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"Today we fight. Tomorrow we fight. The day after, we fight. And if

this disease plans on whipping us, it better bring a lunch,

’cause it’s gonna have a long day doing it "

Jim Beaver
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Abstract

Current serological studies, where thousands of antibodies can now be simultaneously

screened, has allowed to enhance our understanding of the immune responses to various

pathogens and to support the development of better diagnostic tools and treatment strate-

gies. Nonetheless, the complexity of such data has brought new hurdles regarding the capa-

bility of traditional statistical methods to cope with such data. Although Machine Learn-

ing (ML) techniques have offered enhanced capabilities to unravel antibody biomarkers,

the exact identity of antibody biomarkers against certain diseases remains a struggle. This

challenge underscores the pressing need for innovative methodologies to enhance the ac-

curacy in biomarker identification, facilitating more effective diagnostics and targeted ther-

apeutics.

In this thesis I developed analytical pipelines for the analysis of high-throughput an-

tibody data. To illustrate the potential of these pipelines, I focused on antibody data on

Malaria and Chronic Fatigue Syndrome/Myalgic Encephalomyelitis. In general, these pipelines

were based on an initial variable selection step to identify the most relevant and infor-

mative variables, followed by a predictive step where distinct classifiers would be con-

structed using ML-based approaches. At first, distinct approaches for the analysis of a rel-

ative low number of antibodies under analysis to test the suitability on the analysis of such

data. We then proceeded to analyze data containing thousands of antibodies. This more-

challenging situation motivated me to fine-tune the initial pipelines to better cope with the

high dimensionality of the data. Each pipeline leveraged different statistical assumptions

and yielded benefits and drawbacks, providing predictive accuracies that ranged from close

to 72% up to 90% when implemented on different datasets, surpassing previous published

analyzes on he same data.

In conclusion, these new pipelines generated a good predictive performance in the case

studies evaluated. Given that they are based on general principles of data analysis, they

have the potential to increase the robustness and reproducibility of the analysis of high-

dimensional antibody data.

Keywords: Antibody; biomarkers; pipelines; Machine Learning; classifiers
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Resumo

Actualmente, estudos serológicos permitem que milhares de anticorpos sejam rastrea-

dos simultaneamente, o que tem contribuído significativamente para o aprimoramento de

nossa compreensão da resposta imunitária a diversos agentes patogénicos, bem como para

o avanço no desenvolvimento de ferramentas diagnósticas e estratǵias terapêuticas mais

eficazes. Contudo, a complexidade desses dados tem imposto novos desafios no tocante

à habilidade de analisar tais dados recorrendo a métodos estatísticos tradicionais. Emb-

ora as técnicas de aprendizagem de máquina (ML) tenham melhorado a nossa capacidade

de identificar biomarcadores immunes, a precisão na identificação de biomarcadores es-

pecíficos para certas doenças ainda é um obstáculo a ser superado. Isso ressalta a necessi-

dade urgente do desenvolvimento de novas metodologias que possam melhorar o rigor na

identificação de biomarcadores, possibilitando diagnósticos mais efetivos e terapias mais

direcionadas.

Neste trabalho, desenvolvi pipelines analíticos para a análise de dados de anticorpos

em larga escala. Para demonstrar o potencial desses pipelines, concentrei-me nos da-

dos relacionados a malária e à síndrome de fadiga crônica/encefalomielite miálgica. Esses

pipelines basearam-se em uma etapa inicial de seleção de variáveis para identificar aquelas

mais relevantes e informativas, seguida por uma etapa preditiva em que diferentes clas-

sificadores foram construídos utilizando abordagens baseadas em ML. Inicialmente, ex-

plorei diferentes abordagens para analisar um número relativamente pequeno de anticor-

pos, a fim de avaliar sua adequação na análise desses dados. Posteriormente, expandi a

análise para incluir dados contendo milhares de anticorpos. Esta situação mais desafi-

adora motivou-me a ajustar os pipelines iniciais ou a lidar melhor com a alta dimensional-

idade dos dados. Cada pipeline aproveitou diferentes suposições estatísticas e apresentou

vantagens e desvantagens, resultando em precisões preditivas variando de aproximada-

mente 72% a 90% quando aplicadas a conjuntos de dados diferentes, superando análises

anteriores publicadas referentes aos mesmos dados

Em conclusão, esses novos pipelines demonstraram um bom desempenho preditivo

na avaliação dos estudos de caso. Dado que são fundamentados em princípios gerais de

análise de dados, têm o potencial de aumentar a robustez e a reprodutibilidade da análise

de dados de anticorpos em larga escala.

Palavras chave: Anticorpos: biomarcadores; pipelines; Aprendizagem de Máquina; classi-

ficadores
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Chapter 1

1 General Introduction

The earliest reference to antibodies can be traced back to Emil Von Behring and Ki-

tasato Shibasaburo, who in 1890, published a landmark finding decreeing that transferring

serum from animals immunized against diphtheria was able to cure animals that were ill

with the disease [1, 2]. In the following year the reference to "Antikörper" or antibody, was

first made to describe the neutralizing agent in the blood that could neutralize the diphthe-

ria toxin [3]. This discovery laid the groundwork for understanding the immune system’s

ability to neutralize harmful agents. As the 20t h century unfolded, the significance of anti-

bodies in vaccine development became apparent [4]. In 1920, Albert Calmette and Camille

Guérin’s pioneering efforts led to the creation of the Bacillus Calmette-Guérin (BCG) vac-

cine for tuberculosis, showcasing the potential of antibodies in preventing infectious dis-

eases [5]. Moving forward to 1975, Köhler and Milstein published a landmark paper that

described the fusion between an antibody-producing plasma cell and a myeloma cell, the

latter, which, due to its transformed nature, could propagate indefinitely in culture. This

technique enabled the production of unlimited amounts of antibodies in vitro and thus, the

“hybridoma” was born with its promise of producing unlimited quantities of monospecific

antibodies, an innovation that changed the field of immunology forever [6]. Fast forward

to today, antibodies are essential for the development of diagnostic and treatment strate-

gies agonist a wide range of diseases [7, 8, 9, 10, 11, 12] and were indispensable in combat-

ing the global COVID-19 pandemic. In fact monoclonal antibodies, engineered with high

precision and specificity played a crucial role in therapeutic and prophylactic interven-

tions against COVID-19, providing passive immunity and preventing infection in certain

high-risk populations [13, 14, 15, 16, 17]. This contemporary application underscores the

versatility of antibodies, showcasing their ongoing relevance in addressing evolving health

challenges. As I navigate the complexities of infectious diseases in the 21th century, the

story of antibodies continues to unfold, from novel discoveries to innovative applications

in diagnostics, therapeutics, and disease prevention through vaccination, antibodies have

become a cornerstone of modern medicine.

The instrumental role of antibodies however, has been only possible to unveil due to

breakthroughs in immunoassays. Until recently, the enzyme-linked immunoassay (ELISA)

and other related tests were at the core of the research made in antibody data [18, 19, 20,

21, 22, 23]. These tests, however, were only able to detect or quantify antibodies against

a single antigen, lacking the ability to provide a comprehensive overview of the immune

systems response to infections. With the recent development of high-throughput tech-

nologies, antibody quantification is currently shifting to more advance assays, such as mi-
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croarray [24, 25], luminex [26, 27], or cytometry bead assays [28], where a large number of

different antibodies can be simultaneously screen in the same biological sample [29, 30, 31].

These techniques have transformed our understanding of the immune system by providing

a more holistic view on the intricacies of the immune system’s responses [32]. Nonetheless,

the large quantity of data generated by these tools has created a demand for more advanced

statistical approaches to effectively analyze and extract meaningful insights from the data

[33, 34, 35, 36]. Machine Learning (ML) approaches, specifically tailored to handle high-

dimensional data, have therefore stablihsed a foothold in the serologic field [37, 38, 39, 40,

41, 42, 43]. However, the implementation of these techniques is still in infancy and inno-

vative strategies are critical for the identification of antibody biomarkers to fight infectious

diseases.

Therefore this thesis aims to introduce novel pipelines for the analysis of high-throughput

IgG antibody data with the intent of identifying diagnostic biomarkers against disease.

Given that the vast majority of features (variables) measured by high-throughput method-

ologies hold no association with the outcome of interest and thus are redundant or irrel-

evant for the analysis [44, 45], removal of such features brings several advantages, among

which increased accuracy and interpretability of the final models [46]. For this reason, the

analysis of this type of data is often divided into a two-step approach. First, a feature selec-

tion or variable reduction step which removes redundant antibodies is implemented, fol-

lowed by a predictive analysis where classifiers are built upon the reminiscent features and

their performances assessed [47]. Here several feature selection strategies are proposed

which led to the construct of different classifiers with diagnostic potential for the diseases

under study. Although initially developed to handle malaria (antibody) data, these strate-

gies were then extended to deal with Myalgic encephalomyelitis/chronic fatigue syndrome

(ME/CFS) data as well. This disease, which was being researched by our group, displayed

symptoms remarkably similar to those of patients with long COVID, a disease caused by the

SARS-CoV-2 outbreak that struck the wold in 2020 [48]. In this sense, I decided to extend the

research effort to the analysis of antibody data in ME/CFS patients in order to accelerate

our knowledge of this disease.

Before entering in the depths of this thesis, however, it is necessary to introduce some

basic background knowledge on the immune system with a special focus on antibodies.

An introduction to instruments currently used to gather antibody data information will

follow. I will broadly review the current analysis targeting the identification of antibodies.

Finally, I will provide a general overview of the diverse algorithms currently employed for

such analysis and end up with a brief outline of the diseases here addressed.
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1.1 Introduction to the Immune System

The immune system is a sophisticated network of biological components that com-

prises various organs, cells, and proteins [49]. This intricate system serves as a defense

mechanism against foreign pathogens such as bacteria, viruses, parasites, fungi and other

microbes that enter the body, as well as changes in the body’s cells, such as cancer cells

[49, 50]. The immune system’s primary role is to recognize, neutralize and remove harmful

substances from the body, thus protecting against illness-inducing agents [49, 51]. Broadly

speaking, the immune system is devided into two main branches, the innate immune sys-

tem and the adaptive immune system which communicate with each other via different

molecules and cellular components [49, 51].

1.1.1 Innate immunity

The innate immune system represents the body’s first line of defense against pathogens

[49]. The innate immune system provides a general defense response, responding in the

same way to all foreign substances. For this reason, the innate immune response is often

referred to as the non-specific immune system [49]. Upon infection, the innate immune

system provides an immediate, quick-acting response that clears out or contains the invad-

ing microbes within the first few hours or days after infection, before the adaptive immune

responses have developed [49, 51]. The innate immune system is comprised of various

cell types, such as macrophages, neutrophils, eosinophiles, basophils, dendritic cells, mast

cells and natural killer cells [49, 51, 52]. Innate immune cells express germ-line encoded

pattern recognition receptors (PRRs) that recognize and respond to conserved microbial

structures, known as pathogen associated molecular patterns called pathogen-associated

molecular patterns (PAMPs), like lipopolysaccharides and peptideoglycans commonly ex-

pressed in some type of pathogens (i.e, bacteria) [52]. Furthermore, the innate immune

system is also composed by the complement, a system of plasma proteins that upon acti-

vation leads to a massive amplification of a series of proteins able to clear pathogens via

opsonization and cell lysis [52].

1.1.2 Adaptive immunity

Despite being highly efficient in controlling the initial phases of infections, the cells of

the innate immune system aren’t always capable of eliminating the infectious organisms

[49]. Not only that, but the innate immune system is not sufficient to face all different kinds

of infections that might occur throughout lifetime of an individual, specially, when we take

in consideration the fast evolving parasite world. In such cases, the adaptive immune sys-

tem takes over [49, 52]. The adaptive immune response is mediated by the B and T lympho-

cyte cells and their products [49, 51, 50]. Lymphocytes are white blood cells that express
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highly diverse receptors capable of recognizing and reacting to a large number of molecu-

lar substances (i, peptides derived from foreign proteins) on the surface of pathogens called

antigens [49, 51]. Each naive1 lymphocyte entering the bloodstream, however, bears anti-

gen receptors of a single specificity [51]. The specificity of these receptors is determined by

a unique genetic mechanism that operates during lymphocyte development in the bone

marrow and thymus (for T lymphocytes) to generate millions of different variants of the

genes encoding the receptor molecules [49, 51, 3]. This ensures that distinct lymphocytes

in the body collectively carry different antigen receptors with different specificities. Lym-

phocytes, then undergo a process of clonal selection to select only lymphocytes that carry

receptors of a single specificity [49, 51]. This antigen’s specificity allows to generate re-

sponses that are tailored to specific pathocytes that encounter an antigen to which their

receptor binds. This will lead phagocytes to become activate, proliferating and differen-

tiating into either effector or memory cells [53]. Memory cells of the adaptive immunity

create an immunological memory after a pathogen has been eliminated, which allows it

to provide a faster and more effective response to subsequent reinfections with the same

pathogen [49]. This process of acquired immunity is the basis of vaccination and also ex-

plains why some illnesses arise only once in a lifetime. Ultimately, depending on the pop-

ulation of lymphocytes used to mediate the immune response, adaptive immunity can be

divided into cellular or humoral immunity [49]. The cellular immunity is controlled by T-

cells which besides being able to induce the death of infected host cells or cells also play

an important role in the activation of B cells of the adaptive humoral immune response

[49, 52].

The humoral immunity is mediated by molecules called immunoglobulin (Ig), also known

as antibodies, which are produced by B lymphocytes upon antigen recognition [49] . These

cells are produced in the bone marrow where they mature to become specialized immune

system cells which later travel to secondary lymphoid organs [49]. Each B lymphocyte ex-

presses cell surface antigen receptors, called B-cell receptors (BCRs), which are membrane-

bound immunoglobulins with a unique antigen specificity [54, 53]. Once a BCR binds to an

antigen, it can become active. Nonetheless, as a general rule naive antigen-specific lym-

phocytes are difficult to activate by an antigen alone and often require accessory signals

that can come from an armed helper T cell [51]. In this case, upon binding to a pathogen,

the BCR-antigen complex is taken up by the B cell and processed by proteolysis into pep-

tides. The B cell then displays these antigenic peptides on its surface through specific

molecules that attract a matching helper T cell (that recognizes the same antigen as the

B-cell), which releases lymphokines and activates the B cell [51]. Besides helping in the

activation of B cells, these helper T cells also control isotype switching and have a role in

1Naive refers to immune cells that have not encountered an antigen and thus have not been activated.
Naive immune cells are cells in a resting state that have not undergone differentiation into effector or memory
cells.
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initiating somatic hypermutation and affinity maturation [51]. The activated B cell then be-

gins to proliferate and differentiate into progenitor antibody-secreting plasma cells which

release a large number of antibody copies of the immunoglobulin that first recognized the

antigen [49]. B cells produce different classes of such antibodies, which are highly specific

for the immunogen that stimulated the B cell. These different antibody classes serve dis-

tinct functions in the adaptive immune system which will be addressed in the next chapter.

Some of the activated B cells also transform into memory cells, which are differentiated B

cells that can quickly mature to plasma cells, becoming part of the memory of the adaptive

immune system [53].

1.1.2.1 Antibodies

Earlier I introduced immunoglobulins, which serve as either cell-surface receptors for

antigens allowing for cell signaling and cell activation (BCR) or soluble effector molecules

(antibodies) that can individually bind and neutralize antigens at a distance [3]. In this sec-

tion, I will describe the antibodies structure, molecular genetics underlying their diversity

and their functions.

1.1.2.2 Antibody structure

Antibodies are Y-shaped molecules consisting of two identical heavy (H) chains and

two light (L) chains bound together in a light heavy-heavy-light arrangement connected

by disulfide bounds (Figure 1) [3, 51]. There are five H chain types which define the an-

tibodies isotypes, whereas the L chains consist of either a k or a λ chain [3, 51]. Both H

and L chains contain one NH2-terminal region called variable (V) region and one or more

COOH-terminal regions called constant (C) region. While only one of such regions is found

in L chains (CL), H chains contain either three or four of such regions (CHn). The two V do-

mains of the H (VH) and L chain (VL), which are identical in any one antibody molecule,

form the antigen binding site (paratope), which determines the antigen-binding specificity

of the antibody [3]. The antibody-antigen interactions typically take place between the Ig’s

paratope, and the antigens epitope, a specific molecular structure on the surface of an anti-

gen [3].

1.1.2.3 Antibody Diversity

As earlier mentioned, each lymphocyte carries antigen receptors of a single specificity,

meaning each lymphocyte can only recognize a single antigen [49, 51]. Nevertheless, com-

bined, all lympocytes within the human body can virtually recognize any pathogen. This

antibody diversity is ensured by the variable region of the antibodies [3]. The exons that
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Figure 1: Two-dimensional model of an IgG molecule. The H and L chains at the top de-
construct the antibody at a nucleotide level. The chains at the bottom deconstruct the
protein sequence. See main text for further details. Source: [3].

encode the antigen binding domains for the V region are assembled through V(D)J re-

combination of the V(variable), D(diversity) and J(joining) genes on the H chain and the

V and J segments, in the L chain (Figure 2) [55, 56]. These genes are assembled in the

developing lymphocyte to form a complete immunoglobulin. This recombination is ini-

tiated by double-strand breaks (DSB) in the DNA by the Recombination-activating genes

1 an 2 (RAG1–RAG2) together with non-lymphoid-specific DNA bending factors, HMG1A

or HMG1B at specific recombination signal sequences (RSS) located adjacent to each V, D,

and J coding segment [3, 55, 56, 57]. During this process, DNA rearrangement (inversion

or deletion) occurs in a two-step ordered fashion for the H chain. A D and a J segment are

initially chosen from among several possibilities and are brought together to form a D-J

rearrangement [3, 55, 56]. Then a V region is selected and joined with the D-J arrangement

to form a complete VDJ exon (Figure 2) [3, 55, 56]. Immunoglobulin light chain genes how-

ever are rearranged in a single step, involving V-J recombination, as D segments are absent

from these loci [3]. These different segments are joined together by ubiquitously expressed

components of a DNA repair process, known as nonhomologous end-joining (NHEJ) which

repair DNA breaks [3, 55, 56]. The NHEJ process creates precise joins between the RSS ends,

and imprecise joins of the coding ends. Terminal deoxynucleotidyl transferse (TdT), which

is expressed only in lymphocytes, can variably add non-germline encoded nucleotides (N

nucleotides) to the coding ends of the recombination product [3]. Overall, this process of

combinatorial assembly, where a segment of each V, D and J gene is chosen from several

possibilities is the fundamental mechanism driving antigen receptor diversity [3]. As an

illustration, if we consider a random assortment of one of the 49 active VH and one of 27
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Figure 2: VDJ recombination in the immune system. BCR chains are generated through
the recombination of a variable (V), diversity (D), and joining (J) segments present in
germline loci. This process requires the RAG complex and NHEJ enzymes to break and re-
combine the native genomic locus in a multi-step process. Somatic hypermutation may
occur during this process. Additional diversity is obtained by addition and deletion of
nucleotides (N) at the junctions between recombined gene segments. The junction of
the J segment to the constant (c) region is made by post-transcriptional splicing. Source:
adapted from [57].

