidated
prediction probabilities from all homogeneous subtypes is significantly associated
with treatment outcome (P < 0.001, Wilcoxon rank-sum test), with higher prediction
probabilities associated with long-term remission patients.
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Figure 5.6: (a) Distribution of prediction probabilities estimated by the subtype-
specific model in long-term remission and relapse patients from homogeneous sub-
types in the Ma-Spore ALL data set. (b) Scatter plot of log-transformed minimal
residual disease (MRD) against prediction probabilities estimated by the subtype-
specific model in patients belonging to homogeneous subtypes in the Ma-Spore ALL
data set.
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The subtype-specific prediction model operates on the implicit assumption that
long-term remission patients generally have a higher ERM ratio, higher ARM
ratio and higher ϕ than relapse patients. We demonstrated in section 5.5.2 that
ERM ratio, ARM ratio and ϕ are not significantly different between remission and
relapse patients of heterogeneous subtypes. As the key assumption in our prediction
model does not hold in heterogeneous subtypes, we advise against the use of our
subtype-specific model to predict treatment outcome in heterogeneous subtypes.

Our subtype-specific model only utilises long-term remission patients in the
training phase. Both probe set selection and probability estimation are performed
without the use of relapse patients. Hence, all relapse patients from the data set
essentially form a hold out test set. Despite not being trained on any relapse samples,
our prediction model is able to correctly estimate that probabilities of long-term
remission for relapse patients (which can be regarded as independent test set samples)
are lower than long-term remission patients. In comparison, other prognostic factors
such as log10(MRD) and global ERM are not consistently different between relapse
and long-term remission patients in all homogeneous subtypes. We report P values
from the Wilcoxon rank-sum test in Figure 5.5; P values are omitted when it is not
possible to perform a Wilcoxon rank-sum test.

5.5.4 Subtype-specific model outperforms other methods in
treatment outcome prediction

We compare the outcome prediction performance of the subtype-specific model
against MRD, global ERM (A. E.-J. Yeoh et al., 2018), and diagnostic gene expression
classifiers proposed by Bhojwani et al., 2008 and Kang et al., 2010 through a receiver
operating characteristic (ROC) analysis. Both the subtype-specific model and global
ERM utilise Day 0 and Day 8 GEPs, while diagnostic gene expression classifiers
are fitted on Day 0 GEPs. Although MRD is a continuous-valued measure of
residual blasts, it is typically dichotomised or trichotomised into different MRD risk
groups for use in clinical risk stratification. In our ROC analysis, we choose to use
continuous MRD values. For the subtype-specific model, prediction probabilities
from each individual subtype prediction model are consolidated. We evaluate the
prediction performance of all methods on versions 2 and 3 of the Ma-Spore ALL
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data set (see section 5.4.3 for details on the different data set versions). These two
data set versions both contain only homogeneous subtypes, and are the same aside
from the fact that version 3 was split into training and test sets while version 2 was
not.

Figure 5.7a presents the prediction performance of all methods on version 2 of
the data set. As version 2 of the data set is not split into training and test sets,
training and evaluation was performed on the same set of patients. Nonetheless,
as described in section 5.3, our subtype-specific model is trained only using long-
term remission patients. Relapse patients were not used in both feature selection
and probability estimation steps. We observe that the subtype-specific model is
better at discriminating between long-term remission and relapse patients than all
other methods, having achieved the highest standardised pAUC of 0.858 (a random
classifier would show a standardised pAUC of 0.5.). Standardised pAUCs on the
false positive rate (FPR) range from 0 to 0.2 are reported, as we are interested only
in classification thresholds that give small FPRs.

We believe that our subtype-specific model does not overfit to the training data,
as it does not utilise relapse patients (positive samples) during training. In contrast,
methods by Bhojwani et al., 2008 and Kang et al., 2010 involve machine learning
algorithms (namely logistic regression and Cox proportional hazards regression),
which are likely to overfit on training data. These methods often present falsely
inflated performance when evaluated on the same data used for training. The
subtype-specific model is able to outperform these methods that are prone to
overfitting even when evaluated on the same data used for training.

