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Thesis Abstract
Background:

The process of identifying statistical associations between important biological features
is challenging especially for outcomes prone to misclassification and significant biological
complexity. Additionally, experimental conditions may introduce systematic and non-

systematic bias when measuring biological features.

These misclassification and systematics errors if not handled can lead to bias in
describing, framing, selecting, and comparing cases and controls. Consequently,
researchers across the globe, are facing challenges in making data-driven decisions and
recommendations. This is particularly relevant for studies on natural immunity to malaria
given the approaches used to categorize the non-case and clinical malaria cases in studies

aimed at identifying correlates of immunity against malaria.

The primary aim of this study was to develop analytical approaches that are sensitive to
the challenge that the outcome and biological features are prone to differential
misclassification and systematic bias respectively, then identify the correlates of

protection against disease.

Methodology

This project had three major steps to achieve the overall objective. First, we used
methodologies to reduce bias in malaria case definition, then developed approaches to
handle bias in high throughput protein micro array data. Finally, we utilised machine

learning approaches to select correlates of malaria protection.



To reduce bias in clinical data, we utilised logistic regression and Bayesian approaches
adjusting for the repeated measures. To do this, we used longitudinal data from Kilifi,
Kenya to investigate whether the varying intensity of malaria transmission had a
significant impact on parasite density thresholds and case definition. Further we used the
same dataset to explore an alternative statistical approach of using the probability of
developing fevers in defining cases rather than discrete threshold cut-offs as the former

has been reported to increase predictive power.

To handle the bias associated with biological measurements, we developed and compared
methods of correcting systematic and non-systematic biases in high throughput
laboratory data. Additionally, we created an R package suite for dealing with handling the
systematic and non-systematic biases in protein micro-array data. Lastly, we compared
the performance of Random Forest, GPBoosting and Bayesian with spike and slab prior
machine learning approaches to in identifying merozoite targets of protective immunity
against Plasmodium falciparum malaria using multi-centre cohort studies data. Random
forest approach has been reported to handle overfitting bias through bagging. GPBoosting
utilizes tree-based approach with Gaussian Process and Mixed Effects Models this
adjusting for the site random effect. The Bayesian with spike and slab prior performs well

in data prone to multicollinearity and produces readily available uncertainty estimates.

This final part covers two main themes, the first theme involves using dichotomous
outcome and secondly, utilizing probability of having fever given a certain parasite density

as the outcome in feature selection using Kilifi data only. A network model was used to



help visualize complex associations and linkages among different sites and the identified

features.

Results.

To perform case definition, malaria attributable fractions were estimated using logistic
power and Bayesian latent class approaches. Both approaches estimated similar patterns
of fevers attributable to malaria with changing transmission intensities. The former
performed well in estimating the probabilities of having fever, while the latter was efficient
in determining the parasite density threshold. However, compared to the logistic power
model, the Bayesian algorithm estimates were less than the former for both malaria
attributable fractions and probabilities of fever. The Bayesian latent class gave a lower

MAF estimate, Bland-Altman bias =0.20 (0.16-0.24), compared to the logistic model.

After correcting (or accounting for) the bias associated with the outcome, we develop a
generic one-stop-shop pre-processing suite for protein microarrays that is compatible
with data from the major protein microarray scanners. The suite incorporated graphical
and tabular interfaces to facilitate a detailed inspection of data and is coupled with
supporting guidelines that enable users to select the most appropriate algorithms to
systematically address bias arising in customized experiments. From the various machine
learning approaches, proteins PF113, PF3D7_0525800(IMC1lg), AMA1l, MSP11,
PF3D7_1136200 were identified as the features most highly associated with immunity to
malaria. In addition, the utilization of probability outcome had a better statistical fit
compared to utilizing a dichotomous outcome in the subset analysis that was done for

data from a high transmission area of Kilifi.
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Discussion.

Logistic regression and Bayesian approaches to handle misclassification bias gave similar
estimates of malaria attributable fractions used for case definition. In addition, we
observe that utilizing probabilities as a way of handling misclassification bias in malaria
outcome had a better fit compared to using dichotomous variable. However, a training
sample is required to utilize the Bayesian latent class models. Finally, we developed an
R-package to handle systematic and non-systematic biases associated with high
throughput assays such as protein micro-arrays. Specifically, we develop functions to
correct for background noise, within-sample variation, mean-variance dependence, and
batch correction. We also included a user-friendly interactive Shiny web-based platform

thus eliminating the need for prowess in programming.

Combining the data from case definition and protein micro-array and utilizing machine
learning approaches we identified previously described and novel antigens (IMC1g and
PF3D7_0629500) that are potential targets for naturally acquired immunity against
malaria. However, these and other antigens with a protective effect would be

recommended for further functional assays to inform vaccine development.

The probability outcome-based model had a better statistical fit than the binary model
helping in reducing the misclassification bias. Nevertheless, in our study, there was a
limitation of lack of training samples for most of the multicentre cohorts thus we only

tested the model on data from only one site in Kilifi (Junju, Kilifi cohort).
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To the best of our knowledge this is the largest malaria multicentre study to compare
different methodologies for identifying important correlates of immunity to malaria and
to demonstrate that probability-based model is better than a binary outcome model in
identifying important s features. We propose a workflow of ensuring disease is defined
without bias, handle systematic and non-systematic laboratory data bias and perform

feature selection.
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CHAPTER 1 : INTRODUCTION

This chapter introduces the research thesis by giving an overview of malaria immunity,
misclassification bias, background of disease immunity, and identifying correlates of
protection against disease using high throughput experiments. The chapter also lists the
thesis research question and justification together with the thesis objectives and
highlights the statistical methodologies applied to deriving case definitions and for the
identification of correlates of protection from malaria. Finally, the chapter links the thesis

framework with the research articles generated from this work.

1.1 Overview

The process of identifying important biological features is challenging especially for
outcomes prone to differential misclassification and significant biological complexity.
Misclassification can lead to bias in describing, framing, selecting, and comparing cases
and controls. Consequently, researchers across the globe, are facing challenges in making
data-driven decisions and recommendations. This is particularly relevant for studies
aimed at identifying signatures (correlates of protection) of naturally acquired immunity
against malaria due to challenges in defining a clinical malaria case (1,2). The potential
misclassification of cases may influence the identification of the important immune

signatures and the estimation of their effect (3,4).

1.1.1 Malaria background
The human malaria parasite Plasmodium falciparum causes approximately 215 million
malaria cases that occurred in the World Health Organization (WHO) African region in

2019 resulting in approximately 0.4 million deaths each year (5). Sub-Saharan Africa



accounts for 94% of malaria cases worldwide , with 6 countries accounting for 51% of
global malaria deaths (5). The South-East Asian region ranking second with
approximately 6.3 million cases. Plasmodium falciparum is the species that is responsible

for 99% of the reported cases in sub-Saharan Africa (5).

Different organisations in the globally and within the African continent are working
towards malaria elimination (6). The WHO Global Technical Strategy for Malaria 2016—
2030 strategy emphasizes a need to strengthen regional collaboration towards
elimination. Regionally, SADC with the Elimination Eight (E8) and MOSASWA regional
initiatives are working towards a malaria-free Southern Africa with the E8 malaria
elimination strategic plan among others(6,7). Great Lakes Cross Border Malaria Initiative
a collaboration of the Eastern African Community (EAC) countries and Democratic
Republic of Congo (DRC) working towards cross-border malaria control and prevention
initiatives (8). The WHO aims to eradicate malaria by 2030, although recent estimates
have shown a decline in malaria mortality rates (5), in certain regions, the incidence of
malaria continues to rise despite the different approaches being used to tackle malaria

(9,10).

The Anopheles mosquito species are responsible for the spread of malaria and are
widespread in sub-Saharan Africa region which also has the highest entomological
inoculation rates (EIR) (11,12). These vector species are dominant and well adapted to
transmit malaria, leading to a high burden of malaria morbidity and mortality (12).

Consequently, various malaria control approaches aim to reduce human-vector contact.



The most commonly used methods to prevent mosquito bites are Insecticide-Treated

Nets (ITNs) and Indoor Residual Spraying (IRS) (5).

Nevertheless, despite these different malaria control strategies malaria continues to
impose a considerable burden of morbidity and mortality (5). The logistics of distribution,
budget constraints and the durability of ITNs are key challenges to control strategy (13).
It is widely accepted that novel control measures will be required to help the fight against
malaria and subsequently move from control to elimination (14). To help in achieving this
goal of elimination and eradication, an effective malaria vaccine is thought to be

important, given the emerging resistance to vector control measures (15).

A strong rationale for developing and improving malaria vaccines comes from
epidemiological studies in malaria-endemic countries. These studies show that individuals
who are continuously exposed to malaria gradually develop natural immunity that initially
prevents death from severe malaria, and subsequently recurrent clinical episodes of mild
malaria. Therefore, identifying the targets underlying this naturally acquired immunity is

of importance but remains challenging for a variety of reasons (2).

The first of these is the potential for misclassification bias in defining clinical malaria.
Individuals from malaria-endemic areas are often asymptomatically infected. Thus, using
fever (as an objective measurement of illness) plus parasitaemia as a definition of a
malaria case has the risk of falsely attributing symptoms by coincident infections to
malaria. Misclassification bias is thus a problem for both mild and severe malaria that has

an impact on attempts to characterize any aspect of the disease.



Secondly, defining immunity against malaria following natural infections is also not
straight-forward. Immunity can be defined in different ways; a) lack of clinical malaria
symptoms over a period of observation and b) evidence of malaria challenge (i.e.,
asymptomatic parasitaemia) without any clinical signs of malaria. One challenge for the
former is that participants could either be genuinely immune or may have not been
exposed to an infectious mosquito bite (1), leading to a misclassification bias.
Furthermore, for both definitions, the same individuals can have both asymptomatic
infections and clinical malaria during the same observation period, making it difficult to
classify them into either category. It has been recommended that observational studies
would have increased power if they differentiated between unexposed and immune

individuals in analyses to identify correlates of protection (16).

Additionally, the malaria parasite has a complex molecular and multi-stage life cycle
(Figure 1-1) with over >5,300 proteins expressed as the infection develops. Antibodies
against malaria antigens have been shown to play a vital role in naturally acquired
immunity (2,16). However, identifying the specific antibodies that confer protection has
been challenging and is a major barrier to vaccine development. Cohort studies are
powerful tools that could be used to detect potentially protective associations, but most
have been single cohort studies focusing single or limited immune responses. These
individual cohort studies are not sufficiently powered to robustly analyse hundreds of
individual responses or combinations of response (16). Longitudinal cohort studies in
which the endpoint of clinical malaria is compared amongst individuals with or without

specific antibodies have been considered the gold-standard for identifying the correlates



of protection. Conflicting evidence has been reported from these studies due to the
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differences of malaria transmission, classification bias, and case definitions. This lack of
clarity stems in part from a range of methodological differences between studies ranging
from the study design and populations to detailed laboratory methods and analytical

approaches (16).

1.1.2 Malaria case definition

Many diagnostic assays classify samples into two groups according to whether some
output (i.e., parasite density or optical density) exceeds a given cut-off. The two groups
are mainly positive or negative and this in turn define the clinical statues of an individual,
case - disease positive or non-cases (disease negative). However, some of the diseases
are prone to differential misclassification (17,18). Such misclassification can lead to biased

estimates of a disease frequency and inferences drawn from epidemiological studies.



Different studies have looked at the effect of misclassification on inferential statistics, one
of them is that it biases relative risk estimates. These evaluations have shown the
importance of addressing this problem during analysis (19). When defining a disease

outcome, these errors mainly occur due to false positives or negatives.

1.1.2.1 Misclassification in malaria case definition
In malaria, to select important biological features or evaluating the effectiveness of

different vaccine interventions, clear case definitions are needed. Asymptomatic
parasitaemia are very common in areas of high malaria transmission; individuals have
parasites but do not show clinical signs of malaria. The main reason for this is individuals
living in malaria endemic areas develop immunity naturally under continuous parasite
exposure (20). This may lead to misdiagnosis of malaria cases, where an individual who
has asymptomatic malaria may have a fever due to another infection but is diagnosed to
have malaria. Thus, parasitaemia accompanied by fever may not be adequate to define

an episode of clinical malaria and may lead to over-estimation of malaria burden (19,21).

Additionally, sensitivity and specificity of case definitions of malaria in endemic areas are
variable with time and age (19) due to change in factors that affect malaria immunity.
This necessitates a review of commonly used malaria case definitions to preserve

sufficient power in epidemiological studies and vaccine trials (22).

Although increase in parasite density is generally associated with a higher risk of
developing fever, the association is not linear (21). To overcome this problem of potential
misdiagnosis especially in case of low parasitemia and fever due to other non-malaria

causes, different studies have based the clinical definition of malaria on fever with



parasite density above a certain threshold. Computation of malaria attributable fractions;
that is determination of the proportion of fevers due to malaria have been used to define
different cut-offs for parasitaemia (18,19). These cut-offs are utilised as thresholds to

categorise an individual as malaria positive or negative.

A range of case definitions exists due to different factors (19,22,23). The cases definitions
range from any parasitaemia count to around 7,000 parasites per microliter, depending
on age (19), malaria season (24); malaria transmission and topology (25) and change of
transmission over time. Significant reductions in malaria transmission have been reported

over the last decade in endemic countries in Africa (26)

1.1.3 Identifying correlates of disease protection

Correlates of protection or important immune signatures are measurable parameters that
predict whether or not an individual is protected against developing a disease. Modern
data often have far too many variables for classical model building especially in selecting
important immunological parameters of disease. This is attributed to the growth in Biology
to simultaneously measure many parameters of immunity and to generate large datasets
over different parameters for a single individual. The main assumption in defining
correlates of protection is that the outcome or disease is defined correctly. In contrast, if
there is a misclassification, the point estimates will be biased towards the null hypothesis.
Additionally, this data could lead to biased estimators and incorrect inference. Therefore,
the process of selecting the essential parameters is challenging, especially for problems

which have significant complexity and multiple potential correlates of protection.



Malaria provokes complex immunological response. A wide range of immunological
parameters for malaria has been proposed as correlates of protection against clinical
episodes of malaria but there is not a single universally accepted correlate. These
immunological parameters can be considered in three broad groups: a) cellular
parameters such as T-cells (27-30) b) humoral parameters which include antibody
binding measurements or functional assays (31) and c) soluble parameters such as

cytokines.

The main challenge in understanding the targets of, and mechanisms underlying,
naturally acquired immunity is the disease complexity and interacting biological and
environmental factors. Identifying the important biological parameters depends on
several interacting genetic, molecular, environmental and other factors spanning through
many temporal and spatial scales (32). This has led to a tremendous growth in
understanding the biological complexity leading to massive generation of datasets over
different parameters especially antibodies against different disease antigens. In the
example of malaria, the completion of the Plasmodium falciparum genome led to the

identification of numerous potential vaccine candidates (33).

1.1.3.1 Measuring Immune response
Different discovery systems and technologies are used to detect and quantify antibodies

in samples. Some of the technologies use colorimetry which quantifies the antibody
concentration by measuring the light absorbed after forming a biological reaction that
changes colour. Indirect enzyme-linked immunosorbent assay (ELISA) is one of the

colorimetry techniques which is a two-step procedure that involves two binding processes



of primary and labelled secondary antibody. The secondary antibody is tagged to an
enzyme that reacts with its substrate. Light absorption of the colour formed after
substrate addition is measured and converted to optical density values. However,
colorimetry techniques require high amounts of antibodies and samples, consequently,

they are time consuming and expensive (34).

Other technologies use fluorescence approach which quantify the signal emitted from a
biological reaction. This technology is combined with a Photo-Multiplier Tube (PMT)
system which is responsible for amplification of the fluorescent signals. Researchers
adjust the PMT gain to have a balance between signal bleaching and enhancing lower
signals. Protein micro array is one of the fluorescent techniques that quantify the absolute
fluorescent emission detected following antibody binding to a single protein. There are
mainly two standard types of protein micro array formats, namely the forward phase and

the reverse-phase (35,36).
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Fluorescence techniques are a little more sensitive than colorimetric assays and they allow
for a high reading to be measured by widening the dynamic range. These techniques
facilitate a high-throughput approach to parallel quantitation of specific proteins in a
rapid, low-cost, and low-sample-volume format. However, variations in experimental
conditions can introduce systematic and non-systematic sources of bias that have the
potential to derail the intended outputs. Antibody detection systems that rely on
fluorescence therefore, require careful calibration to minimize background signals arising
from the non-specific binding of analytes or spill-over fluorescence from reference
materials or high-signal intensity neighbouring spots (37,38). Also, fluorescence and the
PMT gain adjustment are significant source of non-systematic and systematic biases (38).
Rigorous data pre-processing steps which involve quality control and normalization are of
importance before doing downstream analysis especially of selecting important disease

parameters.
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1.1.3.2 Analysing association between antibody measurements and protection against disease
Different analytical and modelling approaches have been used in the identification of

correlates of protection. Binomial models with logit link (logistic models) have been used
to identify correlates associated with protection (1,39,40). The binomial models report
log odds which have been reported not to have an intuitive interpretation as the relative
risk. Similarly, modified Poisson models (Poisson model models with robust error
variance) have been used over logistic models (16,41,42). Modified Poisson models
provide relative risk as the parameter of primary interest and assist in convergence
problems that sometimes arise with binomial regression models (43). Logistic and Poisson
regressions are of the generalized linear models (GLM) family and use the iterative

weighted least squares method to obtain the maximum likelihood estimates (44).

However, maximum likelihood-based regression models are impacted by multiple random
effects and are also slow due to the large covariate set which are computationally
demanding. A single complex model incorporating may co-variates carries the risk of high
variance leading to overfitting or underfitting. On the other hand univariate tests while
adjusting for common markers of exposure, ignore the potential interplay between

different covariates.

Major strides in the analytical approaches towards a better understanding of the targets
of, and mechanisms underlying, biological immunity (33) to identify important markers
have been made with the continued growth of data (45). In particular, when dealing with
data from a high-throughput proteomics technology, a large number of combinations and

interactions must be tested which is a shortcoming for many regression approaches.

11



Models based on machine learning approaches offer a systematic way to intergrate
possible combinations of immune responses against various antigens (46). Machine
learning (46—48) and systems biology (48) have become popular choices for analysis of
high throughput datasets in biology. Machine learning and systems biology approaches
assists in handling unknown interactions across multiple variables, that may fail to
conform to the assumptions of many classical statistical methods. The machine learning
methods are categorised into either supervised or unsupervised approaches. Supervised
machine learning involves building a statistical model for predicting, or estimating, an
output (outcome) based on one or more input variables. With unsupervised machine

learning, there are input variables but no supervising (outcome) output.

Supervised learning approaches are categorised mainly into two groups, regression
analysis and classification approaches. The regression approaches predict a continuous

outcome variabley based on multiple predictors X, i.e., predicting the probability of

having malaria (having the outcome as a probability) using different immune parameters
or predicting life expectancy based on socio-economic factors. Classification approaches
predict a class or a group, i.e., malaria case yes/no being over different immune

parameters.

Selecting correlates of protection against malaria depends on some interacting biological
and spatial factors. For this reason, using analytical methods well suited to handle
multiple biological factors is of great importance in identifying the key antibodies

associated with natural immunity (48).

12



A strong rationale for developing and improving malaria vaccines comes from
epidemiological studies in malaria-endemic countries. These studies show that individuals
continuously exposed to malaria gradually develop “natural immunity” that initially
prevents death from severe malaria, and subsequently recurrent clinical episodes of mild
malaria. Therefore, identifying the targets underlying naturally acquired immunity is of

importance.

However, this remains challenging from a biological point of view due to the complex life
cycle of malaria parasites and their interaction with the human immune system have, to
date, proved very difficult to unravel. For this reason, data arising from malaria immunity
studies are so closely entwined with confounders that it is difficult to dissect the useful

information from noise using classical analytical approaches (2).

1.1.4 Research problem and justification: What is novel?

Many biomedical assays are expected to classify samples into two groups according to
whether some output (i.e., parasite density or optical density) exceeds a given cut-off.
However, some of the diseases especially malaria are faced with bias due to differential
misclassification (2,17). Conflicting evidence has been reported from these studies due
to the differences in disease transmission, classification bias, case definitions and
heterogeneity of disease exposure (32,49). Additionally, significant reductions in malaria
transmission have been reported over the last decade in endemic countries in Africa (26)
but little effort has been made to estimate the case definitions with changing

transmissions or define a standard way of handling cases (17,18).
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On the other hand, a tremendous growth of disease-related data sets has been observed
over time. This is attributed to the growth in biology and high throughput technologies
to identify parameters associated with protection to improve vaccine discovery and
development. Data from these high-throughput technologies especially protein
microarray are compounded with systematic and non-systematic biases. On top of that,
these datasets are often have far too many variables for classical model building
especially in selecting important immunological parameters of disease. Different analytical
approaches for case-control and cohort studies have been used to identify correlates of
naturally acquired immunity against malaria with different case definitions (39-41,47,50-

52).

However, with the different interacting components in the malaria immunity definition,
classical regression approaches, mostly ignore the potential interplay between different
factors. Mostly, people rely on univariate tests, while adjusting for common markers of
exposure. Such approaches do not handle the differential misclassification bias of
quantifying immune and non-immune candidates in observational cohort studies well.
Unfortunately, there are limited tools available to handle and compare different pre-
processing techniques to handle the biases from high through-put protein micro-array

data.

Data from a high-throughput proteomics technology have many combinations and
interactions that must be tested which is a shortcoming in many regression approaches.
Predictive modelling frameworks based on machine learning offer a systematic way to
consider all possible combinations of immune responses (46).
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The novelty of this study is the extension of malaria case definition approaches to
calculate propensity scores depending on parasite density and fever together with results
to show the impact of changes in of malaria case definitions over time. Furthermore, the
study develops a novel one-stop-shop protein micro-array data processing suite coupled
with machine learning approaches to select correlates of disease protection from multiple
sites in Sub-Saharan Africa. The use of machine learning approaches assists in handling
unknown interactions across multiple disease parameters, that may fail to conform to the

assumptions of many classical statistical methods.

Packages and findings from this study will enhance wide uptake of modern analytical
approaches in the infectious disease and vaccine development community. Additionally,
the packages produced from the study are open source and distributed under GNU
General Public License version 3 (GPL-3) for the analysis and comprehension of protein
micro array data generated by wet-lab experiments in molecular biology. The GPL-3
license ensures contribution to the free, open-source and open development software

projects.

1.1.5 Thesis research questions
1) Are case definitions for malaria in endemic areas likely to vary over time as factors
affecting immunity change?
2) Which are the important biological parameters associated with malaria protection
in multi-centre cohort studies?
3) Do the correlates of disease protection vary in different subpopulation groups

(age, transmission intensity, high vs low immune responders)?
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1.1.6 Thesis broad and specific objectives

The primary aim of this study was to develop analytical approaches that are sensitive to

the challenge that the outcome is prone to differential misclassification and to identify

the correlates of protection against disease using machine learning approaches.

The specific objectives were:

1)

2)

3)

4)

To develop case-definition models for outcomes prone to differential misclassification

using maximum likelihood techniques and compare with the Bayesian latent class

models.

> Paper 1 title: Estimating malaria attributable fractions with changing
transmission intensity: Bayesian latent class vs logistic models.
https://doi.org/10.21203/rs.3.rs-916409/v1

To develop an R based package for handling protein-microarray data pre-processing.

> Paper 2 title: protGear: A protein microarray data pre-processing suite;
https://doi.org/10.1016/j.csbj.2021.04.044

» Package repository: https://keniajin.github.io/protGear/ or
https://github.com/Keniajin/protGear/

To use machine learning approaches to identify important biological parameters

associated with protection in multi-centre cohort study.

To develop network models to visualize the interplay across different correlates of

protection against malaria.
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> Paper 3 title: Defining the merozoite targets of protective immunity against
Plasmodium falciparum malaria through multi-center cohort studies.

1.2 Literature Review
1.2.1 Evolution of case definition approaches in malaria
In malaria-endemic areas, the case definition for symptomatic malaria involves fever
together with a parasite density exceeding a given cut-off. The cut-off is derived from
estimating the fraction of fevers attributable to malaria (denoted as 4). In 1994, Smith
et. al, explored different case definition techniques using data from Kilombero District in
Tanzania. Kilombero then was a high endemic area where over 80 per cent of young

children were parasitaemic. They compared the classical case definition approach;

j
A= p;(R-1) / R, ; where R;is the odds ratio of fever in for the " category relative

1

to the baseline category j=1 with aparasitaemic children, with model-based approaches.