DH with one of the 6 JH gene segments can generate more than 104 different VDJ combina-

tions [3]. While combinatorial joining of individual V, D, and J gene segments maximizes

germline encoded diversity, the junctional diversity created by VDJ joining adds another

layer of variation in the pre-immune repertoire [3, 55, 56]. D gene segments can rearrange

by either inversion or deletion, and each D gene can be spliced and translated in each of the

three potential reading frames [3]. This gives each D gene segment the potential to encode

six different peptide fragments. Also, during this process, recombinational inaccuracies

may arise and nucleotides can be added to the original germline further increasing the po-

tential pre-immune antibody repertoire [3]. Adding to these, the combinatorial association

between different L and the 2 possible Variable L chains k and λ consisting of an array of

about 40 V and 5 J and about 30 V and 4 J genes, respectively escalates the number of dif-

ferent immunoglobulins to be greater than 1016 [3]. This variability of Ig molecules allows

each antibody to bind a different specific antigen, and the total repertoire of antibodies to

be large enough to ensure that virtually any structure can be recognized [3, 55, 56]. Upon

exposure to an antigen, a final mechanism of immunoglobulin diversity is engaged. Aided

by Helper T cells, the variable domain genes of lymphocytes undergo somatic hypermu-

tation (SHM) in which mutations are introduced into the V region of the H and L chain,

enhancing the affinity of the immunoglobulin for its antigen [3, 51].
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1.1.2.4 Antibody Isotypes

While the V region confers antigenic specificity, the effector activity of the antibody is

determined by the class or isotype of the heavy-chain C region, which ensures that each

antibody generates an appropriate immune response for a given antigen [3]. There are five

main classes of H chains denoted by Greek letters: α, σ, ε, γ and µ which are found in

the IgM, IgG, IgA, IgD, and IgE isotypes respectively [49, 3]. IgG isotype can be split into

four subclasses, IgG1, IgG2, IgG3, and IgG4, each with its biological properties and IgA

can similarly be split into IgA1 and IgA2 [3, 58]. Early in B cell development, the primary

immunoglobulin repertoire after the V(D)J recombination is initially composed of domi-

nated by IgM [53]. In this sense, naive mature B cells express plasma membrane-bound

IgM (Fgure 3). However upon activation by the the antigen and a cocktails of cytokine sig-

nals transmitted by helper T cells, B cells start to proliferate and undergo immunoglobulin

class switching to IgA, IgE and mostly IgG antibody producing cells (Fgure 3) [53]. This pro-

cess is known as isotype or class switching recombination (CSR) and allows the same VDJ

heavy chain variable domain to be juxtaposed to any of the H chain classes [58]. As such,

the constant region of the immunoglobulin heavy chain changes but the V domain remains

the same, maintaining specificity. This allows different daughter cells from the same acti-

vated B cell to produce antibodies of different isotypes with equal specificity enabling the

B cell to tailor both the receptor and the effector ends of the antibody molecule to meet a

specific need.

The CSR process, like V(D)J recombination starts with double-stranded breaks gener-

ated in DNA at conserved nucleotide motifs, called switch (S) regions. S regions reside

upstream from gene segments that encode the constant regions of antibody heavy chains,

located adjacent to all heavy chain constant region genes with the exception of the Cδ-

chain (Figure 3) [59]. DNA is nicked and broken at two selected S-regions by the activity of

a series of enzymes, including activation-induced (cytidine) deaminase (AID), uracil DNA

glycosylase and apurinic/apyrimidinic (AP)-endonucleases [60, 61]. AID begins the pro-

cess of class switching by deaminating (removing an amino group from) cytosines within

the S regions, converting the original C bases into deoxyuridine and allowing the uracil

glycosylase to excise the base. This allows AP-endonucleases to cut the newly-formed aba-

sic site, creating the initial single strand breaks that are converted to double strand breaks

through mismatch repair proteins. [59]The intervening DNA between the S-regions is sub-

sequently deleted from the chromosome, removing unwantedµ or δ heavy chain constant

region exons and allowing substitution by a γ, α or ε constant region gene segment. The

free ends of the DNA are rejoined by NHEJ to link the variable domain exon to the desired

downstream constant domain exon of the antibody heavy chain [62]. In the absence of

non-homologous end joining, free ends of DNA may be rejoined by an alternative path-

way biased toward microhomology joins [63]. Finally, even thought each Ig isotye receptor
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on the surface of B cells is constituted by a immunoglobulin (Ig) monomer (containing

only one Ig unit), the secreted antibodies can be dimeric, with two Ig units as with IgA, or

tetrameric with four Ig units like IgM. I will now address each Ig isotype individually:

IgM - IgM is the first immunoglobulin expressed during B cell development, with its mono-

meric form being expressed in Naive B cells as BCR [53, 64]. As such, IgM antibodies are

generally associated with a primary immune response to a microbial infection and are fre-

quently used to diagnose acute exposure to a pathogen [3]. Upon maturation and antigenic

stimulation, multimeric, usually pentameric IgM forms are secreted [3]. These pentameric

forms work by opsonizing (coating) antigens for destruction and activating the comple-

ment system. The pentameric nature of the antibody renders it to be very efficient in this

process [3]. Blood circulating IgM account sfor about 10% of human immunoglobulins.

IgM also serves as a secretory immunoglobulin at mucosal surfaces and is secreted into

breast milk as well [58].

IgD - IgM and IgD, both membrane-bound, are transcribed concomitantly from a shared

primary RNA message through differential splicing. IgD is found at very low levels in the

serum, constituting less than 0.5% of human immunoglobulins in the serum [3]. While

IgD’s exact function remains unknown, it is regarded as a BCR involved in the induction of

antibody production in B cells [58].

IgG - IgG is the predominant immunoglobulin in blood and tissue fluids, accounting for

70-75% of human immunoglobulins [65]. High affinity IgG antibodies are usually pro-

duced during the secondary immune response to the same pathogen (Figure 3). Based

on structural, antigenic and functional differences in the C region of the H chain, four IgG

subclasses (IgG1, IgG2, IgG3 and IgG4) were identified, which exhibit different functional

activities [3]. These subclasses activate the complement cascade, an important means of

clearance of opsonized pathogens, at varying degrees, with the IgG4 being the only sub-

class that fails to do so [3]. Additionally, much of the biological effect of IgG antibodies is

exerted via Fc receptors located on surface of certain cells. Macrophages, polymorphonu-

clear cells and lymphocytes express Fc receptors which triggers many functional effects

including phagocytosis, antibody dependent cell mediated cytotoxicity and modulation

of lymphocyte function [58]. Unlike other immunoglobulins, during pregnancy, maternal

IgG, can cross through the placenta, being transported from mother to baby directly. As

such, babies have high levels of antibodies even at birth, with the same range of antigen

specificities as their mother [65]. Breast milk or colostrum also contain IgA antibodies that

are transferred to the gut of the infant and protect against infections until the newborn can

synthesize its own antibodies [3]. Among the different Ig classes, the IgG is the one with the

longest lifetime in the plasma. Whereas other classes of antibodies have half-lives of just a

few days, most IgG antibodies have half-lives in the circulation of approximately 3 weeks
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[65].

IgA - IgA is at mucosal surfaces and secretions such as nasal mucus, saliva, breast milk,

and intestinal fluid [3, 64]. While generally a monomer in the serum, IgA at the mucosa,

is a dimer (two IgA monomers joined together) [64]. IgA is critical at protecting mucosal

surfaces from toxins, virus and bacteria by direct neutralization or by prevention of binding

to the mucosal surface [3, 64]. While complement activation doesn’t seem to be be a major

effector mechanism at the mucosal surface, the IgA receptor is expressed on neutrophils

which may be activated to mediate antibody-dependent cellular cytotoxicity (ADCC) [3].

Finally, it has been proposed that IgA may also act as a potentiator of the immune response

in intestinal tissue by uptake of antigen to dendritic cells [66]. There are two subclasses of

IgA, IgA1 and IgA2, whose structures differ mainly in their hinge regions [3]. IgA1 has a

longer hinge region with a duplicated stretch of amino acids that is lacking in IgA2. This

elongated hinge region increases the sensitivity of IgA1 to bacterial proteases in spite of

partial protection by glycan [3]s. Such increased protection against protease digestion may

explain why IgA2 predominates in the many mucosal secretions, such as the genital tract,

whereas more than 90% of serum IgA is in the form of IgA1 [3].

IgE - The serum concentration of IgE is the lowest of all immunoglobulins [3, 58]. Nonethe-

less, IgE is a very potent immunoglobulin associated with hypersensitivity and allergic re-

actions as well as the response to parasitic worm infections [58]. IgE is primarily found in

the lungs and skin [58]. IgE binds with extremely high affinity to Fc receptors expressed on

mast cells, basophils, Langerhans cells and eosinophils, which in turn act as potent induc-

ers of inflammatory reactions [3].

1.1.2.5 Antibody mediated responses

Overall, antibodies provide different ways of combating microbes. Here, I briefly describe

the best known mechanisms. One way is by coating the pathogens preventing them from

invading the host’s cells thus inhibiting the toxic effects or infectivity [52, 49]. To invade the

host’s cells, pathogens may often bind to specific molecules on the target cell surface. By di-

rectly attaching to the cell surfaces of pathogens, antibodies prevent latching onto the reg-

ular cells of the body and infecting them through a process called pathogen neutralization

(Figure 4 bottom left panel) [49]. Another way antibodies can protect against pathogens

is by facilitating their uptake via phagocytic cells that are specialized to ingest and kill mi-

crobes [52]. This can be reached in either of two ways. In the first, antibodies bound to

the pathogen’s surface are recognized by phagocytic cell receptors, initiating opsonization,

a process where phagocytosis is enhanced by antibodies coating the pathogens (Figure 4

bottom centre panel) [49]. Alternatively, antibodies binding to the surface of a pathogen

can also activate the proteins of the complement system, which results in complement

proteins being bound to the pathogen’s surface [52, 58]. Complement proteins can then

11



Figure 3: Immunoglobulin’s class switching recombination. Class switching re-
combination (CSR) allows for antibodies to maintain their specificity to a certain
pathogen while activating different effector mechanisms to combat the invading organism.
Source: adapted from https://resources.mblintl.com/scientific-resources/fundamentals-
for-planning-research/types-of-antibodies.

strongly enhance opsonization through the recruitment of phagocytes or can directly kill

microbial cells by forming pores in their cellular membranes (Figure 4 bottom right panel)

[49]. The effector mechanisms engaged in a particular response are determined by the iso-

type or class of the antibodies produced which as I have explored in the previous section

[52].

1.2 Immunoassays

The key role of antibodies in today’s medicine is indisputable, serving many purposes

such as disease diagnostic markers and vaccine components. Yet, unraveling the poten-

tial role of antibodies in a specific disease crucially hinges on their identification, a pro-

cess usually carried out through immunoassays in a laboratory [67, 68]. Immunoassays are

techniques that rely on the specific interaction between antibodies and antigens for de-

tection and quantification of substances such as peptides, proteins, antibodies, and hor-

mones [67, 68]. Until recently, ELISA was the favored immunoassay for the analysis of anti-

body data. Nonetheless, a major limitation of ELISA was the fact that is could only analyze

antibodies against a single antigen at a time [69]. Technological advances however have

allowed for the development of high-throughput technologies able of measuring antibod-

ies against thousands of antigens such as Luminex, multiplex bead assays and antibody

microarrays. Among theses, antibody microarrays have gained particular prominence as

most versatile approaches within multiplexed immunoassay technologies [70].

Here I will provide a brief introduction to both the ELISA and Antibody microarrays,
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Figure 4: Antibody mediated responses. Antibodies protect the host from infection in dif-
ferent ways. They can inhibit the toxic effects or infectivity of pathogens by binding to
them: this is termed neutralization (bottom left panel). By coating the pathogens, they can
enable accessory cells that recognize the Fc portions of arrays of antibodies to ingest and
kill the pathogen, a process called opsonization (bottom center panel). Antibodies can also
trigger activation of the complement system. Complement proteins can strongly enhance
opsonization, and can directly kill some bacterial cells (bottom right panel). Source: [51].
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which concomitantly correspond to the techniques used to obtain the data used in our

work [67].

1.2.1 Enzyme-Linked Immunosorbent Assay (ELISA)

Enzyme-Linked Immunosorbent Assay (ELISA) stands out as a cornerstone method

for the detection and measurement of antibodies. Developed in 1971, the ELISA is based

on the radioimmunoassay procedure originally described by Rosalyn Yalow and Solomon

Berson in 1960, that made use of a radioactive isotope to label an antigen or antibody

[71]. However, instead of using radioactive isotopes ELISA makes use of enzymes to tag

(label) either antigens or antibodies [71]. In an ELISA examination procedure, a target

molecule (either antibody or antigen) is first immobilized on a solid polystyrene surface

(microplate), topically containing 96 wells [72, 73]. This process is called coating, as the

surface of polystyrene microplate wells is coated by these molecules [73, 74]. Following

coating, the microwell is washed with a buffer, such as phosphate-buffered saline (PBS)

to remove unbound molecules. Following washing, unbound sites on the microplate are

blocked with a blocking agent, such as bovine serum albumin (BSA), to prevent nonspecific

binding of other molecules [73, 75]. This step, called blocking, helps reduce background

noise and ensures that only specific interactions are detected in the later steps [19]. A sec-

ond washing step is done to remove excess of buffer. The sample, which may contain the

target antigen or antibody, is then added to the microplate wells in a process called incu-

bation. If the target molecule is present, it binds to the immobilized molecule on the plate

[67]. After incubation, the plate suffers a third wash to remove any unbound substance.

These antinbody-antigen complexes are finally detected by adding a substrate (enzyme)

which catalyzes a reaction that produces a measurable color change [19]. There are many

substrates available for use in ELISA detection. However, the substrates most commonly

used are horseradish peroxidase and alkaline phosphatase [74]. The intensity of the color is

then measured in light intensity, also known as optical density, via an ELISA reader, which

can be converted into a concentration or a titre using a calibration curve of known anti-

body concentrations [73]. In an usual ELISA protocol, a serial dilution of concentrations is

placed in the wells of the plate and after the results are measured, a standard curve from

the serial dilutions data is plotted with a concentration on the x-axis using a log scale and

absorbance on the y-axis using a linear scale, which gives a sigmoidal curve [76]. Known

concentrations give the graph’s standard curve, and measurement of unknown substances

can be determined when sample values are compared to the linear portion of the graphed

standard curve. Overall, there are several formats used for ELISA. These fall into either di-

rect, indirect, sandwich and competitive methods.

Direct ELISA: The direct ELISA relies on an initial coating of the microplate with antigens

[77]. Then a detection antibody, which is bound to a enzyme, binds directly to the antigens
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attached to the plate’s wells leading to its detection (Figure 5 left) [73, 78]. Direct ELISA

has the advantage of being faster than the other methods and as the elimination of cross-

reaction with secondary antibodies [73]. Its disadvantages include its low sensitivity com-

pared to the other types of ELISA and its high cost of reaction [74].

Indirect ELISA: Similarly to direct ELISA, indirect ELISA begins with the coating of antigens

to the ELISA plates [79]. However, indirect ELISA, requires two antibodies, a primary de-

tection antibody that sticks to the antigen of interest and a secondary enzyme-linked an-

tibody complementary to the primary antibody [76]. The primary antibody is added first,

followed by a wash step, and then the enzyme-conjugated secondary antibody is added

(Figure 5 center left). The indirect ELISA has a higher sensitivity when compared to the di-

rect ELISA [80]. It is also less expensive and more flexible due to the many possible primary

antibodies that can be used. The only disadvantages of this type of ELISA are the risk of

cross-reactivity between the secondary detection antibodies and longer time to perform

than direct ELISA [74].

Sandwich ELISA: Unlike direct and indirect ELISA, the sandwich ELISA begins with a cap-

ture antibody coated onto the wells of the plate [76]. Then an antigen is added, followed

by incorporation of a second enzyme-conjugated antibody (Figure 5 center right) [73]. Be-

cause the antigens are sandwiched between two layers of antibodies (capture and detec-

tion antibodies), this method is termed "sandwich" ELISA [72]. The sandwich ELISA has

the highest sensitivity among all the ELISA types [81]. However, the major disadvantages

of this type of ELISA are the time and expense to conduct [74].

Competitive ELISA: The competitive ELISA tests for the presence of a specific antibody in

the serum against antigens bound to the plate well [18]. This type of ELISA method utilizes

two specific antibodies, an enzyme-conjugated antibody and another antibody present in

the serum (Figure 5 right). Both antibodies are added into the wells which will lead to a

competition for binding to antigens. The presence of a color change means that the test is

negative because the enzyme-conjugated antibody bound the antigens (not the antibodies

of the test serum). The absence of color indicates a positive test and the presence of anti-

bodies in the test serum [74]. The competitive ELISA has a low specificity and cannot be

used in dilute samples. However, it can measure a large range of antigens in a given sample,

it can be used for small antigens, and it has low variability [82].

Overall, the data obtained from ELISA can be either quantitative, qualitative, or semi-

quantitative [83]. The quantitative concentration results are plotted and compared to a

standard curve as previously mentioned. The qualitative results confirm or deny the pres-

ence of a particular antigen/antibody in a sample [72]. Lastly, ELISA assays are easily stan-

dardized, easy to use, very sensitive, relatively cheap and widely available. Such advan-

tages make ELISA particularly suitable for a wide range of uses including rapid antibody
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Figure 5: ELISA types The direct (left), indirect (center left), sandwich (center right) and
competitive (right) ELISA methods are shown. Source: [73].

screening tests for detecting viruses, bacteria, fungi, autoimmune diseases, food allergens,

blood typing, presence of the pregnancy hormone hCG and is also used in clinical research,

forensic toxicology, and many diagnostic settings [84, 85, 86, 87, 88]. Nonetheless, one of

the major drawbacks of ELISA is its inability to measure antibodies against more than a

single antigen simultaneously.

1.2.2 Antibody microarrays

Recent advances in high-throughput technologies, however, have made it possible to

circumvent this issue, allowing for the simultaneous measurement of antibodies against

multiple antigens in the same biological sample at a reasonable cost [69, 89]. Therefore,

nowadays the use of high-throughput technologies, are becoming ever more prominent.

One of the most commonly used approach are antibody microarrays. Antibody microar-

rays are a specific form of protein microarrays, the latter referring to miniaturized and

parallelized assay systems that allow for the simultaneous characterization of hundreds

of thousand of proteins from small amounts of samples, within a single experiment, in

a highly high-throughput manner [90, 30]. Since their introduction, these type of arrays

have increasingly become an attractive tool for the exploratory detection and study of pro-

tein abundance, interaction, function, pathways, drug targets and immune responses [90].

Among the distinct protein arrays available, antibody microarrays have become one of the

most powerful multiplexed2 detection technologies [90]. In this technology, a collection

of antibodies are spotted and fixed on a solid surface such as glass, plastic, membrane, or

silicon chip using either a standard contact spotter [91, 92] or non contact microarrayer

[93, 94]. Then, a sample containing labeled soluble proteins of interest, (i.e., cell lysate or

patient body fluid sample) is incubated on the array, and the targeted proteins (antigens)

from the sample bind to the immobilized antibodies [30]. The resulting binding events are

2Multiplexed arrays refer to technologies that enable the simultaneous detection and measurement of
multiple analytes (such as proteins, nucleic acids, or other molecules) within a single sample
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then measured by detecting the intensity of fluorescent, colorimetric, chemiluminescent

or radioactive indicators [90, 30]. In this format, proteins are detected after antibody cap-

ture using direct protein labeling [30]. This method, however lacks specificity in protein tar-

get labeling (Figure 6 left) [30]. Alternatively, another antibody array model provides higher

sensitivity using the “sandwich” assay format. This format employs two different antibod-

ies to detect the targeted protein [95, 96] (Figure 6 right). One antibody, called the capture

antibody, immobilizes the targeted protein on the solid phase, while the other antibody,

called the reporter or detection antibody that recognizes a different part of the antigen,

generates a signal for the detection system. Using two antibodies significantly increases

the specificity and sensitivity of the antibody microarray [90].

Overall, the antibody microarrays have demonstrated a number of advantages com-

pared to traditional, single analyte methods of protein analysis, such as, enzyme-linked

immunosorbent assays (ELISA) [90]. Their high throughput and sensitivity, small sample

volumes required and ease of standardization have rendered this to be widely adopted [90].

Figure 6: Antibody microarray. In this class of arrays, targeted proteins can be detected
either by direct labeling or using a reporter antibody in sandwich assay format. Source:
[89].

Serological studies using microarrays

The popularity of microarrays in the scientific community its becoming noteworthy. Here I

open the floor to discuss the applicability of this technique which have gained a foothold on

several research areas. On the topic of autoimmune diseases, Lin et al. [97]have performed

a DotScanTM antibody microarray screening of peripheral blood mononuclear cells from

60 systemic lupus erythematosus (SLE) patients of varying disease activity, 25 rheumatoid

arthritis patients, 28 other autoimmune disease samples, and 24 healthy controls. The anti-

body microarray profiles were able to distinguish active SLE patients from healthy controls.
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When combined with the standard laboratory tests, the microarrays provide significantly

increased discriminative ability than conventional SLE diagnostics, which will assist better

disease management [70]. In a different study, Carlsson et al. [98] constructed 135 human

recombinant single-chain fragment variables (scFv) targeting immune proteins to build an

in-house antibody microarray. In this study, they examined patients with systemic sclero-

sis (SSc), SLE and 15 healthy volunteers. This array identified 40 differential expressed pro-

teins creating a candidate proteome signature to delineate SLE and its severity from SSc.

This protein signature was a better disease classification than single or even combinations

of conventional clinical parameters, illustrating the potential use for antibody microarrays

to create new disease-signatures which will add clinical value to disease management.