We evaluate the generalisation ability of all prediction models on version 3 of
the Ma-Spore ALL data set. Version 3 of the data set is split into training and test
sets, with batches processed at earlier dates taken as the training set and batches
processed at later dates taken as the test set. The split was performed in this manner
to reflect the typical process of training and deploying a real-life prediction model,
where prior observed samples are used to train models that are subsequently deployed
on new batches of samples. Figure 5.7c illustrates that the subtype-specific model,
global ERM and MRD achieve similar prediction performance, all outperforming
the diagnostic GEP classifiers (Bhojwani et al., 2008; Kang et al., 2010) on the
test set. Both diagnostic GEP classifiers are built on genetic signatures identified
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Figure 5.7: Receiver operating characteristic analysis comparing treatment outcome
prediction performance. Only patients belonging to homogeneous subtypes in the
Ma-Spore ALL data set are included in the analysis. Relapse patients are taken
as positive samples. Standardised partial area under the curve (pAUC) values
are reported for the false positive range of 0 to 0.2 (shaded in blue). pAUCs are
standardised using the method of McClish, 1989. The identity line represents the
ROC curve of a random classifier, which has a standardised pAUC value of 0.5.
Global ERM is labelled as A. E.-J. Yeoh et al., 2018 (a) Version 2 of the Ma-Spore
ALL data set with no train-test split (n = 67). (b) Training set of version 3 of the
Ma-Spore ALL data set (n = 48). (c) Test set of version 3 of the Ma-Spore ALL
data set (n = 19). Standardised pAUC is reported as NA for curves with a lower
pAUC than that of a random classifier.

by their respective authors to be predictive of treatment outcome. Figure 5.7b
shows the performance of the prediction models on the corresponding training set.
Bhojwani et al., 2008 and Kang et al., 2010 show markedly improved prediction
performance compared to their test set performance, demonstrating that diagnostic
GEP classifiers overfit to the training data and fail to generalise to the test set.

We believe that our subtype-specific model outperforms other methods on version
2 but not version 3 of the data set because there are inadequate samples in the
training set of data set version 3. The lack of training samples increases the chance
of errors during probe set selection and probability estimation, which would result
in the construction of inaccurate prediction models. The subtype-specific prediction
model is most susceptible to a lack in samples, as it separates samples according
to subtype before constructing a model for each subtype. In comparison, other
subtype-agnostic models are trained on a larger number of patients from all subtypes.
Hence, evaluating on version 3 of the data set puts the subtype-specific prediction

87



CHAPTER 5. SUBTYPE-SPECIFIC TREATMENT OUTCOME PREDICTION

model at a disadvantage to subtype-agnostic methods.

5.5.5 Subtype-specific model identifies low risk patients with
high precision

We stratify patients into different risk groups based on their subtype-specific
model prediction probabilities at Day 33, P (Remission|xD33, s). The patient feature
vector at Day 33, xD33, consists of the ERM ratio, ARM ratio, ϕ and Day 33 MRD.
Patients with P (Remission|xD33, s) > 0.5 are classified as standard risk, patients
with 0.25 < P (Remission|xD33, s) ≤ 0.5 are classified as intermediate risk while
patients with P (Remission|xD33, s) ≤ 0.25 are classified as high risk.

Figure 5.6b demonstrates that the subtype-specific model is able to identify
patients who have a low risk of relapse with high precision. All patients with
P (Remission|xD33, s) > 0.5 were long-term remission patients. In contrast, out of
the 38 patients classified as MRD standard risk (≤ 1 × 10−4), four of them relapse.

In Figure 5.8, we compare the effectiveness of risk stratification using our subtype-
specific model to risk stratification using a patient’s Day 33 MRD. Day 33 MRD
was previously shown to be the most powerful predictor of treatment outcome
(Cavé et al., 1998; Coustan-Smith et al., 1998; van Dongen et al., 1998). MRD risk
stratification thresholds from A. E.-J. Yeoh et al., 2018 were used, with an MRD
of ≤ 1 × 10−4, between 1 × 10−4 and 1 × 10−2, and ≥ 1 × 10−2 being classified as
standard risk, intermediate risk and high risk, respectively.