The modelling approaches were of the form logit(z)=a+ f(X) where 7 is the

probability that observation iwith parasite density xis a (fever) case and f(x) is a

smooth monotonic function of X .
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Table 1-1: Logistic models of case definition

Odds ratio of
fever for ) )
Models parasite density Attributable fraction 1
Xi
Model 1 - Linear f(Xi)=ﬂXi
in x
Model 2 — f(xi):ﬂlog(xi)
Linear in log(x) i
Model 3 — Power | f(x)=/x R =exp[f(xi)] A=(1N) 1 (R ‘1)/Ri
of x
Model 4 - f(x)=8(x)
Recoding low (x)=A(x)
parasitaemia

The classical approach had limitation of assuming monotonic relationship between
parasite density and fever thus they modelled the relationship between the parasite
density and malaria fever as a smooth function as shown in Table 1-1. The logistic
regression with the power function (Table 1-1 Model 3) was reported to perform better

than the other models as assessed by the deviance and residuals (21,53).

The logistic approach has been used in different malaria-endemic areas to define a range
of case definitions that exist due to different factors (19,22,23). The case definitions
range from any parasitaemia count to around 7,000 parasites per microlitre, depending

on age (19), malaria season (24), malaria transmission and topology (25).

Additionally, Smith et al. proposed a non-parametric monotonic regression approach with
latent class models which provided precise and close to unbiased estimates compared to
the logistic approach. The approach involved dividing the data into K ordered categories

of parasite density and count numbers of test samples n=(n,,n,,...,n,;) and controls
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(non-fever cases) m=(my,m,,...,m,_, ). This is followed by estimating the category-specific

attributable fractions. The overall attributable fraction was obtained by the weighted

mean, (1/N)A'n, where nis the number of test samples per category and A‘is the

category-specific attributable fraction. In category one, the attributable fraction was

assumed 4, =0 . Two limitations were reported, one, assuming an attributable fraction
of k=0to be 4, =0 and secondly, not estimating the maximum likelihood estimates for

the overall or category-specific attributable fraction. To overcome the limitations, the
authors proposed a latent class model which provides maximum likelihood estimates of
the attributable fractions using the EM algorithm. The latent class approach was reported
to produce biased estimates where there was an extreme overlap of cases and controls

in a given category (18).

A Bayesian latent class model of two-component mixture distributions was proposed to
improve the estimation of attributable fractions (17). The data was divided into K
ordered categories over the range of the parasite density like the latent class approach
described above. A mixture distribution of two multinomial distributions was assumed
consisting of parasite densities in children with fever due to malaria or fever due to other
causes. Specifically, one component of the mixture corresponds to children without
clinical malaria (training component) and the second component with children with clinical
malaria. A posterior density of the joint probability density of the multinomial distributions

with a uniform prior was then used to estimate the parameters using Gibb’s sampling.
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Importantly, this approach was reported to give comparable results with the other

modelling techniques while offering the best statistical fit (17).

1.2.2 Protein microarray data pre-processing tools

Protein microarray technology is increasingly utilised for vaccine candidate discovery
among other range of applications in the ‘omics era” with hundreds to thousands of
antigen-specific antibodies analysed simultaneously (37,54-56). However, most of the
published guidelines and tools favour DNA-based microarrays that often differ

fundamentally in their experimental design with protein micro-array.

Linear Models for Microarray Data (Limma) is a Bioconductor/R package that specifically
developed differential expression analyses of RNA-sequencing and DNA-microarray data
(57). However, this tool has been applied in different protein micro-array studies by
adopting its statistical principles (58—-60). The RPPanalyzer statistical tool developed to
read reverse-phase protein array data adopts most of its data processing techniques from
Limma and provides a downstream analysis option using heatmaps, boxplots, time course
plots and correlation plots (58). Limma and RPPAanalyzer are open sources and freely
available as R-Packages in Bioconductor and The Comprehensive R Archive Network

(CRAN) respectively.

Another tool is Protein Array Analyser (PAA) a Bioconductor/R package build on top of
Prospector’s core functionality and was specifically developed for biomarker discovery
with protein microarrays. The tool was last updated in 2016 and had six specific work

flows namely data import, pre-processing and quality control, differential analysis, feature
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preselection, feature selection and biomarker candidate’s selection. However, high-level

R programming skills are required to utilise PAA effectively (61).

The Protein Microarray Analyser (PMA) was developed in 2018 as a multi-platform
desktop application. The tool is built in Java programming language however no vignette
or software documentation is available (62). The only fully web tool available is Protein
Microarray Database (PMD) but it publicly prioritises uploading and archiving of protein
microarray datasets. The analysis tool offered by PMD lacks proper user interaction and

a vignette for clear guidance is not provided(63).

Protein Array Web Explorer (PAWER) is another web tool build on R for handling protein
micro array data(64). The tool automatically performs the data pre-processing and is
linked with the Clustering analysis in ClustVis platform (65). The PAWER package and the
web server code are available under GNUGPL v2 license. The tool does not offer a
comparison of the background and normalisation methods and a clear vignette is not
provided. One of the major limitations observed with the tools is the lack of proper
documentation and comparison of the different data processing techniques which is very

important in this era of reproducible research (64).

1.2.3 Machine learning approaches and correlates of malaria protection.

A strong rationale for developing and improving malaria vaccines comes from
epidemiological studies in malaria-endemic countries. These studies show that individuals
continuously exposed to malaria gradually develop “natural immunity” that initially
prevents death from severe malaria, and consequently recurrent clinical episodes of mild

malaria (2). Therefore, identifying the targets underlying naturally acquired immunity is
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of importance but remains challenging. For instance, lack of enough statistical power and
small effect sizes in many studies as well as the challenge of using classical analytical
approaches to analyse hundreds of individual responses or combinations of responses

(1,47).

A study done in Kilifi in 2008 by Osier et.al established that natural immunity to malaria
results from high antibody titres to several targets (16). In addition, the same group
further advocated that high levels of protection against P. falciparum can be achieved
through a vaccine consisting of multiple components. To support this, the group used
modified Poisson regression on 36 individual antibody measurements to identify the top
targets of malaria protection adjusting for age and schizont extract. Next, they performed
combinatory analysis and demonstrated that a combination of the antibodies most
strongly associated with protection gave a high potential protective efficacy. To ensure

sufficient statistical power, the combinations were restricted to five proteins (41).

Finney et al in 2014 constructed a protein array with 1922 Plasmodium falciparum and
1936 Plasmodium vivax recombinant proteins expressed by the blood stage of the malaria
parasites. A total of 225 serum samples from Papua New Guinea were used to study
naturally acquired immunity against single-species and mixed-species infections of
Plasmodium falciparum and Plasmodium vivax. They utilised the evolutionary trees using
the evTree algorithm with eightfold cross-validation to measure disease classifier
accuracy. Finally, they utilised the mProbes (45) feature ranking algorithm with Random
Forest feature selection to investigate the relationship between antibody responses and

malaria symptoms then selecting the most informative biomarkers of disease immunity.
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mProbes was used to estimate the false discovery rate of the features selected using the
Random Forest. The study was highlighted as a proof of concept for applying machine

learning algorithms to the identification of important malaria vaccine targets (66).

These multi-dimensional analytical approaches have also been applied in HIV studies to
investigate the association among humoral responses elicited in HIV vaccine trials and
drug development (67,68). One of the studies done by Chung et al. was inspired by the
rationale of multifactorial vaccine development strategy used both supervised and
unsupervised machine learning approaches to investigate relationships among antibody
responses and HIV immunity (68). In particular, the least absolute shrinkage and
selection operator (LASSO) followed by partial least squares discriminant analysis (PLS-
DA) were used to identify distinctive features that greatly contributed to HIV profile
differences. The PLS-DA method evaluated the biomarkers selected using LASSO after
mean centering and variance scaling the data. Orthogonal signal correction and
correlation networks were then used to demonstrate model visualization and pairwise

correlation, respectively.

More recently, a random forest machine learning approach was utilised to select
signatures that highly predicted an individual’s immunity status (47). This study used data
of malaria antibody profiles against several Plasmodium falciparum antigens from three
longitudinal cohort studies that were done in Kenya, Kenya/Tanzania and Mali. The
Kenyan dataset had 286 individuals with ELISA-based immune profiles from 36 A.
falciparum-specific antigens. The second cohort immune profile dataset was based on

luminex-derived IgG levels against 46 individual PFEMP1 domains of 447 children. Mali
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dataset had protein microarray-based antibody reactivity data of 186 participants against
a panel of 2320 P. falciparum-specific epitopes of the 3D7 line, representing 1204 unique
proteins (47). In this study each of the dataset was analysed separately using the random
forest package (69,70) using R software (71). For the Mali cohort, since the features
tested were more than the serum samples, they first excluded collinear responses
(Pearson correlation coefficient >0.8) to focus on features providing a high predictive
power (72). The misclassification and model performance was tested using the so-called
out-of-bag (OOB) errors and a five-fold cross-validation cross-validation for the Kenyan
and Mali cohorts, respectively. Receiver operating characteristic (ROC) curve and area

under the curve (AUC) were used to assess the model predictive accuracies (47).

Most of these studies which have utilised the machine learning techniques have not
compared the performance of different machine learning techniques. Moreover, the
models have not considered utilising machine learning approaches with random effects
and handling imbalance data problems by applying the synthetic minority oversampling
technique (SMOTE). An imbalance occurs when one or more categories have very low
proportions in the training data as compared to the other categories which might be true

for malaria-based studies (73).
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CHAPTER 2 : METHODOLOGY

2.1 Study population and design
We used data from the South-South Malaria Antigen Research Partnership (SMART)

hosted at KEMRI-Wellcome Trust, Kilifi, Kenya. The data comprises fourteen cohorts from
different endemic sites in Sub-Saharan Africa (SSA). The cohorts comprised largely
children (ages 0 — 10 years; N=6825), as well as older children and adults (N=1297).
The data includes processed lab data and epidemiological data shared from the multiple
malaria-endemic locations in Africa. Data on the clinical episodes of malaria is therefore
prospective with respect to the blood sample collection at the beginning of the cohort
study as shown in Figure 1 below. This is a retrospective study that uses serum samples
that were originally collected for prospective longitudinal cohort studies of malaria
immunity.

2.2 Epidemiological data

Data from a single cross-sectional plasma sample from each participant was collected
either at the start of a malaria transmission season, at birth, or at one year of age. After
the cross-sectional sample, longitudinal data on the occurrence of malaria is done for six
months to a maximum of one year (except in samples from Senegal which was a passive
followup) following blood sampling. Data on the clinical episodes of malaria is therefore

prospective relating to the blood sample collection as illustrated in the figure below.
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Cross-sectional sample

6 months

Active/Passive detection of clinical episodes of malaria

12 months

Figure 2-1: Epidemiological design of the cohort studies

Table 2-1: A summary of the study sites

Case definition
Malaria Samples Longitudinal Fever (T°C) +
Study Site transmission  Included N Age surveillance parasitemia
Kombewa;
KENYA EIR  237- Active,  bi-
288 2003 weekly; >37.5°C + >50,000
2004 273 12-47m Passive parasites/pl
Kilifi; KENYA Active,
2005- weekly; >37.5C+ 22500
EIR 22-53 2017 3607 0-14yrs Passive parasites/ pl
Nyamisati; >37.5°C + =>5000
TANZANIA Moderate 1994 323 0-30yrs Passive parasites/ pl
EIR
unavailable 1995 304 0-30yrs
Muheza; Active,
TANZANIA 2002- monthly; Iliness + any
EIR 400 2005 294 lyr Passive parasitaemia
Bandiagara; Active,
MALI weekly; >37.5°C+>2500
EIR 25 2008 189 1-5yrs Passive trophozoites/mm3
Sotuba; MALI Active,
2008- weekly; >37.5°C+>2500
EIR <15 2009 245 1-4yrs Passive trophozoites/mm3
Samako; MALI Active,
2011- weekly; >37.5°C+>2500
EIR < N/A 2013 197 1-15yrs Passive trophozoites/mm3
Dielmo; >37.5°C +age-
SENEGAL Active, daily; dependent
EIR 295.5 2002 253 1-80yrs Passive pyrogenic threshold
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Ndiop; >37.5°C, illness +

SENEGAL >30
Active, daily; trophozoites/100
EIR 17.9 2002 245 1-80yrs Passive leucocytes
Kintampo; Active,
GHANA EIR  239- 2008- monthly; >37.5C + any
269 2011 906 Birth-1yr Passive parasitaemia
Balonghin;
BURKINA EIR Active,  bi- 237.5°C + any
FASO 44.4/month 2007 242 0 -5yrs weekly parasitaemia
Kanungu; Passive,
UGANDA 2011- Active 3 2375°C + any
EIR 310 2012 352 0.5-10yrs monthly parasitaemia
Jinja; UGANDA Passive,
2011- Active 3 2375°C + any
EIR 310 2012 287 0.5-10yrs monthly parasitaemia
Tororo; Passive,
UGANDA 2011- Active 3 2375C + any
EIR 310 2012 290 0.5-10yrs monthly parasitaemia

2.2.1 Kombewa, Kenya
We will utilize data from Kombewa in Kisumu County of Nyanza region in Kenya.
Kombewa is a high transmission malaria site with two seasonal peaks during the long

(March to June) and short (November to December) rains. The monthly incidence of

clinical episodes of malaria defined as fever >37.5°C and parasitemia exceeding >50,000

parasites/jL. The study was done in 2003-2004 to as part of a randomized, double-blind,
Phase IIb, a comparator-controlled trial of the FMP1 (MSP142) malaria vaccine. The
participants were followed up for six months post-vaccination. The aim was to evaluate
the safety, immunogenicity, and efficacy in 400 children aged 12-47 months, with follow-

up to 6 months post-vaccination. The vaccine was not effective (74).

2.2.2 Nyamisati, Tanzania
The data used is from ongoing malaria surveillance since 1985 in Nyamisati village, in the
Rufiji delta of the Tanzanian coast. Malaria was holoendemic with perennial transmission

and some seasonal fluctuation for the period used. Clinical episodes of malaria were
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defined as >400 parasites/ul with reported or confirmed fever (temperature >37.5°C )

within the last day (with no other signs of an alternative cause for the fever). Data from
this project are drawn from study participants in the years 1994 and 1995 and include

~218 children below the age of 10 years and ~360 older children and adults.

2.2.3 Muheza, Tanzania

Data from this site was originally collected from mother-infant pairs recruited at Muheza
Designated District Hospital (DDH) in North-eastern Tanzania in the Mother-Offspring
Malaria Studies Project (MOMS). Malaria transmission is intense and occurs throughout
the year but is higher from May to October and lower in November to April. Clinical
episodes of malaria in infants were defined as parasitemia with any signs or symptoms

suggestive of malaria, most commonly fever (temperature>37.5°C). We had

approximately 300 children aged between 8 months to 14 months (75).

2.2.4 Kilifi, Kenya
The study was conducted in the Junju sub-location of Kilifi county as a vaccine trial on

children. Malaria transmission occurs at low levels throughout the year with seasonal high

transmission peaks. Malaria was defined as fever (temperature >37.5°C ) and parasitemia

of >2500 parasites/ul. Children from this study were consented to and recruited into a
larger project “Integrated studies of natural immunity to malaria in children in Kilifi
district” where they have been continuously monitored for clinical episodes of malaria.
We use samples and data from approximately 300 children annually kept under

surveillance between 2005 and 2017 (76).
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2.2.5 Bandiagara, Mali

We utilize data from 189 children monitored actively in a longitudinal study to validate
putative asexual blood-stage antigens as vaccine candidate molecules using standardized
assays. The study was conducted in Bandiagara, a Savannah-Sahel area of Mali where
malaria transmission is strictly seasonal, occurring between July and December each year

(77).

2.2.6 Sotuba, Mali

Sotuba is a peri-urban area on the outskirts of Bamako and the banks of the Niger River
with approximately 2600 inhabitants. Malaria is hypo endemic, highly seasonal with
transmission occurring between June and December every year. For this study, we utilize

data from 245 children in the control arm of a vaccine trial with 400 children (78).

2.2.7 Samako, Mali

Data from this site was from samples originally collected for a study of the effect of
malaria infection on host macrophages. The study was conducted in Samako, a peri-
urban area approximately 70km South of Bamako, Mali. Malaria transmission is
hyperendemic but seasonal and runs from June to December each year. A total of 210
children were recruited into the study in July 2011 and were monitored over two

consecutive malaria transmission seasons (to the end of 2012). A clinical episode of

malaria was defined as fever (temperature >37.5°C ), accompanied by a parasitemia of

> 5000 trophozoites/mm3 (79).
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2.2.8 Dielmo, Senegal

Surveillance for malaria episodes has been ongoing since 1990 to identify all febrile
episodes and investigate the relationship between malaria host, vector and parasite in
this site in Senegal. Malaria transmission in Dielmo was intense and perennial but has
declined over this period from an Entomological Inoculation Rate (EIR) of 142.5 bites per
person per year in 1990 to 0.3% in 2012. We utilise data from 253 individuals recruited

in July 2008. Following sampling, study participants were monitored for clinical episodes

of malaria; defined as a fever (temperature >37.5°C ) associated with a parasite density

exceeding an age-dependent pyrogenic threshold determined locally, however, for this

study we used any parasitemia (80).

2.2.9 Ndiop, Senegal

Ndiop is a village of approximately 350 inhabitants in Salaoum, in the Sahelo-Soudanian
region of Senegal. It is located only 5km from Dielmo (above) but has a markedly different
malaria transmission pattern, described as meso-endemic, and strictly seasonal occurring
between July and October each year. We utilize data from a cohort comprising children
and adults. Their samples were collected in July 2008, just before the start of the malaria
transmission season. Surveillance for clinical malaria was active and involved daily visits

(except Sundays) to the participant’s homes (81,82).

2.2.10Kintampo, Ghana
We utilize one-year follow-up data from 906 participants collected to compare the
incidence of malaria in children born to primigravidae or multigravida mothers, with or

without placental malaria. The data for this study was conducted in Brong Ahafo region

30



of Ghana, where malaria transmission intensity is high and perennial, but peaks between
April and October. The area has an EIR rate of 269 infective bites per person per year
and children under five experience 4.3 attacks of clinical malaria every year. Clinical
episodes of malaria were defined as fever plus malaria parasitaemia of any density

(83,84).

2.2.11 Balonghin, Burkina Faso

The data from this site was generated from samples that were originally collected as part
of a study to describe the epidemiology of malaria before the conduct of drug and vaccine
trials. The study was conducted in the Saponé health district, 40km south of the capital
Ouagadougou. Malaria transmission is markedly seasonal and intense during the rainy
season from June to September when the EIR is estimated at 44.4 infective bites per

person per month. The ~400 participants were monitored fortnightly for clinical malaria.

Clinical malaria was defined as a fever (temperature >37.5°C ) and any parasitaemia, but

analyses were done using the alternative parasitemia thresholds of >5000/ul (85).

2.2.12Jinja, Kanungu and Tororo, Uganda

We used data that were originally collected as part of a study aimed at describing the
epidemiology of malaria in Uganda. The study was conducted in Jinja, a peri-urban area
with the low transmission in South-eastern Uganda; Kanungu, a rural area with the
moderate transmission in western Uganda; and Tororo, a rural area with a higher
transmission than others in eastern Uganda close to the border with Kenya. Malaria
transmission is high and intense with two seasonal peaks, May to June and October to

December. Surveillance for episodes of clinical malaria was passive, with children
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presenting to designated free medical clinics. Also, routine evaluations were carried out

every three months for two years (86).

2.3 Laboratory data

Cross sectional serum samples from the above study sites were processed with a
standardized Plasmodium Falciparum micro array chip. Protein arrays allow for higher
throughput at a significantly reduced cost, requiring smaller quantities both antigen and
serum. A functional protein micro array chip was used here to facilitate high throughput
multiplexed antibody detection from the individual samples. Antigens expressed on or
associated with the surface of A. falcijparum merozoites proposed to be key targets of
blood stage immunity against malaria and were selected for this study. Specifically, 115
distinct and correctly folded merozoite antigens were expressed with the same laboratory

reagents and assays (54).

The individual samples were processed using slides divided into twenty-one mini-arrays.
A mini array is defined as the region allocated to a discrete sample and can be further
divided into blocks. The Plasmodium falciparum proteins were printed in triplicate on each
mini array. The slides were scanned and analysed using the Genepix 4000B scanner. The
GenePix Pro & Microarray Acquisition and Analysis Software (Molecular Devices) with a
Photo-Multiplier Tube (PMT) gain of 400 and a Scan power of 100 was used for the
acquisition and amplification of the fluorescent signal. The quantification software
captures multiple parameters in relation to antibody intensity in a pre-prepared template

mostly referred to as a . gal” file and stores the data in a “.gpr/.txt” file (54,87).
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2.4 Case Definition methods

Many biomedical assays are expected to classify samples into two groups according to
whether some output (i.e., parasite density or optical density) exceeds a given cut-off.
The two groups are mainly cases (clinical disease positive) and non-cases (clinical disease
negative). However, some of the diseases are faced with bias due to differential
misclassification (2,17). In malaria, for example, to select important biological features
or evaluating the effectiveness of different vaccine interventions, non-biased outcome
definitions of malaria are needed. Using parasite density as a function of fever has been
endorsed by the WHO Study Group on Measures of Malaria Vaccine Efficacy for obtaining

case definitions for use in pivotal trials of malaria vaccine (88).

2.4.1 Classical case definition

This approach uses the parasite prevalence in febrile (children with fever) children p;

compared to the children without fever, afebrile children p, using the population

attributable fraction formula,

A= p(R—l) R where pis the proportion of the exposed and Ris the relative risk of the

disease associated with the exposure.

Thus, the malaria attributable fraction 1 taking p=p,and R= " (- p% (1-p )is
a - M

estimated as;

PO L) o

(1-p,)
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However, this approach is limited in areas of high malaria transmission since the
proportion of afebrile children can be low leading to imprecise estimates of A with very
wide confidence interval limits. Furthermore, the classical approach does not account for

the non-monotonicity relationship between fever and parasite density (18,21).

2.4.2 Logistic power model.

The distribution forms of p, =6(x) and p, :¢(x) are known and parametric regression

approaches have been proposed to estimate the malaria attributable fraction (MAF), 4.

Overall, the proportion of cases over controls; f (%(x) is assumed to be a monotone

increasing function of the parasite density x. For example, it makes biological sense to
assume that the malaria attributable fraction increases with increasing parasite density.
Logistic regression has been proposed to be the best parametric regression to fit this

constraint. The model of the form logit(z,)=a+ X where 7, is the probability that

observation with parasite density X is a (fever) case is used. To maximise the likelihood

estimation and assign weight to high parasite density values, a nonlinear logistic

regression of the form logit(7, )= + Bx’ was developed by Smith et. al. (18,53).

The malaria attributable fraction (MAF), A , is then estimated using the slope coefficient

of the logistic regression 1= (/N )ZI“(Ri —1)/Ri ; where R =exp[ f(x)] and N is the total

1

number of test samples (18,53).
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Additionally, the model can also be used to estimate the probability of individual case of

fever being attributable to malaria using 4., =(R, -1)/R, (53).

2.4.3 Non-parametric monotone regression
The monotone regression proposes dividing data into Kordered categories of the

parasite density x(k=0,...,K -1) and count the number of samples n=(n,,n,,.....n,;)

and the non-fever individuals m=(m;,m,,....,m,_,) in each category. This is followed by

estimating category-specific attributable fractions 2, = Re _1R from the category-specific
k

R =exp(B.—A5,). The overall A=(4,4,....A4_) is estimated by the weighted mean
i/Vn.
N

This estimation procedure has two major limitations, one, the k =1 category lambda is
assumed to be zero, 4, =0, and the maximum likelihood estimates for category-specific
and overall attributable fraction are not estimated (18).

2.4.4 Latent class model.

This method was proposed to overcome the limitations of non-parametric monotone
regression using the expectation-maximization (EM) algorithm. Like the non-parametric
approach, the data is divided into K ordered categories and I, =Bn(n,,4 )are the
binomial distributed true positives among the test samples in group k. Likewise, m, are

the number of controls in category k. Then, mhas a multinomial distribution
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M (3 m,, Py, ... Py, ) Where p, _M (1—2«/2n (1-4) is the probability than the non-
Kk
febrile controls belong to the k™ group.

Then 4, is estimated iteratively from the likelihood of L(I,m|4) which is the product of

the multinomial likelihood of the controls and binomial likelihood of the latent data written

as;
log L(I,m| )oY [m, logp, +1,log 4 +(n —1,)log(1-4)] (2.2)

The details of the iteration procedure are discussed in detail by Smith et al (18). After the

iteration procedure the, A is finally estimated as a weighted average of the 4, ’s, %/‘Lfn
(18).