Antibody microarrays have also been applied for cancer research, mainly to study can-

cer progression and candidate proteins that may serve as diagnostic biomarkers. Using

an in-house developed recombinant antibody microarray platform, Wingren et al. [99]

screened sera from 148 patients with pancreatic cancer, chronic pancreatitis, autoimmune

pancreatitis (AIP), and healthy controls. In this study the authors were able to identify a

panel of 25 protein targets, which contributed to distinguishing pancreatic cancer from

healthy control. This 25 protein signature exhibited a high diagnostic potential (AUC of

0.88). Another study developed a customized antibody microarray platform containing

4096 features to interrogate plasma samples spanning pre-invasive and invasive diseases

from a mouse model of pancreatic ductal adenocarcinoma (PDA) [100]. They found a pro-

tein signature, comprised of differential expression of three proteins, v-erb-b2 avian ery-

throblastic leukemia viral oncogene(ERBB2), Tenascin C (TNC) and Estrogen receptor al-

pha (ESR1), which could be used to improve the AUC from 0.86 (95% confidence interval

[CI] 0.76–0.96) to 0.97 (95% CI 0.92–1.0) when the PDA marker Carbohydrate antigen 19-9

(CA19-9) was included. In prostate cancer, Schwenk et al. [101] used antibody arrays on

suspension bead arrays to compare plasma levels of proteins between different groups in

order to find additional biomarkers alongside prostate-specific antigen (PSA). Besides clas-

sifying the patients based on PSA, they identified decreased plasma Carnosine dipeptidase

1 (CNDP1) levels which was shown to be associated with more aggressive forms of the dis-

ease in subsequent larger studies. In an different study on small intestine neuroendocrine

tumours, Darmanis et al. [102] investigated the plasma levels of two independent study sets

(77 and 132 samples) and a targeted bead array for 124 unique proteins. Here, the authors

were able to achieve a classification accuracy of up to 85% using a panel of proteins.

Within the field of neurodegenerative diseases Haggmark et al.[103] has used antibody

suspension bead arrays for profiling cerebrospinal fluid (CSF) from patients with Multiple

Sclerosis (MS). In this study, they found Growth-associated protein 43 (GAP43), a cytoplas-

mic protein involved in the formation, and regeneration of neurons, hence a promising

biomarker of diseases of the brain. More recently, Remnestal et al. [104] compared pro-

tein levels in 441 CSF samples collected from different neurodegenerative disease sample
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sets as well as CSF collected post-mortem. Among the 376 antibodies, the synaptic pro-

teins Growth-associated protein 43 (GAP43) and Neurogranin (NRGN) were found to be

associated to Alzheimer’s disease patients compared with controls. In a different study, a

large-scale screening was conducted utilizing 4500 antibodies on bead arrays using plasma

samples, CSF and brain tissue from patients suffering from multiple sclerosis (MS) [105].

In such study a set of proteins was found to be associated with MS subtypes in CSF and

plasma. In an different study bead arrays were used to profile plasma from patients suffer-

ing from amyotrophic lateral sclerosis (ALS) [106], where 367 ALS patients and 101 controls

were analyzed for 278 proteins. The study concluded that neurofilament medium polypep-

tide (NEFM), solute carrier family 25 (SLC25A20), and regulator of G-protein signalling 18

(RGS18) were valuable proteins related to disease pathophysiology.

Antibody microarrays have also emerged as key tools for the investigation of infectious

diseases. Dent et. al. [107] have probed protein microarrays covering 824 P. falciparum

protein features with plasma from 88 children and 86 adults living in Kenya. In this study,

the authors demonstrated that children gradually acquired antibodies to the full repertoire

of antigens recognized by adults. Additionally, antibody levels to 106 specific antigens were

significantly higher in children who were protected from symptomatic malaria compared

with those who were not, highlighting the usefulness of microarrays in he search for malaria

antigens associated with protective immunity. [108] also compared antibody responses

from residents of two endemic areas in the western Kenyan highlands against 854 polypep-

tides of P. falciparum using high-throughput proteomic microarray technology. Here, they

were able to identify 107 proteins as serum antibody targets, which were then characterized

for their gene ontology biological process and cellular component of the parasite, show-

ing significant enrichment for categories related to immune evasion, parthenogenesis and

expression on the host’s cell and parasite’s surface. In another study differential protein

profiles in plasma in children suffering from malaria and malaria-related complications

were profiled [109]. From 1000 proteins screened, 41 proteins had differential expression

between malaria infected children and community controls. Furthermore, thirteen further

proteins were linked to malaria-disease severity. In an epidemiological study conducted by

Kobayashi and colleagues [110], antibody responses in children and adults living in Zambia

and Zimbabwe were profiled using a P. falciparum protein microarray. While there was little

correlation between transmission intensity and antibody signals (magnitude or breadth) in

adults, there was a clear correlation in children younger than 5 years of age. Furthermore,

antibodies in adults’ responses appeared to be durable even in the absence of significant

recent transmission, whereas antibodies in children provided a more accurate picture of

recent levels of transmission intensities.

In the context of Chronic Fatigue Syndrome, Loebel et. al [25] has performed a compre-

hensive mapping of the IgG response against teh Epstein-Barr virus (EBV) comparing 50

healthy controls with 92 Chronic Fatigue Syndrome (CFS) patients using a microarray plat-
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form. Patients with MS, systemic lupus SLE and cancer-related fatigue served as controls.

The authors found significantly enhanced IgG responses to several Epstein Barr Virus Nu-

clear Antigen 6 (EBNA-6)peptides containing a repeat sequence in CFS patients compared

to controls. Moreover, EBNA-6 peptide IgG responses correlated well with EBNA-6 protein

responses. The EBNA-6 repeat region showed sequence homologies to various human pro-

teins. In a separate study [111], microarrays used to compare sera from ME/CFS and con-

trols resulted in the identification of a 256-peptide immune signature with the ability to

separate ME/CFS cases from controls. More recently, Assis et al. [112] described the val-

idation of a coronavirus antigen microarray containing immunologically significant anti-

gens from Severe acute respiratory syndrome coronavirus SARS-CoV, SARS-CoV-2, Middle

East respiratory syndrome coronavirus (MERS-CoV), common human coronavirus strains

and other common respiratory viruses. A comparison of antibody profiles detected on the

array from control sera collected prior to the SARS-CoV-2 pandemic versus convalescent

blood specimens from virologically confirmed COVID-19 cases demonstrated near com-

plete discrimination of these two groups, with improved performance from the use of anti-

gen combinations that include both spike protein and nucleoprotein. In such study the

authors concluded that this array can be used as a diagnostic tool, as an epidemiologic

tool to more accurately estimate the disease burden of COVID-19, and as a research tool to

correlate antibody responses with clinical outcomes.

All together, these studies illustrate the growing interest in high-throughput technolo-

gies in serology. Although they have allowed for a broader understating of the immune

system’s responses to pathogens, in order to handle the data generated by this technolo-

gies, more advanced statistical algorithms have become indispensable. The next section

will explore the algorithms being currently leveraged to analyze such data.

1.3 Machine Learning analysis on high-throughput antibody data

Data generated by high-throughput technologies has led to the necessity of implement-

ing more capable statistical methodologies, suitable to handle the high dimensionality of

the data. Machine Learning techniques which strive in this context have thus been adopted

for the analysis of such data. In their paper, Valletta and Recker [40] have used the Ran-

dom Forest algorithm to analyze antiboy data from malaria patients obtained via luminex

and microarrays in an attempt to identify immune signatures predictive of clinical malaria.

Bérubé and colleagues [113] have also resorted to the Random Forest to analyzed microar-

ray antibody data in an attempt to reveal candidate biomarkers of the intensity and timing

of past exposure to Plasmodium falciparum. In a distinct study, the authors have opted to

utilize the Random Forest to analyze microarray data on antibody responses to the P. fal-

ciparum apical membrane antigen 1 (AMA1)variants following natural infection and vac-

cination [114]. Krumplamp and colleagues also made use of the Random Forest to analyze
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microarray data from 35 children with P. falciparum malaria with the aim of identifying

biomarkers for the disease. In a distinct paper, Mazhari et al. [115] have used two methods

to assess potential associations between total IgG responses to individual P. vivax proteins

and protection against clinical to the Plasmodium. In this study regression-based analysis

and Random Forests were used to analyze IgG antibody responses to purified P. vivax pro-

teins measured in a multiplexed Luminex assay. Longley and colleagues [116] also resorted

to the use of different classifiers to analyze multiplex Luminex assay data. In such paper

the authors made use of the Logistic Regression, Quadratic Discriminant Analysis (QDA),

Decision Trees, and Random Forests algorithms for the identification o P. vivax serolog-

ical markers. In an different study, the Logistic regression was used to analyze antibod-

ies against P. vivax in an attempt to identify protective signatures in populations living in

low malaria transmission regions of Brazil and Thailand [117]. In the study conducted by

Assefa and colleagues, the Logistic Regression was used on multiplex serological data to

analyze the prevalence and spacial distribution of malaria in Ethipoia [118]. Meanwhile,

Propriety et. al. [119] established a predictive modeling framework to analyze IgG anti-

body responses against a large panel of P. falciparum-specific antigens obtained using mi-

croarrays consisting on distinct algorithms. Here the Logistic Regression, Support Vector

Machine (SVM) and Partial-Least Squares Disciminant Analysis(PLS-DA) algorithms were

integrated in an attempt to identify immune signature against P. falciparum antigens pre-

dictive of clinical immunity in distinct malaria endemic communities. Helb and colleagues

[24], on the other, have resorted to the use the Random Forest and LASSO Regression em-

bedded in a Super Learner for the analysis of 856 P. falciparum antigens obtain by protein

microarray in 186 Ugandan children, with the aim of identifying novel serologic biomarkers

of malaria exposure.

Foulquier et. al. [114] have also analyzed high-throughput mutiplexed data using the

Random Forest algorithm in an attempt to identify signatures for anti–Sjögren’s-syndrome-

related antigen A autoantibodies (Anti–SSA/Ro), from 60 antibodies on distinct autoim-

mune diseases. In another study, different Machine Learning algorithms have been used

to analyze antibody data obtained from Illumina NextSeq [42]. Here the Random Forest,

Support Vector Machine and a Neural Network (Multilayer Perceptron) were implemented

for the analysis of dengue antibody responses. In a recent study, Rosado and colleagues

[120] used the Random Forest algorithm to analyze multiplex assay data with the aim of

the identification serological signatures of SARS-CoV-2 infection.

Given that the objective here is not to exhaust the literature’s examples on the ML-based

techniques for the analysis of high-throughput antibody data, but to highlight their grow-

ing to analyze such data, I redirect the attention of the more interested reader to [121]where

several others studies leveraging these algorithms on high-throughput serologic data are

documented. Nonetheless, these studies highlight the ongoing implementation of Ma-

chine Learning algorithms on high-throughput serological data. In the next chapter, I will
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explore in detail the algorithms here introduced, and a few others which were used through

the development of this work.

1.4 Objectives and outline of the thesis

The overall aim of the thesis was the development of statistical pipelines for the iden-

tification of antibody biomarkers for outcomes related to Malaria and CFS. Although my

work focused mostly on the analysis of antibody data, I also dealt with the analysis of DNA

methylation and gene expression data due to the emergency of the COVID-19 pandemic.

In part II, I aimed at constructing the backbone of statistical pipelines using low-dimen-

sional antibody data related to susceptibility to malaria. In particular, I developed and as-

sessed the performance of these initial pipelines to understand their susceptibility to such

data while elucidating potential disease biomarkers. Initially, a non-parametric statisti-

cal pipeline for the identification of antibody responses associated with protection against

clinical malaria (Chapter 4) was proposed. Such pipeline relied on the identification of cut-

off values in the antibody distributions that maximized the distinction between susceptible

and protected individuals,followed by the implementation of distinct Machine Learning

methods for the construction of classifiers for clinical malaria.

We then extend the analysis to the same data where the previous pipeline was improved

upon and two new pipelines for the analysis of antibody data were developed (Chapter

5). The first relied on a simple selecting strategy based on the use of the non-parametric

Mann–Whitney-Wilcoxon test. The second approach, on the other hand, was much more

statistically complex, relying on an hybrid parametric/non-parametric analysis that inte-

grated Box-Cox transformation followed by a t-test, together with the use of finite mixture

models and the Mann–Whitney-Wilcoxon test as a last resort. Upon selection of the rele-

vant antibodies in each pipeline, a predictive analysis was conducted using an ensemble

method called Super Learner, which combined the predictions from distinct classifiers to-

gether to provide more accurate result. Finally, data splitting into a train and test subset

and correction for multiple testing were elements considered.

In part III, my goal was to introduce new pipelines or to adapt the previous ones for

the analysis of high-dimensional data. Moved by the SARS-CoV-2 breakout which resulted

in innumerable patients struggling with long-COVID symptoms akin to those of ME/CFS,

we set to study the latter. Initially, we set to answer whether the expression of the human

angiotensin-converting enzyme 2 (ACE2), the major cell entry receptor for SARS-CoV-2,

could be also altered in ME/CFS patients and thus understand if such patients had an in-

creased susceptibility to COVID-19 (Chapter 6). For this, a meta-analysis of public CpG
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DNA methylation and gene expression data for ACE2 and its homologous ACE protein was

performed, relying mostly on the use of the Logistic Regression model.

Prompted by this initial analysis to ME/CFS data, we then moved to the implementa-

tion of two distinct statistical strategies to analyze a dataset of more than 3,000 antibodies

with the aim of identifying antibody biomarkers against the EBV in ME/CFS patients using

public data (Chapter 7 and 8). While the initial analysis relied on the use of linear models,

the second rested on the use of more flexible Machine Learning models.

Finally, in Chapter 9, I investigated the influence of sample size on the performance

and the generalization ability of the ML-based approaches. Here, I addressed the research

questions associated with using these approaches on datasets with limited sample sizes,

which is often done in high-throughput antibody studies. For this study we have analyzed

IgG antibody data against more than 2000 P. falciparum antigens.
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Chapter 2

Background knowledge on Machine Learning

Machine Learning (ML) is a branch of Artificial Intelligence (AI) that uses various statis-

tical and mathematical algorithms to learn from the data in order to make informed predic-

tions or decisions [122]. ML has established its footprint in every day life situations, from

personalized recommendations on streaming platforms to self-driving cars and fraud de-

tection in financial institutions, ML is becoming an indispensable tool in today’s society.

In the healthcare, the story is no different. ML algorithms have made it possible to analyze

vast amounts of patient data assisting in early disease diagnosis [123, 124, 125, 126] and

the formulation of treatment strategies, that have improved patient outcome [127, 128].

Nonetheless, given that many of these techniques were originally not designed to cope

with large amounts of irrelevant features, combining them with feature selection tech-

niques has become a necessity in many applications [129, 46, 130, 44]. Therefore ML-based

analysis tend to be conducted in a two-step approach, where an initial feature selection is

conducted, followed by a predictive analysis were classifiers are built upon the remaining

features [130, 40, 131, 132, 133]. This section is devoted to introducing the different feature

selection commonly used and the Machine Learning algorithms traditionally implemented

in predictive analysis.

2.1 Feature selection strategies

Feature selection works by removing features that are irrelevant or redundant to explain

the outcome of interest [44]. As earlier mentioned, this process not only ensures a more

accurate and interpretable model overall, but also allows for faster and more cost-effective

models to be implemented [130]. Collectively, feature selection algorithms can be sepa-

rated into three categories: Filters, Wrappers and Embedded. Since no single algorithm

can be specialized to be optimal for all problem settings, here I have implemented models

from each category [134].

2.1.1 Filters

Filter methods work without taking the classifier into consideration [44, 135]. In other

words, these methods are performed independently of the classification analysis, render-

ing them to be very computationally efficient and highly scalable [136]. Filter methods,

often rely on intrinsic data characteristics such as statistical measures (i.e., p-value, cor-

relation coefficients) and can be divided into univariate or multivariate methods [44, 135].

Univariate methods consider each feature separately, while multivariate are able to find re-
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lationships among the features [44]. Although the latter provide obvious advantages over

the first, often they are slower and less scalable than univariate techniques [136]. Due to

this fact, here I relied on the use of univariate methods such as the t-test,χ2 and the Mann-

Whitney (Wilcoxon rank-sum tests) which are well described in the literature [130, 137, 138,

139, 140]. These methods will not be here addressed, for a more detailed description, I redi-

rect the reader to [141, 142, 143]. Finally, mixture modeling was also used as a filter method

in our analysis as described in [44]. Given that mixture models are not of common knowl-

edge, here I will spend a few lines to introduce them.

Finite mixture models

Finite mixture models have been widely used in antibody (or serological) data analysis

in order to help classifying individuals into either antibody-positive or antibody-negative

[88, 144]. The basic assumption behind these models is that antibody distribution consists

of different latent populations, each one representing a distinct antibody state or different

degrees of exposure to a given antigen [88]. As such, they can be decomposed in a mixture of

two latent seronegative (lower degree of exposure) and a seropositive (higher degree of ex-

posure) populations. Due to their conceptual simplicity and easy interpretation, the most

popular finite mixture models invoke the existence of two components related to hypo-

thetical seronegative and seropositive individuals or, equivalently, antibody-negative and

antibody-positive individuals [144, 145, 146, 140]. The most popular are the Log normal

distribution in the original scale of the measurements or, equivalently, the Normal distri-

bution after logarithmic transformation of the data [88]. Two component mixture Gaussian

models invoke a Gaussian distribution with mean value µ0 and standard deviation σ0 for

the seronegative population and another one with mean value µ1 and standard σ1 for the

seropositive population. For independent and identically distributed random sample of n

individuals, the corresponding sampling distribution is described by the following equa-

tion:

f ({xi }|µ0,µ1,σ0,σ1,π) =
n
∏

i=1

�

(1−π) fN (µ0,σ0)(xi )+π fN (µ1,σ1)(xi )
�

, (1)

where xi is the antibody level of the i t h individual in the sample, fN (µ0,σ0)(xi )and fN (µ1,σ1)(xi )

are the probability density functions of the Gaussian distributions associated with seroneg-

ative and seropositive populations, respectively, and π is the probability of sampling a

seropositive individual from the population [144]. The parameter estimation can then be

performed by maximum likelihood estimation [144]. Although the normal distribution is

most popular choice for the mixing distribution in serological analysis often, the distribu-

tions of this data shows long tails and skewed to the right in each latent population, even

after applying log-transformation [140]. In such cases, one can use instead the Generalized
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Student’s t-distribution as the mixing distribution, because it has heavier tails than the Nor-

mal distribution [88]. Therefore, to better accommodate this type of data I also employed

mixture models with the Generalized Student’s t-distribution.

Apart from these, I also implemented less trivial mixture models, namely Skew-Normal

distributions which exhibit higher flexibility [88]. The flexibility of this family is attributed

to four parameters that control the location, the scale, the skewness and the flatness of the

resulting distribution [88]. Note that Skew-Normal distributions include both the normal

distribution, and the Generalized Student’s t-distribution. To incorporate asymmetry in

the modeling, one can use the Skew-Normal as the mixing distribution in which a random

variable Wk has a Skew-Normal distribution with location parameter µk , scale parameter

σ2
k and skewnwess parameter αk (denoted as Wk ⌢ SN (µk ,σ2

k ,αk )) [147]. In this case the

probability density function (PDF) can be written as

fWk
(w ) =2

1
p

2πσk
e
− (w−µk )

2

2σ2
k

∫ αk
(w−µk )
σk

−∞

1
p

2π
e −

x 2
2 d x =

=2φ(w ;µk ,σ2
k )Φ

�

αk (2 w −µk )
σk

�

,w ,µk ,αk ∈R,σk ∈R+

which can be plugged into equation (1), whereφ(w ;µk ,σ2
k ) denotes the PDF of the normal

distribution with mean µk and variance σ2
k ; Φ(.) denotes the the cumulative distribution

function of the standard Normal distribution [148, 149, 150]. The mean and variance of the

Skew-Normal distribution are respectively given by,

E (Wk ) =µk +σk

√

√ 2

π

αk
q

1+α2
k

, V (Wk ) =



1−

 

2

π

αk
q

1+α2
k

!2


σ2
k .