Patients stratified by the subtype-specific model into standard, intermediate and
high risk groups had 5-year event-free survival (EFS) of 100.0% (95% CI: 100.0-
100.0%), 79.0% (95% CI: 62.6-99.6%), and 22.1% (% CI: 0.1-55.8%), respectively.
In comparison, corresponding MRD risk categories had 5-year EFS of 89.2% (95%
CI: 79.7-99.8%), 68.0% (95% CI: 47.9-96.5%) and 33.3% (95% CI: 15.0-74.2%),
respectively. Figures 5.8a and 5.8b show that the difference between survival curves
of subtype-specific model defined risk groups (P = 3.72×10−9, log-rank test) is larger
than the difference between survival curves of MRD risk groups (P = 3.43 × 10−5,
log-rank test). This implies that the subtype-specific model achieves more refined
risk stratification than MRD.

Improved estimation of risk of relapse after treatment advances leukaemia treat-
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Figure 5.8: Kaplan-Meier estimates of event-free survival in patients belonging to
homogeneous subtypes in the Ma-Spore ALL data set. Vertical dashes indicate
censored observations. (a) Different risk groups are determined by the subtype-
specific model (SSM). (b) Different risk groups are determined using Day 33 minimal
residual disease (MRD).

ment in two ways. Firstly, having the ability to accurately identify patients with
high risk of relapse allows for treatment intensification that will maximise a patient’s
chance of survival. Secondly, being able to identify patients with a high probabil-
ity of long-term remission allows for a reduction in treatment intensity. Reduced
chemotherapy will lessen side effects and improve patient quality of life. However,
as we are dealing with counterfactual outcomes, we are not able to determine with
full certainty whether reduced treatment intensity will lower the chance of survival
of the patient. A patient might have achieved CCR due to receiving high treatment
intensity. We discussed these nuances in greater detail in Chapter 4. Nonetheless,
the ability to identify patients with a high probability of long-term remission is still
of utility to clinicians, who may use it to support their decision to keep patients on
their current course of treatment.
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5.5.6 Analysis of treatment intensity recommendations

Our subtype-specific model can be used to guide the adjustment of patient
treatment intensity during chemotherapy. In essence, the risk groups (SR, IR and HR)
presented in the previous section are used as treatment intensity recommendations.

We consider two sets of treatment intensity recommendations: Day 8 and Day
33. Day 8 and Day 33 recommendations are classified based on two different sets
of prediction probabilities estimated at Day 8, P (Remission|xD8, s), and Day 33,
P (Remission|xD33, s), respectively. The probabilities are classified according to
the same thresholds with HR: ≤ 0.25, IR: > 0.25 and ≤ 0.5, and SR: > 0.5. It
is important to note that these treatment intensity recommendations are not the
actual treatment intensities that patients were treated on.

We evaluate the two sets of treatment intensity recommendations using our
proposed scoring scheme (see section 4.5 for details). Our scoring scheme allows us to
incorporate actual treatment information in order to assess whether recommendations
are correct or not. Figure 5.9 allows us to analyse the Day 8 and Day 33 treatment
intensity recommendations in greater detail. Both sets of treatment intensity
recommendations were mostly correct for patients, with an average of approximately
77% correct treatment recommendations. Correct recommendations can either be
patients who achieved CCR being recommended the same treatment intensities that
they underwent, or patients who relapsed being recommended higher treatment
intensities than the intensity they were treated on.