2.4.5 Bayesian latent class models

Implementing the EM algorithms have been reported to be challenging since they
sometimes converge to a local minimum and may have saddle-point problems (17,89).
This led to utilisation of the Bayesian approach to mixture distributions to overcome these
limitations. The same as the EM approach, the data is ordered into categories. Each
category has two components; thus the likelihood is derived as a product of two

multinomial distributions.
One component g,(.) corresponds to non-malaria fever episodes and the other
component, g,(.) to children with clinical malaria episodes (fever and parasites) (18).

Observation from g,(.) are assumed to be smaller than the other and some overlap
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between the two groups. Parasite levels during the cross-sectional bleed were available
and are used as the training sample, i.e., a sample that comes from the component of
the mixture corresponding to children without fever but who may have parasites. The
data was divided into K ordered categories over the range of the of the parasite density

X. This was followed by counting the number of test samples n=(n,,n,,...,n, ;) and
control samples (non-fever cases) m=(m,,m,...m_,). Then the MAF, 1, was then

estimated from the two multinomial distributions,
6, =P(xe categoryi|PR),

¢ =P(xe categoryi|P,), (2.3)
A= P(Xe Pz)

The parameters P, and P, are the distributions functions of the components g,(.) and
g,(.) respectively (17).

Then

[ k
(m,m,,...,m.)~ Mn(Zmi,Hl,Hz,...,ek) and (n,n,,...,n)~ Mn(Zmi, O pkj (2.4)

= =
Where

p; = P(x e category i)

p; = P(xecategoryi|P,) p(x from P,)+P(x  category i| P,) p(x from P,) (2.5)

pi =(1_ﬁ“)0i +14,

The joint density of the data m=(m;,m,,....m,)and n=(n;,n,,...,n,) are written as,
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0(m,A60,4,2) oc]ja“‘l (1—Kzleijmkﬁ{(1—/1)ei +z¢,}ni {1—4(1-2@}1[1—2&}? (2.6)

i-1 i=1

Where 6=(6,,...6,) and ¢=(¢,...4,). A uniform non-informative prior [0,1] was
assumed p(0,¢,4)c1. The parameters of interest are then estimated using Gibbs
sampling from the posterior density; p(8,¢,4|m,n) < L(m,n|8,¢4,1) (17,90,91)

The category-specific attributable fractions are obtained using,

A

e 2.7)

4 =P(xeP, |x ecategoryi )=

2.4.6 Sensitivity and specificity of case definitions

Sensitivity and specificity of various cut-off values for parasite density can be estimated

o “In
by "4 and ! /1%(1—/1) respectively wheren, =3 n 4 'n')nc a

the number of fever cases in the category i and c represents the parasite density
category of which it is the selected cut-off in logistic regression or the lower bound for

the category in latent class models (53).

2.4.7 Estimation of individual MAF probabilities
Several articles (92-96) have pointed out problems associated with the categorization of
data. Among the problems reported are loss of information and power, but also an

increased risk of type I error if continuous and poor predictive performance (92,93)

We demonstrate the utilization of probability estimates from Bayesian latent class models

and logistic regression approaches over creating malaria outcome categories using a
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selected parasite density cut off to perform correlates of disease protection selection. For

the logistic regression approach, the probability of individual fever case being attributable

to malaria was estimated using 4, =(R,—1)/R (53).

To estimate the probability, 4 ,, of individual case of fever being attributable to malaria

for the Bayesian latent class, local and piece-wise cubic polynomial models were used.

The models we fitted using category-specific MAF, A, , together with the category-specific
midpoint of parasite density. This was followed by the prediction of the individual A,

using their parasite density measurements from the results of various model fitting

functions (91).

The local regression estimates of the function evaluated at a particular midpoint x, ., of

parasite density are constructed by fitting a weighted least squares regression model to

the A values corresponding to the X, midpoint values that are given x, ;. During the

mid
estimation process, Markov Chain Monte Carlo allows the calculation of interval estimates

of functions. An interval estimate for the prevalence of malaria fever was then obtained

and used to adjust the Bayesian individual probabilities for non-febrile cases (17,91).

2.5 Protein microarray data processing

Data generated using a protein microarray has been shown to contain systematic and
non-systematic sources of bias (37,38,57). Systematic biases refer to artefacts that may
occur due to experimental and handling procedures. Non-systematic biases on the other
hand refer to random errors that may occur due to slight variations during the

experiment. Careful pre-processing is essential to eliminate this technical bias while
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keeping the biological variation. This bias has been attributed to nonbiological sources,
which is introduced by small variations in the experimental conditions during the
experiment process. Guidelines for pre-processing the protein microarray data before
analysis, continue to evolve. Pre-processing involves assessing the gain scanning
parameters (97); background correction (57), quantifying within-sample variation, batch

correction (98,99), normalisation (100), among other steps.

N=384 spots
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Figure 2-2: Background correction: artefacts add noise to the signal intensity A) A microarray slide with 21 mini arrays
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and a barcode. Each mini array has a specific number of features represented by a spot. B) Artefacts [spots surrounded
with yellow boxes] Kamuyu 2018. C) The total foreground intensity associated with feature spot typically includes the

background MFI

2.5.1 Gain scanning for protein microarray
In protein microarray, systematic spatial artefacts can be introduced during the array

printing and systematic scanning bias if the alignment of the scanner is not well aligned.

The efficiency of antibody signal detection varies across different platforms. To quantify
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the antibody measurements, protein microarray relies on fluorescence technique
combined with a Photo-Multiplier Tube (PMT) system and razor power responsible for
amplification of the fluorescent signals. Researchers adjust the PMT gain to have a
balance between signal bleaching and enhancing lower signals. Antibody detection
systems that rely on fluorescence require careful calibration to minimize background
signals arising from the non-specific binding of analytes or spill-over fluorescence from

reference materials or high-signal intensity neighbouring spots (38,97,101).

Scanning laser power and the PMT gain adjustment are a significant source of non-
systematic and systematic variability (38) and should be investigated to select the optimal
setting. To date, however, there is no agreement on how to determine the optimal
settings of microarray scanners and this has to be done empirically. One of the suggested
approaches is to scan the slides under different combinations of the laser power strengths
and PMT levels and investigate graphically which settings give the optimal Mean
Fluorescent Intensity (MFI) quantification. If the gain is set too high, highly immunogenic
features, including the control spots will saturate and vice versa if the gain is decreased;

.i.e. the sensitivity is lost (102). The Signal to Noise Ratio (SNR) is the preferred measure
to use to perform the graphical investigation. The ratio is estimated as Ad (BG)
where FG is the overall foreground signal, BG is the background signal (102,103). A
signal-to-noise ratio of 3 is regularly considered the lower limit for accurate quantification

since a higher SNR indicates a higher signal over background noise. The second proposal

is to quantify the data under multiple PMT settings and then combines these data during
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analysis using a power function described in detail by Feng et. al (97). However, this

approach can be costly and time consuming for huge experiments.

2.5.1 Background correction

Background intensity is the signal that is emitted by non-biological sources among other
things than sample hybridized to probe or due to nonspecific hybridization (104,105).
Background noise is caused by non-specific fluorescence such as the auto-fluorescence
of the glass slide or non-specific binding of analytes and reference substances (38).
Foreground is the total spot intensity including the background. It is therefore important
to handle the background noise to adjust the data from the ambient signals for each spot.

There are various methods of background correction.

2.5.1.1 Local and global background subtraction

This method involves subtracting the median of the background pixel intensities from the
foreground signal of a specific spot. The local background signal is considered as an
unbiased estimate of the non-specific fluorescence around each spot. Therefore,
subtracting from the foreground intensity gives an unbiased estimator of the true signal
(105). However, in protein microarrays, local background regions can be easily skewed
by artefacts such as small speckles (101). The global background subtraction method is
provided as an option and involves subtracting a single global background value from
each spot. The global value is the median of all the local background values for a given

array.
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2.5.1.2 Moving minimum background subtraction

This approach involves subtracting the minimum of the local backgrounds for a defined
grid. In this tool, the background intensity is replaced by the minimum of the local
backgrounds in each block. This is the method of choice when a mini array artefact is

observed in the background intensities (57).

2.5.1.3 Neighbourhood background correction
This approach is similar to the moving minimum, however, a three-by-three spot
surrounding region is allocated to each protein spot, and the median background of the

nine spots subtracted from the central spot (101).

2.5.1.4 Half moving minimum background correction.

The half moving minimum is a novel approach and involves a two-step background
correction and is designed to ensure that the background-corrected signals are positive.
First, the local background correction is implemented. Secondly, any intensity which is
zero or negative following local background subtraction is set to half the minimum of the
positive corrected intensities in each block. We created this method by combining the half

and minimum background approaches in Limma (57).

2.5.1.5 Log-linear interpolation background correction (Edwards)

This is also a two-step strategy for background correction adopted from one-channel
CDNA microarray experiments and provides an alternative approach for dealing with
negative background corrected intensities. Following local background subtraction
(above), this method adjusts the negative intensities with a log-linear smooth monotonic

function when the difference between the foreground and the local background is higher
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than a small threshold value. Where the background-corrected value is larger than the
threshold value, it is considered to be the true signal of the spot. This method has
advantage over the other approaches since it applies a mathematical function on the

whole range of data to estimate the threshold value (106).

2.5.1.6 Normal and exponential model (normexp) background correction:

This approach fits a convolution model of normal and exponential distribution for the
background signals and background-corrected signals respectively (107). The
background intensities are modelled as a covariate and the expected signal given the
observed foreground becomes the corrected intensity. This results in a smooth monotonic
function of the background-subtracted intensities such that the corrected intensities are
all positive (108). For this approach, the shape of the foreground and background must

present the distribution characteristics.

2.5.2 Coefficient of variation

Most of the microarray experiments are designed with technical replicates which allow
for testing of within-sample variability. Technical replicates help in the reduction of data
loss, e.g., if one of the technical repeat spots performs poorly, the other spots may
succeed. Additionally, they help in identifying sample-specific experimental variability and
allow for potential outlier recognition and removal. Coefficient of Variation (CV) is used

to evaluate within-sample variability. Coefficient of variation (CV) is a measure of

accuracy expressed in percentage, and is defined as; CV = (gj , Where ¢ is the standard
U

deviation of the signal divided by the mean of the signal (38). The %CV is one of the
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good measures of data reliability and increases with big differences among the replicates
(109). On top of that, we developed functionality to identify and filter outliers within the
replicates for experiments with more than two technical repeats. The function
sequentially calculates the CV’s for k-combination of the replicates for each sample per
feature and identifies and removes the outliers; replicas with the highest CV among the

k-CV's is calculated (110).

2.5.3 Normalisation and Batch correction

Data normalization minimizes the mean-variance dependence that is commonly observed
in microarray experiments and may mask true biological variability (37,111). Notably,
protein microarrays often use only one colour channel and, therefore, are especially prone
to spatial artefacts. Furthermore, many data processing methods for DNA microarray are
based on balanced intensities between the two-colour channels. The 2 channels provide
inherent controls that are utilised to account for spatial artefacts. However, such controls
are missing in one-colour-channel protein microarrays thus we cannot directly apply the
DNA approaches in protein micro array experiments. Various normalisation techniques
have been proposed and we highlight the most used approaches. The log, variance
stabilization normalization (VSN), robust linear model (RLM) and cyclic loess are discussed

in detail in Chapter 4.

2.5.3.1 Log2 Normalisation
Log transformation reduces the bias in variance between high and low values by altering
the distribution of the data moving from a multiplicative function to an additive one. Wider

variance is typically observed for higher signal intensities.
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The background-corrected values ;. =Yy, —a; where ais the estimate of the median
background level and vy, is the estimated intensity for a spot r of protein feature k in

the mini-array j on the " slide. The transformation is defined as

Ing (yijkr ) = Iogz(yijkr —a).

2.5.3.2 Global and quantile normalization

Global and quantile normalisation techniques are mostly used in DNA micro-array. Global
normalization uses the global median of log intensity ratios as the scaling factor to every
value in the array ensures all the features have the same median intensity. On the other
hand, quantile normalisation arranges per feature intensities from the highest to the
lowest. This is followed by replacing the highest value in feature with the mean of the
highest value, the second-highest value becomes the mean of the second-highest values
and does this for every rank. Global and quantile normalisation techniques assume a

majority of the intensities are not differentially expressed (38).

2.5.3.3 Two-parameter signal normalization

This approach assumes that signal distribution in a grid is consistent across the slide and
therefore a spot can be normalized by its neighbouring spots. The median and the median
absolute deviation are estimated to represent the distribution of the signals in a grid. This
is followed by averaging the estimated measure of central tendency and variation. The
average estimates normalise the central spot signal to align with the global distribution

of the spot signals. For a given spot, x;, the signal S; is normalised as

ij /
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S; = MED+(S; - MED ) MAD '\\here MED and MAD are the averaged neighbourhood
MAD.

]

medians, MED,; and median absolute deviations MAD; respectively (62,101).

2.5.3.4 Mean-Variance Regularization

This is a non-parametric method for joint adaptive mean-variance handling using joint
regularized shrinkage estimators. The shrinkage estimators take advantage of parameter
similarity of measurements done in parallel. The method specifically uses a joint; cluster
pooled parameter estimates, and local regularization of the mean and variance

parameters to stabilize the mean-variance dependence (112).

2.5.3.5 Cyclic Loess Normalization

Cyclic loess normalization utilises the MA plot and local regression (LOESS) smoothing to
transform the data. MA plot in single-colour microarrays is the scatter plot of average log
intensity values [A] from both arrays vs. difference in log expression values [M] of the
same arrays (113). In the first place, the approach estimates the intensity-dependent
differences and then regulates the differences by centering the non-linear local regression
(LOESS) line to zero. This approach is suited for data where the mean-variance
dependence is non-linear (114). Cyclic loess is defined for both raw and log-transformed

intensities. Log cyclic loess is utilised when we have a high number of outliers.

The “fast linear loess" method of Ballman et al. is mostly utilised in protein microarrays
since it is relatively fast and specifically defined for a single colour array. It does this by
running systematic cycles of smooth-LOESS to normalize each pair of columns in

reference to a constructed ‘average’ array. The intensity level of a spot on the ‘average’
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array is equal to the average intensity of spot r across all arrays (57,113). In summary,
the data is first arranged in a matrix with one column per probe from a given slide, then
an average slide is created and finally, the cyclic loess transformation is done using fast

linear loess (113).

2.5.3.6 Robust Linear Normalization (RLM)

The assumption of the global normalization method like Cyclic Loess is that features
across different samples have a similar signal distribution. However, this has been
reported not to be always true for protein microarray data(38). Additionally, the number
of reactive proteins and their reactivity can vary significantly from sample to sample,
leading to markedly different signal distributions. This led to the implementation of Robust
Linear Model (RLM) normalisation by Sboner et al. to reduce both intra-array and inter-
array technical variability specifically for protein micro arrays. This approach incorporates

a set of control proteins in the mini arrays to be used as normalization factors (38,46).

2.5.3.7 Variance Stabilization Normalization (VSN)

VSN was mainly developed to handle the shortcomings of the log transformation of
stabilizing the variance of the low and high intensities over the full range of the data. The
proposed approach calibrates for sample-to-sample variations through shifting and

scaling and transforms the signals to a scale where the variance, Var(y;jkr) is independent
of the mean, E(V}jkr)- This method is ideal with a non-linear mean-variance dependence

and is defined for negative intensities. Huber et al. and Durbin et al. independently
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proposed the VSN approach which is a variant of the log-transform (asinh). This variant

transforms and corrects the inflated variance in low signal intensities (37,100,111).

2.5.3.8 Batch Correction

Samples are typically processed on separate days for a variety of technical and logistical
reasons, including the need to rerun samples with unsatisfactory replicate data. Multiple
factors contribute to this batch variation such as non-specific day to day differences in
laboratory conditions or operators (98,115). Batch correction involves investigating the
presence of batch effects using coloured scatter plots, hierarchical clustering, or principal
component analysis (PCA). Once identified, subsequent analyses can be adjusted to
account for batch effects. A few methods and tools have been developed for microarray
experiments (116). For example, single value decomposition (SVD) and principal
component analysis (PCA) where the PCA value of the batch effect is subtracted from the
data, Distance-weighted discrimination (DWD) which is a modified method based on
Support Vector Machines (SVM) algorithm and Mean centering (PAMR) which is a feature-
wise based on one-way analysis of variance (ANOVA), Combat which utilises empirical
Bayes approach, among others. However, the Empirical Bayes approach is flexible to
either small or large batches and can incorporate both parametric and non-parametric

data(98,117).

2.6 Feature selection
Feature Selection in machine learning is the process where you automatically or manually
select parameters that explain the variation in your outcome variable the most. In health

sciences, one of the fundamental motivations for feature selection is to find the most
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important correlates that explain the disease outcome. The more correlates of disease
protection measured, the larger the hypothesis space. Therefore, feature selection can
efficiently reduce the hypothesis space by less relevant and redundant features. The
smaller the hypothesis space, the easier it is to find the important correlates of disease.
In addition, while building prediction models, finding the most important predictor
variables that explain most of the variation in the response variable is key to identify and

build high performing models (118,119).

Identifying the important features can be achieved either by ranking the predictor
variables according to some criteria and select the top features or selecting a subset of

the features empirically without learning performance declining (119).

2.6.1 Modified Poisson

This approach uses the classical regression approach with a categorical outcome
adjusting for known confounders followed by ranking the important features using the
risk ratio estimated. The modified Poisson regression approach proposed by Zou et. al. is
a Poisson model with a robust error variance with a dichotomous outcome. Modified
Poisson regression has an advantage over logistic regression in epidemiological studies
since it estimates the relative risk directly rather than the odds ratio which is estimated

by the latter (43).

When Poisson regression is applied to a dichotomous outcome, the error of the relative
risk calculated will be overestimated. However, this error is corrected by sandwich

estimation of robust error variance.
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Given that x is a binary exposure with an underlying risk function 7z(x;), then the risk

function is modelled as log [7z(xi )] =a+ B since z(x ) has to be positive.

The relative risk (RR) is estimated by exp( ,B)if a Poisson distribution is assumed for the

outcome Yy;then,

(e, B) = CxiZ::[yi (a+pBx)—exp(a+px)](2.8)

Applying the likelihood theory; RR:exp(ﬁ)z%, and the estimated variance RRis
1

expressed as var(RR)= %+ % followed by correction using the sandwich estimator

explained in detail by Zou et. al (43).

With several biological features tested, the RR'’s are ranked according to the criteria of
interest, for example from highest to lowest or vice versa and the top kfeatures are
selected. However, this “univariate” multiple testing approach ignores the potential

interplay between different features (47).

2.6.2 Penalized regression
Penalized regression uses the  standard least  squares regression,

y=p5+pX+...+ X, +& Wwith a penalty to fit a multivariable model involving p

features/predictors. However, with many features used, some of them are not associated

or do not explain the outcome and leads to unnecessary complexity in the model. The
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penalized regression is preferred over least squares regression due to overfitting if p>n
and the unnecessary complexity that comes with non-important features in the model.
Thus, penalized regression imposes a penalty to shrink the coefficients of the less
important variables towards zero or equal to zero. This shrinkage (also known as
regularization) has the effect of reducing variance. Other methods that utilise the least-
squares approach are subset selection and dimension reduction (118,120-122). The most
used penalized regressions are the ridge and the lasso regression.

2.6.2.1 Ridge regression

The least-square approach estimates the coefficients using the values that minimize the

residual sum of squares (RSS)

min,g i[)’i _ﬂo _Zi:ﬁjxijj (2-9)

The ridge regression is similar to the least square approach except that the coefficients

are estimated by minimizing the RSS with a penalty.

P
. 2
min,RSS+ A, f7 (2.10)
j=1
ridge shrinkage penalty

The ridge regression coefficients SR are the values that minimize the above equation

where 4 >0 a tuning parameter (lambda) which determines the amount of shrinkage and
requires estimation separately. The estimation is done using cross-validation discussed in

detail in Chapter 5. Where lambda is zero, the penalty does not affect the coefficients,
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but as 14— othe shrinkage penalty grows hence the coefficients will approach zero

(118,120).

2.6.2.2 Lasso regression

p
The ridge penalty }LZ ,Bf ; |, penalty, will shrink the coefficients towards zero but does not
j=1

set any of the coefficients to be zero. This is a challenge in feature selection but may not

be a problem in prediction models. The lasso overcomes the disadvantage of ridge

P
regression by using a different penalty /IZ‘ B;|, mostly referred to as the |, penalty. Thus,
j=1

the lasso coefficients, S, are estimated by

p
min,RSS+ A Y. ‘,Bj‘ (2.11)
j=1

laso shrinkage penalty

As a result, models generated from the lasso are generally much easier to interpret than
those produced by ridge regression hence the former is mostly used for variable selection.
As in ridge regression, selecting a good value Afor the lasso is also important. The elastic
net approach which is a combination of ridge and lasso regression can also be applied

(118,120).

It has been empirically observed that the performance of the lasso for variable selection

works well in the presence of low-to-moderate multicollinearity among the predicting
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features. Moderate to high multicollinearity can be quite common in modern-day

applications, it is important to consider this during variable selection (123,124).

2.6.3 Bayesian regularization methods
Motivated by the limitation of lasso in *high multicollinearity’ settings, variants of Bayesian

lasso have been proposed for computing the lasso solution (123,124). The Bayesian

approach assumes the coefficient vector fhas some prior distribution, p(,B). The
likelihood of the data can be assumed to be f(y| x, B) where x:(x1 ..... xp). Thus, the

posterior will take the form,

p(BIxy)ec f(yIxB)p(BIx)="1(yIx B)p(B) (2.12)

p
With the above posterior form, assuming that p(ﬂ):Hg(ﬂj)to be a Gaussian

j=1
distribution with mean zero and standard deviation a function of 1 or a double-exponential
(Laplace) distribution with mean zero and standard deviation a function of 1, then the

posterior mode for fgiven the data is a ridge regression or a lasso regression

respectively. It was shown through Bayesian interpretation by Gareth et al. that the lasso
prior picked at zero while ridge prior was flatter at zero hence the lasso expects a priori

that many of the coefficients are (exactly) zero (120).

Therefore, we note that the Bayesian variable selection approach depends on the
specification of the priors in the model space. The priors as described by Matthew et al.
falls into four major categories priors on the model space, spike and slab priors, shrinkage
priors and projection methods (125). Here we discuss the spike and slab prior which in
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its original form was a mixture of a Dirac measure concentrated at zero and a uniform
diffuse component. However, it can be used as a mixture of where two distributions
where one component is peaked at zero and the other is diffuse (120,125).

The spike and slab prior takes the form,

Bilr; N(1_7/1)GO(ﬂj)+71G1(fBi)(2'13)'
For j=1,..,pwhere G,and G, are probability measures on the response variable and
y ~ p(y) where p(y) is the prior of the model space. For example, if an independent
Bernoulli prior is assumed y; = Bern(wj), and w, e[O,l], then the spike and slab prior

can be written as

By 1w, ~(1-w;) Gy (B;)+w,G, () (2.14).

However, for very high dimensional data, the computational cost is high for the spike and
slab methods. This also motivated the development of Bayesian Lasso (least absolute
shrinkage and selection) which is a spike and slab priors with thicker tails (125,126). In
particular, James et al. (120) and Rockova et al. (127) considered the spike and slab of

the form,

ﬁj |7j N(l_yj)l—ap(ﬂ'o)"ﬁ/j (/11) (2.15),

Where Lap(/‘t):%e”denotes the Laplace (double exponential) distribution as

discussed above. Selecting a small 4 and a large 4, mimic the original spike and slab
prior and A, =/4,=A4is equivalent to a single Laplace with parameter A. The Laplace

shrinkage has a better computational advantage over the other spike and slab priors.
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Sometimes using the Laplace prior does not make the posterior concentrate close to the
true value for large samples (128) and has led to the introduction of Bayesian priors with
good shrinkage properties. Some of the priors include the normal-gamma (129),
Horseshoe prior (130), generalised double Pareto (131), Dirichlet-Laplace (132) and the

Horseshoe+ prior (133,134).

The broad hierarchical form of the global shrinkage priors can be expressed as

Bilnj, o~ Norm(O,a)iyj)
n; ~ 7 (n;) (2.16)

w~7n(w)

Where 7, are known local shrinkage parameters and control the intensity of shrinkage for
each individual coefficient g,and « is the global parameter that affects the overall

shrinkage. The parameter 7, has a distribution that can be written as (135)

7(n;)= KoL) (2.17)

Where K>0and a>0and L is a positive measurable constant. Quantification of the
selected variables is often achieved using the regression coefficients point estimates and

their estimated credible intervals (125).

2.6.4 Random Forest
Random forest (RF) is a supervised machine learning technique built on the decision tree-
based algorithm. Random forest aggregates a collection of random decision trees. The

best split is selected from optimizing several features or predictors. The best split is the
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predictor variable and cut point that minimizes the cost function of interest from a forest
of decision trees. The forest is then used to identify a classification consensus by selecting
the most common feature (mode) (69,118,136).