Concerning the Skew-t and Student’s t-distributions these were obtained as follows,

where if Zk ⌢ST (µk ,σ2
k ,αk ,vk ), then its PDF is given by

fZk
(z ) =2t (z ;µk ,σk ,vk +1)T

�

A

√

√ vk +1

d +vk
;v k +1

�

,

with A = αk (z−µk )
σk

and d =
�

x−µk
σk

�

, where t (z ;µk ,σk ,vk +1) denotes the probability density

function of a Student-t distribution with location parameter with µk , scale parameter σk

and vk +1 degrees of freedom, T (.;vk +1) represents the cumulative distribution function

of a standard Student-t distribution with vk +1 degrees of freedom [88].When the skewness

parameter is equal to zero, i.e., αk =0, the quantity A= αk (z−µk )
σk

= 0, and the above expres-

sion takes the form

fZk
(z ) = t (z ;µk ,σk ,vk +1)
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which corresponds to the probability density function of a Generalized Student-t distribu-

tion with location parameterµk , scale parameterσk and vk + 1 degrees of freedom [88].The

mean and variance of the Skew-t distribution are respectively given by,

E (Zk ) =µk +σk bv kδk i f vk >1, V (Zk ) =σ
2
k [

vk

vk −2
− (vv kδk )

2] i f vk >2,

where bvk
=
p

vk Γ (
1
2 (vk−1))

p
πΓ ( 12 vk )

andδk =
αk

q

1+α2
k

are parameters involved in calculating the variance

of the distribution and Γ refers to the Gamma function that generalizes the factorial func-

tion to complex and real numbers [88]. These equations can then be plugged into equation

1 to obtain a mixture model of the respective distributions.

2.1.2 Wrappers

A significant disadvantage of filter methods is the inability to detect complex relations

between multiple features and the outcome of interest, which generally translates into

poorer results in the predictive phase [44]. Wrappers on the other hand detect feature

dependencies to the outcome variable [130]. Thus, wrapper methods identify the best-

performing set of features for the chosen classification algorithm. This is achieved through

an iterative search process that uses the performance of the classifer at each iteration to

guide the search process [140]. Therefore, generally, wrappers achieve a better perfor-

mance than filter methods [130]. However, these comes at a certain cost. Wrappers work

by constructing models from scratch for each generated subset, then using prediction per-

formance as a criterion function to select the best subset [151]. To be able to determine and

compare the relative output of each generated subset, wrappers need to used learning al-

gorithms which renders them to be complex and expensive in terms of execution time. This

becomes a critical aspect when thousands of features are considered and therefore wrap-

pers have been largely avoided when dealing with high-dimensional data [135]. Notwith-

standing, diverse wrapper methods have been proposed in the literature [152, 153, 154, 136,

155]. Here I have made use of three distinct Wrapper which follow under the Subset Selec-

tion models category: Forward Selection, Backward Selection and Stepwise Selection [137].

I will now briefly discuss this models.

2.1.2.1 Forward selection

Forward selection works by fitting an empty model to the data and adding a feature (pre-

dictor) until there are no more predictors to add [156, 135]. In this sense, a null model,

containing no features, is initially fitted. Then, the predictor that contributes the most to

an increase in the model’s performance is added to the model, and the model is refitted

[137]. This process of adding the highest contributing predictor and refitting a new model

with the added variable is repeated until all the predictors have been added [137]. Finally,
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from all the models generated, an overall single best model is selected using the prediction

error, such as the classification error rate3 or the deviance [156, 154]. Alternatively, cross-

validation or information criteria measures such as the Akaike Information Criterion (AIC)4

[157], or Bayesian Information Criterion (BIC)5 can also be used [158]. Instead, predictors

can be added until a predetermined stopping criterion is met. This criterion could be to

reach a specific number of predictors or to achieve a certain level of model performance

[156]. As an example, one might decide to stop when adding more predictors doesn’t sig-

nificantly improve the model’s performance

In general, forward selection can be applied even in the high-dimensional setting in

which n < p , where p represents the number of variables and n the number of samples

[156]. Nonetheless, given that forward selection doesn’t perform an exhaustive search across

all possible combination of predictors, it may not always yield the optimal subset of predic-

tors [156]. Also, the order in which the predictors are added affects this approach. To better

understand why this is the case I will explore a simple example: Consider a given dataset

with p =3 predictors, in which the best possible one-variable model contains the predictor

X1, and the best possible two-predictor model instead contains X2 and X3. In such case,

Forward stepwise selection would not be able to select the best two-predictor model be-

cause, since the model with one predictor will contain X1, the model with two predictors

must also contain X1 together with an additional variable [156].

2.1.2.2 Backward selection

Similarly to forward selection, backward selection provides an efficient way to select rele-

vant features. However, in opposition to forward selection, backward selection begins with

a full model containing all p predictors [137, 154]. In each iteration, the predictor that con-

tributes the least to the model’s performance is removed and the model is refitted. This

process continues until a predetermined stopping criterion is met or until there is just a

single predictor remaining [156]. Finally, the best overall model is obtained as previously

described. A major disadvantage of backward selection is that it requires the sample size

3The classification error rate is a common approach to determine the performance of a model that denotes

the number of wrongly label observation predicted by a model, given by: Err = 1
n

n
∑

i=1
I (yi ̸= ŷi ), where yi is

the true label (class) for the i t h observation, ŷi the predicted label for such observation and I is the indicator
function, which returns 1 if the condition inside is true and 0 otherwise.

4AIC is a statistical criterion used for model comparison and selection. The basic idea behind AIC is to
balance the goodness of fit of a model with its complexity or number of parameters. The AIC score is calcu-
lated as follows: AI C =−2 ∗ log-likelihood + 2 ∗ number of parameters, where the log-likelihood measures
how well the model explains the observed data, and the penalty term (2 ∗number of parameters) discourages
overly complex models. The lower the AIC value, the better the model is considered, as it indicates a good
trade-off between goodness of fit and complexity.

5BIC is also a statistical criterion used to compare and select models. Like AIC, BIC aims to strike a balance
between model fit and model complexity. BIC penalizes complex models more heavily than AIC. The formula
for BIC is given by: B I C =−2 ∗ likelihood + log(n) ∗ number of parameters, where n is the sample size. The
penalty term in BIC (l o g (n )* number of parameters) includes a factor related to the sample size, making BIC
tend to prefer simpler models, especially when the sample size is large.
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n to be larger than the number of predictors p , so that the full model can be fitted [156].

In contrast, forward stepwise selection can be used even when n < p , and so in cases it

represents a more viable option [156].

2.1.2.3 Hybrid approaches

As an alternative to using either one of these selection approaches, one can implement hy-

brid versions of forward and backward selection. In these approaches an empty mode is

fitted and predictors are iteratively added, however after a new predictor has been added,

such as in forward selection, the method may also remove any variable that no longer pro-

vides an improvement in the model fit, such as in backward selection [159, 156]. The overall

idea is to iteratively refine the model by adding variables that improve its fit and removing

variables that do not contribute significantly. Such an approach increases the chance of

identifying the optimal subset of the p predictors, while retaining the computational com-

plexity of forward and backward stepwise selection [156]. Such hybrid approaches are also

referred to as bidirectional or stepwise selection.

2.1.3 Embedded

Embedded methods have emerged as an alternative to reduce the computation time

taken by wrapper methods that require the reclassification of the different data subsets

[160]. The main advantage of embedded methods is that feature selection is integrated or

built into the classification algorithm [130]. These classifiers adjust their internal parame-

ters and determine the appropriate weights/importance given for each feature to produce

the best classification accuracy [130]. Therefore, the search for the optimal feature subset

is embedded in the model construction which are combined in a single step. These ren-

der embedded methods to be more efficient and perform better than wrappers [135, 140].

All around, embedded methods can bee seen as an intermediate solution between filter

and wrapper methods, in the sense that they combine the low computational cost of im-

plementation (filters) while retaining the ability to detect the feature interactions with the

classifier (wrappers) [130]. Some examples of embedded methods include tree-based algo-

rithms (i.e., Decision Tree, Random Forest, Gradient Boosting), and regularization models

(i.e., LASSO or Elastic-Net) which usually work with linear classifiers, such as Logistic Re-

gression, by penalizing/shrinking the coefficient of features that do not contribute to the

model in a meaningful way [130, 160, 135, 137]. Given that these models are used fo clas-

sification, they will be addressed in the following section where I explore the classification

algorithms commonly used during predictive analysis.
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2.2 Predictive analysis

Predictive analysis refers to a data-driven approach that uses statistical algorithms and

Machine Learning methods to exploit current data as a means to make informed predic-

tions about future events or trends [161]. Within this framework, models are typically im-

plemented on a set of data to learn its patterns and relationships subsequently providing

an accurate prediction on new unseen data. Predictive analysis belongs to the realm of su-

pervised learning, in which the presence of the outcome variable guides or "supervises" the

learning process [161, 156]. Contrarily, in instances where one observes only the features

and have no measurements of the outcome, the analysis will belong to the unsupervised

learning field [156]. The latter is very helpful in detecting patterns and similarities between

the variables within a data set, however, I will not address it here [156, 162]. When predictive

analysis explores the relationship between two or more inputs (predictors or independent

variables) and a single outcome (dependent variable) an analysis is said to be multivariable

[163].

Multivariable analyses can be divided into regression or classification analyses depend-

ing on the type of data of the outcome [161]. While the first refers to cases where the out-

come variable is numeric, the second alludes to situations where the outcome variable

is categorical, this is, the outcome is divided into distinct non-overlapping categories or

classes [156]. Classification analyses thus rely on classifying or assigning the observation

to specific categories, or classes [156, 161]. Nonetheless, instead of directly predicting a

class, often the methods used for classification first predict the probability that the obser-

vation belongs to each of the categories of a qualitative variable, as the basis for making

the classification [156]. Classification problems, especially binary classification problems,

in which there are only two available classes, are one of the most recurring and relevant

tasks [164]. Currently, aided by the advents in ML, hundreds of models for classification

problems are becoming available each year [156]. In this chapter, I will explore the ML

algorithms here implemented, which represent some of the most commonly used for clas-

sification purposes.

2.2.1 Logistic Regression

Logistic Regression is one of the most commonly used algorithms for classification pur-

poses [165]. This approach is well suited for describing relationships between one or more

categorical or numerical predictors and a categorical outcome. Usually the Logistic Regres-

sion is used in cases where the outcome has only two categories (i.e., it is binary/dichotomous)

[156]. In such cases, the underlying distribution is Binomial, where each observation rep-

resents a Bernoulli distribution [166]. The Bernoulli distribution is a discrete probability

distribution that can only have two outcomes, 1 referring to the probability p of the event

of interest occurring or 0 the probability 1−p of the event not occurring [166]. Hence, I can
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define the variable (Y) as

Y =







1 event occurring

0 event not occurring

Then to assign a class k t h to which Y belongs, a model must predict the probability of Y

belonging to each of these two classes [156]. Given that probabilities range from 0 to 1, the

predicted probability by the model must use a function that also gives outputs limited to

such interval. This can be achieved using the Logistic function:

p (x ) =P (Y =k |X = x ) =
e α+βX

1+e α+βX
=

1

1+e −(α+βX ) (2)

where x is a specific value of the variable X, p is the probability of the event of interest,

α is the Y-intercept, β is the regression coefficient [167]. The Logistic Regression will al-

ways produce a sigmoidal or S-shaped curve, which will constrain the predicted values to

lie between 0 and 1 [156, 167] (Figure 7). However, these S-shaped curves make it difficult

to estimate the probability of Y via a linear equation. This is because the errors are nei-

ther normally distributed nor constant across the entire range of data [156]. The Logistic

Regression solves this problem by applying a link function, the logit transformation to the

dependent Y variable [156, 167]. So, after manipulating equation (2), one reaches to the Lo-

gistic Regression model, which estimates the probability of an event occurring by having

the logit (log odds) of the outcome being a linear combination of the independent variables

[156, 167]:

l o g (
p (x )

1−p (x )
) =α+βX

The left side of the equation is called log odds because it takes the natural logarithm (log)

of the odds of Y, given by p
(1−p ) , where p is the probability of an event occurring and 1−p

the probability of the event not occurring. Thus, the Logistic Regression model can also be

denoted as:

l o g i t (Y ) =natural log(odds)= l o g (
p

1−p
) =α +βX (3)

Therefore, the logit function enables the probabilities of the categorical response variable

to be transformed to a continuous scale allowing the relationship between the predictors

and the response variable to be modeled using a linear function [165]. For this reason, it

is also called a link function as it links the response variable to the predictors via a linear

relationship [165, 167]. Extending the logic of the simple Logistic Regression (3) to multiple

predictors, one can construct a complex Logistic Regression for Y as follows:

l o g i t (Y ) = l o g
�

p

1−p

�

=α +β1X1+β2X2+ ...+βn Xn (4)
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where X = (X1,...,Xp ) are p predictors. Equation (4) thus be rewritten as,

p (x ) =
e (α+β1X1+β2X2+...+βn Xn )

1+e (α+β1X1+β2X2+...+βn Xn )
.

However, as earlier stated the Logistic Regression only estimates the probability p (X ) that

an observation belongs to each of the categories of Y, it does not directly classify into one

of both classes. However, based on the estimated probabilities given by the Logistic Re-

gression one can attribute the output to one of the classes by choosing a cutoff value and

assigning the observations with a probability greater than the cutoff as one class and below

as another [156]. Usually, the 0.5 threshold is the most commonly used for such classifica-

tion, where a prediction assigns the observation to class 1 if P (Y = k | X = x )> 0.5 and 0

otherwise. According to this method, the predicted class ŷ can be denoted as:

ŷ =







1 i f p ≥0.5

0 i f p <0.5

Nevertheless, the selection of the probability cut-off can be estimated using other thresh-

olds. Finally, here I have introduced the Logistic Regression which makes use of the logit

link function to provide a relationship between the linear predictors and the expectation

of the response variable [167]. However, different models that rely on the use of other link

functions can be implemented to model such relationships. The probit and the comple-

mentary log-log link functions are some of the most commonly used alternatives, however,

the logit link function is preferred because of the easier interpretation of the coefficients

[168].

Figure 7: Sigmoid curve. The sigmoid function yields predictions that lie within the 0 to 1
probability interval. Source: [169].

2.2.1.1 Maximum likelihood estimation (MLE)

To fit the Logistic model, I use the Maximum Likelihood Estimation (MLE) [165, 167, 170].
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MLE is utilized for estimating the α and β parameters of a statistical model. When fit-

ting a Logistic Regression model, these coefficients are unknown and thus must be esti-

mated based on the available training data [156]. Estimation of such coefficients is achieved

through the maximization of the likelihood function, which measures how well the model

predicts the observed labels in the training data [156]. The basic intuition behind maxi-

mum likelihood is to estimate the Logistic Regression coefficients α and β , such that the

predicted probability p (X ) for an observation corresponds as closely as possible to its true

class [167]. Put it differently, one seeks the model coefficients, that maximize the proba-

bility (or likelihood) of observing the given data used to train the model. In this sense, the

likelihood function can be formalized by the following mathematical equation:

L (α,β ) =
N
∏

i=1
P (Yi = yi |X i )

=
N
∏

i=1
p (xi )yi p (1−xi )1−yi

=p (xi )

N
∑

i=1
yi

p (1−xi )

N
∑

i=1
1−yi

where the product of the probability of an event occurring p (x ) by the probability of an

event not occurring p (1 − xi ) is obtained across all the samples (i t h ). However, to simplify

the expression one can take the log of the likelihood, which allows us to use the property

l o g (x ∗ y ) = l o g (x ) + l o g (y ) to transform the product of a logarithm into a sum of loga-

rithms:

l o g (L (αβ ) = l o g



p (xi )

N
∑

i=1
yi

p (1−xi )

N
∑

i=1
1−yi





=
N
∑

i=1
yi .l o g (p (xi ))+

N
∑

i=1
(1− yi ).l o g (p −p (xi ))

=
N
∑

i=1
[yi .l o g (p (xi ))+(1− yi ).l o g (p −p (xi ))]

Finally, estimation of the parameters α and β is done by calculating the partial derivatives

of log-likelihood with respect to each coefficient/parameter and setting them equal to zero:

δ
δαLo g (L (α,β ))=0 a nd δ

δβ Lo g (L (α,β ))=0

These equations are then typically solved using numerical optimization methods, such as

Gradient Ascent, which is used to find the values of α and β that maximize the likelihood

function [170]. In this sense, while the mathematical expressions for the MLE set up a sys-

tem of equations, numerical methods are used to solve for the coefficient values that maxi-

mize the likelihood function [170]. The Maximum Likelihood is a very general approach

used to fit not only the Logistic regression but many other models that I will introduce

throughout the following sections [156].
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2.2.1.2 Gradient Descent

While optimization of the parameters in the logistic regression can be achieved using gra-

dient ascent, which is used for maximization of a function (i.e., MLE), it is more common to

use gradient descent to minimize a cost function (i.e., negative log-likelihood) [170]. There-

fore, the standard practice is to use gradient descent to update the parameters in the direc-

tion that minimizes the loss function. In other words, gradient descent aims to find the

minimum of a function by adjusting parameters in the direction of the steepest decrease of

such function [170, 171]. Initially, the Gradient Descent sets an arbitrary value for the coef-

ficients, usually 0, and the negative log-likelihood objective function is computed, leading

to a variation of coefficients [171]. This process is iteratively repeated until convergence6

or the specified number of iterations is completed. Once convergence is achieved, the co-

efficients α and β at the end of the iteration represent the maximum likelihood estimates

for the logistic regression model [170, 171].

Figure 8: Gradient descent. The gradient descent adjusts the parameters in the direction
of the steepest decrease of a function. Source: [172].

2.2.2 Ridge Logistic Regression

The Ridge Logistic Regression is a well-known shrinkage technique [135]. Shrinkage

approaches involve fitting a model with all predictors and then applying a technique to

constrain or regularize the coefficient estimates, shrinking them towards zero [156]. This

is achieved by modifying the loss function with a penalty term which effectively shrinks

the estimates of the coefficients [156, 173]. For this reason, these types of methods are also

6Models are said to converge when the classification error (or loss) stops decreasing or reaches a mini-
mum error level. It refers to the state where the model has reached an optimal solution. This means that
the model’s parameters have been adjusted to the point where further training will not significantly improve
its performance. Convergence is typically achieved through iterative optimization algorithms, such as gra-
dient descent, which update the model’s parameters to minimize a specified loss function. When a model
converges, it has effectively learned the underlying patterns in the training data.
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called “shrinkage” or “regularization" methods [156]. The underlying logic for the use of

such constraint lies on the fact that by shrinking the coefficient estimates one can signifi-

cantly improve the fit of the model. The best-known techniques for shrinkage are the Ridge,

LASSO and Elastic-Net regression. However, as their names imply, these techniques are

only suitable for regression analysis [156]. When applied to the classification setting, reg-

ularization is often performed using Logistic Regression or other classification algorithms

[130]. In the case of the Logistic Regression, a shrinkage penalty is applied to the model,

and depending on the penalty used one obtains the Ridge, LASSO and Elastic-Net Logistic

Regressions. The Ridge Logistic Regression is given by:

N
∑

i=1

[yi .l o g (pi )+(1− yi ).l o g (1−pi )]−λ
p
∑

j=1

β j
2

whereλ is a regularization or tunning parameter and
p
∑

j=1
β j

2 is the penalty term also known

as the L2 norm or penalty, calculated as the square root of the sum of the coefficients vector

values [135, 174]. Similar to the Logistic Regression model, the overall goal of ridge classifi-

cation regression is to obtain the coefficient estimates that maximize this slightly different

log-likelihood function where the L2 ridge penalty is added [156]. Thus, the objective func-

tion for Ridge Logistic Regression can be written as:

β̂R =ma x i mi z e
β

{
N
∑

i=1

[yi .l o g (pi )+(1− yi ).l o g (1−pi )]−λ
p
∑

j=1

β j
2} (5)

Here, the λ tuning parameter controls the relative impact of the penalty term on the re-

gression coefficient estimates (the amount of shrinkage) and is calculated separately [174].

When λ= 0, the penalty term has no effect, and Ridge Logistic Regression will produce the

Logistic Regression estimates[174]. However, as λ increases, the impact of the shrinkage

penalty grows, and the ridge regression coefficient estimates will approach zero. Nonethe-

less, none of the coefficients will be exactly zero [174, 156]. Although this may not be a

problem for prediction accuracy, it can create a challenge in model interpretation, espe-

cially in settings in which the number of variables is quite large.

Overall, the penalty term penalizes large coefficients helping to prevent overfitting7 and

stabilising the estimates in the presence of multicollinearity8 which in turn improves the

generalization9 of the model [156, 174]. Finally, for a set of random predictor X =X1,...,X j ,

7Overfitting is a phenomenon in Machine Learning where models learn the training data too well, captur-
ing noise or random fluctuations, consequently, performing poorly on new, unseen data

8Multicollinearity refers to a high degree of correlation among independent variables in a regression
model, which can lead to difficulties in estimating individual variable effects and results in an unstable and
unreliable coefficients.