Majority of incorrect recommendations for both Day 8 and Day 33 were recom-
mendations that would result in over-treatment (cases where patients achieved CCR
after undergoing actual treatment intensities that are lower than the recommended
treatment). Although these recommendations are incorrect, they have a less detri-
mental impact than incorrect recommendations that result in under-treatment. In
addition, most of the incorrect over-treatment recommendations only exceeded by a
single risk level (e.g. patients who underwent IR treatment and achieved CCR were
recommended HR treatment).
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Figure 5.9: Frequency of scores awarded to two different treatment intensity predic-
tion models. Scores are awarded according to the proposed scoring scheme in section
4.5. Correct and incorrect recommendations are awarded a score of one and zero,
respectively. Scores are aggregated for each prediction model, and the total score
for each model expressed out of the maximum score attainable is presented in each
chart title. Stacked bars represent the cumulative frequency of scores awarded to
recommendations. The bars are coloured according to the actual treatment intensity
received, with blue, green and red denoting standard risk (SR), intermediate risk (IR)
and high risk (HR), respectively. Bar outlines represent the frequency of scores if the
actual treatment intensities that patients received were used as treatment intensity
recommendations. Each subfigure is divided into four panels, with patients in each
panel having the same score and treatment outcome. Performance of prediction
models that are variations of a subtype-specific prediction model, based on different
sets of overlapping features that are available at various time-points throughout the
course of treatment, namely a) Day 8 and b) Day 33.

5.5.7 Subtype-specific model outperforms MRD in treat-
ment outcome prediction on novel DUX4-rearranged
subtype

We have shown in Figure 5.5g that the subtype-specific model achieves poor
treatment outcome prediction performance on the heterogeneous “B-other” subtype.
It is known that the “B-other” subtype is made up of BCP-ALL patients who
do not exhibit any of the characteristic cytogenetic abnormalities defining typical
B-ALL subtypes. Recent studies have discovered novel subtypes within the “B-
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other” subtype, with one of the most prevalent subtypes being the DUX4-rearranged
subtype (Gu et al., 2019).

In order to identify DUX4-rearranged samples in the Ma-Spore data set, we
utilised genes that were identified by E.-J. Yeoh et al., 2002 to be the gene expression
signatures of the following subtypes: BCR-ABL1, E2A-PBX1, MLL, TEL-AML1,
hyperdiploid (> 50), T-ALL and a novel subtype retrospectively identified as DUX4-
rearranged. We then performed uniform manifold approximation and projection
(UMAP) dimensionality reduction on all Day 0 samples in the data set, and identified
an isolated cluster of “B-other” subtype Day 0 samples (see Figure 5.10a). We
performed a hierarchical clustering and only selected for samples that clustered
together within the isolated UMAP cluster (see Figure 5.10b). In addition, we
verified that these samples were DUX4-rearranged by checking the presence of its
gene expression signature.

Figure 5.10c shows that within the DUX4-rearranged subtype, long-term remis-
sion patients generally have a larger ERM ratio, ARM ratio and θ than relapse
patients. This implies that patients who achieve long-term remission have both
a larger effective and absolute response to treatment. Conversely, according to
conventional MRD risk classification thresholds, many of the patients who achieve
long-term remission would be falsely classified as intermediate or high risk. The
tendency of PCR-based MRD to indicate high residual disease in patients of the
DUX4-rearranged subtype has also been observed in Novakova et al., 2021. The
authors reported that DUX4 leukaemic blasts underwent a monocytic switch, and
retained their PCR-based MRD markers while losing CD19 proteins that act as
marker proteins in flow-cytometry-based MRD. This causes PCR-based MRD to
report high residual disease whilst flow-cytometry-based MRD indicates low residual
disease. As a result, many patients are falsely identified by MRD to be intermediate
or high risk even though the DUX4-rearranged subtype has been characterised as
being a low risk subtype (Gu et al., 2019; Zaliova et al., 2019).

As the subtype-specific model does not trichotomise log10(MRD) values into
different pre-determined levels, it does not face the same problem. Only the relative
rankings of log10(MRD) values are used in computing final prediction probabilities.
In general, the prediction probabilities estimated by the subtype-specific model on
the DUX4-rearranged subtype is higher in long-term remission patients than in
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Figure 5.10: Identification of DUX4-rearranged samples in the Ma-Spore ALL data
set. (a) UMAP plot of the top 50 most variable genes in Day 0 samples. Cluster of
predominantly DUX4-rearranged samples is circled in red. (b) Heat map of gene
expression matrix with genes as rows and samples as columns. Gene expression
values are row standardised. Unsupervised hierarchical clustering is performed across
rows and columns, with cluster of predominantly DUX4-rearranged samples circled
in black. (c) Distribution of features computed by the subtype-specific model in the
DUX4-rearranged subtype. P values from the Wilcoxon rank-sum test and effect
sizes calculated using Cohen’s d formula (assuming unequal variance) are reported
in the individual panels.
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relapse patients.