The general definition of random forest given by Breiman in 2001, let (ﬁ(@l) h( 0, ))
be a collection of tree predictors with @,,...,©,q i.i.d. random variables independent of

the learning sample L, . The random forest predictor h..is obtained by aggregating the

collection of random trees.

— Random Trees

= Aggregation

Figure 2-3: General schematic flow of the random forest algorithm (136)

a .
Zh(X,@)() - average of individual tree prediction in a regression approach.
(=1

Mo (x)=

o |-

. g
hee (X) =arg maleﬁ(w)_ majority vote among individual tree predictions in a
1<e<C o Be)=¢

classification approach (136).
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To fit the RF, a bootstrap sample of a learning sample L, of sizen is obtained by randomly
drawing nobservations from L, with replacement. Each observation (X;,Y;)of L, having

a probability 1/nof being selected in each draw. The process of aggregating the draws
is called Bagging, an acronym for “Bootstrap aggregating”. Bagging predictor is obtained
by aggregating a set of tree predictors, each constructed on a different bootstrap sample.
Aggregating is achieved by a unit vote for the most popular class, then combining these
results get the final sort of result. An input of the number of randomly sampled
candidates/features in each split the most important parameter in the RF model. This
parameter is optimised using cross-validation. The random selection of features is done
by a uniform draw of “mtry” features without replacement among the pavailable

|\\

variables Figure 2-4. Therefore, the optimal “mtry” value depends greatly on the total

number of variables p .

Bagging brings out an out-of bag/ Bootstrap (OOB) data which we used to estimate the
OOB error and the prediction errors. Each tree had an OOB estimate for its error, and the
overall generalization error of RF is the average of estimations of all tree error for every
tree contained in the RF. The OOB error avoids the need for a test and train data since
the samples not used in the bootstrap are used as the test data. The number of features
randomly sampled as candidates at each split is an important parameter for the RF model

(136).
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Figure 2-4: Schematic flow of Bagging on the left and RF-RI algorithm “mtry” on the right. The RF-RI stands for Random Forest

Random Inputs to show the random inputs in a RF model. Where ® refers to the bootstrap draw and ® ' refers to the random

draw of variables (136)

The OOB error is estimated from predicting the Yi of the i" observation using predictors
that do not include the used bootstrap sample i.e., bootstrap samples not containing

(X;.Y;). The OOB error is then calculated as follows in a classification approach:

OOB error = %Zly_ﬂ (2.18)
i

Another parameter but not very crucial is the number of trees, since the larger the
number of trees, the better. However, due to computational cost, the number of trees
is selected up to the point where the OOB error stabilizes. While doing feature selection
with random forest, correlated features will be given equal or similar importance, but
overall reduced importance compared to the same tree built without correlated

counterparts.
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Class imbalance, where one category has very low numbers compared to the other, have
been observed to bias the OOB error towards the minimum category in classification
problems. Synthetic Minority Oversampling Technique (SMOTE) has been proposed to
handle class imbalance in binary classification. This technique is a sampling procedure
which oversamples the class with lower numbers, by using randomly selected k nearest
neighbours of the minority class followed by generating a synthetic minority class instance

(73,137).

2.6.5 Boosting trees

While random forest builds an ensemble of deep independent decision trees, boosting
approach grows shallow successive decision trees with each tree learning and getting
better from the previous. Boosting approach will continue learning to minimize errors and
this may cause overfitting by emphasizing the outliers, however, cross-validation is used
to overcome this. Similarly, like random forest boosting uses Bagging (bootstrap
aggregation) which involves bootstrapping the training dataset, building a discrete
decision tree to each copy, and then assembling all of the trees to create a single

predictive model (118,120,138).
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Figure 2-5: Sequential boosting approach workflow, where the h* are the residuals: Improved from bradleyboehmke.github.io
Recently a new algorithm called GPBoost of combing boosting and mixed effect models
was introduced by Fabio et al. GPBoost (138) also allows building tree-boosting
independently, inference, prediction, and selection of important features for mixed-
effects models. Mixed effects model is a modelling technique for grouped data or data
with repeated measures. The independence assumption made in most boosting
approaches is also maintained for more efficient learning of the mean function and
obtaining probability predictions. Importantly, this approach takes advantage of boosting
in handling complex non-linearities and it is robust to multicollinearity in predictor
variables. In this approach, the response variable is assumed to be the sum of a

potentially non-linear function F(X) and random effects z 3

y=F(X)+ZB+¢&, where yis the response variable, x are the predictor variables ,z 3

are the random effects and follow a multivariate normal distribution andg¢is an

independent error term (118,138).

To build better Boosting models the following parameters are tuned using Cross Validation

approach with training and test sets. The first and most important parameter is the
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“nrounds” which is number of trees in a single boosting iteration. Secondly, the “learning
rate” which is the shrinkage parameter that controls how quickly the model proceeds
down the gradient descent (learns) whereby lower values usually lead to higher predictive
accuracy, but more boosting iterations are needed. The “learning rate” ranges between
0 to 1 and also determines the contribution of each tree on the final outcome. The other
parameter is the “"min_data_in_leaf” which is the minimal number of samples per leaf in
a boosting iteration (138,139). The values in a grid that minimize average Root Mean

Squared Error (RMSE) on the test sets are selected as the optimal values.

2.6.6 sparse Partial Least Squares discriminant analysis (SPLSDA)

Partial Least Squares (PLS) originally developed as dimension reduction has been
improved to be applied in classification and discrimination problems (140,141). The PLS
approach uses a linear combination of the original variables to explain most of the
variance/covariance structure of the data (142). A variant of sparse Partial Least Squares
regression (sPLS) called sparse Partial Least Squares discriminant analysis (sPLS-DA) was
developed to improve on computational efficiency and interpretability of results (143).
The sparsity of sPLS-DA approach is achieved with a Lasso penalization (described above
in regularization methods) of each of the PLS loading vectors when computing the
Singular Value Decomposition. This introduces sparsity in the LDA to obtain a

parsimonious model (141,142).

The sPLS-DA in a supervised way identifies a new set of features utilising the response

variable. The identified features must approximate all the old features without bias and
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be related to the outcome variable, which is a limitation of other dimension reduction
techniques such as Principal Components Analysis (PCA) (141,143). This makes it another
good approach to utilise when you have a dataset with a high degree of multicollinearity
in the predictor variables (140). Importantly, this approach puts a strong focus to
visualizations to support the explanation of the results and computational efficiency thus
giving it a strong advantage over other types of dimension reduction feature selection
approaches (143,144).

2.6.7 Block Forest and Networks

During the multi-omics era, quantifying various types of data such as gene expression,
methylation or copy number variation data, protein micro-array data has become fast and
less costly. This has led to more patient data with several types of omics data available
for the same individual. Similarly, powerful modelling techniques have been developed to
assist on feature selection and prediction using multi-omics data. In some health studies
with complex patterns combining different types of data would be important to identify
important features in different “blocks” or sets of multi-omics data. The interactions
between variables across the different blocks of data motivates the importance of

modelling the data together (145).
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Figure 2-6: Interdependencies of omics data from different blocks. Source: Zierer et al. (146)

A block forest algorithm was developed by Hornung et. al to assist in selecting features
from different blocks using block-specific weights of split criteria. The algorithm is built
on the random forest algorithm which is a powerful feature selection tool and captures
complex patterns between the outcome and the predictor variables (145,147);. The
results from these mutli-omics or multi-site data can be presented in networks. The
networks have nodes or vertices which are the important features which are connected

using edges and links (146).
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2.7 The inter-linkages of the different methodologies

The inter-linkage of the different methodologies discussed from Section 2.4 to Section
2.6 is as shown in the Figure 2-7 shown below. The "blue" section depicts the case
definition using the classical logistic models and the Bayesian latent class models and is
described in detail in Chapter 3. The “orange” color depicts development of tools and
functionalities to assist in protein micro array data management and is discussed in detail
in Chapter 4. The “brown” depicts Chapter 5 which involves utilising different machine
learning approaches to identify correlates of disease protection. The data used in Chapter

5 is generated using the methodologies in Chapter 3 and Chapter 4.
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systematic protein micro-array bias, C) Identifying important correlates of clinical malaria
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2.8 Ethical considerations

The data used in this study had no personal identification; however, we used the
individual unique identifier for the analysis. Permission to use the dataset was sought and
granted by the KEMRI- Scientific and Ethics Review Unit (SERU) — Approval numbers
KEMRI SSC No. 3139 for the SMART study. The data have also been published by Kamuyu
et al. 2018 (54). The data have been anonymised and stored in the KEMRI servers in
Kilifi, Kenya and managed by Kilifi Data Governance. The Kilifi Data Governance

Committee has provided approval to utilise the data to test the PhD statistical models.

The doctoral research was given ethical approval by the University of Witwatersrand’s
Human Research Ethics Committee (Medical) (Clearance Certificate No. M190121), and a

copy of the ethical clearance letter is attached in the thesis appendices.
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CHAPTER 3 : CASE DEFINITION
Paper 1. Estimating malaria attributable fractions with changing

transmission intensity: Bayesian latent class vs logistic models.

Kennedy Mwai 2%, Irene Nkumama %3, Amos Thairu 2, James Mburu 2, Dennis Odera %3, Rinter Kimathi 2,

Lydia Nyamako 2, James Tuju %4, Samson Kinyanjui %>, Eustasius Musenge !, Faith Osier 234>

!Epidemiology and Biostatistics Division, School of Public Health, University of the Witwatersrand,
Johannesburg, South Africa.

2Centre for Geographic Medicine Research (Coast), Kenya Medical Research Institute-Wellcome Trust
Research Programme, Kilifi, Kenya

3Centre of Infectious Diseases, Parasitology, Heidelberg University Hospital, Heidelberg, Germany
‘Department of Biotechnology and Biochemistry, Pwani University, Kilifi, Kenya

>Centre for Tropical Medicine and Global Health, Nuffield Department of Clinical Medicine, University of

Oxford, Oxford, United Kingdom

3.1 Abstract:

Background

Asymptomatic carriage of malaria parasites is common in high transmission intensity
areas and confounds clinical case definitions for research studies. This is important for
investigations that aim to identify immune correlates of protection from clinical malaria.
The proportion of fevers attributable to malaria parasites is widely used to define different
thresholds of parasite density associated with febrile episodes. We investigated whether
the varying intensity of malaria transmission had a significant impact on parasite density

thresholds. We used the same dataset to explore an alternative statistical approach of
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using the probability of developing fevers as a choice over threshold cut-offs as the former

has been reported to increase predictive power.

Methods

Data from children monitored longitudinally between 2005 and 2017 from Junju and
Chonyi in Kilifi, Kenya were analysed. We compare the performance of Bayesian-latent
class and logistic power models in estimating malaria attributable fractions and
probabilities of having fever given a parasite density threshold with changing malaria
transmission intensity. Zero-inflated beta regressions were used to assess the impact of
using probabilities to evaluate anti-merozoite antibodies as correlates of protection

compared with multilevel binary regression.

Results

The malaria transmission intensity declined from over 49% to 5% between 2006 and
2017 respectively. During this period, the attributable fraction varied between 27%-59%
using logistic regression compared to 10%-36% using the Bayesian latent class approach.
Both models estimated similar patterns of fevers attributable to malaria with changing
transmission intensities. The former performed well in estimating the probabilities of
having fever, while the latter was efficient in determining the parasite density threshold.
However, compared to the logistic power model, the Bayesian algorithm yielded lower
estimates for both attributable fractions and probabilities of fever. In modelling the
association of merozoite antibodies and clinical malaria, both approaches resulted in

comparable estimates, but the utilization of probabilities had a better statistical fit.
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Conclusions.

Malaria attributable fractions varied with an overall decline in the malaria transmission
intensity in this setting but did not significantly impact the outcomes of analyses aimed
at identifying immune correlates of protection. These data confirm the statistical

advantage of using probabilities over binary data.

Keywords: case definition, malaria, attributable fractions, probability

3.2 Background

Asymptomatic carriage of malaria parasites is highly prevalent in areas with high malaria
transmission as a result of naturally acquired immunity (148). It is therefore likely that,
in such areas, an individual with a non-malarial fever has coincidental parasitemia. Since
the likelihood of having fever generally increases with parasite density (17,149,150) the
assumption is that fever in the presence of parasitemia necessarily constitutes a clinical
malaria. However, in high transmission settings (151) parasitemia accompanied by fever
may not be adequate to define an episode of clinical malaria and may lead to differential
misclassification. Besides causing an over-estimation of malaria burden in an area
(18,149), the misclassification complicates immunological and clinical trials where clinical
malaria cases are an endpoint or one of the outcome variable. As an outcome variable it
is particularly important for identifying correlates of protection from clinical episodes to

inform vaccine development.

To overcome this problem of misdiagnosis, different studies have based the case

definition of malaria on fever with parasite density above a locally defined threshold.
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Computation of malaria attributable fractions (MAF) or the proportion of fevers due to

malaria parasites has been used to define different thresholds for parasitemia (17,150).

The classical method for deriving the attributable fraction is a simple numerator
denominator approach (152) which is prone to bias when applied in high malaria
transmission areas (18). In high transmission settings, individuals may have parasites
and not show clinical signs of malaria. Logistic regression models are typically used to
handle this bias. They determine the risk of the outcome as a continuous function of
parasite density (149,150), and have been widely used to obtain attributable fractions
against a range of outcomes with parasitemia as the exposure variable
(24,25,149,150,153). Additionally, a Bayesian latent class model of two-component
mixture distributions was proposed to improve the estimation of attributable fractions
(17). The latent class model was developed to handle the limitation of imprecise or
negative attributable fractions occasionally observed in standard logistic regression

models (18).

Malaria transmission intensity has been found to strongly influence the attributable
fractions. In a study conducted in two areas with different transmission intensities in Kilifi
at the coast of Kenya, a MAF of 50.2% derived for Ngerenya, the low transmission site
and 47.9% for Chonyi, the high transmission site. In this study, the logistic regression
method was applied and derived a parasite density threshold of 2500 parasites/uL of
blood as the most appropriate to distinguish malaria attributable fevers from fevers due

to other causes in both settings. Following this study, this threshold has been widely
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applied in the definition of malaria cases in various studies conducted along the Kenyan

coast (41,153-156).

Significant reductions in malaria transmission and admissions have been reported over
the last decade in endemic countries in Africa (26) and in particular at the Kenyan coast
(155,157,158). Based on this observed reduction in transmission and the influence of
transmission intensity on the malaria attributable fractions, we conducted the present

study to determine the variation of malaria attributable fractions over time.

We also estimated the probability of fever as a function of parasite density and the optimal
parasite thresholds using logistic regression (17,159). The estimated probabilities of fever
have been used in determining risk of developing clinical episodes in malaria vaccine
trials. In these trials, the probabilities estimated from a Bayesian latent class model were

proposed as a better approach to compare the placebo and control groups (88,160).

Several articles (92-96) have pointed out problems associated with the categorization of
data. These include not only the loss of information on variation and statistical power,
but also an increased risk of type I errors and poor predictive performance (92,93,95).
In this study, we explore the utilization of probability estimates from Bayesian latent class
models as an alternative to dichotomizing individuals using a selected parasite density

threshold.
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3.3 Methods

3.3.1 Study area and population

We used cohort data from Junju and Chonyi sub-counties in Kilifi County, which is part
of the Kilifi Health and Demographic Surveillance System (KHDSS) on the coastal region
of Kenya Figure 3-1 (161). The area has two malaria transmission seasons May-July and
November-December. For Junju the data were prospectively collected from participants
aged 1 to 15 years old between 2005 and 2017 (inclusive) who were initially recruited
into a malaria vaccine trial (FP9 ME-TRAP and MVA-ME TRAP, Bejon et al. 2006).The
Chonyi dataset had 286 children aged between 0-10years collected in October 2000 and

was only used for model comparison (162).
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Figure 3-1: Junju and Chonyi study sites in the Kilifi Health and Demographic Surveillance System (KHDSS)
3.3.2 Malaria parasite prevalence cross-sectional survey
A cross-sectional malaria survey was done every year at the beginning of the malaria
season (March-May) for the Junju cohort as shown in Table 3-1 except for 2005 and 2006

where the surveys were done during the malaria season for a vaccine trial. For the Chonyi
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cohort, the cross-sectional malaria survey was done in October 2000. Parasitemia was
determined by thin smear microscopy. In both studies, the participants were followed up
both actively with weekly home visits by trained field workers and passively at health
facilities to identify clinical episodes of malaria. Blood smears were prepared to determine
parasite densities for any child who had a fever (axillary temp=37.5°C) for the cross-
section surveys and follow-up surveillance, respectively. The Government of Kenya-

recommended first-line treatment was used for treatment episodes of malaria.

For the parasitemia determination by microscopy, the number of asexual-stage
parasites/200 leukocytes was counted, and parasitemia estimated based on actual or

assumed (8,000 leukocytes/uL) leukocyte count measured for each blood smear.

3.3.3 Statistical analysis

A case-control analysis of the relationship between the risk of fever and parasite density
was carried out separately for each year using logistic regression and Bayesian latent
class models using R (163) and OpenBugs (164) respectively. Additionally, the analysis
was repeated in each age group using the overall dataset. Cases corresponded to fever
episodes detected by passive or active case detection and controls were those collected
during the cross-sectional surveys or the individuals with parasites and no fever during

follow-up.
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3.3.3.1 Logistic regression

A logistic regression model was fit to the data modelling the risk of fever as a continuous

function of the parasite density. The model was of the form logit(7;)=ca+ f (X ) where

7, is the probability that observation i with parasite density X is a (fever) case. Along

Withf(xi):ﬂx.’ , a smooth monotonic function of X" where 7 is the power

transformation of the parasite density. This power function 7 was tested at different
values between 0.10 and 0.90 with a precision of 0.01 and the value that maximized the

log-likelihood best was chosen. The malaria attributable fraction (MAF), 4, was estimated
using the slope coefficient of the logistic regression; 4= (],/ N )Z(Ri —1) / R where
1

R = exp[f (X )]and the standard error estimated using the bootstrap approach with 1000

bootstrap samples. The logistic model was also used to estimate the probability of each

individual case of fever being attributable to malaria using 4., =(R -1)/R, (149).

3.3.3.2 Bayesian latent class

For the Bayesian latent class model, the parasite density was resolved to a mixture of

two multinomial distributions. One component g,(.) corresponds to non-malaria fever

episodes and the other component, d,(.) to children with clinical malaria episodes (fever
and parasites). Parasite levels during the cross-sectional bleed were available and were
used as the training sample, i.e., a sample that comes from the component of the mixture
corresponding to children without fever but who may have parasites. The data was then

divided into K ordered categories over the range of the parasite density X . This was
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followed by counting the number of test samples n=(n,,n,,...,n, ;) and control samples

(non-fever cases) m=(m,,m,...,m._,). Then the MAF, 1, was then estimated from the

two multinomial distributions,

6, =P(xe categoryi|PR),
¢ =P(xe categoryi|P,), (3.1)
/1=P(X€P2)

The parameters P, and P, are the distributions functions of the components g,(.) and

9,(.) respectively. The category-specific attributable fractions were obtained using,

A =P(xeP, |x ecategory i ):%.(3.2)

To estimate the probability, 4,,, of each individual case of fever being attributable to
malaria local and piece-wise cubic polynomial models were used. The models were fitted

using category-specific MAF, A , together with the category-specific midpoint of parasite
density. This was followed by predicting the individual 4, using their parasite density

measurements from the results of various model fitting functions.

Sensitivity and specificity of various cut-off values for parasite density were estimated by

A 1-n,(1-4) (X an)
N lMand ¢ %(1_/1) respectively wheren_ :Zi'; n o, A= e n, n the

number of fever cases in the category iand c¢ represents the parasite density category
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of which it is the selected cut-off in logistic regression or the lower bound for the category

in latent class models.

3.3.3.3 Association with protection.

Multi-level logistic and zero-inflated models were used to investigate the association
between high versus low merozoite antibodies and clinical malaria. Various antibody
concentrations were applied as cutoffs to define the high and low responders (162). The
results were used to compare the performance of probability and binary outcomes. The
zero inflated approach was used since we had a probability mass at zero due to the non-
febrile participants. Specifically, for the probability outcome, we compared results from

the Maximum Likelihood (MLE) and Bayesian inference estimations (162,165,166).

3.4 Results

3.4.1 Study population

A total of 4,722 participants were recruited in Junju, Kilifi County from 2005 to 2017.
Approximately 300 or more participants were followed up each year with average
recruitment age of 6.5 years (ranging between 1 month old to 16 years) as shown in
Table 3-1. Each child had on average 2.94 test occurrences during follow-up giving rise to

a total of 14,404 events during the entire study period.

3.4.2 Temporal distribution of fever and parasite density

Table 3-1 shows the distribution of fevers (axillary temperature of >37.5°C) at all the cross-
sectional surveys. Approximately 1,034 (2.19%) occasions of fever were reported during the
cross-sectional surveys. A decreasing trend of fevers was observed over the study period except
for 2005 and 2006 where the samples were collected specifically for a vaccine trial (1). The
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prevalence of P. falciparum was also artificially high during this period since the participants were
recruited during the malaria season. A decline in the prevalence of P. falciparum parasite was
observed between 2006 to 2013 from 30.21% to 8.78%. This was followed by a slight increase

in 2014 and 2015 then another decline in 2016 to 4.32% in 2017.

Table 3-1: Prevalence’s of Plasmodium falciparum positivity, fever, and presumptive malaria (fever + parasitemia) in the pre-
transmission season cross-sectional survey and the number of active follow-up events in the Junju Cohort. 9 Participants were
recruited for the original vaccine study in 2005 and 2006 (ref) and sampling of participants extended into the high transmission

season each year. *Excluded in the main analysis due to health workers’ strike.

Year Samples Mean age inyears P. falciparum Fever Presumptive Active follow-
(n) (min-max) (%) (%) malaria (%) t up events (n)
20059 372 3.9 (1-9.0) 49.05% 0.81% 0.54% 1029
20069 300 4.5 (1.5-9.5) 31.21% 0.67% 0.33% 615
2007 339 4.8 (<1-11.0) 15.93% 3.24% 1.18% 1816
2008 341 5.4 (<1-12.0) 29.62% 3.52% 3.52% 884
2009 352 5.8 (<1-13.0) 20.17% 2.56% 1.14% 958
2010 377 6.5 (<1-14.0) 27.59% 3.98% 2.65% 957
2011 377 7.1 (<1-12.7) 23.08% 1.86% 1.33% 891
2012* 399 7.1 (<1-13.7) 16.79% 1.75% 0.50% 696
2013 410 7.5 (<1-14.7) 8.78% 1.46% 0.24% 1483
2014 404 8.2 (<1-15.7) 14.25% 1.49% 0.50% 1619
2015 400 8.3 (<1-16.5) 17.36% 1.25% 0.25% 1319
2016 316 7.8 (<1-15.0) 11.61% 1.27% - 1087
2017 335 7.1 (<1-15.0) 4.32% 1.19% = 1050
Total 4722 6.5 (<1-16.5) 20.69% 2.19% 1.06% 14404

3.4.3 Relationship of fever to parasitaemia over time

The probability that a fever case was malaria attributable at a given parasite density 4 changed
gradually over the study period as shown in Figure 3-2. The MAF was estimated using the Bayesian
Latent class model and logistic regression. The Bayesian latent class gave a lower MAF estimate,

Bland-Altman bias =0.20 (0.16-0.24), compared to the logistic model. After estimating the
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sensitivities and specifities of different parasite densities, the optimal parasite cut-off was selected
using the logistic regression for the different years [Supplementary Table 3-1]. However, the

number of malaria positive individuals did not vary significantly with the new thresholds compared

A) Temporal estimates of attributable fractions B) Bland-Altman agreement between methods
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Figure 3-2: A) Temporal estimates of attributable fraction (AF) from 2005 to 2017 using Bayesian Latent class models and logistic power

models. Pf. Pos is the prevalence of parasite positivity during the cross-sectional bleed. B) Bland-Altman plot of agreement

to the previously defined 2500p/ul threshold [Supplementary Figure 3-1], despite the changing
patterns. Notably, the Bayesian latent class approach and the logistic power models approximated

a similar pattern of MAF but the estimates were lower in the former model. Comparable patterns
were also observed in the probabilities, 4, predicted from the individual parasite densities
[Supplementary Figure 3-1].

3.4.3.1 Non-febrile individuals.

An interval estimate for the prevalence of malaria fever was estimated using the Bayesian latent

class model. The Bayesian individual probabilities for non-febrile participants with parasitemia

were adjusted using the interval estimate for the prevalence of malaria fever. This is shown in

Supplementary Figure 3-2 and Supplementary Figure 3-3 where non-febrile cases had a lower, 4
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,compared to the febrile cases for the parasite positive individuals. Detailed implementation of

the methodology is included in the repository as OpenBUGS and R codes.