9A model’s generalization refers to its ability to accurately predict outcomes on new, unseen data based
on what the model learned on the training data.
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the estimation of each coefficient X j
ˆβ ,λ

R
j depends not only on the value of λ but also on

the scaling of the j t h predictor itself. Therefore, it is best to apply ridge regression after

standardizing10 the predictors. As a result, the final fit will not depend on the scale on

which the predictors are measured [173]. Furthermore, normalizing the data provides a

way to rank predictor variables based on the regression coefficients. This however is only

possible if the data is normalized, as one can’t compare the coefficients of different scaled

variables [173].

2.2.3 LASSO Logistic Regression

As I have just described, in Ridge Logistic Regression, increasing the value ofλwill tend

to reduce the magnitudes of the coefficients, but will not result in the exclusion of any of

the variables. Therefore, Ridge Logistic Regression will always generate a model involving

all predictors. A recent alternative to ridge regression called the Least Absolute Shrinkage

and Selection Operation (LASSO), overcomes this disadvantage [175]. In LASSO Logistic

Regression, the penalized version of the log-likelihood function to be maximized takes now

the form:

β̂ L =ma x i mi z e
β

{
N
∑

i=1

[yi .l o g (pi )+(1− yi ).l o g (1−pi )]−λ
p
∑

j=1

|β j |}. (6)

Comparing equation (5) to (6), one can see that the LASSO and Ridge Regression have sim-

ilar formulations. The only difference is that the β2
j term in the ridge regression has been

replaced by |β j | in the LASSO. This penalty term is called the L1 penalty term [175]. As with

ridge regression, the lasso shrinks the coefficient estimates towards zero. However, in the

case of the lasso, the L1 penalty has the ability to force some of the coefficient estimates

to be exactly equal to zero when the tuning parameter λ is sufficiently large [175]. Hence,

depending on the value ofλ, the LASSO can produce a model involving any number of vari-

ables [135]. Hence, LASSO performs variable selection. As a result, models generated from

the LASSO are generally much easier to interpret than those produced by ridge regression.

Both, Ridge and LASSO Logistic Regression produce a set of coefficient estimates whose

values depend on the different values ofλ. Therefore, choosing a good value ofλ is a critical

step for both methods [135]. To accomplish this task, different approaches are described in

the literature. Among these, cross-validation , which I will explore latter, provides a simple

way to tackle this problem [175]. Briefly, a grid of λ values is initially chosen and the cross-

validation error for each value is computed. The tuning parameter value for which the

cross-validation error is smallest (or the log-likelihood maximized) is then selected and

finally, the model is refitted using all of the available observations and the selected value of

10Standardization is the process of transforming data by rescaling it to have a mean of 0 and a standard
deviation of 1, facilitating comparisons between variables with different units and scales
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the tuning parameter [174].

2.2.4 Elastic-Net Logistic Regression

More recently, another regularization method, called Elastic-Net Logistic Regression,

was developed. This combines the L1 (Lasso) and L2 (Ridge) regularization penalties, how-

ever further includes a tuning parameter α≥ 0:

N
∑

i=1

[yi .l o g (pi )+(1− yi ).l o g (1−pi )]−α
p
∑

j=1

β2
j +(1−α)

p
∑

j=1

|β j |

Thus the Elastic-Net Logistic Regression combines the Ridge and Lasso regularizations,

providing a way to control the balance between the L1 and L2 penalties offering a more

versatile approach [162, 176].

2.2.5 Linear Discriminant analysis

Linear Discriminant Analysis (LDA) is a classification method similar to Logistic Re-

gression with a different way to model P (Y = k |X = x ). Here, rather than calculating this

probability, LDA models the distribution of the predictors X separately for each of the re-

sponse classes and then use the Bayes theorem11 to flip these around into estimates for

P (Y = k |X = x ) [156, 177]. LDA classifies an observation into one of K possible classes by

estimating the prior probability that a randomly chosen observation belonging to the K th

class, πk and the density function of X for an observation that comes from the K th class,

f k (x ) =P r (X |Y =k ), and plugging them into the Bayes theorem[156]:

P (Y = k |X = x ) =
πk fk (x )

K
∑

k=1
πk fk (x )

. (7)

This provides the posterior probability of an observation X = x to belonging to the k t h

class, that is, the probability that the observation belongs to the k t h class, given the pre-

dictor value for that observation [156]. The prior probability, πk , helps accounting for im-

balances in class sizes [156]. If one class has significantly more samples than another, it

might have a greater influence on the classification. By incorporating prior probabilities,

LDA can balance the impact of different classes. The density function, on the other hand,

represents the distribution of the predictor variables for observations belonging to the k t h

class and thus helps to quantify how likely a particular set of predictor values is for the k t h

class [177]. The larger f k (x ) the higher the probability that a data point belongs to the k t h

11The Bayes classifier is a simple classifier that, assigns each observation to the most likely class. Put differ-
ently, Bayes assigns an observation to the class for which: P (Y =k |X ;= x ) is largest, where k is one of distinct
classes. In a two-class problem, where there are only two possible response values, the Bayes classifier pre-
dicts a given class if P (Y = k |X = x )>0.5 and another otherwise
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class. The estimation of πk is given by the fraction of the training observations that belong

to the k t h class:

π̂k =
nk

n
.

The estimating of the density function fk (x ) on the other hand can be done by approxima-

tion to the Bayes classifier. LDA does this based on the assumption that fk (X ) is a multi-

variate Gaussian distribution in which each individual predictor follows a one-dimensional

normal distribution with some correlation between each pair of predictors [156]. Formally,

the multivariate Gaussian density is defined as:

f (x ) =
1

2π
p
2 |
∑

|
1
2

exp
�

−
1

2
(x −µ)T

∑

−1(x −µ)
�

,

where µ is the mean value of X and
∑

is the covariance matrix of X. Furthermore, LDA

assumes that the observations in the k t h class are drawn from a multivariate Gaussian dis-

tribution N (µk ,
∑

), where µk is a class-specific mean vector, and
∑

is a covariance matrix

that is common to all K classes [156, 177]. Plugging the density function for the k t h class,

fk (X = x ), into equation (7) and performing a little bit of algebra reveals that the Bayes clas-

sifier assigns an observation X = x to the class for which

δk (x ) =−
1

2
(x −µk )

T
∑

−1(x −µk )+ l o gπk (8)

is largest, where δk (x ) is the discriminant function for the k t h component of a Gaussian

mixture model. For a detailed explanation of how the above equation was derived, please

refer to the supplementary materials [156, 177]. However, even if one is certain that X is

drawn from a Gaussian distribution within each class, to apply the Bayes classifier one still

must estimate the parameters µ1,..., µk ,π1,...πk andσ2. These are estimated using:

µ̂k =
1

nk

∑

i :yi=k

xi

σ2=
1

n−K

K
∑

k=1

∑

i :yi=k

(xi −µ̂k )
2

where n is the total number of training observations, and nk is the number of training ob-

servations in the k t h class. The estimate for µk is simply the average of all the training

observations from the k t h class, while σ2 represents the weighted average of the sample

variances for each of the K classes [156]. To assign a new observation X = x , LDA plugs

these estimates int equation (8) to obtain quantities δ̂k (x ) and classifies the estimates for

which δ̂k (x ) is largest. The fact that the discriminant function δk (x ) is a linear function of

x , that is, that the LDA decision rule depends on X only through a linear combination of
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its elements, explains why this model is called Linear Discriminant Analysis.

2.2.6 Quadratic Discriminant analysis

Quadratic Discriminant Analysis (QDA), similarly to LDA, results from assuming that

the observations from each class are drawn from a Gaussian distribution and plugging es-

timates for the parameters into Bayes’ theorem in order to perform prediction. However,

unlike LDA, which assumes a covariance matrix that is common to all K classes, QDA as-

sumes that each class has its own covariance matrix [156]. That is, it assumes that an ob-

servation from the k t h class is of the form X ⌢N (µk ,
∑

k ), where
∑

k is a covariance matrix

for the k t h class. Under this assumption, the Bayes classifier assigns an observation X = x

to the class for which

δk (x ) = −
1

2
(x −µk )

T
∑−1

k
(x −µk )−

1

2
log |Σk |+ logπk

= −
1

2
x T

∑−1

k
x +x T

∑−1

k
µk −

1

2
µT

k

∑−1

k
µk −

1

2
log |Σk |+ logπk

is largest [162]. Therefore QDA results from plugging the estimates for
∑

k , µk , and πk into

(9), and then assigning an observation X = x to the class for which this quantity is largest.

This times, since x appears as a quadratic function of the decision rule, δk (x ) the model is

labeled Quadratic Discriminant Analysis. By not assuming linearity QDA becomes much

more flexible than LDA, having substantially higher variance12, which can potentially lead

to improved prediction performance [156].

2.2.7 Random Forest

Random Forest (RF) is an ensemble method13 that relies on decision trees, which are

then combined to yield a single consensus prediction [178] (figure 9). Classification Trees

or Decision Trees are Machine Learning algorithms that rely on the recursive segmentation

of the predictor space into distinct non-overlapping regions which are then used to assign

a class label to each observation, based on the majority class of the instances that end up

in the same region [156]. To construct such regions, Classification Trees use a top-down,

greedy approach known as recursive binary splitting. In such approach, all predictors are

12Variance is defined as the amount by which the performed of a model changes by using a slightly different
dataset to fit the model. Models with high variance, are very flexible, and can fit the data closely, even to the
extent of capturing noise. In this sense, if a method has high variance, small changes in the data can result
in large changes in a model’s predictions. This leads the model to perform poorly on new data because the
model has essentially memorized the training set and does not generalize well to new data leading to an
increased classification error.

13Ensemble methods are approaches that combine multiple simple building block models with lower per-
formances to obtain a single powerful model. The idea is to leverage the strengths of each different building
block model and mitigate their individual weaknesses, ultimately creating a more accurate and robust model
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initially located in a single region (at the top of the tree). Then, the predictors are spitted via

two new branches further down on the tree, where in each split the predictor and respec-

tive cut point leading to the greatest possible reduction in the classification error rate are

selected [156]. In this sense, for each split in a tree, all predictors and all possible values of

the cut points for each of the predictors are considered. Then, the predictor and cut point

that lead to the tree with the lowest classification error rate are chosen. This process is then

successively repeated, where the best predictor and cut point for splitting the data further

are searched once again so that the classification error rate is minimized within each of

the resulting regions. However, instead of splitting the entire predictor space, this time, the

split only considers one of the two previously identified regions. The process continues un-

til a stopping criterion is reached (e.g. until no region contains more than five observations)

[156]. Once the different regions have been created, the response for a given test observa-

tion can be predicted according to the most commonly occurring class or mode response

value for the training observations in the region to which that test observation belongs. To-

gether, these splitting rules used do segment the predictor space can be summarized in a

tree and thus this approach is know as decision trees.

Decision trees, however, suffer from high variance [156]. Bootstrap aggregation14, also

known as bagging, is a technique for reducing the variance of an estimated prediction func-

tion [156, 162]. While bagging can be used to improve the prediction of any statistical

method it seems to work especially well for high-variance procedures, such as trees. To

better illustrate the need of Bootstrap aggregation let’s use an illustration [156]. Consider

a given set of n independent samples Z1,...,Zn , each with variance σ2, where the mean

variance of the observations (Z ) is given by σ2

n . In this sense, averaging a set of obser-

vations reduces variance. Hence a natural way to reduce the variance and increase the

test set accuracy of a statistical learning method would be to take many datasets sets from

the population, build a separate prediction model using each set, and average the result-

ing predictions [156]. However, generally, one does not have access to multiple data sets.

Instead, one can bootstrap by taking repeated samples from a single data set. Therefore

one can generate B different bootstrapped training data sets and then fit the model on the

b t h bootstrapped set. Finally, for a given observation, one can record the class predicted

by each of the B trees, and take a majority vote where the overall prediction is the most

commonly occurring majority vote class among the B predictions [156, 162], which can be

translated by the following formula:

14Bootsrap aggregation is a powerful method used to simulate new data by repeatedly predicting the error
on a distinct subsets of a single dataset. The idea is to randomly draw (randomly resample) datasets with
replacement from the training data in order to produce bootstrap data sets. Replacement meaning that the
same observation can occur more than once in the bootstrap data sets. Usually, this process is repeated B
times for some large value of B (say B = 1000), producing B bootstrap datasets with the model being refitted
to each of the bootstrap datasets. Each time a model is refitted one can estimate the error on the bootstrap
data sets by tracking how well it predicts the original training set.
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ŷ (x ) =argmaxy

�

B
∑

b=1

( ŷb (x ) = y )

�

where ŷb (x ) is the predicted class of the b t h decision tree.

This process is the backbone of Random Forests, nonetheless, Random Forests pro-

vide an improvement over banging by introducing a small tweak that decorrelates the trees

[162, 178]. As in bagging, many decision trees are built on bootstrapped samples. However,

each time a split in a tree is considered, a random sample of m predictors is chosen as split

candidates from the full set of p predictors (m <p ) [162, 178]. Then, from these m predic-

tors, the split is only allowed to use one of them. Therefore a fresh sample of m predictors

is taken at each new split. Typically, the number of predictors considered at each split is

approximately equal to the square root of the total number of predictors ()m =pp ) [156].

This, renders Random Forest to be unable to consider a majority of the available predictors

at each split in the tree [162, 178]. The rationale behind this principle can be highlighted by

the following example. Suppose that in a given dataset there is one very strong predictor

along with several other moderately strong predictors. If one used bagging, most if not all

of the trees would use this strong predictor in the top split [156]. Consequently, all of the

bagged trees will look quite similar to each other. Hence the predictions from the bagged

trees would be highly correlated. Averaging many highly correlated quantities does not

lead to as large of a reduction in variance as averaging many uncorrelated quantities. In

particular, this means that bagging will not lead to a substantial reduction in variance over

a single tree in this setting. Random Forests, on the other hand, overcome this problem by

forcing each split to consider only a subset of the predictors [178, 156]. Therefore, on av-

erage p−m
p of the splits will not even consider the strong predictor, and so other predictors

will have more of a chance [156]. This process of decorrelating makes the resulting trees

less variable and hence more reliable. In this sense, the main difference between bagging

and Random Forests is the choice of predictor subset size m [156].

The error rate can be then determined using the out-of-bag (OOB) observations, avoid-

ing the need for any additional resampling method (i.e. cross-validation) [178, 156]. When

performing bagging, each tree in the forest is trained on a bootstrap sample, meaning that

not all observations from the original training dataset are included in such a bootstrapped

set [178]. Given that when drawing a random sample with replacement, each observation

has approximately a 1 - 1
e probability of being included in the sample, usually, each bagged

tree makes use of only around two-thirds of the observations [156]. The remaining one-

third of the observations not used to fit a given bagged tree are referred to as the OOB obser-

vations, which can then be used to predict the response for the i t h observation using each

of the trees in which that observation was OOB [156]. In this sense, for each observation the

Random Forest averages only those trees corresponding to bootstrap samples in which zi
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Figure 9: Schematic representation of the Random Forest algorithm. Several decision
trees are constructed on bootstrapped samples and a class is predicted by each tree. The
predictions across all decision trees are averaged and, finally, an overall prediction is made.
Source: [157].

did not appear. The single prediction for the i t h observation is finally obtained by majority

voting (most frequent class), leading to a single OOB prediction [156, 162]. The resulting

OOB error is a valid estimate of the test error for the bagged model since the response for

each observation is predicted using only the trees that were not fit using that observation.

The OOB samples can also be used to determine variable importance. At each b t h grown,

the OOB samples are passed down the tree, and the prediction accuracy is recorded [156].

Then the values for the j t h variable are randomly permuted and the accuracy is once again

computed. The decrease in accuracy, as a result of this permuting, is averaged over all B

trees and can be used as a measure of the importance for the j t h variable in the Random

Forest [156]. In the context of bagging Classification Trees, variable importance can also be

computed using the mean decrease in the Gini index, averaged over all trees, which I will

address ahead.

Earlier I mentioned that the number of predictors to be considered at each split while

assembling a Random Forest is approximately m =pp . However this value, also known as

an hyperparameter15 can be changed to a value one desires to establish before implemen-

tation of the Random Forest model [179]. Besides the number of predictors, several other

15A hyperparameter is a configuration setting external to a model that influences its implementation and
performance and can be manually tuned by the practitioner
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hyperparameters can be manually tuned. Two major ones are the number of trees and the

minimal node size. The number of trees determines the total number of decision trees to

be built in the ensemble [179, 162]. A higher number often leads to more robust models

but may increase computational cost. The minimal node size, on he other hand, sets the

minimum number of samples required to be present in a leaf node during the tree-building

process [179, 162].

Gini index

Although the classification error rate can be used as a criterion for making the binary splits,

such metric is not sufficiently sensitive for tree-growing, and thus other measures such as

the Gini index and entropy are preferable [156, 162]. The first, here implemented, is often

used instead of the classification error rate and thus I will focus on the same. The Gini index

is defined by:

G =
K
∑

k=1

(p̂mk (1− p̂mk ),

where p̂mk represents the proportion of the training observations in the m t h region that

belongs to the k t h class. The Gini index is a measure of total variance across the K classes,

taking on small values if all of the p̂mk ’s are close to 0 or 1 [156, 162]. For this reason the

Gini index is also referred to as a measure of node purity, in which a small value indicates

that a node contains predominantly observations from a single class [162].

2.2.8 Extreme Gradient Boosting

Boosting, just like banging is an approach that can improve the predictions resulting

from several statistical learning such as decision trees [156]. Nevertheless, unlike bagging,

where separate decision trees are fitted to each bootstrapped copy, in boosting, trees are

grown sequentially, that is, each tree is grown using information from previously grown

trees [180, 156, 162]. For this, shallow decision trees16 are fitted with each observation be-

ing initially given equal weights [180, 156]. After each iteration, the weights are adjusted

based on the performance of Classification Trees. Misclassified observations receive higher

weights, making them more influential in the next iteration. This focuses the attention of

the subsequent Classification Trees on the misclassified instances [180, 162]. Thus, un-

like in bagging, the construction of each tree depends strongly on the trees that have al-

ready been grown [156]. Finally, the predictions from each Classification Tree are combined

and all predictions are determined by a weighted majority vote, where worst-performing

16A shallow tree refers to a decision tree with a limited depth or number of levels, which tends to capture
simpler relationships in the data. Given that, in boosting, the growth of a particular tree takes into account
other trees that have already been grown, smaller trees are typically sufficient to contribute to the overall
model’s predictive power.
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classification trees are given a lower weight and better-performing learners receive higher

weights.

Some of the most popular boosting algorithms are Adaptive Boosting [181] (AdaBoost),

Light Gradient Boosting Machine [182] (LightGBM) and Extreme Gradient Boosting [183]

(XGBoost). Here I will focus on the latter, which is an optimized version of Gradient Boost-

ing. XGBoost is a powerful and efficient algorithm designed to provide high performance,

scalability, and flexibility for a variety of machine-learning tasks, including classification.

Besides its speed and effectiveness XGBoost supports parallelization of tree construction,

making it highly suitable for large datasets [183]. All these attributes have rendered XGBoost

to become a popular tool. This algorithm is based on the gradient boosting framework,

which builds a series of sequential decision trees, where each new learner corrects the er-

rors made by the ensemble of existing learners [183]. However, XGBoost introduces regular-

ization terms to the objective function, which helps to control the complexity of the model

and prevents overfitting. The way XGBoost works is as follow: if I have a database that has m

features and n number of examples, given by database= {(xi , yi ) : i =1...n , xi ∈Rm ,Yi ∈R},
let ŷi be the predicted output of an ensemble tree model generated from the following

equations:

�A.i =φ(xi ) =
K
∑

k=1

fk (xi ), fk ∈F

where �A.i is the output of the i t h observation,φ(xi ) is the prediction for the i t h observation

obtained though the functionφ applied to the input xi ,
K
∑

k=1
fk (xi ) is the prediction modeled

as the sum K (number of trees) in the model fk (xi ) each belonging to the function spaceF
[183]. To solve the above equation, one needs to find the best set of functions by minimizing

the loss function and the regularization terms:

L =
∑

i

l (yi ,�A.i )+
∑

k

Ω( fk )

where l represents loss17, the loss function which is the difference between the predicted

output Ŷi , denoted by �A.i in the above formula and the actual outcome yi . While Ω repre-

sents the regularization term that penalizes certain properties of the individual functions

fk , promoting the simplicity of the model and assists in avoiding over-fitting of the model

and it is calculated using:

17The loss, more commonly known as log loss or cross entropy, just like the classification error rate, is a
as a metric to evaluate the performance of a classifier. The term loss represents the discrepancy or error in
the model’s predictions. When the model’s predictions align well with the actual values, the loss is low. The

Log Loss is given by: l = 1
N

N
∑

i=1
[yi .l o g (pi )+(1− yi ).l o g (1−pi )], where N is the number of observations in the

dataset, yi is the true labeled instances (0 or 1) and pi is the predicted probability that instance i belongs to
the positive class (usually denoted as the class = 1) and pi =

1
1+e α+xi β
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Ω( fk ) =γT +
1

2
λ||w ||2

where T, in the above equation represents the number of leaves of the tree and w is the

weight of each leaf [183].