5.5.8 Validation of biological hypothesis

In our biological hypothesis, we assume that the GEP of a patient is a measure of
the average gene expression of all leukaemic and normal cells in the patient sample.
A patient who has a greater response towards chemotherapy would experience a
higher rate of decrease in leukaemic cells than in normal cells. This results in a
faster decrease in the proportion of leukaemic cells over time. As a result, the Day 8
GEP of a leukaemic patient with a greater response is shifted further away from the
patient’s Day GEP, towards the GEP of a normal patient.

We validate our biological hypothesis in two ways. First, we use the deconvolution
algorithm MCP-counter (Becht et al., 2016) to infer the quantity of different immune
and stromal cell populations in patient samples. Figure 5.11 compares the quantities
of B-lineage cell populations across different subtypes and at different time points.
Quantities of different types of leukocytes, fibroblasts or endothelial cells estimated
by MCP-counter can be compared across samples. However, these quantities cannot
be used as an indication of intra-sample proportions of different cell populations.

In general, Day 0 samples belonging to BCP-ALL subtypes have increased B-
lineage cell populations when compared to samples from normal patients. This is
because BCP-ALL Day 0 samples have a large proportion of leukaemic blasts that
resemble early B-cell progenitors (Good et al., 2018). We also observe a general
decrease in B-lineage cell populations in Day 33 long-term remission samples that
are more sporadic in relapse patients. This validates our biological hypothesis,
as we expect the proportion of leukaemic B-lineage cells to decrease as treatment
progresses, with long-term remission patients experiencing a greater decrease in
leukaemic blasts than relapse patients. On the other hand, the quantity of B lineage
cell populations in Day 8 samples do not show a significant difference to that of Day
0 samples. This suggests that the ERM ratio and ARM ratio may be a more sensitive
indicator of the decrease in leukaemic cells than the MCP-counter algorithm.

Besides using MCP-counter to infer the quantities of cell populations in samples,
we also infer the quantity of B-lineage cell populations directly from gene expression
levels of various cluster of differentiation (CD) cell surface markers. These cell
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Figure 5.11: Quantity of B-lineage cell population in GEPs from the Ma-Spore ALL
data set. MCP-counter (Becht et al., 2016) was used to estimate the quantity of
the B-lineage cell population. Quantity is presented in arbitrary units and can be
compared across samples. Each panel represents GEPs from a different subtype,
with GEPs grouped according to their time points, Day 0 (D0), Day 8 (D8) and Day
33 (D33). GEPs of patients who achieve long-term remission are green in colour,
while GEPs of relapse patients are red in colour.
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surface markers are frequently used in immunophenotyping ALL. The CD19 cell
surface antigen is most commonly used as a marker for B-cells, as it is present in
all developmental subpopulations of B-cells. In addition, we curated a list of other
CD marker proteins that are commonly expressed in B-cells, namely CD19, CD38,
CD72, CD79A and CD79B. We denote the arithmetic average of the gene expression
levels of these marker proteins as µ. We use µ as an estimate of the quantity of
B-cells present, in order to get a less noisy estimate as opposed to using CD19 alone.

We observe in Figures 5.12a and 5.12b that both CD19 and µ values exhibit a
decreasing trend as treatment progresses from Day 0 to Day 33 in all BCP-ALL
subtypes, with the exception of Day 8 hyperdiploid (> 50) samples. The decreasing
trend is more pronounced in long-term remission patients, with Day 33 long-term
remission and relapse samples showing the largest difference. The decrease in
CD19 and µ values as treatment progresses implies a decrease in proportion of
B-cell populations in patient samples at successive time points. It can be observed
especially in the TEL-AML1 and B-Others subtype that the decrease in B-cell
populations from Day 8 to Day 33 is larger in long-term remission patients than
relapse patients. This implies a larger decrease in the proportion of leukaemic cells
in long-term remission patients, as leukaemic cells are known to resemble their
normal haematopoietic cell counterparts closely (Lukk et al., 2010). This validates
our biological hypothesis, which postulates that patients who respond better to
treatment experience a faster decrease in proportion of leukaemic cells in their
samples over time.