3.4.4 Impact of age on MAF.

The MAF estimates were higher for older age groups than the children <1 year as shown in Figure
3-3A below. Additionally, the predicted individual probabilities declined with age as shown in Figure
3-3B and likewise the logistic power model had higher estimates and smaller range than the
Bayesian latent class predictions [Supplementary Figure 3-4]. This shows as expected that the age
groups of 1-5 years and 5-10 years had a higher probability of having malaria compared to the

other age groups. The younger age groups had a higher specificity and sensitivity intersection
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(Figure 3-3) indicating a lower parasite density threshold for clinical episodes compared to the

older age groups.

To assess whether the variation in case definitions had a significant impact on the estimates of
correlates of protection. The performance of the predicted probabilities from the Bayesian latent
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Figure 3-3: Malaria attributable fractions and probabilities over age group for all the study participants

class approach and the binary outcome based on the newly defined parasite density thresholds
plus fever were compared. Data on antibody responses to selected Plasmodium falciparum
merozoite antigens for a study done in Kilifi was used for the comparison. Specifically, the data
had antibody measurements for the survey conducted in Junju in the year 2008 and a subset of

the Chonyi cohort in the year 2000 (162).

A cut-off of 2500 parasites/ul [Supplementary Table 3-1] plus fever was used to define the binary
outcome (malaria positive, parasites>2500 parasites/JL or negative otherwise). The loess
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predicted probabilities from Bayesian latent class models were used as the response variable to
fit the zero-one inflated beta regressions. Table 3-2 shows that using the probability as the
outcome gave comparable point estimates with the binary outcome. The binomial multilevel

models however, had high standard errors and Bayesian Information Criterion (BIC) values.

Table 3-2: A comparison of a binary and probability outcome using high vs low antibody levels in Junju 2008 and Chonyi 2000

cohort. Coef. — Regression Coefficients, SE- Standard Error and BIC — Bayesian Information Criterion,

Binary Outcome Probability Outcome Probability Bayesian

Coef. (SE) BIC Coef. (SE) BIC Coef. (SE)

Junju  AMAL -0.30 (0.32)  427.73 -0.22 (0.20)  416.026 -0.23 (0.19)
Cohort MSP2 0.09 (0.34) 428.6 -0.04 (0.20)  417.3474 -0.04 (0.21)
MSP3 -0.24 (0.35)  428.18 -0.16 (0.19)  415.947 -0.19 (0.21)

Chonyi AMA1 0.18 (0.34)  426.8972  -0.24 (0.11)  390.0447 -0.26 (0.13)
Cohort MSP2 -0.67 (0.54) 425.4389  -0.33(0.14)  401.3226 -0.34 (0.15)
MSP3 0.68 (0.35) 423.5147 -0.11 (0.12)  410.5933 -0.12 (0.14)

3.5 Discussion:

In areas with high malaria transmission, differences in the prevalence of malaria fever can occur
among various subsets of the population like age groups due to change in transmission intensities
or differences in levels of immunity (150). The present study shows a variation of transmission
intensity over time, and how this contributes to variation in the MAF. We observe a decreasing
trend in transmission intensity and a lower probability of having malaria in older age groups.
Similarly, a previous study done in Kilifi showed that immunity to malaria is affected by age and
transmission (150). The study compared Chonyi, a high transmission area and Ngerenya, a low
transmission area. The sites had a variable age-specific clinical disease pattern with Ngerenya

having a higher MAF compared to Chonyi overall and specifically for the older age group of 5-
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19years. Shifting MAF was also observed with changing transmission patterns in the current
study. A shift in malaria transmission intensities and malaria epidemiology has been reported in
different endemic areas (26,167). Therefore, it is important to review MAF and case definitions
with changing transmission settings. Furthermore, transmission intensity correlates with the rate
of acquisition of natural immunity (168). A decrease in malaria transmission intensity led to
reduced immunity which would result in a higher tendency to acquire malaria attributable fevers

at lower parasite densities as was observed in this study.

A strong rationale for developing malaria vaccines comes from cohort studies, which show that
individuals continuously exposed to malaria develop immunity that initially prevents death from
severe disease, and subsequently recurrent illness (41,148). The main assumption in defining
correlates of protection to inform vaccine development is that malaria case definition is non-
biased. Many of the studies classify the participants into two groups (clinical malaria case and
non-case) using a defined parasitemia threshold plus fever (24,25,149,150,153). The optimal
parasite density threshold is selected from maximum combined sensitivity and specificity after
fitting the case definition models (149). Additionally, the models estimate the probabilities
individual episodes of fever are malaria attributable at a given density of parasitemia

(17,149,159).

The logistic power model is the widely used technique for case definition (19,25,53,78) and rarely
the Bayesian latent class model (17,159). However, in this study the logistic approach was
observed to give higher but comparable pattern estimates with the Bayesian latent class model.
Similarly, this was observed in a study done by Vounatsou et. al comparing the logistic power and
Bayesian latent class model (17). The logistic model approach, however, has been reported to
have a limitation of estimating imprecise standard errors and negative probabilities sometimes

(18). Comparatively, in this present study, the logistic approach also gave high probability
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estimates with narrow variation in the low parasite densities compared to the latent class model.
In vaccine studies, the latent class was reported to help in identifying possible biases in efficacy
estimates since it utilizes the whole range of possible parasite density cut-offs (88). An inverse
relationship of clinical malaria and age has been shown (155,169), similarly, this was observed

with the estimated probabilities which decreased with age.

Continuous variables, like the probabilities we use here have been shown to have more variation
information and statistical power and are sometimes preferred over the categorization of data
(93).Several articles (92-94,96) have also pointed out problems associated with the
categorization of data. In this present study, we compare the performance of using probability
and binary outcome model the association with clinical malaria (162). Assuredly, the probability
model had a good statistical fit; it had lower BIC estimates and standard errors and gave
comparable coefficients with the binary model. Also, the point estimates were similar to what was
reported by Murungi et. al in the 2008 study from the same cohort (162). In this study however,
they reported risk ratios that were estimated using a modified Poisson regression (170) and here
we report coefficients both of them showing a lower risk of disease for individuals with high

antibody measurements.

3.6 Conclusion:

The present study shows the importance of reviewing malaria case definitions and attributable
fractions with changing malaria transmissions. Additionally, we show the utilization of probabilities
estimated from the case definition models in modeling the association of correlates of disease.
Results from Junju and Chonyi Kilifi data verify the validity of using the probability outcome to
identify correlates of disease protection while still having a better statistical fit. The computational

time to fit the zero-inflated models was higher compared to the binary-based regression models
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and a training class is required for the latent class models which can be a limitation for some

cohort designs.

Approaches to estimate individual’s marginal probabilities of clinical malaria over a given follow-
up time would be of importance for creating parsimonious models. Further studies to compare
the probabilities estimated from models utilizing the quantitative nature of the parasite densities

without grouping the data in conjunction with changing transmission would be valuable.
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3.14 Supplementary

Supplementary Table 3-1: Parasites/uL cut off using Logistic regression. *Excluded in the main analysis due to health workers'

strike.

Malaria Positive by

Year Parasites/pL cut off Malaria Positive 2500 p/ul Sensitivity Specificity Lambda (UL - LL)
2005 2000 p/pL 74 73 89.66 90.24 81.11 (77.96,84.25)
2006 1300 p/pL 47 43 81.05 80.95 60.57 (60.44,60.7)
2007 900 p/pL 56 46 91.86 91.23  84.99 (82.91,87.04)
2008 2500 p/pL 129 129 87.23 86.08 87.29 (85.67,88.9)
2009 1800 p/pL 105 102 87.84 88.1 82.38 (80.83,83.93)
2010 3000 p/pL 133 137 89.06 88.96 89.96 (88.8,91.11)
2011 1200 p/pL 123 119 87.93 87.81  91.07 (90.27,91.89)
2012* 1000 p/pL 18 16 95.39 94.44 65.01 (55.3,74.56)
2013 2500 p/pL 173 173 87.09 86.74  90.56 (90.15,90.99)
2014 3500 p/uL 207 211 85.25 85.41  88.17 (87.65,88.67)
2015 3500 p/pL 156 158 87.27 87.47  83.56 (82.38,84.69)
2016 1500 p/pL 104 101 92.95 91.99  85.37(83.32,87.44)
2017 500 p/uL 62 59 94.67 95.04  92.80(91.73,93.84)
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CHAPTER 4 : PROTEIN MICRO-ARRAY DATA PROCESSING

This study has so far developed and compared methodologies to handle differential
misclassification associated with the outcome that is clinical malaria. This chapter
introduces methods to handle the systematic and non-systematic biases associated with
high throughput laboratory data. Additionally, we create an R package suite to assist
other researchers in protein micro-array research in handling the systematic and non-
systematic biases. Moreover, we create an interactive dashboard that eliminates the need
for prowess in R programming while using the tool. The open-source R interface includes
illustrative examples, generates an auditable record, enables reproducibility, and can
incorporate  additional custom  scripts  through its  online  repository

(https://github.com/Keniajin/protGear).

The chapter is formatted as the paper published in Computational and Structural

Biotechnology Journal Volume 19,2021 (https://doi.org/10.1016/j.csbj.2021.04.044)

Paper 2: protGear: A protein microarray data pre-processing suite.

Kennedy Mwai*!?, Nelson Kibinge?, James Tuju®*, Gathoni Kamuyu?, Rinter Kimathi?, James Mburu?, Emily Chepsat?, Lydia Nyamako?, Timothy

Chege?, Irene Nkumama?3, Samson Kinyanjui>*®, Eustasius Musenge!, Faith Osier?34>

Epidemiology and Biostatistics Division, School of Public Health, University of the Witwatersrand, Johannesburg, South Africa.

2Centre for Geographic Medicine Research (Coast), Kenya Medical Research Institute-Wellcome Trust Research Programme, Kilifi, Kenya

3Centre of Infectious Diseases, Heidelberg University Hospital, Heidelberg, Germany

“Department of Biotechnology and Biochemistry, Pwani University, Kilifi, Kenya,

5Centre for Tropical Medicine and Global Health, Nuffield Department of Clinical Medicine, University of Oxford, Oxford, United Kingdom

* Corresponding author: email: kmwai@kemri-wellcome.org, phone: +254724211786
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4.1 Abstract.

Protein microarrays are versatile tools for high throughput study of the human proteome,
but systematic and non-systematic sources of bias constrain optimal interpretation and
the ultimate utility of the data. Published guidelines to limit technical variability whilst
maintaining important biological variation favour DNA-based microarrays that often differ
fundamentally in their experimental design. Rigorous tools to guide background
correction, the quantification of within-sample variation, normalisation, and batch
correction specifically for protein microarrays are limited, require extensive investigation

and are not centrally accessible.

Here, we develop a generic one-stop-shop pre-processing suite for protein microarrays
that is compatible with data from the major protein microarray scanners. Our graphical
and tabular interfaces facilitate a detailed inspection of data and are coupled with
supporting guidelines that enable users to select the most appropriate algorithms to
systematically address bias arising in customized experiments. The localization and
distribution of background signal intensities determine the optimal correction strategy. A
novel function overcomes the limitations in the interpretation of the coefficient of
variation when signal intensities are at the lower end of the detection threshold. We
demonstrate essential considerations in the experimental design and their impact on a

range of algorithms for normalization and minimization of batch effects.

Our user-friendly interactive web-based platform eliminates the need for prowess in
programming. The open-source R interface includes illustrative examples, generates an
auditable record, enables reproducibility, and can incorporate additional custom scripts
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through its online repository. This versatility will enhance its broad uptake in the infectious

disease and vaccine development community.

Keywords: protein microarray, normalisation, background correction, batch correction,

reproducibility

4.2 Introduction.

Protein microarray technology is increasingly utilised for vaccine candidate discovery
among other range of applications in the ‘omics era” with hundreds to thousands of
antigen-specific antibodies analysed simultaneously (54-56,171,172). Antibody data are
correlated with infection or disease outcomes in experimental models and observational
studies(173). The platform is also useful for the dissection of variant-specific antibodies

induced by polymorphic proteins (174).

Although multiple pipelines of the analysis of DNA microarrays are published (57,111),
they are not always suitable for proteins because of fundamental differences in the
underlying experimental design. In the former, gene expression levels are typically
compared by mixing test and control samples that are labelled with a pair of distinct
fluorescent dyes. The emission signal at a defined locus in a test sample is expressed as
a ratio, relative to its counterpart in the control. Normalization in this context factors in
intrinsic differences between dyes and the relative efficiency of their incorporation into
the samples under investigation. In contrast, standard protein microarrays (the reverse

and forward phase microarrays) quantify the absolute fluorescent emission detected
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following antibody binding to a single protein, therefore other considerations for

normalization become more important.

Similarly, although the concordance between replicates rises with increasing signal
intensity (mean-variance dependence) for both DNA and protein microarrays, the
respective normalization algorithms differ. An expectation of minimal variation in the
majority of genes with the exception of the one(s) under investigation is the norm in
standard DNA microarray experiments (38). The exact opposite is true for experimental
designs where important differences in antibody binding between individuals and proteins
underpin the hypothesis (54). Consequently, while scaling down variation for DNA
microarrays serves the correct purpose, some algorithms may mask important biological

variation in responses to proteins (38).

Tools to guide the rigorous processing of protein microarray data are limited
(58,61,63,64), some are time-consuming to optimize and not centralized (62). Some of
the available tools are Protein array web explorer (PAWER) (64), Protein Microarray
Database (PMD) (63), Protein Microarray Analyser (PMA) (62), Prospector, Protein Array
Analyser (PAA) (61). Here, we provide a one-stop data-processing suite that empowers
users to determine the most appropriate method for each data-handling step by
comparing the different data handling techniques. A detailed comparison of the tools is
documented in 123Supplementary D:. We systematically address background correction
(105) within-sample variation (38), normalisation (175) and batch correction (98). Our
easy-to-use interactive web-based R interface (71) and illustrative examples enable wide
utility.
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4.3 Methods.

The data processing suite incorporates a range of sequential statistical functions

organized into an R package with accompanying guidance notes (Figure 4-1).

Background
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Figure 4-1: protGear data processing scheme. Dotted lines indicate optional steps. Tag subtraction is applied for antigens

containing purification tags. Batch correction is relevant when multiple samples from the same sample set are processed in

more than one experiment.
We examine the performance of protGear using data from KILchip v1.0, a protein
microarray chip designed to enable the simultaneous detection of antibodies against >
100 proteins in large cohort studies. Plasmodium falciparum proteins were printed in
triplicate on a slide divided into mini-arrays, defined as the region allocated to a discrete

sample and can be further divided into blocks (54).
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4.3.1 Data extraction.

Microarray image analysis software captures multiple parameters in relation to antibody
intensity in a pre-prepared template mostly referred to as a “.ga/”file. [Supplementary A:
Definition of terms and quantitation results file contents] Quantification softwares for
estimating pixel intensities for example Proscanarray Express software (PerkinElmer)
(171), QuantArray software (GSI Lumonics) and GenePix® Pro software (Molecular
Devices) (176) generate data with similar parameters. Pixel intensities for each spot are
typically reported as means or medians with respective standard deviations. We
recommend the median as it is relatively insensitive to outliers. We created a versatile
tool that can be adapted to load data output format from different quantification
softwares mentioned above and this is highlighted in Supplementary A: Definition of terms

and quantitation results file contents.

4.3.2 Background correction.

Background intensity is the signal emitted by sources other than the sample under
investigation (104,105). In microarrays, it arises either from the glass slide and/or from
the non-specific binding of analytes and can vary within and between slides(38,104,105).

The foreground is the total spot intensity and includes the background.

The background is typically calculated using a circular region around the spot (Figure 4-2).
In GenePix® for example, this is estimated using a diameter three times that of the
corresponding spot indicator (176). We adapted subtraction and model-based functions
for background correction using a combination of the GenePix® Pro (176) and Linear

Models for and Microarray Data (Limma) (57), with minor modifications respectively.
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When the background exceeds the foreground, we implement functions to enable
mathematical computation as explained under moving minimum background and half
moving minimum background correction (105,106). Prior to background correction, it is
important to visually inspect the protein microarray data for any spatial biases. protGear
provides two functionalities to visually inspect the slides, however, we recommend
inspection of the scanned images [Figure 4-2] since the data file might not record all the
spatial artefacts. The dashboard includes a function to visualize the printing buffer spots
which are used to monitor any background reactivity and detection of any potential

protein carry over during printing (54).
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protGear provides a range of background subtraction methods based on understanding
the distribution of the artefacts in specific experiments and supported with graphical
outputs. The /focal background is the signal detected in the immediate vicinity of a spot.
Subtracting the median local background pixel intensities from the foreground is thought
to give an unbiased estimator of the true signal intensity for that specific spot (105).
However, uneven variation in the local background across an entire slide may skew the
data (101) and can be minimized by implementing a global background subtraction. This

subtracts the median of all the local background intensities for a given slide from each
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spot on that slide. When artefacts are localized to a specific region of a slide often referred
to as a block or mini-array, the moving minimum background or half moving minimum
background correction options can be adopted (57). The former restricts the subtraction
of local backgrounds to the block within the slide. Since many spots may be affected
within a block, it utilizes the minimum rather than the median local background. Zero or
negative values are subsequently set to half the minimum of the positive corrected
background intensities different from limma implementation that sets any intensity which

is less than 0.5 after background subtraction to be equal to 0.5.

The normal and exponential model (normexp) method is recommended when the
distribution of background intensities is normal, but that of the background-corrected
data is exponential (107). The background intensities are fitted as covariates in a
convolution model and the expected signal given the observed foreground becomes the
corrected intensity. This yields a smooth monotonic function of positive background-
corrected intensities and replaces negative values on the entire slide with a single positive

co-efficient (108).

The log-linear background correction method utilizes the range of positive background-
corrected values on the slide to compute a log-linear smooth monotonic function from
which negative values are interpolated (106). It can be considered for data that do not

fit the above distributions.

4.3.3 Coefficient of variation.
Technical replicates assess within-sample variability and help to quantify the reliability of

the experimental procedures. They can minimize data loss when for example a single
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spot performs poorly, and others succeed. They are also utilized to detect sample-specific
experimental variability linked to outliers or caused by specific reagents. Although many
replicates are advantageous, this comes at a cost and may reduce experimental

throughput.

A function to evaluate the extent of within-sample variability is implemented using the
Coefficient of Variation (CV). This is a measure of accuracy expressed defined as;

(o}

CV%:(
X

jxlOO , Where o is the standard deviation divided by the mean x, and

expressed as a percentage (38). Users can define a threshold (cut-off) for the CV using
rreplicates and visualize those that do not meet this criterion. Replicate spots that are
acceptable are averaged (110). Additional functions enable the visualization and
subtraction of signal intensities from purification tags, where applicable. Protein
purification tags refer to specific amino acids or polypeptides fused to target proteins to
facilitate their subsequent affinity purification. In the case of the datasets used here, the
tags include the CD4 hexa-histidine, Maltose binding protein (MBP) and Glutathione S-
transferase (GST) tags (54). Purification-tag is specific to different experiments and

designs, purification-tag subtraction step is optional as shown in Figure 4-1.

4.3.4 Normalisation.
Data normalization minimizes the mean-variance dependence (MVD) that is common in
microarray experiments and may mask true biological variability, Figure 5A (111,177).

Normalisation transforms the intensities to a scale where the variance, var(MFI) is
independent of the mean, E(MFI) where MFI is the (Mean Fluorescent Intensity).
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Although many normalisation strategies have been proposed (178) we focus on five

techniques applicable to protein microarrays.

4.3.4.1 Log: Normalisation

Log transformations reduce the bias in variance between high and low values by
converting the data from a multiplicative to an additive distribution. Wider variance is
typically observed for higher signal intensities. Log» transformation is readily compatible
with the doubling sample dilutions typically employed on the bench. The background-

corrected values y,,. =y, —a ; where g is the estimate of the median background level

and vy, is the estimated intensity for a spot I of protein feature k in the mini-array ]
on the i" slide. The transformation is defined as IOQZ(Vijkr)=|ng(yijk,—&). However,
log, (9ijkr) is not defined for y,, <« or for intensities where y,,. —a < 0. Additionally, the

asymptotic variance of Iog(yijk,) is approximately constant for large vy, but approaches
infinity as y,, —0. Log transformations are unsuitable for negative values, tend to be

inflated for low values that are in the range of the background (175), and are not sensitive

to other sources of MVD.

4.3.4.2 Cyclic Loess Normalization.

This stabilizes the MVD between slides by applying a pairwise non-linear local regression
(LOESS). It utilizes a pseudo Bland-Altman (MA) plot defined as the average [A] versus
the difference [M] between the intensities on two independent slides, repeated for NV

number of slides (113). It yields an ‘average’ array that is used as a reference to adjust
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the MVD across all slides. It can be applied to both raw and log-transformed data (114).
Cyclic loess performs a pairwise normalization on all distinct pairs of slides utilising the
MA plot and LOESS smoothing. The MA plot in single-colour microarrays for a pair of
arrays is the scatter plot of average the intensity values [A] from both arrays vs.
difference in expression values [M] of the same arrays The intensity-dependent
differences are first estimated and the differences subsequently regulated by centering

the LOESS line to zero (110,113).
Given Yijr for a given slide i=123...,n,M,=log, (yljkr/yzjkr) and
A :%Iog2 (1 % V23 ) Wherer =1,2,3,...,p are the spot intensities for a specific protein.

A LOESS curve is then fitted for the MA differences and M_ a normalised value for M_is

generated. The spot for each specific protein intensities is normalized as follows

M, M
Vije = 2""% and Vaoier = 2""2 or the logarithm transformed equivalents (113,179). Here

we use the LOESS method of Ballman et al. (57,113).

The underlying assumption in cyclic loess is that there is minimal variation between
individual arrays under the conditions being studied. Its application for protein microarray
experiments designed to detect high levels of variation in different arrays may thus be
limited. We recommend the randomization of samples during the design of the study to

ensure there is minimal variation between the arrays.
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4.3.4.3 Robust Linear Normalization (RLM).

This method stabilizes the mean-variance dependence (MVD) by using standardized
control spots on each slide to adjust intensities across the entire experiment (38). It
assumes that the signal detected from control spots remains constant with the exception
of technical differences within or between slides. It is the method of choice when a

significant amount of variation between samples is anticipated.

Data from control spots are fitted to a robust statistical model using an iteratively
reweighted least-squares procedure with a robust “sandwich estimator”, like the median.
Fixed effects for each array or slide and positive control proteins are estimated from the
statistical model. Sboner et al. recommended using a linear model applied to log-
transformed intensities (38). The model iog, (y,,, ) = @ *Slide, + s *Block; + *Protein, + &

ijkr

» Vi 1S the background-corrected intensity for the spot I' of protein feature k in the block

j onthe i" slide. «is the slide effect of the slide i , fis the block | effect and r is the
effect of protein feature k ; this helps account for the spotted protein amount and
binding affinity of different protein features and &, = Norm(O, 02) is the error term. After
estimating the best parameters, the transformed values are estimated as
Iogz(y;jk,): Iogz(yijkr)—(ozi +,Bj)(38). We recommend that the control antigens used for
normalization are optimized to avoid saturation to facilitate the identification of true

technical variation. We used human Ig (IgG and IgM) as controls in our experiments.

As with other logarithm transformations, RLM is not suitable for negative signals values.

These are consequently replaced using the moving minimum positive approach (above).
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4.3.4.4 Variance Stabilization Normalization (VSN).

The VSN method overcomes the limitations of log transformations by accommodating
negative values and minimizing the inflated variance around low signal intensities. It
calibrates between-feature variation through shifting and scaling mechanism in which all

the data are adjusted.

Huber et al. and Durbin et al. independently proposed the VSN approach which is a variant
of the log-transform (glogZ2). A two-component model to explain the proportional increase
in the variance with the mean intensity of the proteins was proposed (111,175,177);
Vit = Gije + Hir®” + & Where g, is the background signal and 4, =y, is the actual
signal. 7= Norm(O,a,]) and &, = Norm(O,az) are the proportional error and background

error respectively. However, with background corrected data this can be modelled as

Vi = Hye€” - A transformation h is used to produce values such that Var(h(y,,)) is

approximately independent of the mean, E(h(y,. )| . In general, for a matrix, L4, the
ijkr )

function implemented fits a normalisation transformation ., — h( luijkr) —glog, (ﬂukrb ! j

where b, is the scaling parameter for array iwhich is always ensured to be positive with

a parameter transformation f(b)=exp(b) , a is the background offset included if the

data is not background corrected and glog, (u)=log, (u +4U? +1) =arsinh(u)/log(2) is the

generalised transformation h. A robust variant of the maximum likelihood estimator for
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the 2 parameters is utilised (171). Each slide is treated independently and slide to slide

variation is not considered (38).