Finally, the term Gradient in XGBoost refers to the use of gradient descent optimization

during the training process, where the objective is to minimize the loss function that mea-

sures the difference between the predicted and actual classes (i.e classification error rate)

[180]. In this sense, XGBoost uses gradient descent to find the optimal parameters for the

model by iteratively moving towards the minimum of the loss function.

Similar to the Random Forest, XGBoost also provides a measure of feature importance,

allowing to understand which features contribute the most to the model’s predictions [156].

Furthermore, just like the Random Forest, one can adjust the hyperparameters in XGBoost,

such as the number of tress and the number of splits in each tree. Although, additionally,

in XGBoost the shrinkage parameter λ, can also be defined by the user, which will control

the rate at which the boosting learns.

2.2.9 Super Learner

The Super Learner (SL) is a prediction method designed to find the optimal combina-

tion of a collection of candidate prediction algorithms [184]. The Super Learner framework

is built on the theory of cross-validation and allows for a set of prediction algorithms to be

considered for an ensemble, where the model then attributes weights for each candidate

learner in order to find the combination of algorithms that minimize the cross-validated

error [185] (Figure 10). In the context of prediction, this learner is itself a prediction al-

gorithm, which applies a set of candidate learners to the observed data, and chooses the

optimal learner for a given prediction problem based on cross-validated risk. The Super

Learner for perdition works as follows: for a dataset X i = (Yi ,Wi ),i = 1,...,n where Y is the

outcome of interest and W is a p-dimensional set of covariant, the objective is to estimate

the function ψ0(W ) = E (Y |W ) [184]. Such function can be expressed as the minimizer of

the expected loss:

ψ0(W ) =a r g mi n
ψ

E [L (X ,ψ(W ))]

where the loss function is the log loss, earlier mentioned. For a given problem, a library or

set of prediction algorithms that minimizes the loss function (L) can be proposed. Each al-

gorithm is then fitted to the entire data set X =X i :i=1,...,n to estimate Ψ̂k (W ),k =1,...,K (n ).

The data is then split into a training an validation subsets, according to a V-fold cross-

validation, where the n observations are split into V equal size groups [184]. The V t h

group is then defined as the validation V (v ) subset, while the remaining group, defined

as T (v ) represents the training subset, v = 1,....,V . For each v t h fold, each algorithm in L

45



is fit on the training subset T (v ) and the predictions are saved on the corresponding vali-

dation data, Ψ̂k ,T (v )(Wi ),X i ∈V (v ) for v = 1,...,V . The predictions from each algorithm are

then stacked together Z = Ψ̂k ,T (v )(W i ),X i ∈V (v ) & k =1,...,K . A family of weighted com-

binations of the candidate estimators indexed by weighted-vector α is proposed:

m (z |α) =
K
∑

k=1

αk Ψ̂k ,T (v )(Wi ),αk ≥ 0∀k ,
K
∑

k=1

αk =1.

The α that minimizes the cross-validation error of the candidate estimator
K
∑

k=1
αk Ψ̂k over

all allowed α-combinations is determined:

α̂=mi n
α

n
∑

i=1

Lo s s (Yi ,P (yi |zi ,α))

where Yi represents the true class label for the i t h instance, P (yi |zi ,α)) is the predicted

probability in the i t h instance belonging to the y class given the input features zi and pa-

rameter values α and Lo s s is the chosen loss function that quantifies the difference be-

tween the true class label and the predicted probability such as the cross-entropy loss [184].

Finally, α̂ is combined with Ψ̂k (W ),k =1,....,K according to the familiy m(z|α) of weighted

combinations to create the final Super Learner fit:

Ψ̂S L (W ) =
K
∑

k=1

α̂k Ψ̂k (W )

Theoretical, the Super Learner will perform asymptotically as well as, or better than any of

the candidate learners.

2.3 Assessing model performance

The SL makes use of a procedure that splits the data into a train and validation subsets

in order to evaluate the performance of the candidate models. To understand the underly-

ing idea behind this procedure, on should recall that the central objective when conducting

predictive analysis is to predict future events [122]. In this sense, one is not particularly in-

terested in understanding how well a model performed on the data it was trained on, rather

the primary focus is to evaluate the model’s performance on new previously unseen data.

However, as earlier mentioned in section 2.2.7 new data is often not available. This repre-

sents a significant problem as a model’s performance on the data it is used to trained on,

can be quite different from the one when implemented on new data, and in particular the

former can dramatically overestimate the latter [156]. Therefore, in the absence of a des-

ignated test set on which one can directly estimate the model’s performance, alternative
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Figure 10: Flow Diagram for Super Learner. The different steps of the Super Learner imple-
mentation are show: Initially each candidate algorithms are trained on the entire dataset.
The dataset is then split into V blocks. Each candidate learner is then fitted to the train
subset and the outcomes are predicted on the validation subset. Finally, the predictions
from each candidate learner are then combined. Source: [185]

techniques to estimate such metrics using the available training data must be used which

guides the choice of the most appropriate learning method or model, and gives us a mea-

sure of the quality of the ultimately chosen model [156]. This chapter is devoted to describe

such techniques, which allow to simulate the estimation of the error rate on new data.

2.3.1 The validation set approach

The simplest method for estimating the classification error rate is the validation set ap-

proach. This approach consists of randomly dividing the available set of observations into

two sets, a training set and a validation or hold-out set. The model is fitted on the train set

and then, used to predict the responses for the observations in the hold-out validation set

[156]. Since the hold-out validation set was not used in the fitting process, it’s classification

error rate provides an approximately unbiased estimate for the test error [156]. Although

conceptually simple and easy to implement this approach carries two main drawbacks.

Firstly, the validation estimate of the classification error rate can be highly variable, de-

pending precisely on which observations are included in the training set and which obser-

vations are included in the validation set [156]. Put differently, if one repeats the process of

47



randomly splitting the sample set into two parts, it will get a somewhat different estimate

for the test classification error rate. Moreover, statistical methods tend to perform worse

when trained on fewer observations. In this regard, since the validation approach model

is fitted only in the subset of the observations included in the training set, rather than on

the entire set, the validation set error rate will tend to overestimate the test error rate [156].

To address these limitations, a more refined approach, termed cross-validation, was intro-

duced.

2.3.2 K-fold Cross Validation

K-fold cross-validation is the most widely used method for estimating the test error rate

[162], representing the one implemented by the Super Learner. The k -fold cross-validation

(k -fold CV) approach involves randomly dividing the set of observations into k groups, or

folds, of approximately equal size [156, 185]. The first fold is treated as a validation set,

while the remaining k - 1 folds are used to fit the model [156, 162]. The number of mis-

classified observations (classification error rate) is then computed on the observations in

the held-out validation fold [185]. This procedure is repeated k times, each time, with a

different group of observations being treated as the validation set. This process results in k

estimates of the test classification error rate [156, 185]. The k -fold CV estimate is computed

by averaging these values:

C V(k ) =
1

k

k
∑

i=1

E r ri

where E r ri = I (yi ̸= ŷi ). K -fold CV is typically performed using k =5 or k =10 [156, 162].

A special case of k -fold cross-validation is the Leave-one-out cross-validation (LOOCV) in

which k =n [156]. In this approach, a single observation is used for the validation set, while

the remaining observations make up the training set. Thus, the statistical learning method

is fitted on the n−1 training observations, and the classification error rate is determined on

the excluded observation. This procedure is repeated n times and the classification error

rate is obtained based on the average n error rates:

C V(n ) =
1

n

n
∑

i=1

E r ri

While LOOCV has a couple of major advantages over the validation set it also has a major

drawback. The advantage of such approach over the validation set is that it has far less

bias18 [156, 186]. In LOOCV the statistical learning method is repeatedly using training sets

18Bias refers to the error introduced by approximating a complex real-world problem by a simplified model,
which may not be flexible enough to capture the true complexity of the relationships present in the data.
Linear models, which assume a linear relationship between the predictors X and the response variable y
are a good example of models with high bias. Given that real-life problems are highly unlikely to have such a
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that contain n−1 observations, almost as many as are in the entire dataset [186]. This con-

trasts with the validation set approach, in which the training set is typically around half

the size of the original dataset, leading LOOCV not to overestimate the test error rate as

much as the validation set approach does [156]. Furthermore, unlike the validation ap-

proach which yields different results when repeatedly applied due to randomness in the

training/validation set splits, repeat implementation of LOOCV will always yield similar

results since there is no randomness in the training/validation set splits [156]. LOOCV,

however, can be very expensive19 to implement [156]. Specially if a model is slow to fit,

LOOCV can be very time-consuming. This is where the computational advantage of us-

ing k =5 or k =10 rather than k =n steps in. Given that some statistical learning methods

have computationally intensive fitting procedures, performing LOOCV may pose compu-

tational problems, especially if n is extremely large. Alternatively, performing 10-fold CV

requires fitting the learning procedure only ten times, which may be much more feasible.

Apart from the computational advantage, k-fold CV offers another upside, in that it often

gives more accurate estimates of the test error rate than LOOCV [162]. This has to do with a

bias-variance trade-off 20. Earlier we saw that the validation set approach tends to overes-

timate the test error rate because the model statistical learning method is trained on only

half the observations of the entire dataset. Applying the same reasoning, it is clear that

the LOOCV will give approximately unbiased estimates of the test error, since each train-

ing set contains n−1 observations, while k-fold CV for, say, k = 5 or k = 10 will lead to an

intermediate level of bias. So, if one was only to consider bias reduction, LOOCV would be

preferred over k-fold CV [156]. However, one needs to consider variance too, and it turns

out that LOOCV has a higher variance than does k-fold CV. Given that during the imple-

mentation of LOOCV, the models are trained on an almost identical set of observations the

outputs provided by the model are highly (positively) correlated with each other [156]. In

contrast, when performing k-fold CV, the overlap between the training sets in each model

is smaller, thus the average of the outputs of k-fitted models are somewhat less correlated

with each other. As the mean of many highly correlated quantities has a higher variance

than the mean of many less correlated quantities, the test error estimate resulting from

LOOCV has a higher variance than the test error estimate resulting from k-fold CV [156].

simple linear relationship, implementation of such methods will result in some bias. Therefore, highly biased
models may lead to underfitting, where the model is too simplistic to capture the underlying patterns in the
data leading to an increased error. A low bias model, on the other hand, is more flexible and less constrained
by assumptions, thus being able to capture complex relationships in the data

19The term expensive in the context of Machine Learning, implies that implementing a particular model
may require significant investment, be it financial, time, or resource-related.

20The bias-variance trade-off concept relies on finding the right balance between the bias and the variance.
As I have already mentioned, bias occurs when a model is too simple and fails to capture the underlying pat-
terns in the data. Highly bias models can lead to poor performances, translated by an underfitting of the
model. Variance, on the other hand occurs when a model is too complex and captures noise or random fluc-
tuations in the training data. High variance can result in a poor generalization to new, unseen data, translated
as overfitting. Thus, the bias-variance trade-off involves finding or adjusting the model to minimize both bias
and variance which is crucial for creating a model that generalizes well to new data.
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These strengths often render k-fold CV to be preferred over LOOCV.
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Chapter 3

Background knowledge on the studied diseases

3.1 Malaria

Malaria is a parasitic disease that has been afflicting the human population over the mil-

lennium, and continues to be a major health problem [187]. Despite continuous worldwide

efforts and investments, malaria is still the principal cause of disease and death caused by

a parasite [188]. According to the World Health Organization’s (WHO) latest report, in the

year of 2022, there were an estimated 246 million malaria cases worldwide and a total of 608

000 deaths estimated globally [187]. Although relatively uncommon in developed coun-

tries, malaria still represents a significant social and economic burden in developing tropi-

cal and sub-tropical, countries where it is endemic [189]. Africa is the most affected region,

where the poor show the highest morbidity and mortality rates [187]. The term malaria

originates from the 18th century Italian expression mala aria, meaning "bad air", referring

to the foul air evaporating from stagnant waters of marshes that used to be thought as the

origin of the disease [189]. It wasn’t until 1897 that Ronald Ross identified the real causative

agent of malaria in a mosquito that had previously fed on an infected patient [190]. This

discovery provided the first step in understanding of the parasites’ life cycle of develop-

ment and transmission and laid the foundation for the development or more specialized

methods for malaria treatment and control.

Malaria is caused by infections with protozoan parasites of the genus Plasmodium, uni-

cellular eukaryotic microorganisms that invade and live in a host, from which they derive

nourishment and shelter [189, 191]. These microorganisms have a 23-megabase nuclear

genome consisting of 14 chromosomes, which encodes about 5300 genes from which a

large proportion are devoted to immune evasion and host–parasite interactions [192]. Cur-

rently, from more than 200 Plasmodium species known to infect various species of verte-

brates, only 5 infect humans: falciparum, vivax, ovale, malariae and knowlesi [191]. The

first four species infect exclusively humans, while knowlesi is naturally maintained in maca

ques and monkeys and causes zoonotic malaria 21 [191]. Of all, P. falciparumis the most

prevalent, being the principal cause of malaria morbidity and mortality [187], specially in

sub-Saharan Africa.

The main carriers of malaria parasites known to affect humans are some species and

subspecies of mosquitoes belonging to the genus Anopheles. More precisely female night-

biting mosquitoes which feed on blood meals to support their development [191]. Of the

more than 400 species of Anopheles mosquitoes that have been described, only about 30 or

21Zoonotic malaria refers to malaria that can be transmitted between animals and humans.
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40 species commonly transmit human malaria [193]. The Anopheles mosquitoes, however,

are not just the vector for malaria, they are the definitive host, where sexual reproduction

of the parasite occurs, an essential step for its life cycle [191].

The malaria parasite’s life cycle is highly complex and involves two hosts, a vertebrate

and an a invertebrate host [189]. During a blood meal, a malaria-infected female Anopheles

mosquito inoculates sporozoites into the bloodstream of the vertebrate host (Figure 11(1)).

Sporozoites then travel to the liver where they infect hepatocyte [194]. This stage, charac-

terized by the invasion of hepatic cells, termed hepatocytes, is known as the pre-erythrocytic

stage (Figure 11(2)). Within the hepatocytes, the sporozoites’ period of persistence varies

between the Palsmodium species. Nevertheless, all species develop into the primary or

pre-erythrocytic form named schizont (Figure 11(3)). These pre-erythrocytic forms begin

dividing repeatedly, resulting in a large number of exoerythrocytic merozoites and at the

end of the pre-erythrocytic phase, thousands of these merozoites are released into the cir-

culation to invade red blood cells (RBC) [189] (Figure 11(4)). Although many merozoites

are destroyed by the immune system, some immediately invade RBCs triggering the ery-

throcyte phase of asexual reproduction called schizogony (Figure 11(5)). For this invasion

to occur, the merozoites must recognize specific surface receptors on the RBC membrane.

The membranes of the RBC and merozoite fuse, and the parasites become vacuolized in-

side the RBC where they continue to grow feeding on haemoglobin [195]. The earliest para-

site forms in the red cell are ring form trophozoites that will develop into mature schizonts.

At this stage serial cycles of asexual replication produce rising parasite numbers. After 48 to

72 hours a single trophozoite will produce about 4 to 36 merozoites and when parasitemia

reaches a threshold of roughly 100 parasites per microliter (µL) clinical manifestations of

the disease occur [189]. As the nucleus begins to divide, trophozoites become to be called

a developing schizont. The rupture of the erythrocytes at the end of schizogony frees the

merozoites to invade new red cells and perpetuates the host infection (Figure 11(6)). Fi-

nally, a subpopulation of the merozoites switches to sexual development producing female

(macrogametocytes) and male (microgametocytes) gametocytes [189] (Figure 11(7)).

These gametoccytes are then ingested by feeding mosquitoes during a new blood meal

(Figure 11(8)). These gametocytes then travel through the mosquitoe’s bloodstream and

once in the mosquitoe’s stomach, the male and female gametocytes develop into gametes

[196] (Figure 11(9)). There, the female gametocytes undergo a process of maturation called

exflagellation and the microgametes divide into a four to eight nuclei, each of which grows

a flagella [189]. Their motility allows them to rupture out of the confines of the gameto-

cyte membrane to fertilize the product of the female gametocyte, called macrogamete.

A zygote is thus formed by the sexual fusion of the macrogamete and the microgamete.

Twelve to twenty-four hours later, the zygote elongates and becomes motile being at this

stage termed ookinete (Figure 11(10)) which then travels to the mosquito’s midgut outer

wall to form an oocyst, dividing into thousands of spindle-shaped sporozoites [196, 189]
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(Figure 11(11)). All this process, from which gametocytes mature into sporozoites is called

sporogony, and depending on the species of plasmodium, can take from 8 to 35 days. The

sporozoites are then released into the mosquito’s bloodstream and migrate throughout the

mosquitoe’s body to the salivary glands (Figure 11(12)). Inoculation of the sporozoites into

a new human host perpetuates the malaria life cycle [196].

Figure 11: Malaria parasite life cycle. The different stages of the malaria par-
asite are shown with different numbers and letters. Source: adapted form
https://www.cdc.gov/malaria/about/biology/index.html.

3.1.1 Clinical manifestation

From the time of the mosquito bite until approximately a week later, patients remain

asymptomatic. This because parasites are undergoing multiplication in the liver [197]. It

isn’t until a later stage, when merozoites within the RBCs reach a high enough parasitemia

level and are released to the bloodstream, that symptoms start to be felt [189]. In malaria-

endemic regions, the clinical presentation of malaria is mostly seen in children bellow the

age of 5 years or in pregnant women in their first gestation [198].

Malaria symptoms are very non-specific, including splenomegaly, hepatomegaly, jaun-
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dice (yellowish pigmentation of the skin and sclera) paroxysm, fever22, body aches, myal-

gias (muscle pains), nausea, and diarrhea [199, 200]. Another classical symptom of malaria

is paroxysms which comprise three successive stages [199]. The first is characterized by

a cold stage, where patients experience shivering and a feeling of cold. In the next stage,

the hot stage, patients have high fevers, sometimes reaching 41°C, coupled with dry skin,

headaches, nausea, and vomiting. Finally, there is the sweating stage during which the

fever drops rapidly and patients experience diaphoresis (excessive sweating) [199].

If untreated, malaria patients can experience more sever symptoms, which include cere-

bral malaria, multi-organ failure, acute lung injuries, acute kidney injury and severe ane-

mia [201, 200]. Cerebral malaria is one of the most serious symptoms of severe malaria and

it is characterized by seizures/convulsions, confusion, delirium, hyperpyrexia (very high

fever), cerebellar dysfunction, and coma, the most severe manifestation [201, 200].

Finally, it is interesting to highlight that although clinical manifestations are mostly ob-

served in children, infants between 0 and 1 year of age have a very low incidence of disease

[202]. After that age, incidence increases until the third year of age, gradually declining

past that point. These observations correlate with the year of natural immunity in infancy,

followed by a period of relative immune susceptibility prior to the slow development of

acquired immunity [203, 204].

3.1.2 Acquired immunity to malaria

Acquired immunity to malaria is a process by which, individuals living in endemic areas,

consistently exposed to malaria over long periods of time, became resistant to infections

with the malaria parasite, rarely experiencing the disease even with blood infections pre-

sumed to be lethal to non-immune, malaria-naive visitors [205, 206] (Figure 12). This im-

munity, also denoted as clinical immunity (i.e., immunity against the symptoms of malaria)

is mostly perceived as a limitation of the peak parasitaemia, a reduction in parasite density

or decrease in prevalence of disease [206, 207]. However, this immunization as been shown

to be species-specific, not sterilizing in which it fails to eliminate the infection completely,

leading to persistent low-grade parasitaemia, and relatively short-lived, as maintenance of

clinically protective immune responses requires recurrent exposure to the parasite [208].