We evaluate the statistical significance of differences in CD19 and µ values
between paired Day 0 and Day 8 samples for each BCP-ALL subtype using a one-
tailed paired t-test (Ha : µD0−D8 > 0) and present P values and effect sizes (mean
difference) in Figures 5.13a and 5.13b. Patients are grouped according to treatment
outcome, and paired t-tests are performed for each group separately. This is due
to our hypothesis that relapse patients will exhibit an inferior response towards
treatment, and thus may not show a prominent decrease in proportion of leukaemic
cells. The paired differences for both CD19 and µ values are statistically significant
(P < 0.0005) in the TEL-AML1 and “B-other” subtypes for long-term remission
patients. However, a caveat for interpreting the results is that most of the other
subtypes contain less than six pairs of samples. The decrease in CD19 and µ values
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Figure 5.12: Gene expression of (a) CD19 and (b) average gene expression of CD19,
CD38, CD72, CD79A and CD79B (denoted by µ) at multiple time points after
treatment (Day 0, Day 8 and Day 33). Long-term remission and relapse samples are
represented as green and red dots, respectively.
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Figure 5.13: Gene expression of (a) CD19 and (b) average gene expression of CD19,
CD38, CD72, CD79A and CD79B (denoted by µ) of paired Day 0 (D0) and Day 8
(D8) samples. Long-term remission and relapse samples are represented as green
and red dots, respectively. Black lines between dots denote paired samples. P values
from a one-sided paired t-test (Ha : µD0−D8 > 0) is reported for each panel, along
with the number of pairs of samples (n). Effect size is measured by the mean paired
difference between D0 and D8 samples.
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between a patient’s sample at Day 0 and Day 8 provides further evidence for our
biological hypothesis, which postulates that a response to therapy can be evidenced
by a decrease in proportion of leukaemic cells in GEPs of a patient.

5.6 Discussion
We postulate that ALL subtypes have distinct treatment responses, with different

subtypes having different basal rates of treatment response. Patients of some ALL
subtypes may on average experience a higher rate of decrease in leukaemic cells
during chemotherapy than patients from other subtypes. However, these patients
may all share similar risk of relapse. O’Connor et al., 2018 showed that different
ALL subtypes have different log-normal MRD distributions, and that patients from
different subtypes with the same MRD level may have different risks of relapse
(except for patients with extreme MRD levels). Based on their findings, the authors
suggested the use of subtype-specific MRD thresholds for risk stratification. This
corroborates with our postulate and supports the use of subtype-specific models for
prediction.

Our subtype-specific prediction model was designed to be trained only on long-
term remission patients. This helps to reduce over-fitting and enables robust outcome
prediction on small data sets. This is essential as clinical ALL data sets are often
limited in size. Small data sets pose a challenge for most machine learning algorithms.
Firstly, these algorithms tend to over-fit to the small number of training samples.
Secondly, it is difficult to assess the accuracy and generalisation performance of a
model on a small test set. In spite of not being trained on relapse patients, our
subtype-specific prediction model is able to distinguish between long-term remission
and relapse patients.

Another important feature about our prediction model is that it estimates
prediction probabilities using continuous values of MRD instead of dichotomised
MRD risk group. This allows our model to account for different MRD distributions
in different ALL subtypes more accurately. On the other hand, most contemporary
risk stratification approaches dichotomise continuous features such as age and WBC
count, aside from MRD. This may lead to a loss in power and exaggerate differences
between similar values separated by an arbitrary threshold.
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Previous approaches that identified candidates for reduced-intensity chemother-
apy using the dual criteria of absence of high risk cytogenetics and having standard
risk MRD were unsuccessful, with candidates suffering an increased risk of re-
lapse after reduced-intensity treatment (Schrappe et al., 2018). In comparison, our
subtype-specific model is able to identify with high precision, prime candidates for
reduced-intensity chemotherapy in homogeneous ALL subtypes.