4.3.5 Batch Correction.
The processing of samples on separate days introduces batch-to-batch variations due to

non-specific day to day differences in laboratory conditions or operators (98).

We implement a selection of tools to identify and visualize batch effects such as coloured
scatter plots, hierarchical clustering or principal component analysis (PCA). Subsequent
analyses can be adjusted to account for batch effects, but the majority are designed for
large experiments of at least 25 batches (116). We utilise the Empirical Bayes approach
as it accommodates all batch sizes and can utilize both parametric and non-parametric

data (98).

4.3.5.1 Empirical Bayes (EB) batch correction using CombBat.
This uses the EB approach to estimate and correct batch effects. It can be applied to

high-dimensional data even when the sample size is small. Suppose we have b batches

in the data containing n ,samples within a batch w for w=12,...,b and a protein

k=1..,K then a location and scale (L/S) adjustment model is assumed;

Yo = %+ X B + 7o +OuEus - Then, the EB batch adjusted data y,, is then calculated as

follows yv*vskzg—f(zwsk—;?;k)Jr&kerﬁk (98) [4.9.2 Supplementary B for details]. To

wk
perform this, we utilise a wrapper to SVA’s function ComBat() for the batch adjustment

that has both the parametric and non-parametric approaches (98).
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4.4 Results.

4.4.1 Implementation.

protGear is an R based suite with a range of functions to facilitate protein microarray data
pre-processing. It has a built-in user-friendly Shiny® dashboard Supplementary C-1] and
a video link Supplementary C-2 to assist in real-time processing, visualization and
downstream analysis using heatmaps and Principal Component Analysis (PCA). It
provides five sequential steps for handling a data table of fluorescent intensities.
Importantly, the package enables the inclusion of additional functions that may be
deemed useful. A detailed workflow is included in the protGear_vignette document in the

supplementary or https://keniajin.github.io/protGear/

4.4.2 Background Correction

The protGear background correct function implements five different techniques for
background correction that are complemented by diagnostic plots. Figure 4-3 shows the
example of a background diagnostic plot produced by protGear. As shown in Figure 4-3
similar local background values were observed across the different blocks. The correlation
between the foreground and background intensities (medians) on the same array was

also low. Therefore, a local background correction approach was selected and applied.
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Figure 4-3: Example of background diagnostic plots produced by protGear. (A) is the background MFI vs foreground MFI plot that is useful to assist in
selecting the appropriate background correction method. (B) is a boxplot of the blocks/mini arrays categorised into the technical repeats. This plot is

important to check whether there is a block artefact in the background MFI values.

4.4.3 Within sample variation and purification tag subtraction.

protGear provides a cv_estimation function that is applied to technical repeats to calculate
and visualize within-sample variability utilizing a user-defined CV. A filtering algorithm
identifies technical repeat spots meeting user-defined criteria e.g., CV <20%. The
function generates a flag variable to enable further scrutiny of non-performing spots.
Figure 4-4 illustrates graphics to monitor the CV before and after filtering. A folder is
created to store the CV-corrected data in the working directory or the package function,
respectively. An average of the replicates is calculated before the subtraction of the
intensity measured against the purification tag (optional). Here, we kept 2 of 3 technical

replicates with CVs less than 20% and excluded the outlier value.

109



MFI Values

A) B)
Replicate1 Replicate2 Replicate3
0.004 Corr: 0.976™* Com: 0.975* 2
5
0.003 CV <= 20; 0,995 OV <= 20; 0993+ iy
0.002 CV > 20: 0813 CV > 20:0.792" 8
8
0001 Others: 0.029 Others: 0.081* 2 P
0.000 g OV category
60000 Corr: 0.983"* - E“ I:I 0V <=20
o
40000 CV <= 20: 0995 12 ; |:| Hev>20
it o
20000 OV > 20:0.857 2 &‘5 D e
0 Others: 0.082° (X =2
25
60000
2
1]
40000 o
=
20000 % <§ O
. . ol L ©
0 4 N R e o Bl ‘ KK2-17_first KK2-18 KK249 KK2-20 KK2-21
0 20000 40000 60000 0 20000 40000 60000 0 20000 40000 60000 Sample slides
MFI Values
c) D)
100
.id ~ sample = CV<=20 ~ CV<=20_perc ~ CV>20_n = CV>20_perc - Others_n ~ Others_perc -
KK2-17._first BLANK 83 7094 19 16.24 15 1282
KK2-17_first J0309 109 93.16 7 5.98 1 085
c KK2-17._first J0319 10s R 9231 6 513 3 2.56
S 1 KK2-17_first 0337 109l 9316 5 427 3 256
-
g KK2-17_first 0346 1050 8974 6 513 6 5.13
s KK2-17_first 0347 101 8632 1] 8.55 6 5.13
v o KK2-17_first 0358 1050 8974 7 5.98 5 427
2 categery KK2-17_first PHIS 100 [ 93.16 7 598 1 085
; o %OV=20  |KK2-17_first UK36 10400 8389 8l 6.84 5 427
T |:| woysz |KK2-LTfirst UKS3 104000 8889 7.69 4 3.4
H KK2-18  BLANK 87 7436 2] 1026 18l 15.38
@ D Others KK2-18 10310 105 8974 7 598 5 427
g Kk2-18  J0311 108 9231 4 342 5 427
> KK2-18 10312 1wl % 2 171 5 427
Qs Kk2-18 10320 109 93.16 2 171 6 5.13
° KK2-18  Jo321 10s R 9231 7 598 2 171
= Kk2-18 10322 109 93.16 5 427 3 256
KK2-18  J0349 1wl a0 3 256 4 342
Kk2-18  J0351 108 9231 4 342 5 427
0 KK2-18  J0359 109l 9316 4 342 4 342
Kk2-18 10360 103 88.03 6 513 8l 6.84
KK247 first K218 Samgl(:glides kK220 kK221 Kk2-18 10361 w0700 9145 3 256 7 5.9
KK2-18  PHIS 1wl 940 6 513 1 085

Figure 4-4: The visualization of the CV A) Correlation of the technical replicates, B) Proportion of CV by the CV cut off, C) Proportion of
CV after “cv_based_filtering”, D) A static image of an Interactive table to inspect the CV cut off values. The table shows the specific slide

id (.id), the serum sample identifier (samplelD), count of CV’s < 20% (CV<=20), % of CV’s
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4.4.4 Normalisation and Batch Correction.

We tested four functions for normalization to identify the one that optimally reduced the
MVD. We formally assessed this using the mean versus standard deviation plots
(meanSdPlots) and coupled this to automatically derived Spearman correlation estimates
(Rho) and Cox-Stuart or the Mann—Kendall trend tests. The latter quantifies the

performance of the normalization. In the example below, we illustrate the versatility of

A) No Normalisation B) Log2 Normalisation C) Cyclic Loess Normalisation
25000 0 g 0.22 1.2e-09 il 0.36, p<2.2e-16
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Figure 4-5: Standard deviation vs mean plots (meanSdPlot) of A) Non normalised data B) log2 normalisation C) Cyclic loess normalisation D)

Robust Linear Model normalisation and E) VSN normalisation

the tool across four Methods for normalization. Using these approaches, the MVD
reduction led to a drop in the Rho estimate from 0.93 to between 0.2 and 0.3 in this
dataset as shown in Figure 4-5 below. Implementation of the log, approach led to an

inflation of variance for the low MFI (Mean Fluorescent Intensity) values. The cyclic loess

and

RLM were not optimal for the experimental design (discussed in the methods).

Consequently, the VSN normalization approach was adopted (Figure 4-5) and still
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maintained the difference of the controls Supplementary 4-7. We then proceeded to
investigate batch effects using ComBat from the SVA package. The day-to-day
dependence was noticeably reduced by ComBat batch correction [Supplementary 4-1] for

day m1 and m2.

4.5 Discussion:

protGear is an open-source one-stop integrated data pre-processing suite specifically
tailored to address the systematic and non-systematic sources of bias in high throughput
protein microarray experiments. It can be adapted to a range of design formats and is
compatible with the majority of commercial protein microarray platforms. It provides a
choice of functions to address each major source of bias, outlines the theoretical
background necessary to guide selection and generates custom graphical and tabular
outputs to support data interrogation and interpretation. It is coupled with a user-friendly
interactive web platform that eliminates the need for specialized programming skills. In
line with other open-source platforms, protGear can be adapted to incorporate new

functions either by adding custom scripts or contributing to its online repository.

The localization and distribution of background signal intensities guide the selection of
the appropriate correction strategy (104-106). Our experimental design comprised
multiple mini-arrays and slides. We did not detect any significant background pattern
within the mini-arrays or block and consequently selected the local background correction
method. Although unmodified background intensities are subtracted from the foreground
resulting in unbiased estimates (105), negative values are often generated, and the
consistency of the results across different mini-arrays and slides needs to be assured.
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Additional methods including the novel half moving minimum we developed that

overcome these limitations have been included (57).

The inclusion of two or more technical replicates is vital for the robust analysis of within-
sample variability (62). Caution in interpreting the CV is recommended as small
differences in signal intensities between replicates at the lower end of the detection
threshold can yield misleadingly high CVs. To overcome this, we implemented a novel
function that enables users to set signal intensity thresholds below which high CVs can

be ignored.

The importance of adopting an appropriate strategy for normalization is critical and
requires the coupling of the experimental hypothesis with the mathematical assumptions
underpinning the methods(180). Key design issues to consider are the extent of sample
biological variation anticipated under the conditions being investigated and technical
considerations in the array design such as the inclusion of appropriate controls. Adopting
the wrong method increases the probability of detecting false-negative and false

positives.

The RLM normalisation approach that was specifically developed for protein microarrays
(38) requires that the secondary control normalisation proteins yield constant signals
across and within slides. These control proteins are expected to have a low CV and can
be used for both normalizations and evaluating the slide variability (38). Although the
MVD was significantly reduced with all methods tested, the VSN method was optimal.
protGear provides a novel powerful single platform that empowers users to sequentially

interrogate all these options to determine the optimal solution for the data in question.
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The easy-to-use interface accommodates multiple data formats, saves enormous
amounts of time and generates high-quality visual outputs that facilitate rapid decision

making.

Batch effects create an additional unwelcome source of variation that could further reduce
statistical power. These must be considered when data are processed at different times,
by different users and on different instruments, among others (99). An important
consideration that particularly applies to large cohort studies is the random processing of
samples to ensure that batch effects do not exaggerate pre-existing genuine biological
variation. For example, in the context of malaria sero-epidemiology, age and geographical
location are critical determinants of antibody levels (16). The processing of samples of
young children at one time-point, and those of older children at another, could
inadvertently lead to enhanced differences in either group that were unrelated to the true
underlying biological variation. A similar effect could occur when samples from settings
with differing malaria transmission intensity are analysed in the same experiment but at

separate times.

A limited number of batch correction approaches have been proposed and these typically
accommodate experimental designs with a minimum of 25 batches. We adopted the
ComBat batch correction function from the “sva” package in R since it has been reported

to be robust to outliers in small batch sizes (98).

protGear provides a state-of-the-art, one-stop adaptable workflow for protein microarray
data pre-processing. It can be coupled to software such as Sweave or knitr (181) for

report generation and sharing along with the raw data to promote data reproducibility.
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The user-friendly, interactive, web-based and graphical interface requires limited R-
experience and will enhance broad uptake in the infectious disease and vaccine

development community.

4.6 Availability and implementation
The protGear R package is publicly available in the GitHub repository

(https://github.com/Keniajin/protGear).
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4.9 Supplementary

4.9.1 Supplementary A: Definition of terms and quantitation results file contents

4.9.1.1 Quantification results file contents

A quantification results file contains the data for multiple parameters quantified and
measured in relation to a given spot. Importantly, it has the location details of each spot
as defined in the input file. Below we show examples of parameters generated by the
GenePix™ Pro software. The first part is the header which describes basic file information
and all block properties. Importantly, it has the location details of each spot, the row (Y

coordinate) and column (X coordinate).

ATF 1.0

30 41

"Type=GenePix Export 3"
"BlockCount=4"
"DateTime=2017/08/29 13:39:04"
"Settings="

"GalFile=\Multicenter study\gal file\gal file_4".gal"
"PixelSize=10"

"Wavelengths=635"
"ImageFiles=Z:\Multicenter study\28_08-2017\datascan_28-8\KK2-07.tif 0"
"NormalizationMethod=None"
"NormalizationFactors=1"
"JpegImage="

"StdDev=Type 1"
"RatioFormulations=W1/W2 (635/594)"
"FeatureType=Circular"

"Barcode="
"BackgroundSubtraction=LocalFeature"
"ImageOrigin=0, 0"

"JpegOrigin=1740, 900"
"Creator=GenePix Pro 7.3.0.0"
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"Scanner=GenePix 4300 [141110]"
"FocusPosition=0"
"Temperature=0"
“LinesAveraged=1"
"Comment="

"PMTGain=400"
"ScanPower=100"
"LaserPower=0.66"
"Filters=Standard Red"
"ScanRegion=0,0,2200,7200"
"ScanArea=1"

"Supplier="

"Flags" "Normalize" "Autoflag" "Block" "Column" "Row" "Name" "ID" "X" "Y" "Dia." "F635 Media

n

000111 Landmark 1F1 2310 1130 150 65535
000121MSP3.6 1B3 2540 1130 150 13182
0001 31ETRAMP10.2 1H3 2770 1130 150 2310
000141 GAMA 1D5 3000 1130 150 18395

e Block - the block number of the feature. The array has a number of blocks. For

example GenePix assigns block numbers row wise from left to right. The top left

block is assigned block #1 as shown below.

e  Column - the column number of the feature.

e Row - the row number of the feature/protein.

=] =] j 41

o] =] =] =
b=t | | LI B2

Table 1: Block numbering og GenePix
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Name - the name of the feature/protein derived from the Array List (up to 40

characters long, contained in quotation marks).

ID - the unique identifier of the feature/protein derived from the Array List (up

to 40 characters long, contained in quotation marks).
X - the X-coordinate in nm of the center of the feature/protein-indicator

associated with the feature/protein, where (0,0) is the top left of the image.

Y - the Y-coordinate in nm of the center of the feature/protein-indicator

associated with the feature/protein, where (0,0) is the top left of the image.
Dia. - the diameter in nm of the feature/protein-indicator.

F635 Median - median feature/protein pixel intensity at wavelength (635 nm).

This changes according to the wavelength used to scan.

“B635 Median” - background pixel intensity at wavelength (635 nm). This

changes according to the wavelength used to scan.

Flags* - the type of flag associated with a feature/protein.

4.9.1.2 Definition of terms

Scanner: an instrument used to detect and quantify the intensity of
fluorescence of spots on a microarray slide,

Mini-array/Sub-array/Block - a number of spots on the array representing
data for a given sample. A number of blocks can form a mini array.

Spot - a small round mark differing in fluorescence from the surface around it.
Pixel - a small area of illumination on a scanned screen. A spot is made up of a
number of pixels.

Sample ID file - A file with names of samples with their corresponding blocks

as they were arranged on the slide

4.9.2 Supplementary B: ComBat Batch Correction

The processing of samples on separate days introduces batch-to-batch variations due to non-

specific day to day differences in laboratory conditions or in operators (98,115). Here we show
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how the evaluation of EB batch adjusted data y,,, is calculated from

S

* (Zwsk _j;\:;k)-i_&k + X,Bk (98).

wk

*
ywsk -

)

Application: Suppose we have b batches in the data containing n,samples within batch
w for w=12,...,b and a protein k=1,...,K then a location and scale (L/S) adjustment

model is assumed;Y,

wsk

=+ X B + 7 +Subus and that the errors &, ~ Norm(0,57).
The above model is defined with non-standardized data and this implies that
a., By, and o8 differ across proteins (98). This can bias the estimates of EB estimates
of the prior distribution of batch effect and reduce the amount of systematic batch

information that can be borrowed across proteins. However, this can be avoided by

standardizing the data or applying a non-parametric approach (117).

Assuming, standardized data Z,, ~ Norm(ywk,djk) with parametric forms for the prior

distribution of the batch effects »,, ~ Norm(Y 12) and &, ~ InverseGamma(4,.4,) the

batch effect parameters, y,,and 5 are estimated by the conditional posterior means

(98). The EB batch adjusted data y,, is then calculated as follows

y;skzg_*k(zwsk—;?v’;k)Jr&ﬁxﬁk (98).To perform this, we utilise a wrapper to SVA's

wk

13

9 1 1
MFI before batch correction MFI after batch correction

Supplementary 4-1: Comparison of Batch m1 and Batch m2 before and after batch correction using Combat() approach
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function ComBat() for the batch adjustment that has both the parametric and non-

parametric approaches (117).

4.9.3 Supplementary C-1

4
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varray KiLchipv1.0. Preprin able here:

WHAT YOU CAN DO WITH protGear:

« Background correction
« Coefficient of Variation
« Normali

« Compare normalisation techniques.

Look out for °(€ additional technique

This shiny app loads protein microarray data and sample id files.
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Supplementary 4-2:The protGear Shiny® app interface on load
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Supplementary 4-3: Checking the array design structure
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Supplementary 4-4: Loading the array data files
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Supplementary 4-5: The visualization of the CV on the dashboard
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Supplementary 4-7: Performance of VSN and log normalisation A) non-normalised data, B) VSN without batch correction, D) Log
normalization on blank which is the sample buffer labelled as BLANK , negative (malaria naive sera) controls as -VE CTL, serum
samples labeled as SAMPLE and positive (malaria immune sera) controls labeled as +VE CTL. This is a sample dataset of the

KlLchip v1.0 which was used as the test data in this tool.

4.9.4 Supplementary C-2
https://www.sciencedirect.com/science/article/pii/S2001037021001562#m0005
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4.9.5 Supplementary D:

Comparison between currently available protein microarray analysis tools

Protein Microarray

Protein Array Analyzer

protein array web

protein microarray

protGear Analyser (PMA) (PAA) exploreR (PAWER) RPPanalyzer RPPASPACE database (PMD)
Language R and Shiny Java. R R and JavaScript R R PhP and R
Source code contribution v X X v v v X
] ] v v v
Vignettes: long-form documentation X X X X
Interactive GUI v ¢ X v X X L
Mutiple methods comparison v X X X X X X
Local and Global
Background, moving
Background corection minimum, half moving
minimum, normexp and Local Background Local Background Limma background Local background
log linear Subtraction Not specified Subtraction correct and addmin subtraction Not Clear
proteinDye,row,
Normalization Log, RLM, VSN and Cycli  |Pin to Pin and Array to housekeeping and
Loess Array Normalization RLM RLM extValue spatial corrections Not Clear
Downstream Analysis X v X X X v
v https://sourceforge.net/p |https://bioconductor.org/ https://cran.r- https://cran.r-
Accessibility roje cts/protein-micro packages/release/bioc/ht |https://biit.cs.ut.ee/pawe |project.org/web/packages|project.org/web/packages|http://www.proteinmicro
array-analyser/ ml/PAA.html r/ /RPPanalyzer/index.html [/RPPASPACE/index.html |array.cn/
Creative Commons
License Artistic License 2.0 Attribution 4.0
GPL-3 No License Specified 3-Clause BSD License GNUGPL v2 license LGPL-3 International
Last updated 2021 2018 2020 2020 2020 2020 2021
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CHAPTER 5 : FEATURE SELECTION

This study so far has introduced methods to handle the misclassification bias in malaria
case definition and techniques to handle the systematic and non-systematic biases that
come with high through put protein micro array data. This chapter shows and describes
in detail the feature selection approaches for * Defining the merozoite targets of protective
immunity against Plasmodium falciparum malaria through multi-center cohort studies”.
This chapter covers two main approaches, the first approach involves using dichotomous
outcome and secondly, utilizing probability of having fever given a certain parasite density
as the outcome in feature selection. For the dichotomous outcome, we use data for all
the multicenter sites, but for the probability outcome we use data from Junju, Kilifi only.
This is because most of the cohort studies did not have a training data (a sample that
comes from the component of the mixture corresponding to children without clinical
malaria but who may have parasites) to define the probability outcome as described in
detail in Chapter 2 and 3. For all the multicenter analysis, a network model was developed

to visualize the interplay of the different top features identified in each site.

This analysis will lead to a shared first co-author paper titled Defining the merozoite
targets of protective immunity against Plasmodium falciparum malaria through multi-
center cohort studies. The code for analysis and further model diagnostics is hosted here

https://github.com/Keniajin/multicenter_feature_selection
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5.1 Introduction

The process of identifying important biological features is challenging especially for
outcomes prone to differential misclassification and significant biological complexity.
Misclassification can lead to bias in describing, framing, selecting, and comparing cases
and controls. Consequently, researchers across the globe, are facing challenges in making
data-driven decisions and recommendations. This is particularly relevant for studies on
natural immunity to malaria that has this misclassification complexity due to

asymptomatic malaria (1,2).

The last 2 decades have witnessed significant reductions in cases and deaths resulting
from malaria in many parts of the world (5). These gains are largely attributed to the
scale up of rapid diagnostic tests, use of effective medication and insecticide treated bed-
nets. However, despite sustained use of these interventions in the past 5 years, estimates
from WHO show a lower rate of decline compared to the first 15 years since the beginning
of 2000 (13). This is further exacerbated by increasingly reports of the emergence and
spread of parasite drug and mosquito insecticide resistance. The development and
deployment of a highly efficacious malaria vaccine will be instrumental if further
reductions and even possible elimination and eradication of malaria is to be achieved
(48). The most advanced malaria vaccine candidate, RTS,S,that is currently under
implementation trials in multiple African countries, offered modest protection against
disease 28.3% (95% CI, 23.3 to 32.9) (182), that is short-lived when it was evaluated in
efficacy trials. Whilst this marks a major achievement, it falls below the target set by the

World Health Organization’s Malaria Vaccine Technology Roadmap, of greater than 75%,
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when used in malaria-endemic areas. The development of a second-generation vaccine

with better efficacy remains a top priority of malaria research (48).

A strong rationale for developing and improving malaria vaccines comes from
epidemiological studies in malaria-endemic countries. These studies show that individuals
continuously exposed to malaria gradually develop “natural immunity” that initially
prevents death from severe malaria, and subsequently recurrent clinical episodes of mild
malaria (41,162). Therefore, identifying the targets underlying naturally acquired
immunity is of importance. However, this remains challenging from a biological point of
view due to the complex life cycle of malaria parasites and their interaction with the
human immune system have, to date, proved very difficult to unravel. For this reason,
data arising from malaria immunity studies are so closely entwined with complexity and
multicollinearity that it is difficult to dissect the useful information from noise using

classical analytical approaches.

Here we use various machine learning approaches to adequately handle the
heterogeneity of malaria transmission within and between sites to perform feature
selection of important correlates of disease protection. To handle the misclassification
bias, we compute case definitions using regression models and compare the performance
of utilizing a binary and probability outcome in objectively identifying correlates of
antibody mediated protection. Correlates of protection or important immune signatures
are measurable parameters that a person is protected against developing a disease. As

discussed in detail chapter 3, logistic power model and Bayesian latent class models are
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used (17,19) to define malaria outcomes to reduce the misclassification bias in high

malaria transmission sites.

5.2 Methods

5.2.1 Epidemiological Data
As described in detail in Chapter 2, we use data from 14 cohorts with 8197 samples in

Africa as shown below.
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Figure 5-1:The multicentre cohorts from West and East African countries
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As highlighted in the Figure 5-1 above, Kintampo and Muheza from Ghana and Tanzania
respectively were designed as birth cohorts. The sites had different transmissions and
were either categorised into either high, medium, or low transmission depending on
parasite positivity during the cross-sectional bleed. Malaria positivity (dichotomous
outcome) was defined using a parasite cut-off estimated using logistic regression model.
Specifically, for Junju, Kilifi we estimated the probability of fever given a certain parasite

density using the Bayesian Latent class models as described in Chapter 3.
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Figure 5-2: Parasite positivity and malaria positivity for the multicentre cohorts

5.2.2 Protein micro-array data

The epidemiological data was then merged with the protein micro-array laboratory data
processed in Kilifi using KILchip v1.0, a protein microarray chip designed to enable the
simultaneous detection of antibodies. Over 100 Plasmodium falciparum proteins were
printed in triplicate on a slide divided into 24 mini-arrays, defined as the region allocated

to a discrete sample. Each mini array had 2 blocks with 192 spots per block as described
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in detail by Kamuyu et al (54). The slides were scanned at a PMT gain adjustment of 400
with a scan power of 100 which gave optimal MFI values. These scanning parameters
were selected after graphically investigating the SNR of MFI values from several slides

scanned at different combinations of the laser power and PMT levels (102).