Differences in antigen load, variability and the expression of the more than 5,000 parasite

gene products during the Plasmodium life cycle explain the difficulty that hosts have in

inducing sterilizing immunity to P. falciparum [208].

Although the exact mechanisms by which natural immunity to malaria is achieved and

maintained is still not fully understood, growing evidence suggests that over time, natu-

ral infection elicit a robust immune response against the blood stage of the parasite which

22Fever in children is an hallmark symptom of malaria in endemic areas, with almost all children infected
with malaria experiencing fever
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provide protection against malaria [209]. Indeed, recently, antigen-specific immune re-

sponses associated with protection against malaria infection have been proposed. Among

such responses, the antibodies against the Circumsporozoite Surface Protein (CSP) have

been highlighted to confer protection against clinical malaria [210, 211, 212, 213, 214]. In-

deed the only available vaccine until recently targeted the CSP protein [215, 216]. The Mero-

zoite Surface Protein 1 (MSP1) [217, 218, 219, 214, 220] and the Apical Membrane Antigen 1

(AMA1) [217, 221, 222, 223]have been extensively cited as protective agents against malaria.

The pfEMP1 protein [224, 225, 226, 227] and the Erythrocyte-Binding Antigen 175 (EBA175)

[218, 222, 219, 228, 229] are also common antibody signature found to be associated with

protection to clinical malaria within the literature. Apart, from these best described an-

tibodies, many others have been linked with protection to clinical malaria. These can be

found in the following [222, 119, 230, 24, 40, 116, 231]. However, ongoing efforts are be-

ing made to uncover antibody profiles that could grant immunity against clinical malaria,

offering new venues for vaccine research and development [229, 214, 220, 224].

3.1.3 Diagnosis

For non-immune individuals, prompt and accurate malaria diagnosis is critical for an

effective management of malaria, with delayed diagnosis and treatment being the leading

causes of death in many countries [232]. Disease diagnosis can either be made in the clinic

on in the laboratory. Clinical diagnosis is based on the patients’ signs, symptoms and on

physical findings at examination. Nonetheless, malaria clinical diagnosis is still very chal-

lenging because of the non-specific nature of the signs and symptoms, which overlap con-

siderably with other common, as well as potentially life-threatening diseases (i.e, common

viral or bacterial infections, and other febrile illnesses) [232].

In the laboratory, malaria diagnosis involves identifying the malaria parasites or the

parasite’s antigens in the patient’s blood [232]. To this date, The reference test method

for malaria diagnosis is light microscopy of stained blood smears by Giemsa or Wright’s,

or Field’s stains [188, 233]. Its simplicity, low-cost, ability to identify the presence of the

parasite together with the infection species and ability ot assess parasite density have led

to the wide acceptance of this technique by laboratories around the world [232]. How-

ever, processing and interpretation of malaria smears are labor intensive, time consuming

and ill-suited for high-throughput use. Furthermore this technique requires appropriate

equipment as well as considerable training of healthcare workers, factors that limit their

use in many parts of sub-Saharan Africa where malaria is endemic [234]. Notwithstanding

the most important shortcoming of microscopic examination is its relatively low sensitivity,

particularly at low parasite levels, which may lead inexperienced microscopist to be unable

to detect parasitic infections [232].

Rapid diagnostic tests (RDTs), which do not rely on specific equipment and require min-
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Figure 12: Natural acquired immunity to the malaria parasite. Population indices of im-
munity in an endemic area of P. falciparum transmission (adapted from ref. 96). Change
over time of various indices of malaria in a population living in an endemic area of P. falci-
parum transmission: asymptomatic infection (pink), mild disease (febrile episodes caused
by malaria; blue) and severe or life-threatening disease (green). The data are normalized
and are presented as the percent of maximum cases for each population index.

imal skill to perform and interpret, have been developed to overcome the problems of con-

ventional microscopy [232]. Ever since their approval in 2007, RDTs have gained particular

prominence in malaria diagnosis, and currently, the WHO recommends their use as the

first choice of test all across the world in all malaria-endemic areas [188]. RDTs are small,

easy to use devices that detect malaria antigens in a small amount of finger-prick blood

samples, by immunochromatographic assay with monoclonal antibodies directed against

target parasite antigens impregnated on a test strip [235]. Most available RDTs are manu-

factured target antigens a P. falciparum-specific protein, such as Histidine-Rich Protein II

(HRP-II) or Lactate Dehydrogenase (LDH). Although RDTs have been demonstrated to be

quite sensitive [236, 237, 238, 239, 240, 241] and thus have represented a highly valuable,

rapid malaria-diagnostic tool for healthcare workers, their performance has also been criti-
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cized in other publications and occasional false-negative23 results, specially if parasite den-

sity is low, have been evidenced [242, 243, 244, 245, 246, 247]. Thus the use of RDTs should

currently be used in conjunction with other methods such as microscopy to confirm the

results [232].

Alternatively, to RDTS, the diagnosis of malaria has also been done through serologic

testing using either immunofluorescence antibody(IFA) or ELISA testing [232, 248]. Despite

being highly sensitive and specific, these test are quite time-consuming, hard to standard-

ize and subjective, requiring qualified technicians [232]. Even thought the literature clearly

illustrates their reliability, for malarial serology testing, these assays have been proven to

be most useful in epidemiological surveys, for screening potential blood donors, and oc-

casionally for providing evidence of recent infection in non-immune individuals [249, 250,

251, 248, 232].

The problems of traditional malaria diagnostic methods mentioned so far have driven

the development of molecular diagnostic techniques that display high sensitivity and high

specificity, without subjective variation [252]. The most noteworthy technique is the Polime-

rase Chain Reaction (PCR), which detects the presence of the parasite’s nucleic acid (DNA)

in a sample [253]. PCR has been proven to be one of the most specific and sensitive diagnos-

tic methods, particularly for malaria cases with low parasitemia [254] surpassing traditional

methods [254]. Although overcoming the major problems of malaria diagnosis such as sen-

sitivity and specificity, the utility of PCR is limited by its complex methodology, high cost,

and the need for specially trained technicians [232]. PCR, therefore, is not routinely im-

plemented in developing countries because of the complexity of the testing and the lack of

resources to perform these tests adequately and routinely [255]. Quality control and equip-

ment maintenance are also essential for the PCR technique, so it may not be suitable for

malaria diagnosis in remote rural areas or even in routine clinical diagnostic settings [256].

Therefore, PCR remains largely an investigation tool often used to confirm malaria species

infection after diagnosis by microscopy or a RDT in laboratories that might not have mi-

croscopic experts, follow-up therapeutic response and identify drug resistance [257].

Despite the advances in diagnosis strategies, diagnosing malaria is far form being a sim-

ple task, as diagnostics techniques are subjective to many factors such as the variety of

species, the different stages of the parasite life cycle, differences in the immune responses,

the variety of signs an symptoms among other factors that hamper disease identification

[232]. Thus, new cost-effective, easy to use efficient and reliable tools for malaria diagnosis

are in need. To tackle this challenge, recently, great attention has been given to the iden-

tification of novel serological biomarkers against malaria [40, 119, 222, 230, 115, 116, 117],

with may help to overcome the current limitation of traditional serological techniques.

23A false negative occurs when a test incorrectly indicates the absence of a condition that truly exists. In-
crease values of false negative are directly correlated with lower sensitivities.
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3.1.4 Treatment and Prevention

Malaria treatment has largely relied on antimalarial drugs, which have been developed

to target different stages of the Plamodium development. Such drugs have largely relied on

the quinine, chloroquine, rimaquine and sulfoncs or sulfonamides in combination with the

others compounds [258].

Quinine, the active ingredient in Cinchona bark, isolated in the year of 1820, became

the first effective antimalarial compound [259]. Since then, quinine has become an im-

portant and effective treatment option for malaria, that continues to play a significant role

in the management of malaria [259]. Althought the exact anti-malarial mechanism of ac-

tion remains unknown, quinine seems to acts on the asexual stages of the malaria parasite

by inhibiting its heme polymerase enzyme, thereby inhibiting hemozoin formation, an es-

sential process for the survival of the malaria parasite. Quinine remained the mainstay of

malaria treatment until the 1920s, when more effective synthetic anti-malarials became

available. The most important of these drugs was chloroquine which became extensively

used [260]. Similar to quinine, Chloroquine’s antimalarial action suppressed the parastite’s

asexual stages [258]. Nonetheless, due to its heavy use, chloroquine resistance started to

develop slowly. Resistance of Plasmodium falciparum to chloroquine was seen in parts of

Southeast Asia and South America by the late 1950s, and was widespread in almost all areas

with falciparum malaria by the 1980s. With increasing resistance to chloroquine, quinine in

combination with sulfones and tile sulfonamides played a key role, particularly in the treat-

ment of severe malaria [260]. Primaquine, introduced in 1950, was the first available drug

against the hypnozoites within the liver (P. vivax, P. ovale). More specifically, primaquine

eradicated hepatic exoerythrocytic parasites preventing long-term relapses and provided

sterilization against the sexual plasmodium, particularly of P. vivax. [261, 262]. Although

not effective as before, primaquine therapy is still used [262].

Apart from these drugs, artemisinin-based combination therapy (ACT) has also been

prominently used [263]. Artemisin was first isolated by chinese scientist in 1972 from the

Artemisia annua plant, an year after the antimalarial activity such plant’s extract was exper-

imentally proved in a primate model [264]. Since that period, a number of semi-synthetic

derivatives were developed to improve the drug’s pharmacological properties and anti-

malarial potency [263]. These derivates are highly active against asexual forms of the dis-

tinct species of Plasmodium that infect humans [263]. They are also active against the sex-

ual form of the parasites (gametocytes) taken up by the mosquito and can therefore re-

duce transmission rates [263]. Although their exact mechanism remains unknown it is pre-

sumed that endoperoxide moiety, essential for antimalarial activity, may cause destructive

free-radical generation within the parasite and, through the formation of covalent bonds,

alter the function of key parasite proteins, including membrane transporters [265, 266]. In

2001 the WHO endorsed ACT as the standard treatment for all malaria infections in areas
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where P. falciparum is the predominant infecting species, and today most malaria endemic

countries have now adopted ACT treatments as first-line treatment of falciparum malaria

[263, 267].

However patients compliance remains a problem in several regions [268, 269, 270]. Not

only that, but side effects are often a problem with many drugs which further hampers their

use [263, 271, 272, 273]. Finally, the increased resistance of malaria parasites to most of the

antimalarial drugs (including the most efficacious artemisinin derivatives) and their de-

clining efficacy has become a great hurdle to malaria management highlighting the need

for the development of new therapeutic agents/drug combinations to effectively tackle

drug resistance [258]. Ideally, an effective vaccine against malaria would strongly reduce

the need for drug administration [215]. Despite tremendous efforts towards the identifica-

tion of a vaccine against malaria, little success has been achieved.

Until recently, the only available vaccine against malaria, approved by the WHO, was the

RTS,S/AS01, which targets the circumsporozoite surface protein (CSP) expressed by the P.

falciparum parasite at the pre-erythrocytic stage [215]. The sames consists on part of the

circumsporozoite sequence fused with a viral envelope surface antigen from the hepatitis

B virus (HBsAg) to which the chemical adjuvant (AS01) is added to increase the immune

system response [215, 274]. Notwithstanding the great benefits in immunizing against the

disease, the RTS,S/AS01 vaccine has shown modest efficacy against malaria illness [215,

275, 216, 274, 276]. Although improvements to the vaccine have been attempted, the same

have not shown great benefit [277, 211, 278]. In October of last year (2023), the R21/Matrix-

M (R21) pre-erythrocytic malaria vaccine became the second vaccine recommended by

WHO to prevent malaria in children living in areas of risk [187]. The R21 is a virus-like par-

ticle comprising the central repeats of Asn-Ala-Asn-Pro (NANP) and C-terminal sequence

of the circumsporozoite protein fused to the hepatitis B surface antigen (HBsAg) admin-

istered with a saponin adjuvant, Matrix-M [279]. So far, this vaccine has shown increased

performance over RTS,S/AS01 [279, 280, 279, 281]. Such addition of the R21 malaria vac-

cine to complement the ongoing use of the first malaria vaccine, RTS,S is now expected to

result in major benefits for individuals, specially children, living in areas where malaria is

still a major public health problem [187]. Until now, vaccine development has been mostly

hampered by the tremendous complexity of the parasite, which has several developmental

stages expressing unique sets of stage-specific genes and multiple antigens, and the incom-

plete understanding of the molecular mechanisms that underlie the interactions between

the parasite with its hosts [208].
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3.2 Myalgic encephalomyelitis/chronic fatigue syndrome

Myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS) is a chronic and debil-

itating systemic neuro-immunological clinical condition characterized by an unexplained

and persistent fatigue not alleviated by rest and post-exertional malaise (PEM) [282]. Addi-

tionally, patients also experience a plethora of other symptoms related to immunological,

autonomic, cognitive, neuroendocrine, or neurological systems dysfunctions which can

severely impair patients’ ability to conduct the activities of daily living [283, 284, 285, 286].

ME/CFS results from the combination of two diseases, Myalgic encephalomyelitis (ME)

and chronic fatigue syndrome (CFS). Despite having different definitions, ME and CFS

have been often used interchangeably or collectively to characterize the ME/CFS condi-

tion. ME/CFS prevalence is estimate to range between 0.2% and 2.8% of the worldwide

population [287, 288, 289, 286]. Although the disease affects all ages, races and socioeco-

nomic groups, studies have shown that women are roughly three to four more times more

susceptible to the disease then man [290]. Furthermore it is most commonly reported dur-

ing adulthood, between the ages of 20 and 45 years [282]. Etiological factors for ME/CFS

include genetic predisposition, stress, trauma, exposure to toxins, physical activity and rest

ratio, as well as a recent history of infectious disease [291]. Finally, while most ME/CFS

cases are sporadic, there are reports of cluster outbreaks [292, 293].

Although thought to be multifactorial, ME/CFS’s exact etiology remains unknown. None

theless, several triggering factors have been proposed, including immune and inflamma-

tory dysfuctions, chronic neuro-inflammation, cell receptor anomalies, decreased metabolism

and mitochondrial dysfunction, among other causes [294, 295, 296, 25, 297, 298, 299, 300,

301]. Genetic pre-desposition has also been linked to ME/CFS. In this context,several paper

have found an association between genetic [302, 303, 304] and epigenetic (DNA methyla-

tion) alterations [305, 306, 307, 308] and ME/CFS pahtology. The latter refers to a biochem-

ical process where a methyl group (CH3) is added to DNA molecules, often at specific sites,

regulating gene expression by influencing the accessibility of DNA to transcription factors

and other proteins involved in gene regulation [305]. Such modification can either acti-

vate or silence gene expression depending on where it occurs within the gene sequence,

thus impacting gene expression [305]. However, given the disease heterogeneity, there is

likely more then a single pathological mechanisms leading ot the disease. Nonetheless,

growing evidence points towards and immune pathology as disease is often preceded by

infection [25, 309, 296]. In fact, viral infections appear to frequently precede ME/CFS on-

set in a vast subset of ME/CFS patients [296, 310]. The more commonly mentioned viral

triggers are the EBV [311, 311], cytomegalovirus (CMV) [312], human herpesvirus (HHV)

6, HHV-7, HHV-8 [313, 314, 315], enteroviruses [316], lentivirus [317], herpes simplex 1

and 2 (HSV1 and HSV2) [318] and varicella-zoster virus (VZV) [319, 320] which are glob-

ally distributed and highly prevalent in the the adult population [296]. After infection, such
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viruses, remain in the body as mostly latent, persistent infections and may reactivate under

various conditions [321, 322]. Immunologic disturbance associated with ME/CFS may be

the result of viral infection or may lead to reactivation of latent viruses [296]. Once reac-

tivated, the viruses may contribute to the morbidity of ME/CFS via inflammation and im-

mune dysregulation, especially the herpesviruses EBV and HHV-6, which infect immune

cells [323]. Still, the association of ME/CFS with a single infectious agent has not been con-

firmed, and the role of viral infections in ME/CFS remains obscure [291, 324]. On another

note, viral infections have also been proposed to trigger an autoimmune response as well

[325]. Finally, molecular mimicry has also been proposed within the viral hypothesis. This

mechanisms occurs when foreign and self-peptides share sequence similarities, inducing

the cross-activation of autoreactive cellular populations from the adaptive immune sys-

tem [326]. This can lead to chronically activated immune responses that aim at controlling

latent infections, posing a high deleterious autoimmune potential [327, 328, 329]. Indeed,

specific EBV antigens have been reported to share sequence homology with certain human

peptides [330, 331, 332].

Recently, ME/CFS has gained particular prominence because of its significant overlap

with the post-COVID syndrome (long COVID or post-acute sequelae of COVID), with sev-

eral studies estimating that 50% of patients with post-COVID syndrome fulfill ME/CFS cri-

teria [333, 334]. This has led some researches to estimate that COVID-19 infections could

be a trigger for the onset of ME/CFS [335], while others rather point towards a reactivation

of EBV by the COVID-19 virus [336].

3.2.1 Clinical Manifestation

Apart form the persistent fatigue and Post-Exertional Malaise (PEM) hallmark symp-

toms, ME/CFS patients also experience an array of symptoms. These include neurolog-

ical impairments such as slowed thought, impaired concentration, short-term memory

loss, confusion, disorientation, cognitive overload, difficulty with making decisions, slowed

speech, acquired or exertional dyslexia [337, 296]. ME/CFS patients also experience a num-

ber of autonomic symptoms such as nausea, vertigo, dizziness, drop in core temperature

and heart pounding [296]. Brain fog24 or confusion, trouble concentrating, short-term

memory problems, attention deficits, slow thinking,trouble to process and retrieve words

are also some of the neurocognitive troubles experience by ME/CFS patients [296]. Neu-

rosensorial and neuromuscular disturbances include inability to focus vision, sensitivity

to light, noise, vibration, odor, taste and touch impaired depth perception together with

muscle weakness, twitching, poor coordination, feeling unsteady on feet and ataxia [337,

296, 282]. Sleep disturbance, unrefreshing sleep, insomnia and day-time sleepiness or dif-

24Brain fog is an impairment in short-term memory or concentration severe enough to cause a reduction
in previous levels of personal activities
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ficulties falling asleep, have also been reported [337, 296]. Pain such as headaches, muscle

and joint pains are also common sympotms reported by patients [296, 282]. Flu like sym-

posium, fever or chills, sore throat and swollen lymph nodes are also some of the immuno-

logical sympoms eperienced by ME/CFS patients. For a more detailed review on ME/CFS

symptoms I redirect the interested reader to [337, 296, 285].

3.2.2 Diagnosis

The lack of a reliable biological markers has hampered ME/CFS diagnosis, which cur-

rently relies on the use of symptom-based case criteria while excluding any other fatigue-

inducing illnesses that could explain the symptoms [338, 339, 340]. These criteria are often

based on self-report assessments designed to screen for non-specific symptoms that may

overlap with those of other clinical conditions [283]. Currently, several diagnostic crite-

ria have been proposed for ME/CFS diagnosis, however most frequent definitions com-

monly used in research and clinical practice include the following: the Fukuda criteria

(FC) [285], the Canadian Consensus Criteria (CCC) [284], and the International Consen-

sus Criteria (ICC) [337]. Although these criteria share similarities, the lack of consistency

across case definitions poses a major challenge in ME/CFS research [341, 342]. This, cou-

pled with the high heterogeneity of patient’s symptoms and the lack of a reliable diagnos-

tic biomarker, have contributed to delays in the identification of biomarkers and effective

treatments and possible misdiagnosis of patients [343]. Nonetheless, research efforts con-

tinue seeking biomarkers to aid etiological understanding, clinical selection and treatment

options for this condition [344]. On their paper, Maksoud and colleagues [344] provide

an overview of the different biomarkers identified to date in the literature. These include

genetic/epigenetic, endovascular/circulatory, neurological, physiological, immunological

biomarkers and many others. However to this date, no conclusive biomarker for disease

diagnosis has been established.