A limitation of our study is that the Ma-Spore ALL data set is limited in size.
However, we are unable to find independent test sets with similar time-series gene
expression data to perform external validation.

5.7 Conclusion
In this chapter, we presented our biological hypothesis for treatment response.

We hypothesised that chemotherapy kills off leukaemia cells at a faster rate than
normal cells in responsive patients. This results in a faster decrease in proportion
of leukaemia cells, which can be observed as a greater shift in a patient’s GEP
from Day 0 to Day 8. We validated our biological hypothesis by estimating B-cell
abundance using the deconvolution algorithm MCP-counter, and by examining the
gene expression values of specific B-cell markers.

We proposed a subtype-specific model for prediction of treatment outcome in
paediatric ALL patients that utilised transcriptomic features computed from mi-
croarray gene expression data. Feature selection was performed on gene expression
data to select probe sets that are responsive towards treatment. We showed using
our proposed batch effects metric RVP (see Chapter 3) and PCA plots that feature
selection successfully mitigated batch effects. After feature selection, three transcrip-
tomic features were computed from a patient’s Day 0 and Day 8 GEPs. The three
transcriptomic features are the ERM ratio, ARM ratio and reorientation ratio ϕ.
ERM ratio measures the magnitude of shift of a patient’s GEP (from Day 0 to Day
8) in the direction of the general leukaemia-normal trajectory. Similarly, ARM ratio
measures the magnitude of the shift, but does not take into account the direction of
the shift. ϕ measures the difference between a patient’s Day 0 and Day 8 GEPs.

We hypothesised that within patients of the same subtype, having a higher
ERM ratio, higher ARM ratio or higher ϕ are all indicative of a higher probability
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of long-term remission. We showed empirically that the above hypothesis is true
in homogeneous ALL subtypes. In addition, we demonstrated that our subtype-
specific model outperforms existing methods in treatment outcome prediction on
homogeneous ALL subtypes. Our model is able to identify prime candidates for
reduced-intensity chemotherapy with high fidelity. Successful reduction of chemother-
apy in candidates will reduce cytotoxic side effects in patients, without increasing
their risk of relapse. Our subtype-specific model can be used to guide adjustments of
patient treatment intensity. Treatment intensity recommendations can be classified
using thresholds on a patient’s predicted probability of achieving CCR. Evaluation
of treatment intensity recommendations using our proposed scoring scheme (see
Chapter 4) showed that most of the recommendations were correct; majority of the
incorrect recommendations were one intensity level too high (which is preferable to
recommending an insufficient treatment intensity level).
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Chapter 6

Conclusion
Over recent years, there has been massive interest in artificial intelligence and its

potential applications in healthcare. As a result, there has been a deluge of clinical
prediction models proposed in healthcare literature. However, few of these models
end up being deployed in the real-world, as most of them show poor generalisation
ability (Perel et al., 2006; Wyatt & Altman, 1995).

In this thesis, we discussed the key reasons behind why so few clinical prediction
models are deployed in practice. We identified improper development and evaluation
of clinical prediction models as one of the main reasons, and highlighted that clinical
prediction models are especially susceptible to improper development and evaluation
because of multiple inherent heterogeneities in clinical data. In particular, we delved
deeper into two commonly encountered heterogeneities in clinical data that impede
proper model development - batch effects and differences in patient treatment.