To eliminate the systematic and non-systematic bias (37,38,57) associated with protein
micro array, empirical data pre-processing was performed (54,87). Systematic biases
refer to artefacts that may occur due to experimental and handling procedures. Non-
systematic biases on the other hand refer to random errors that may occur due to slight

variations during the experiment.

The data pre-processing involved the procedures as shown workflow Figure 5-3 using
protGear developed in Chapter 4 (87,99). The local background correction to handle
background noise was followed by TAG subtraction and within sample variation check
using a coefficient of variation cut-off of 20%. The sample repeats with a CV of greater
than 20% were flagged followed by using “best CV_estimation()’ to select the best
replicates since our experiment had more than 2 replicates (38,87). After CV based
filtering, we did VSN normalisation (111) combined with Combat batch (117) correction

were used to handle mean variance dependence and batch effects respectively.
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Figure 5-3: Antibody data processing workflow for the laboratory data.

The final data had measurements of 87 proteins Figure 5-4, after excluding the antibodies
that were tagged with MBP and GST since they did not perform well after TAG subtraction
(TAG MFI values were very high) [Supplementary Figure 5-2]. To check the final data before
analysis we empirically and graphically investigated the buffer and blank spots

[Supplementary Figure 5-3].
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5.2.3 Feature selection using the Binary outcome

For this section we use the Binary outcome defined using a parasite threshold plus fever
defined using the logistic power model. The logistic power model is one of the proposed
approaches to handle the misclassification bias that comes with malaria disease (18). Key
features identified as correlates of disease protection were selected using a combination
of classical modified Poisson regression and supervised machine learning approaches
implemented in R v4.0.0 (71) and Python 3.8.5 (183). The supervised machine learning
approaches utilised were Random Forest (136) to handle the overfitting bias through
Bagging, Tree-Boosting with Gaussian Process and Mixed Effects Models (139); to
account for the site random effect and this approach is robust to outliers in and
multicollinearity among predictor variables, and Bayesian Lasso feature selection that
applies the lasso penalty to select the important parameters (125). After fitting the
models, a network model was created to visualize the top feature among the different

multicentre sites (184).

5.2.3.1 Modified Poisson Regression (MP)
This approach is a classical regression approach with a categorical outcome adjusting for
known confounders followed by ranking the important features using the risk ratio

estimated. Given that x;is the “majpos” dichotomous malaria variable from site j with an

underlying risk function of n(xij), then the modified Poisson regression was defined as,

Iog[n(xij )] =a+px; 7(%)>0 (5.1)
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We adjusted for the individual’s overall response that was estimated using the Principal
Component Analysis approach in reference to the PC loading of the negative/blank control
spots. The individuals 4 SD’s away from the mean of PC1 values of negative/blank control
spots were categorized as high responders while the others were categorized as low
responders. This variable biologically accounted for the transmission, age and schizont
confounding effect and empirically reduced the number of parameters in the model. The

relative risk (RR) for each estimated by RR = exp(ﬁ) = % (43). The estimated risk ratios
1

of the individual proteins were then ranked in a descending order, and then the top k
features were selected. One of the limitations of classical regression based on
comparisons between population-level mean responses often fail to convey information
about the robustness of the derived associations and how sensitive they are to even small
changes in the observed data. Additionally, this approach has a limitation of adjusting the

potential interplay between different proteins.

5.2.3.2 Random Forest (RF)

The random forest (RF) approach is built on Classification and Regression Trees (CART)
a statistical method for constructing decision trees for both regression and classification
problems. Specifically, the RF approach aggregates a collection of decision trees by
pooling a set of predictors in this case proteins using Bootstrap aggregating (Bagging)
method developed by Breiman et al. (69). The number of trees (“ntrees”) fit in each
bootstrap and the number of candidates/features (* miry”) randomly sampled in each split

are the main parameters of interest in the RF model (136). The values that significantly
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reduced the OOB error using 10-fold cross-validation (CV) were selected as the optimal
parameters for mtry and ntrees. The randomForest v 4.6-14 (70) and caret v 6.0-88 (185)

packages in R v4.0.4 (71) were used to select the optimal parameters.

The important variable in a random forest is based on the quantification of the importance
of their effects on the response variable. The most used measure of importance of a
given variable is the average increase in the error made by a tree among trees in a forest
when the observed values of that variable are randomly permuted in the OOB samples

(69,136).

The importance index (Mean Decrease Accuracy -MDA) VI(XJ.) of variable XI;

je{l,..., p} was defined by summing the difference between the average error of a tree

on the perturbed OOB sample and that on the OOB sample over the repeat operations of

all the bootstrap samples (69,136).

VI(X,)= qu(erroosi ~err00B, |; (5.2)

(=1

o |-

where errOOB, is the error made on OOB, by the tree build on a certain bootstrap sample
say LY . OOB, is the perturbed sample that contains the randomly permuted the values

of variable X'.errOOB,is the error made on OOB, ; observations that do not belong to
the bootstrap sample LY (69,136). Similar to the VI a Gini-importance (GI) was calculated

and shows how often a particular protein was selected for a split, and how large its overall
discriminative value was for classifying the outcome. However, for this analysis we used

the MDA importance index.
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Thus, the important variable is the one with a higher impact on the error after mutiple
permutations. Non-informative variables have a very low VI and in the presence of a
group of highly correlated proteins limited masking effects appear, thus the proteins will

be given the same rank.

5.2.3.3 Boosting Trees (GPBoost)

Boosting is also a tree-based approach but unlike Bagging in Random Forest it is a
progressive process in which each next model which is generated is added to improve a
bit from the previous model. In this analysis we used a technique called GPBoosting (139),
which combines boosting with Gaussian process and mixed effects models. Using mixed
effects is important for more efficient learning of the mean function and for obtaining
non-biased probabilistic predictions (138). Another advantage of the boosting approach
is its capability to handle outliers in and multicollinearity among predictor variables (186).
A 20-fold cross-validation was used to tune the “nrounds”; number of trees in a single
boosting iteration, “/earning_rate”; shrinkage parameter, and the “min_data_in_leaf";
minimal number of samples per leaf. The grid that had the lowest RMSE on the different

test sets was used to perform feature selection.

5.2.3.4 Bayesian Lasso

After using the above approaches to pick the top antigens, we then used Bayesian
penalization with the aim to shrink features with small effects to zero while maintaining
true large effects (121,123). On top of that, this penalization technique helps to remove
redundancy and noise and then remain with an optimal antigen subset. Compared to

classical penalization techniques, Bayesian penalization techniques performs better in a

136



data set with multicollinearity, and they also offer additional advantages such as readily

available uncertainty estimates, automatic estimation of the penalty parameter (125).

A Bayesian approach with a horse-shoe prior which is a close family of the lasso penalty,
derived from the same class of multivariate scale mixtures of normal was used. The
horseshoe prior as described in detail in Chapter 2 is reported to perform better than the
double-exponential prior at handling sparsity (130). Additionally, we had to use the
multilevel strategy to handle the complex dependency structure in the of site-specific

repeated measurements (187).

The important proteins was the best subset of explanatory variables selected from the

features picked from RF,MP and GPBoost by estimating B={A.p5,.... 8, a set of

coefficients that describe the relationship between the proteins/antigens

X={X1,X2,....,Xp} and malaria positivity which is the dependent variable y using a

Bayesian Lasso model. In general, our model was defined as;

Yy =BX;+a;+&, & ~N(0,67) (5.3)

a;=a,+a;

Where i=1,...,n,0observations, j =1,...,J the 14 sites in our dataset. X is a (1x p) matrix
of the regression coefficients p = { B PBosens ﬂp}. a; is the site-specific deviation from the
overall intercept «,. A smoothing (normal exponential gamma) prior p(al,...,aj)was

used to tie all the random intercepts together and promoting shrinkage towards the

overall intercept (187,188).
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a;ly; ~N(Oy;), w;IB~p(w;IB) (54)
Then the likelihood was defined as,
p(yIB.a;) =B (1-B)" (0<B<1) (5.5)
The horseshoe prior on p was defined as;
Bl 4,z ~N(0,0°7°47), 4 ~Half-C(0,1),z ~Half-C(0,7,),i=1..,p (5.6),

For i=1..,n and Half-C(0,1)is the standard half-Cauchy distribution which puts
probability mass at zero and has a fat tail. The global parameter 7 ~ Half-C(0,7,) shrinks
all ptowards zero and the local parameter 4 ~ Half-C(0,1) allow the important pto escape
the shrinkage (125,130).
Given the hyperparameters, the posterior mean satisfied approximately

- 1

B:(l_Ki)BML’ Kj=————5,(57)
1+noc "

Where & is the shrinkage factor, the important proteins have B~ ~ " and less important

features g~ = 0(130).
In general, the posterior distribution was defined as;

p(B.a;ly)= p(yIB)p(B)p(e;) (5.8)
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where p(y|B.«;) was the likelihood of y~ Bernouli(6), p(B) andp(«;) the priors and

p(B.;|y) the joint posterior distribution (187).

The joint posterior distribution has a non-standard form and thus cannot be sampled
directly, therefore we sampled from the posterior probability distribution using the Markov
chain Monte Carlo (MCMC) estimation stochastic process implemented in brms package

(189).

5.2.4 Network Models

Human beings’ genes and proteins interact with each another through complex biological
networks. Malaria is one of the diseases with a complex biological structure and
transmission pattern (190). Visualizing how different proteins interact within different
cohorts was very important for this multicentre study. We developed a directed network
combining both the sites and top features selected in each site. The edge represented
the relationship between the site and the feature, and the vertex was either the site or a
feature. The magnitude of the feature vertex was determined by the number of times the
feature was top in each site. Each vertex was uniquely identified and labelled as shown
in the results section. The three essential components of our vertex were the site identifier
(tail), the protein or the feature which was the (head) and the attributable information.
Ours was a directed network, since the edge connects the elements of the site list with

those of the feature list, but not vice versa (184,190).

To create the network, we had an adjacency matrix: a square matrix whose 1, j th cell

contains the information of the edge from i- featureto and an incidence matrix: a two-
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dimensional array whose row elements represent vertices, and whose column elements

represent edges (184).

5.2.5 Feature selection using probability outcome.

To further reduce the misclassification bias, we propose another approach of using the
probability of having fever as the outcome. However, a training class is needed to define
the probability thus we only used Junju, Kilifi data that had consistent training set
available. This is done as a sub-analysis to show the utilization of the probabilities as
defined in Chapter 3 to perform feature selection. The probabilities estimated from the
Bayesian latent class model had a probability mass at zero since most of the individuals
had no fever. We therefore applied zero-inflated beta Bayesian Lasso model to select the

features and compared this with the zero-inflated binomial Bayesian Lasso model (191).

5.2.5.1 Zero-inflated beta Bayesian Lasso

The beta distribution is a flexible approach to model data measured in a continuous scale
on the open interval (0,1) due to its flexibility of having different shapes. This distribution
the best fit for our data set since the values ranges between zero and one with a high

mass at zero due to the non-febrile participants.

In general, the beta distribution is defined as (166,192);

r'(¢)
(ug)T((2-1)9)

f(y; )= - y“(1-y) ) ye(0,1) (5.9)

Where T'(.) is the gamma function. In practical datasets like our case, practical data

include zeros the data is modelled as a mixture of two distributions mixture of two
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distributions: a beta distribution and a degenerate distribution in a known value ¢, where
¢ = 0 for this dataset. Then the distribution function is defined as (166,192)

if y=c

ol (y;“’”’¢):{(1—uu) f(yimg) ifye(01) &0

Where f (y;u, ¢)is the beta density and v =P(y=0)is the probability mass at zero.
There is the likelihood for 6 =(v, 11,¢) given the outcome variable (y,,...,y,) is defined

as (166,192)
p(y10)=bi.(y;v, 1, ¢)=p(v)p(x,¢) (5.11)

Letting B = { BBy ﬂp} be the parameters from the model with a horseshoe and random

effects priors defined as shown in Equation 5.6 and Equation 5.7 respectively

In general, the posterior distribution was defined as;
p(B.a;ly)= p(yIB)p(B)p(c;) (5.12)

where p(y|B.o;) was the likelihood of y~bi.(y;0), p(B) and p(c;) the priors for the
Beta and random effects respectively and p(B,aj | y) the joint posterior distribution
(166). The joint distribution p(ﬂ,aj | y) is not available in a closed form and we apply

Markov chain Monte Carlo (MCMC) method to draw posterior samples on the parameters

leveraging on the available package brms build on JAGS (189,193).

5.3 Results
5.3.1 Binary Outcome Results

5.3.1.1 Modified Poisson Regression:

The estimated risk-ratios (RR) from the modified Poisson regression were ranked from

the lowest to the highest as shown Figure 5-5.
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The estimated RR ranged between ~0.7 and ~1.12 with the robust standard errors as
shown in the Figure 5-6. The top 20 proteins picked from this approach were, PF113,
MSP3, MSP2CH15019DBL2, MSP11, PTEX150, PF3D7_0525800(IMC1g),
PF3D7_0629500_SEG2, MSP2CHO, MSRP4, MSP1Block2K1iflank, MSP5, RAMA,

MSPDBL2C-terminal, AMA1, MSP2, RH1, SERA7, PF3D7_1136200 and SERA3.
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5312 Random Forest

The Random Forest model was fit with an mtry of 37 and 10000 trees which were selected
as the best parameters using a 10-fold cross validation. To handle the class imbalance

which was observed to bias the OOB error in the malaria positive group, SMOTE technique

was used and reduced the error significantly as shown in Figure 5-7

The top 20 antigens from the RF approach were MSP4, MSP2, PF113, PfD1160W18,
MSP10, PfD1160W19, MSP1, MSRP1, MSP5, SERA2, SPATR, PF3D7_1401600_PHISTB_,

MSRP5, PF3D7_0629500_SEG2, MSRP2, SERAS5, PF10_0166, PF3D7_0730800.2 and
PFA0445W.

Antigens

0.0

0.5 1.0

. 2.0
Risk Ratio

Figure 5-6: Estimated risk ratios and the Confidence intervals from the MP model
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Figure 5-8: Rank importance using the Random Forest approach

5313 Boosting Trees (GPBoost)

To fit the boosting trees model, we used the "“grid_search_tune_parameters” and
“gpb.cv” functions in Python and R respectively with 20-fold cross validation. The grids
used to search for the best ‘learning_rate' and ‘min_data_in_leaf’ were
[0.5,0.1,0.05,0.01] and [5,10,20,50,100,200,300,500] respectively. From R we got a 27
nrounds, learning_rate of 0.5 and 200 for the min_data_in_leaf and Python gave 307
nrounds,a learning_rate of 0.05 and 100 for the min_data_in_leaf. We used both
estimates to fit the model and they gave the same order of importance. The top 20
antigens picked were PF113, MSP3, MSRP1, EBA181, MSP10, PF3D7_1136200, SERA7,

PF3D7_1401600(PHISTB), MSRP2, MSP9, MSP8, MSP3.6, MSP11, RAMA, MSP3.5,
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PF3D7_0629500_SEG1, PF3D7_1462300, PF3D7_1105800 and SERA9 as shown in Figure

5-9.

Figure 5-9 Rank importance using the GPBoost approach

5314 Bayesian Lasso

A total 42 antibodies as shown in the Supplementary Figure 3 were picked by MP, RF and
Boosting approaches. We passed the approaches through a 2 chain Bayesian Lasso model
with a horseshoe prior with 0.5 as the global parameter, 1000 warming up (burnin) values
and a thinning of 1 with 20000 iterations per chain. From the 2 chains, we then calculated
the marginal posterior inclusion probability that each beta coefficient was not equal to
zero. The following antigens were picked as the top protective antibodies (coefficient <0
and a marginal posterior inclusion probability >0.5) PF113,

PF3D7_0525800(IMC1g), AMAl, MSP11, PF3D7_1136200, RAMA, MSP3,
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PF3D7_0629500_SEG2, SERA3, MSP3.6, PF3D7_0629500_SEG1, RH1, MSP6, SERA7 and
TLP. Notably PF113, PF3D7_0525800(IMC1g), AMA1, MSP11, PF3D7_1136200
had their 95% credible intervals (95 C.I) not crossing zero as shown in Figure 5-10. The
model diagnostics shows the model was a good fit since the observed and predicted

values were similar, Figure 5-10 C.
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Figure 5-10: Bayesian Lasso estimates, A) the beta coefficients with the 95% credible intervals, B) the marginal posterior inclusion probabilities, the

labelled ones (red in colour) had a probability >0.5, C) Model diagnostic plot for the observed and predicted values.
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5.3.1.5 Network Model.

The results from the network model showed PF113, MSP3, MSP11,
PF3D7_1401600(PHISTB) and MSP3.5 were identified as the most prominent antigens
among the sites. The east African sites were observed to cluster together with PF113
exhibiting as the most interconnected feature. Other prominent interconnected features
included PF3D7_1136200, MSP7, MSRP4, MSP3.6, MSP4 , AMA1 , MSP5,
MSP1, RH1, PF3D7_0629500_SEG2, H101, EBA175, SERA3 and PF3D7_0525800(IMC1g).
While less prominent connections emerged which SERA5, PfD1160W18, PF1400044, P34,
PF3D7_1237900, PF3D7_1343700(KELCH) and PF3D7_1252300. The nodes without a

connection were excluded in the figure below.
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Figure 5-11: A network diagram showing the relationship of the top antigens per site. This analysis was done for each site and

the network model created with the top features
5.3.2 Probability Outcome Results
We used 3,607 data from Junju, Kilifi collected between 2005 and 2017 as described in
detail in Chapter 3, study design section. This was a subset of the multi-centre data since
Kilifi samples had a training set available to use the Bayesian latent class models to
estimate the probability of having clinical malaria. The probability values have a mass at
zero as shown in the figure below. A zero-inflated Bayesian model with a horse-shoe prior

on the B and global scaling parameter was fitted using 20000 iterations, a warmup of

2000, and a thinning of 1. The model took approximately 6.7hrs on a Core i7-8650U

1.90Ghz 4 cores 32GB RAM, computer. This was compared with a Bayesian binomial
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model with a horse-shoe prior on the p with the same conditions which took

approximately 2.5hrs.

The model diagnostics using trace and density plots to assess convergence and quality
of inference was done using the posterior estimates included in the supplementary for
this Chapter. All plots suggested convergence to a stationarity distribution according to
the Gelman-Rubin convergence checks (194). Furthermore, posterior predictive checks
on all models in these analyses showed the models fit the data well; there were no
systematic departures from the model prediction as shown in the Supplementary Figure
5-1.

The zero-inflated model selected MSP6, MSP10, MSP11, SERA3, AMA1, MSP2, PF113,
PF3D7_1136200 (95% credible interval not crossing zero) and MSP1, MSP3, MSP4,
PF3D7_0629500_SEG2, PF3S7_0730800.2 were also among the top antigens (50%

credible interval not crossing zero). The Binomial model selected

PF3D7_0525800(IMC1G), MSP11, PF113, SERA2, MSP5, MSP6, RAMA, PFD1160W19,
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RH1 and AMA1. There was an overlap of 8 antigens that were selected by the two
approaches. The zero inflated model though had better WAIC of -1118.4 and the binomial
model had a WAIC of 3965.5, thus the former model has a better statistical fit than the

latter.
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Figure 5-13:Top antigens picked by zero inflated and binomial mixed effect models for Junju, Kilifi dataset.
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5.4  Discussion:

The selection of important features in in regression problems and immunological studies
has occupied the minds of many statisticians and immunologists respectively. Several
machine learning feature selection methods have been developed. Specifically in malaria
immune-epidemiology studies antigens expressed on or associated with the surface of ~.
falciparum merozoites are thought to be key targets of blood stage immunity against
malaria. Utilizing robust and non-biased statistical approaches to comprehensively
identify the best immune targets from the merozoite stages of AP. falciparum is of
importance to inform vaccine development. In this study we utilised techniques that have
been used previously in malaria research combined with machine learning approaches

that could capture the complexity of interactions between the malaria antibodies.

The data used here was from a micro-array chip designed with over 100 P. Falcjparum
proteins and the methods not only identified features reported in previous correlates
analyses but also other novel candidates. Systematic and non-systematic sources of bias
are common in high throughput protein microarray experiments. One of the biases is
background noise. The localization and distribution of background signal intensities guide
the selection of the appropriate correction strategy (87,104). In this experimental design
with multiple mini-arrays and slides, we did not visualize any significant background
pattern within the mini-arrays or block. For this reason, we selected the local background
correction method. In protein array studies, local background subtraction debatably gives
in principle an unbiased estimator of the true signal since it is arguably an impartial

estimate of the local non-specific intensity(105). The protein micro array chip used here
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had three technical replicates which is important to test within-sample variability. As we
observed in Chapter 4, caution in interpreting the CV is recommended as small differences
in signal intensities between replicates at the lower end of the detection threshold can
yield misleadingly high CVs. Therefore, for this study we set our low detection at 1000

and for those with high CV’s we selected the best 2 replicates.

Among the methods discussed in Chapter 4 for normalisation, VSN technique was the
optimal approach to handle the mean variance dependence. The key design issues to
consider for the best normalisation technique are the extent of biological sample variation
anticipated and experimental design. Adopting the wrong method increases the
probability of detecting false negative, and false positives. Batch effects create an
additional unwelcome source of variation that could further reduce statistical power.
These must be considered when data are processed at different times, by different users
and on different instruments, among others (99). An important consideration that
particularly applies to large cohort studies is the random processing of samples to ensure
that batch effects do not exaggerate pre-existing genuine biological variation. The
Combat approach was the best fit batch correction technique to use for our data before

proceeding to feature selection.

Feature selection methods.

We combined the features selected from modified Poisson, Random Forest, Tree-Boosting
and Bayesian with spike and slab modelling techniques and then applied the Horseshoe

prior which is a cousin of the lasso penalty to select the important features from the set
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of selected features. Since the data was based on a multicentre study, we developed a

network model to visualize the interplay of the top features among the different cohorts.

Modified Poisson combined with breadth scores have been used previously in single
cohort studies to select features associated with protection (16,43). Modified Poisson
models provide relative risk as the parameter of primary interest and assist in
convergence problems that sometimes arise with binomial regression models (43). The
modified Poisson is based on MLE approach and maximum likelihood approaches is
slowed down by large covariate set. Also, a single complicated and complex model which
might have a high variance leading to overfitting or underfitting (195). Therefore, we
utilised univariate model on each antibody adjusting for the individual’s overall response
to reduce the complexity of the model. However, this approach does not adjust for the

potential interplay between different covariates (47).

To handle this limitation of modified Poisson regression, we utilised a random forest
approach to pick the top features. This approach has been utilised in another malaria
study to identify distinct immune signatures that are predictive for individual level disease
protection. They utilized data from three prospective cohort studies conducted in Kenya,
Kenya/Tanzania and Mali but analysed them independently (47). The bootstrap
aggregation (Bagging) technique is applied in random forest. This technique aggregates
many trees handling the limitation of overfitting and error due to bias (136). Random
forest rarely suffers from multicollinearity but have been reported to have a bias towards
the correlated variables (196,197). The measure of the importance of the variable is

measured with respect to the prediction of the outcome variable and reduced OOB error
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(136). However, very few random forest methods have been extended to handle mixed
effect approaches (198). One of the approaches developed specifically for Gaussian
response variable is the Mixed-effects random forest for clustered data (MERF) and they

are not appropriate to solve classification problems (199).

The context of a non-Gaussian response variable with mixed effects was present in our
data with site as the random effect. Handling mixed effect structure present in a dataset
improves model prediction performance and statistical inference underlying the complex
structure. To model this, we utilised the Boosting approach which has been reported to
handle complex non-linearities, discontinuities, and high-order interactions, it is robust to
outliers and multicollinearity (138). An improved prediction accuracy was observed with
this technique and an overlap of the top features with Modified Poisson and Random
Forest approaches. This approach took longer time to process on the R software but a
lot faster using the Python interpreter. This could have been associated with the different
cross-validation parameters picked by both approaches, the latter had lower number of
‘min_data_in_Jleaf, 'max_depth' and ‘max_bin'. Both the random forest and boosting
techniques are more advantageous for predictive accuracy and the top features can either

be associated with protection or exposure.

Using the binary outcome which was used for all multicenter data, the Modified Poisson,
Random Forest and Tree boosting approaches together selected top 40 features. From
this set of 40 features, the main interest was to identify the top candidates associated
with protection against clinical malaria. A methodology that applies the lasso properties

and handles multicollinearity was the best choice to pick the most important features.