We discussed the main characteristics of batch effects present in high-dimensional
biological data, and proposed a novel quantitative batch effects metric named RVP.
RVP was developed to be robust to batch-class imbalance, and to be suitable for
use in both small and large data sets. We demonstrated that RVP is able to achieve
accurate estimation of the proportion of variance across different magnitudes of batch
effects using simulated RNA-seq data, for both data with and without batch-class
imbalance. We also showed that RVP is able to outperform existing metrics on real
world data sets from different high-throughput technologies (viz. gene expression
microarray and quantitative proteomics data). RVP has a faster time complexity
and lower peak memory usage than other batch effects metrics that involve the use
of PCA. We believe that RVP is a powerful tool that would facilitate modelling
practitioners to account for batch effects when developing their prediction models.
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Differences in patient treatment are common in clinical data due to the prevalence
of risk-adapted treatment strategies. Treatment outcome of patients are affected to
different degrees depending on the treatment received. In clinical prediction models,
treatment outcome is often the prediction target. Failing to account for differences
in patient treatment during model development will result in inaccurate models. In
this thesis, we examined methods that have been proposed for handling treatment
differences when developing prediction models, and discussed the nuances in using
these methods. Using the Ma-Spore ALL data set as a case study, we proposed a
plausible scoring scheme that incorporates treatment information to achieve more
detailed evaluation of prediction models. We also demonstrated a way to visualise
results from the scoring scheme that facilitates analysis of predictions made by a
model.

In this thesis, we developed a subtype-specific prediction model for paediatric
ALL patients that predicts whether patients will achieve long-term remission or
relapse. Our model incorporates the use of patient GEPs at different time-points
of treatment. We demonstrated using PCA plots and our proposed batch effects
metric RVP that feature selection successfully mitigated batch effects in the data
set. We proposed three transcriptomic features that are computed from patient
GEPs at different time-points, and showed that these features are associated with
treatment outcome in homogeneous subtypes of ALL. We demonstrated that our
subtype-specific model is able to discriminate between patients who achieve long-
term remission and patients who relapse, and is robust to small sample sizes. We
also validated our model in a recently discovered ALL subtype, the DUX4 subtype.
In addition, we utilised our proposed scoring scheme (which incorporates patient
treatment information) to evaluate our subtype-specific model in greater detail.

Our biological hypothesis behind the subtype-specific model was that the GEP of
a patient measures the average gene expression of all leukaemic and normal cells in
the patient sample, and that patients responsive towards chemotherapy would show
a bigger shift in their GEPs due to the faster decrease in proportion of leukaemic
cells. We validated our biological hypothesis by estimating the abundance of B-cells
in patient samples through various methods.
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6.1 Future work
There are a few natural directions for further research that can be pursued

from the works and findings presented in this thesis. Firstly, we seek to evaluate
the performance of RVP in quantifying batch effects in larger data sets such as
scRNA-seq data. The total sample size of scRNA-seq data is typically an order of
magnitude larger than that encountered in our experimental data sets. We believe
that RVP is able to scale efficiently with the increase in data size. We also seek to
further evaluate RVP using simulated data with a more complicated design, with an
example being a data set consisting of multiple batches and classes, but with certain
missing batch-class combinations. Furthermore, as RVP implicitly de-convolutes
the total variance in the data into feature-specific, class-specific and batch-specific
variances, we are also interested in the possibility of deriving better batch effect
correction methods by taking advantage of the de-convoluted variances produced in
the course of computing RVP.

Secondly, the successful validation of our biological hypothesis through the
estimation of B-cell abundance demonstrated the value of examining compositions
of cell sub-populations as a way to assess treatment response in ALL. This provides
evidence of the potential of using scRNA-seq technology to predict treatment
response. Measuring samples at different time points of treatment using scRNA-seq
would enable more accurate quantification of cell sub-populations. More importantly,
the use of scRNA-seq technology may enable the identification of two different clonal
evolution models behind relapse patients. The first model consists of leukaemic cells
that are resistant from the start, while the second model involves clonal selection,
where sensitive cells that formed the majority initially were killed off and replaced by
a small subpopulation of resistant cells (Y. C. Cohen et al., 2021). We believe that
a possible reason why our subtype-specific model incorrectly classifies some relapse
patients is because those patients belong to the second model. Patients in the second
model often show good initial treatment response, but end up relapsing. They are
often responsible for the poor performance of models that base their predictions
solely on initial patient treatment response.
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