157



This technique has been applied in HIV studies to gain knowledge on key features
contributing to HIV profile differences and identifying the correlates of antibody mediated
protection. In the HIV study an MLE lasso-based approach was used combined with s-
PLSDA (68). Here we use the Bayesian inference technique with lasso properties. The
lasso based on MLE has been shown to drop most of the correlated variables even if they
are discriminants and randomly selects one representative among a set of correlated
features(200). A horseshoe prior a cousin of the lasso penalty was used on the Bayesian

p parameters for both the binary outcome and probability outcome. This prior has been

shown to have a good computational performance compared to the other penalty-based
priors(125). Specifically for the probability outcome a zero-inflated model was used due
to the probability mass at zero for the non-febrile participants(191). Importantly, the
Bayesian technique helps in identifying the features associated with the risk of having
clinical disease and the ones associated with exposure. Five top features associated with
reduced risk of clinical malaria were selected, they had a point estimate of less than zero

and the credible interval not crossing zero.

Network models help to visualize complex associations and linkages among different
features in research. Network analysis as a distinct scientific enterprise has been used to
build a rapid linkage disequilibrium (LD) network connection of SNP pairs in genome
prediction of traits with different genetic architecture and also visualize the complex
network of close pedigree genetic diversity within the domesticated grapes(201,202),.
Also, network models were used to visualize top biomarkers identified as correlates of

Ab-mediated protection in a HIV study from multiple vaccine cohorts (68). In our study,
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we applied the same technique to visualize the interplay of the top features selected in
different cohorts and how they interlink. PF113 exhibited the most interconnected feature
comprising of 7 sites followed by MSP3 and MSP11. The top candidates selected from the
overall model were observed to have a large representation in the network model which
encoded the complex relational structures of the top candidates within the different

cohorts in Africa (184).

Misclassification bias

To help in further reducing the misclassification bias in malaria studies, we proposed the
use of a probabilities of fever as an outcome. These estimated probabilities of fever have
been used in determining risk of developing clinical episodes in malaria vaccine trials. In
the vaccine studies, the probabilities estimated from the Bayesian latent class model were
proposed as a better approach to compare the placebo and control groups (88,160).
Comparatively, in our study, the model with the probability outcome had a better
statistical fit compared to the binary approach. This shows that the utilization of
probability explains more variation compared to the binary outcome. The binary approach
was also observed to have wider credible intervals. The global scaling parameter on the
horse-shoe priors was observed to affect the number of features selected and the
prediction accuracy of the model. One of the major limitations of utilizing the probability
outcome, is that a training class is needed to compute the probability values since as
discussed in Chapter 3. A higher computational cost was also observed while utilizing the
probability outcome due to the complexity of the posterior distribution and modelling the

mixed effects for the zero-inflation part (166,192) .
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The probability outcome approach had a better statistical fit due to its robustness
compared to the binary outcome however this was only done for the Junju, Kilifi site due
to lack of training samples in the other sites. It would be important to compare the

performance of the probability outcome using multiple sites in feature selection.

5.4.1 Selected feature and biological importance:

Some of the identified antigens have been studied in other cohorts to understand their
role in naturally acquired immunity. The P. falciparum protein 113 (Pf113) and apical
membrane antigen 1 (AMA1) were shown to provide protection in South-eastern Gabon
(203). The PF3D7_0525800 inner membrane complex protein 1g, putative (IMC1g) is
termed to be essential and having a moderate mutant fitness score in the PlasmoDB (204)
and shown evidence of immunogenicity in adults by a study done by Kamuyu et al in
Nyamisati, Tanzania (205). MSP11 also known as the surface localisation of
PF3D7_1036000 and PF3D7_1136200 have been proposed to be good candidates for a
multicomponent blood-stage malaria vaccine (41). A few of the identified features are
being tested in vaccine trials and others have shown immunogenicity in other cohorts.
With this multicentre study, the identification of these proteins validated the overall
approach, and added confidence that the untested features can be evaluated further
using functional and diversity studies to understand their polymorphism and use animal

models to broadly understand immunogenicity (205).
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5.4.2 Conclusion:

The probability outcome-based model had a better statistical fit compared to the binary
model helping in reducing the misclassification bias. Nevertheless, in our study, there was
a limitation of lack of training samples for most of the multicentre cohorts thus we did
not test the probability model in the overall data. The network model helped to visualize
complex associations and linkages among different sites and the identified features were
similar to what was observed in the overall model. A multicentre network analysis
incorporating other immunological parameters of malaria protection, such as, functional
assays and soluble parameters would be of importance to further understand the
interplay of malaria protection studies from different sites. From the overall analysis,
PF113, PF3D7_0525800(IMC1g), AMA1, MSP11, PF3D7_1136200 antigens were selected
as the top features associated with protection. However, these and other antigens with
a protective effect would be recommended for further functional assays to inform vaccine
development. The probability outcome-based model had a better statistical fit compared
to the binary model helping in reducing the misclassification bias. Nevertheless, in our
study, there was a limitation of lack of training samples for most of the multicentre

cohorts thus we did this for Junju, Kilifi cohort only.
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5.5  Supplementary
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Supplementary Figure 5-7: TAG antigens that had high MFI values. GST and MBP had very high MFI values compared to CDATAG,
thus the antigens tagged with MBP, and GST were excluded
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Supplementary Figure 5-10: Bayesian Lasso model diagnostics for the overall data analysis. The figure
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CHAPTER 6 : DISCUSSION

The process of identifying important biological features is challenging especially for
outcomes prone to differential misclassification and significant biological complexity.
Consequently, researchers across the globe, are facing challenges in making data-driven
decisions and recommendations. This is particularly relevant for studies on natural
immunity to malaria. A strong rationale for developing and improving malaria vaccines
comes from epidemiological studies in malaria-endemic countries. These studies show
that individuals continuously exposed to malaria gradually develop “natural immunity”
that initially prevents death from severe malaria, and subsequently recurrent clinical
episodes of mild malaria. Therefore, identifying the targets underlying naturally acquired
immunity is of importance to further inform continuing vaccine development with a view

to achieving the vision of a world free of malaria.

This thesis explored the utilization of various statistical techniques to identify correlates
of malaria protection from multiple cohort’s data. We proposed a workflow of ensuring
the disease and the correlates have been measured without bias and applied machine
learning approaches to select the important candidates. Chapter 3 focused on case
definition approaches to reduce misclassification bias in malaria studies. Chapter 4
focused on developing a statistical tool to handle systematic and non-systematic bias that
comes with protein micro-array data. Chapter 5 focused on identifying top correlates of
disease protection using classical and machine learning approaches. This chapter joins

together the findings from prior chapters, as the investigation work is concluded.
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6.1 Identifying correlates of disease protection in malaria

Cohort studies inform the development of malaria vaccines through investigating factors
associated with natural immunity (16,41,76). In general, following recruitment,
immunological responses are analysed in relation to the participants’ subsequent clinical
experience of malaria. Many of the cohorts established in the past 3 decades focused on
either a single, or small humber of proteins would be sufficient for protective immunity
(9,16,41,76,83,85,110). The methodological differences in those studies make results for
a given antigen difficult to compare. To the best of our knowledge this is the largest
malaria multicentre study to apply similar methodological approaches to identify
important correlates of clinical malaria protection and propose the utilization of
probabilities as opposed to binary outcome in feature selection where a training data set
is available. We propose a work flow of ensuring disease is defined without bias, handle

systematic and non-systematic laboratory data bias and perform feature selection.

6.2 Case definition

In areas with high malaria transmission, asymptomatic carriage of parasites is highly
prevalent, and it is therefore likely that an individual with a non-malarial fever has
coincidental parasitemia. This immunotolerance can be because of naturally acquired
protection against malaria (2). Thus, parasitemia accompanied by fever may not be
adequate to define an episode of clinical malaria and may lead to over-estimation of the
malaria burden leading to differential misclassification (18,21). The logistic power model
is the widely used technique for case definition (19,24,25) and rarely the Bayesian latent

class model (17,91) to handle this differential misclassification.
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In this study we compared the performance of the Bayesian and Logistic case definition
approaches and investigated the utilisation of probabilities over binary outcome variables
in feature selection. Cases corresponded to fever episodes detected by active case
detection and control slides were those collected during the cross-sectional bleed. The
choice of cases and controls may estimate varying lambda estimates. For example, if
cases are recruited in health facilities (incident cases) where the episodes might be more
severe compared to household active follow-ups (prevalent cases) may give different

attributable fractions since the latter cases are more severe.

For the logistic power model, we tested the power function at different values to select
the parameter that best maximised the log-likelihood. To reduce the impact of serial
autocorrelation among parasite densities observations of the same individual, if there
were consecutive parasite densities within 2 weeks, only the first measurement was
considered. However, using the repeated values has negligible impact on the lambda

estimates as reported by Smith et al (21).

The Bayesian latent class model performed well in the estimation of the probabilities
compared to the logistic power model and this was suspected due to the properties of
the logit (sigmoid function) used in logistic models. Therefore, we used the probabilities
estimated through the Bayesian latent class approach to compare with the binary
outcome. The binary outcome was created after selecting the best parasite density
threshold cut-off using the logistic power model. This study shows that the utilization of
probabilities in modelling association with clinical disease protection had a better

statistical fit compared to the binary base models. Other studies have shown, continuous
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variables, like the probabilities we use here, to have more variation information and
statistical power and are sometimes preferred over the categorization of data (93).
Several articles (92-94) have also pointed out problems associated with the
categorization of data. However, a training class is need; a sample that comes from the
component of the mixture corresponding to children without fever but who may have

parasites to use the Bayesian latent class models (17).

6.3 Protein microarray data processing

Protein microarray technology is increasingly utilised for vaccine candidate discovery in
the ‘omic era’ with hundreds to thousands of antigen-specific antibodies analysed
simultaneously (37,54,172). In malaria this technology has been used to study
association with sporozoite-induced protective immunity (206), chloroquine
chemoprophylaxis (CPS) induced immunity in Controlled Human Malaria Infection Studies
(207), gametocyte proteins association with reduced malaria transmission (208) among
others. However, the studies used different data management strategies to handle the
systematic and non-systematic biases associated with this protein micro-array were used.
Additionally, tools to guide the rigorous processing of protein microarray data are limited,
require investigation by trial and error, are time-consuming to optimize and not
centralized (62). We developed protGear (87) with various statistical and computational
functionalities to address background bias (105) within-sample variation (38), mean-

variance dependence (100)and batch differences (98).
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6.3.1 Background Correction

The localization and distribution of background signal intensities guide the selection of
the appropriate correction strategy (104-106). Although local background subtraction
from the foreground resulting is considered to give unbiased estimates (105), negative
values are often generated, and the consistency of the results across different mini-arrays
and slides needs to be assured. Additional methods including the novel half moving
minimum we developed that overcome these limitations have been included (57) in the
tool. For the protein microarray data used in feature selection, local background
subtraction was used since we did observe any significant background pattern within the

mini-arrays or blocks.

6.3.2 Within sample variation

The inclusion of two or more technical replicates is vital for the robust analysis of within-
sample variability (55). The variability is estimated coefficient of variation (CV) estimation.
The lower the CV, the lower signal variation and, typically, the better the quality of the
replicates(62). Although advisable, a higher CV value could not always translate to bad
quality replicates especially for small MFI values. Replicates with low values tend to give
very high CV values even with a small difference. As a result, we implemented a function
within the package to allow users calculate the CV’s, define the lowest MFI cut-off to flag
the replicates and select the best replicates. Since the range of the MFI values for the
samples used here ranged between 0-65000, we used a 1000 MFI cut-off to flag the CV's

and the replicates with a “bad” CV were repeated.
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6.3.3 Normalisation

The choice of normalization technique to handle mean-variance dependence is essential,
and mainly depends on the design of the experiment and the assumptions of the
normalization technique (180). As for example, some normalization approaches, such as
LOESS and Quantile assume that majority of the probe intensities are not differentially
expressed (37,38,106,113). As observed, this cannot readily be made for focused
antibody microarrays, such as ours. Consequently, if either of these two approaches is
selected as the best approach, the assumptions are violated and this can increase the
probability of including false negatives, and potentially false-positive signals. The RLM
normalisation approach that was specifically developed for protein microarrays (38)
requires that the secondary control normalisation proteins yield constant signals across
and within slides. These control proteins are expected to have a low CV and can be used
for both normalizations and evaluating the slide variability (38). Although the MVD was
significantly reduced with all methods tested, the VSN method was optimal for this
analysis. Our tool, protGear provides a novel powerful single platform that empowers
users to sequentially interrogate all these options to determine the optimal solution for

the data in question.

6.3.4 Batch Correction

Batch effects create an additional unwelcome source of variation that could further reduce
statistical power. These must be considered when data are processed at different times,
by different users and on different instruments, among others (99). An important

consideration that particularly applies to large cohort studies like ours where the random
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processing of samples is to be considered to ensure that batch effects do not exaggerate
pre-existing genuine biological variation. A limited number of batch correction approaches
have been proposed and these typically accommodate experimental designs with a
minimum of 25 batches. We adopted the ComBat batch correction from “sva” package in
R has been adopted since it has been reported to be robust to outliers in small batch

sizes (98).

6.3.5 Protein micro-array data processing suites

To the best of our knowledge, protGear is the only protein micro-array processing tool
and interactive dashboard that provides a choice of functions to address each major
source of bias, outlines the theoretical background necessary to guide selection and
generates custom graphical and tabular outputs to support data interrogation and
interpretation. protGear provides a, state-of-the-art, one-stop adaptable workflow for
protein microarray data pre-processing. It can be coupled to software such as Sweave or
knitr (181) for report generation and sharing along with the raw data to promote data
reproducibility. The user-friendly, interactive, web-based, and graphical interface requires
limited R-experience and will enhance broad uptake in the infectious disease and vaccine

development community.

However, protGear does not automatically select the best strategy for data processing
and the user is guided by the structure of the data. Additionally, the tool cannot process
protein micro array data with more than 3 laboratory replicates. This will be considered

in the next development of the package.
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6.4 Feature selection of Merozoite targets of protective immunity

Machine learning approaches can complement classical analytical methods for identifying
correlates of protective immunity. While Modified Poisson regression involves univariate
evaluation of the different features measure, machine learning approaches can in addition
identify interplay and relationships between antibody features that are predictive of
protection. It is worth indicating that all examined methods employ the same feature set

on the training dataset with k-fold cross-validation.

6.4.1 Modified Poisson

The main advantage of using the classical regression especially modified Poisson is that
it gives you coefficients that shows the direction in which a certain feature associated
with. However, the modified Poisson is based on MLE approach and maximum likelihood
approaches is slowed down by large covariate set. Also, fitting a single complicated and
complex model with a big dataset which might have a high variance leading to overfitting
or underfitting (120,123) and having very small significant effect sizes. In our study we
observed the estimated risk ratios were close to 1 (Modified Poisson Results). Using L1
regularized logistic regression has been shown to be effective even with many irrelevant
features however it affected by multicollinearity (123). The modified Poisson models a
binary outcome adjusting for known confounders followed by ranking the important
features using the risk ratio estimated (43), therefore we did not use this approach for

the probability based feature selection.
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6.4.2 Random Forest

Random forest is an ensemble supervised learner based on many randomly fit decision
trees and provides a feature important measure (69). As a classifier, random forest
performs an absolute feature selection, by considering all possible combinations of
measured antibodies then extracting the most discriminating features for the classification
problem (136). Random forest compared to modified Poisson showed to be robust against
single noisy features with a large amount of non-discriminatory variance. However, class
imbalance was observed to affect the OOB error, and this was handled using the SMOTE
technique (73). The random forest in our data did not perform well with categorised
predictors therefore we use the continuous normalised MFI values as the covariates.
There was an overlap of 7 features selected between the Random Forest and the modified
Poisson approaches. To note for the random forest, it picks the top antigens that
discriminate between the susceptible and cases, therefore, it has some features
associated with exposure. Very few random forest-based methods have been extended
to handle mixed effects and use zero-inflated outcome to solve classification problems

(198)

6.4.3 Boosting trees

Tree boosting is also a supervised machine learning technique that improves the
prediction performance and reduces the risk of overfitting and can be used for both
classification and regression problems. In this classification study, the gpboost technique
was employed to combine the advantages of tree-boosting with mixed effects structure.

Some of the advantages, are handling complex non-linearities, discontinuities, and high-
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order interactions, also, it is robust to outliers and multicollinearity (Sigrist 2020). In our
analysis we used Python and R to implement the models, but it was computationally
effective in the former platform even with a wider cross-validation grid search. An
improved prediction accuracy was observed with a wider cross-validation and an overlap
of the top features with Modified Poisson and Random Forest approaches. Both the
random forest and boosting techniques are more advantageous for predictive accuracy
and the top features can either be associated with protection or exposure. Most of the
zero-inflated distributions available for tree boosting are for count data but none was

identified to handle the zero-inflated beta for our probability outcome (209).

6.4.4 Bayesian Lasso

The above techniques produced a set features we applied the Bayesian lasso technique
to help remove redundancy and noise and then remain with an optimal antigen subset
(121,123). On top of that, this Bayesian inference-based technique assisted in comparing
the binary and probability outcomes performance in feature selection (166). Compared
to the MLE penalization techniques though they have been reported to be computationally
faster they pose the risks of hon-convergence, large bias, sensitivity with initial values for
both correlated and zero-inflated data (125,189). Also, they perform better in a data set
with multicollinearity, and offer additional advantages such as readily available
uncertainty estimates, automatic estimation of the penalty parameter (131,187). We used
the horse-shoe prior as our penalization approach over the other Bayesian model space
priors due to its reduced computational cost and ability to scale very high dimensional

problems (125,133).
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With the rising popularity of beta regression approaches in the last decade, significant
advancement has been made in the methodological, computational, and theoretical
development (210). This growth allowed us to compare the performance of probability of
having fever and binary outcomes in feature selection problems. Probabilities of having
fever have been utilized in vaccine trials to determine the risk of developing clinical
episodes (88,160). Though the utilization of zero-inflated beta regression warranting
regularization of the likelihood had a higher computational cost, it had a better statistical
fit while benefiting on the data power, predictive performance and reduced risk of Type

I error that comes with continuous data.

From the set of around 40 features in the overall data, the Bayesian lasso identified 4
important features with a credible interval not crossing zero and 15 features with an
estimated posterior probability of inclusion of above 0.5. In the sub-analysis of comparing
the probability and the binary outcome, the latter picked fewer features compared to the

probability-based model and had a better statistical fit.

6.4.5 Network Models

We aimed to gain more understanding relationships between features contributing to
profile differences and the different sites. This was done by adapting correlation network
analysis tools frequently used in the transcriptomics field. The resulting network model
depicted the features occurring in multiple sites as top candidates (Figure 5-11 big circles)
was like the top candidates selected by the overall multisite model contributing protection
against malaria. The top candidates selected from the overall model were observed to

have a large representation in the network model which encoded the complex relational
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structures of the top candidates within the different cohorts in Africa (184). Overall, these
network model point to unique relationships between all features and sites among the
different proteins tested. This may help in the selection site specific antibodies associated
with protective immunity for further biological studies that may help identify mechanisms

underlying correlates.

6.4.6 Misclassification bias and feature selection

In this study we utilised logistic power and Bayesian latent class modelling techniques to
handle differential classification in malaria case definition. Both models showed similar
patterns in estimation of attributable fractions though the former gave lower values than
the latter. The Bayesian latent class and logistic regression estimate the probabilities of
having fever however the logistic power model had high probability estimates of over 0.5
for most of the parasite densities. This was suspected to happen due to the logit (sigmoid
function) function used to calculate the probability of the occurrence of a specific
categorical event. Therefore, we used the probability estimates from the Bayesian latent

class model for out beta regression-based models.

The top features picked by the binary and the probability-based models were similar,
however the credible intervals from the binary model were wider. Therefore, the
probability-based approach picked more “significant” features compared to the binary
model. This approach also had a better statistical fit, it had lower BIC when it was used
to model association with protection in Chapter 3 and a lower WAIC in the feature
selection approach in Chapter 5. The standard errors from the probability models were

lower compared to the binary regression approach.
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6.4.7 Selected feature and biological importance

The machine learning approaches compliment the classical regression approaches aimed
at selecting important correlates of protection. Thus, these machine learning tools provide
an additional powerful method for comparing immune profiles of susceptible and sick
individuals to provide greater systematic insights underlying the relationships of features
that may contribute to naturally acquired immunity. As we have shown, antibodies are a
major component of a host’s natural acquires immunity against malaria. From the set of
86 humoral features studied, we identified the important correlates of protection, and a
few are being tested in vaccine trials and others have shown immunogenicity in other
cohorts. With this multicentre study, the identification of these proteins validated the
overall approach, and added confidence that the untested features can be evaluated to
understand their polymorphisms and maybe use animal models to evaluate
immunogenicity and protective efficacy as potential vaccine candidates (205). We also
show that diverse set of antigens would be a better consideration for vaccine

development since more than one antibody was identified as important.

6.4.8 Strengths and limitations

The strengths and limitations of this study are discussed in epidemiological and
methodological aspects. Show casing the different methodologies to handle bias
associated with malaria case definition and protein micro array are the main
methodological strengths of the study. In case definition, utilization of probabilities over
categorical variables provided a better statistical fit. Also, we develop an interactive open-

source suite to handle protein micro array data processing.
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This study utilizes rigorous immuno-epidemiological analyses to comprehensively identify
and prioritize the best immune targets from the merozoite stages of P. falciparum. We
analyse antibody responses to at least 80 unique proteins to identify those that are
consistently associated with a lower risk of malaria across multiple endemic sites in Kenya,
Uganda, Tanzania, Ghana, Mali, Burkina Faso and Senegal. We identify potential
candidates for consideration in further lab studies to inform the development of the

second-generation malaria vaccines.

The study had a few limitations, largely due to the nature of the data that was received
from the different sites and also due to the constraints of getting more lab data due to
the pandemic constraints. A major limitation was lack of a training sample data from most
of the cohorts’ studies to implement the Bayesian latent class models. Therefore, we
could not compare the performance of using probability of fever as the outcome in the

overall multicentre data and did this only for the Junju cohort, Kilifi.

The other limitation was a longer processing time of the Bayesian lasso posteriors on a
personal computer, and we would recommend running the models in a High-Performance
Computer with Clusters to reduce the processing time. Specifically for the probability
models, calculating the marginal probability of having clinical malaria during a follow-up
was a challenge and this would be important especially for longitudinal studies

investigating immunogenicity over many years.

The protGear package implements a Shiny dashboard but we could not get an open
access platform to host the dashboard and users must run this from their personal

computer.
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6.4.9 Recommendations.
Our recommendations are guided by the different procedures and techniques we followed

while answering our 3 research questions.

Regarding case definition, we recommend.

1) Utilization of active follow-up data for case definition to avoid under estimation

or over estimation of the attributable fractions.

2) Use Logistic power model to estimate the threshold and Bayesian latent class

for probability estimation

While processing the protein microarray data,

1)

2)

3)

4)

5)

6)

We recommend creating an electronic database of the plate maps for big studies
to fasten the process of merging epidemiological and laboratory data.

We recommend the randomization of samples during the design of the study to
ensure there is minimal variation between the arrays.

We recommend inspection of the scanned images before data extraction for any
obvious spatial artefacts.

Compare the data from various PMT/Power settings to select the optimum
settings for data that will be analysed together.

We recommend utilization of the median MFI values as it is relatively insensitive
to outliers, commonly observed in protein micro array data.

Caution in interpreting the CV is recommended as small differences in signal
intensities between replicates at the lower end of the detection threshold can
yield misleadingly high CVs.
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7) Normalisation is guided by the purpose of the data. For monoclonal based

studies avoid using VSN and Loess based techniques.

Finally, from the feature selection objective,

1) Check for correlation in the extracted data to ensure you utilize models that can
handle this. In our case, we utilized Bayesian lasso technique which has this
capability.

2) For large datasets, we recommend running the Bayesian models with spike and
slab prior in a High-Performance Computer with Clusters to reduce the

processing time.

Unanswered question.

The data for other immunological parameters such as functional assays and soluble
parameters was not generated for the samples due to the pandemic constraints. This
limited my ability to include these parameters in the network model to test the interplay

across various malaria immunological parameters and sites.

6.4.10 Summary and Conclusions

The general objective of this study was to develop analytical approaches that are sensitive
to the challenge that when the outcome or predictor is prone to differential
misclassification and to identify the correlates of protection against disease protection
using machine learning approaches. To handle differential misclassification in malaria
studies we propose the utilization of propensity scores as the outcome where a training

sample is available rather than dichotomizing the data. We developed an R package to
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handle the systematic and non-systematic biases associated with protein micro-array
data. Specifically, we developed various approaches to handle background noise
depending on the distribution of background values and normalisation depending on the
pattern of mean variance dependence. Finally, we utilised machine learning approaches
to identify important correlates of protection and observed that utilizing the probability
outcome had a better statistical fit compared to using a dichotomous outcome, however,

it was computationally and time intensive.
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