3.2.3 Treatment

Currently, there is no known cure for ME/CFS. However, drug-based treatment has been

found to be a safe and effective solution for ME/CFS [333]. Therefore, ME/CFS treatment

relies mostly on pharmacological interventions such as pyridostigmine, aripiprazole, and

naltrexone which are mostly prescribed for symptoms relief and management [333, 345,

346, 347, 333]. These are often recommended on the basis of the patient’s primary symp-

toms [333]. Alternatively, non-pharmacological interventions and medications may also

be prescribed for the treatment and management of symptoms [348]. Medications such

as modafinil or methylphenidate may help fatigue and brain fog but risk worsening hy-

peradrenergic symptoms and PEM, and so should be employed with care [333]. However,

ME/CFS patients often exhibit hypersensitivity to standard medications given in the usual
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doses and can experience side effects or worsened symptoms [284]. Finally, in addition to a

direct action for symptom treatment, lifestyle adjustments may also help ME/CFS patients

to manage the disease [333].
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Form such expression, we can stipulate that the proportionality relation:
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arises when we drop the denominator, as it is a constant with respect to πk and therefore

doesn’t affect the comparison of the posterior probabilities. This simplification is often

done to make the expression more manageable, especially when working log probabilities,

which can be adopted leading to:

logP(Y =k |X = x )∝−
d

2
log(2π)−

1

2
log |Σ|−

1

2
(x −µk )

TΣ−1(x −µk )+ logπk

which can be written as:
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Removing the terms that are constant with respect to x we finally reach to mathematical

expression:
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4.1 Abstract

Statistical pipelines have been proposed to discover antibody responses associated with

protection against clinical malaria. However, these often produce inconsistent results due

to the failure of the statistical assumptions, such as normality. In the present work, we

have developed a new statistical pipeline to analyse data from IgG antibodies against 36

Plasmodium falciparum antigens from 121 Kenyan children. This pipeline was based on

the identification of cut-off values in the antibody distributions that maximized the dis-

tinction between susceptible and protected individuals. Our pipeline enabled us to con-

struct a classifier based on few antibodies, whose performance outperformed the previous

ones based on a Random forest approach. The good performance of the pipeline suggests

its applicability in antibody data analysis with the aim of identifying antimalarial vaccine

candidates.

4.2 Introduction

Malaria is caused by infections of Plasmodium parasites with the Plasmodium falci-

parum species (P.falciparum) being the most lethal one. It remains a global health problem

that threatens millions of people worldwide [1, 2]. Malaria is endemic to tropical and sub-

tropical regions where children under 5 years old are the most affected by severe symptoms

[1, 3]. The vulnerability of these children has been mainly attributed to the slow process in

acquiring natural immunity against malaria parasites via specialized antibody responses

upon repeated exposure to the infection [4, 5, 6]. Antibodies, also known as immunoglob-

ulins, are proteins produced by B cells of the adaptive immune system upon antigen recog-
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nition [7]. In turn, antigens are small protein fragments ingested and presented to B cells by

other immune cells. When bound to their antigen, antibodies are typically used as molecu-

lar signals delivered to specialized immune cells (i.e., phagocytes) with the ability to remove

the culprit infectious agent by a process called opsonization [7].

Given their putative protective effect, antibodies have been extensively investigated in

the context of natural immunity against malaria parasites [8, 9]. However, which set of an-

tibodies confer individual-level protection to clinical malaria is still elusive [8, 10]. A pos-

sible reason for the limited knowledge on this research topic is the lack of reproducible

results across different studies, as demonstrated by different studies [8, 10, 11]. This lack

of reproducibility might be attributed to the failure of the underlying statistical assump-

tions invoked to the data. To aggravate, there is no standard statistical pipelines to analyse

immunological data consistently and reliably in order to make different studies directly

comparable.

In this scenario, we propose a new methodology to analyse malaria antibody data. Our

working hypothesis is that a pipeline based on strong statistical principles may increase

reproducibility across studies, thus, contributing to a reliable discovery of antibodies that

promote natural protection to clinical malaria.

The paper is organised as follows: the following section presents a brief description of

the data, the methodologies used and the pipeline. The following section shows the results,

ending with the discussion, concluding remarks and future work.

4.3 Materials and Methods

4.3.1 Data

We have analyzed a prospective cohort study of 286 children conducted in Kenya (KEN)

that arbours immune profiles of ELISA-based antibody titers against 36 P.falciparum-specific

antigens. Children were monitored for clinical episodes of malaria and classified as Sus-

ceptible (Sus) (ns = 40) if they had at least one recorded episode of symptomatic malaria

(clinical disease25). Children with no clinical episode were classified as Protected (Prt)

(np = 81). Based on the article by Osier et al. [12], the analysis was performed solely on

121 children (N = ns +np ) who were infected at screening; these children had ages be-

tween 1 and 10 years old. In this way, the bias that can arise from ascertaining exposure to

infectious mosquitoes was minimised.

25Clinical disease was defined as an auxiliary temperature >37.5ºC, plus any parasitemia for children less
than 1 year, and an auxiliary temperature of >37.5ºC, plus parasitemia >2500/µl for individuals older than 1
year, during the 6-month follow-up.
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4.3.2 Measuring association

The Chi-squared (χ2) test of independence identified antibodies associated with clini-

cal protection to malaria [13]. The latter was used to determine if individuals’ seropositivity

was related to clinical protection against clinical malaria.

4.3.3 Predictive methodologies

4.3.3.1 Multiple logistic and probit regression

Logistic/probit Regressions were followed by stepwise selection (forward and backward)

to select the subset of immune responses most associated with the clinical malaria status

response variable. The Hosmer-Lemeshow (HL) test was used to evaluate the goodness-of-

fit of the estimated regressions [14]. When performing the HL test, the number of bins to

calculate quantiles was set to 10. Finally, the Akaike’s information criterion (AIC) was used

to select the best model.

4.3.3.2 Regularization strategies

Ridge, Least Absolute Shrinkage and Selection Operator (LASSO) and Elastic-Net regres-

sions were concomitantly used to predict immune signatures underlying clinical protec-

tion to malaria [15, 16, 17] using the glmnet package [18] within the R software. These

regression models apply a penalty function λ to the regression model, which reduces or

shrinks coefficient estimates towards 0, thus allowing the less-contributing covariates to

have a coefficient close to or equal to zero [19]. To obtain the λ that provided the highest

accuracy for each model, we incremented λ from 0.001 to 1 with a lag of 0.001. Then, a 10-

fold cross-validation was used to compute the model accuracy for each λ [19, 20], and the

process was repeated one hundred times. Usually, two distinct λ values are chosen when

performing the Ridge and LASSO regressions. However, when using the glmnet package,

a single λ value can be selected and a second tunning parameter called α that ranges from

0 to 1 can be set to adjust the tunning parameter. To perform the Ridge regression, α is set

to 0 while performing the LASSO regression an α equal to 1 is established. To perform the

Elastic-Net regression, we increased α from 0 and to 1 with a lag of 0.1.

4.3.3.3 Random forest

A machine learning technique known to provide good results in classification problems is

Random forest. It works by constructing multiple decision trees trained on different parts

of the same training set by a process called bagging or bootstrap aggregation [21]. The num-

ber of trees to grow and the number of predictors randomly sampled as candidates in each

split was set to default. To obtain more robust results we performed one hundred iterations

of 10-fold cross-validations.
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4.3.4 Predictive accuracy

Two measures were used to assess the accuracy of the predictive approaches: Receiv-

ing Operating Characteristic (ROC) curves and confusion matrices. The area under the

ROC curves (AUC) were utilized as a measure of the predictive model accuracy (or discrim-

ination performance) [22]. In this case, ROC curves were used to assess the antibodies’

inherent ability to predict individuals’ protection to clinical malaria. Confusion matrices

are tables used to describe the performance of a classification model on a set of data for

which the true values are known. The confusion matrix is a 2×2 table in which each cell

shows the frequency of a different combination of predicted and observed values [23].

4.3.5 Pipeline

Identification of antibody signatures associated with protection to clinical malaria was

achieved by developing, establishing and integrating a pipeline to the KEN dataset (Fig-

ure 13). This pipeline starts by ordering the individuals according to their antibody quan-

tity values and specifying each value as a possible cut-off to characterize patients as either

seropositive or seronegative. Individuals’ classified as seropositive had expression values

above the cut-off point, while seronegative individuals had expression values below. Con-

tingency tables of seropositivity against clinical malaria status were then constructed. Chi-

squared tests of independence were used to determine if antibody seropositivity was as-

sociated with clinical protection to clinical malaria. Finally, the cut-off that provided the

strongest association to protection (the cut-off with the smallest p-value) for each anti-

body was selected to characterize patients into seropositive and seronegative populations.

This process was repeated for each of all the 36 antibodies initially present in our data set.

The methodologies Logistic/Probit, Ridge, LASSO, Elastic-Net regressions, and the Ran-

dom forest were then used to construct different classifiers for clinical malaria. Finally, the

performance of each classifier was assessed by ROC curves.

All the analyses were performed using R version 4.0.4 [24] and their packages: AID[25],

caret[26], dplyr[27], ggplot2[28], glmnet[18], MASS[29], pROC[30], randomForest[31],

stats, tidyr[32]. A significance level of 0.05 was used.

4.4 Results

The analysis was performed on the 121 children who were parasite-positive at screen-

ing, in line with both the original published article [12] and by Valletta and Recker [8]. Of

the 121 children, 40 were considered susceptible, and 81 were protected against clinical

malaria. The immune profiles for these individuals consisted of 36 P.falciparum-specific

antigens taken at the start of the transmission season. Selection of immune profiles against

the the P. falciparum derives from the fact that this species is the most prevalent malaria
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Figure 13: Pipeline. The different steps of the analysis are displayed on the workflow using
distinct colored shapes. Blue color identifies the beginning of the pipeline. Green indicates
computational steps prior to and after the loop for obtaining the χ2 test p-value for each
potential cut-off (light orange). Dark orange refers to the predictive performance step and
dark grey indicates antibodies removed from the analysis. Additional information is pro-
vided by the faded light orange and dark orange-colored shapes.
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one in the African continent, home to Kenya [33].

We started by ordering the individuals according to their antibody quantity levels and

obtaining the antibody level that provided the best separation ability between the suscep-

tible and protected group of individuals. Antibodies that were not statistically significant

in the χ2 test were removed from the analysis. The antibody data were replaced by a di-

chotomized seropositive/seronegative variable for the remaining antibodies, which was

used later in the predictive performance analysis. According to our results, 28 out of 36 an-

tibodies were able to differentiate susceptible from protected individuals with a 95% con-

fidence, as seen in Table 1.

Considering the 28 antibodies, we proceeded to identify a panel of antibody signatures

that could predict individuals’ immune status to malaria. Therefore, five distinct method-

ologies: Logistic/probit, Ridge, LASSO, and Elastic-Net regressions and the Random forest

were applied. The objective was to assure that the identification of the best classifier was

not hindered by the predictive method selected. Regardless of the method used, individ-

uals’ status against malaria was used as the response variable. In contrast, the individuals

dichotomized (seronegative/seropositive) data were used as predictive variables.

Logistic and probit regressions were performed. The subsets of antibodies with the

highest association with clinical malaria were obtained by stepwise selection. Due to the

similarity of the results, we present only the Logistic regression information. Our results

showed that the best model was composed of antibodies against the msp2, msp4, msp7

msp10, pf11_0373 and pf113 antigens, with an accuracy of approximately 86% (as seen in

Figure 14A). Following this analysis, we included the variable ”Age” into this classifier as it

was statistically significant p-value <0.001; Mann-Whitney). In other words, Age was in-

corporated as a covariate owing to its statistically significant association with the outcome

variable. Therefore, it was included in the model in order to understand its effect on the

performance. According to the results, the accuracy of the classifier increased from 86%

to 90%, reflecting the contributing effect of other antibodies that were not captured by the

model (Figure 14A). Overall, our method correctly classified a total of 102 (75+ 27) individ-

uals out of the total 121 (Figure 14B). In addition, for both the logistic models with (p-value

= 0.450) and without Age (p-value = 0.9275) the p-value for the HL goodness of fit test was

above 0.05, indicating that at a 95% confidence there was not enough evidence to say that

our models were a poor fit.

Notwithstanding the predictive capability of the logistic/probit regression models, we

also decided to perform the predictive analysis using regularisation strategies. Ridge re-

gression (α = 0) was the best performing model between the three regularisation methods

utilised, reaching a predictive accuracy close to 80% whenλ ranged from 0.526 to 0.839 (Fig-

ure 15A). According to the Ridge regression model, the immune responses most associated

with the clinical malaria status were similar to the ones obtained with logistic regression,

with the antibody against the msp7 antigen appearing as the most important variable (im-
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Table 1: Patient Seroprevalence. The statistically significant results of theχ2 test for the 28
antibodies. The antibody levels that provided the best separation ability between the sus-
ceptible and protected group of individuals (Cut-off), and the proportion of seropositive
individuals for all (Total), Protected (Prt) and susceptible (Sus) children, respectively.

Antibody P-value Cut-off Total Prt Sus
msp1 0.01 0.15 0.85 0.91 0.73
msp2 <0.01 0.07 0.45 0.57 0.20
msp4 <0.01 0.13 0.86 0.96 0.65
msp5 0.02 0.09 0.56 0.64 0.40

msp10 <0.01 0.25 0.79 0.90 0.58
pf12 <0.01 0.10 0.65 0.75 0.45
pf92 <0.01 0.11 0.83 0.91 0.65
pf31 <0.01 0.07 0.61 0.72 0.40

pf113 0.02 0.05 0.74 0.81 0.60
gama <0.01 0.05 0.61 0.72 0.40
ama1 <0.01 0.16 0.74 0.84 0.53

eba175 <0.01 0.14 0.71 0.84 0.45
eba140 <0.01 0.11 0.96 1.00 0.88
eba181 <0.01 0.11 0.90 0.96 0.78
mtrap 0.01 0.05 0.85 0.91 0.73

asp <0.01 0.08 0.70 0.79 0.53
msp3 0.01 0.08 0.48 0.57 0.30
msp6 <0.01 0.12 0.78 0.86 0.60
msp7 <0.01 0.24 0.71 0.86 0.40
msrp1 <0.01 0.05 0.79 0.88 0.63
msrp3 <0.01 0.04 0.96 1.00 0.88
h101 0.03 0.05 0.74 0.80 0.60
h103 <0.01 0.07 0.50 0.60 0.28
pf41 <0.01 0.12 0.38 0.48 0.18

pff0335c <0.01 0.05 0.88 0.95 0.75
rh5 0.04 0.16 0.39 0.46 0.25

ron6 0.02 0.04 0.81 0.88 0.68
pf11_0373 <0.01 0.08 0.21 0.28 0.05
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Figure 14: Predictive performance of the best antibody signature. (A) ROC curve for
the best antibodies signature comprising only the antibodies against msp2, msp4, msp7,
msp10, pf11_0373 and pf113 antigens (red), only Age (blue) and the best antibodies signa-
tures together with Age (green). (B) Confusion matrices derived from the model built with
the best antibodies signature together with Age (Abs and Age).

portance = 100), followed by the antibody against msp4 (importance = 85) (Figure 15A).

The antibody against the msp10 antigen appeared on the fourth position (importance =

78), followed by the antibody against pf11_0373 in the fifth position (importance= 70) and

the antibody against msp2 on the eight position (importance = 64). The antibody against

Pf113 appeared well below the importance scale in the twenty-seventh position, with an

importance of just 6.64 (see Figure 15B). For a detailed explanation on how the importance

values were determined, we refer the user to the caret[26] official documentation. How-

ever, Ridge Regression kept all antibodies in the final classifier with an exception for asp.

The results for both the LASSO and Elastic-Net Regression will not be discussed here

since the main objective was to identify the method that provides the highest accuracy. To

further compare the results of the traditional regression techniques with a more complex

technique such as a machine learning model, the Random forest was used. This approach

was able to provide an accuracy of 81% (Figure 16A). Like the Ridge Regression, the Ran-

dom forest approach kept all antibodies in the final classifier except the antibody against

eba140 (Figure 16B). Even more, the immune responses most associated with the clini-

cal malaria status resembled the ones obtained by the Ridge Regression, with the antibody

against msp7 once again appearing as the most important variable (importance= 100), the

antibody against msp2 on the third position (importance= 61), the antibody against msp10

on the fifth position (importance= 54), followed by the antibody against msp4 on the sixth

(importance = 50). Interestingly the antibody against pf113, however, had more weight in
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Figure 15: Ridge Regression regularization strategy results. (A) The mean accuracy for
each regularization parameter (λ) after one hundred runs of 10-fold cross-validation are
given by a blue circle. (B) Importance of each antibody in the model

Figure 16: Random forest results. (A) The mean accuracy for each value of randomly
selected predictors when performing each tree after one hundred runs of 10-fold cross-
validation are given by a blue circle. (B) Importance of each antibody in the model

the Random forest (importance = 21) than in the Ridge Regression. Oppositely, however,

the antibody against pf11_0373 had significantly lower importance on the Random forest

(importance = 19).

4.5 Discussion

Despite tremendous efforts in the malaria field, it is still unclear which antibodies are

essential for developing immune responses that lead to clinical malaria protection [8, 12].

The inconsistent results among studies regarding which set of antibodies are responsible
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for individual-level protection to clinical malaria highlight the need for novel approaches

to analysing immunological data. Here we set to establish and implement a pipeline to

analyse immunological data in a consistent and replicable manner, thus obtaining repro-

ducible results. We hypothesise that pipelines such as the one proposed may finally help

identify clear relationships between the measured immune responses and the level of pro-

tection against malaria.

Our pipeline was able to identify an immunological classifier against clinical malaria

that reach a 86% accuracy using antibody information solely against 6 antigens (msp2,

msp4, msp7, msp10, pf11_0373, pf113). Adding ”Age” to our classifier increased its accuracy

to 90%. This reveals that there were antibody responses associated with clinical protection

to malaria that our model could not identify. While age itself does not confer protection

against malaria, older individuals are more to have been exposed to the malaria parasite,

therefore developing different antibody responses [5]. In this sense, age is a proxy of addi-

tional antibodies that the model did not capture. Nevertheless, this effect could also come

from the fact that the antibodies responsible for adding this additional explainability to the

model were not found in the dataset (due to the small number of features). Comparing our

results with the ones obtained by Valletta and Recker [8], our pipeline systematically out-

performed their approach independently of the predictive technique used. This increase

in accuracy provides clear evidence that an alternative approach to just blindly applying

a Random forest approach without any selection criterion may not be best suitable. The

benefit of doing a more thorough data analysis before applying a predictive model becomes

even more evident when we consider the performance of the Random forest technique in

our analysis, which was also used by Valletta and Recker [8]. While they obtained only a

predictive performance of 68%, we, on the other hand, obtained a predictive performance

of 86%.

Concerning the antibody panel associated with protection to clinical malaria here iden-

tified, msp2, msp4, msp7, and msp10 belong to the group of Merozoite Surface Proteins

(MSPs) [34]. The MSPs are expressed on the surface of the merozoite, providing great ther-

apeutic targets for malaria mainly because they are repeatedly and directly exposed to the

host humoral immune system [34, 35]. In fact, msp2 has been extensively associated with

protection from clinical malaria in a vast number of independent studies. As an exam-

ple, msp2 has been demonstrated to be strongly associated with protection against clinical

malaria in two independent cohorts of Kenyan children [10]. Msp4 has too been already

identified as a potential candidate component of the malaria vaccine. In a Senegalese com-

munity living in an area of moderate, seasonal malaria transmission, high antibody levels

against msp4 constructs were associated with reduced morbidity [36]. Moreover, the pro-

tective effect ofmsp4 against symptomatic malaria has been already reported in Kenyan

children on two occasions [12, 37]. On the other hand, the association between msp7 and

protection against clinical malaria in the literature is less extensive, however msp7 protec-
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tion against malaria have already been identified in the Kenyan population [37]. For the

pf113 antigen, however, the literature is more prominent. Using sera from a longitudinal

study in a cohort of Kenyan children, Osier et al. have identified 10 antigens among which

pf113 were associated with protection against clinical episodes of malaria [12]. Further-

more, several other studies refer pf113 as a promising malaria vaccine candidate [38, 39].

These findings further corroborate our results, as commonly malaria vaccine candidates

identified in other studies were also identified here. Interestingly, msp10 and pf11_0373

have not been associated with clinical malaria protection so far, as we were unable to iden-

tify a single study with such information. This evidence may suggest that there may be

antibodies associated with protection against clinical malaria that has not yet been iden-

tified. Nevertheless, further studies are necessary to validate our analysis. Immune re-

sponses commonly associated with malaria protection and often referred to as potential

vaccine candidates such as the merozoite surface protein-1 (msp1) and the apical mem-

brane antigen-1 (ama1) were not among the best predictors of clinical protection malaria

in children, none being incorporated in any of our panel of antibodies [34, 40].

These findings have already been reported in other studies, where antibodies against

msp1 and ama1 have been described to show low or no associations with protection to clin-

ical malaria [8]. These inconsistent findings further suggest the need for sturdier pipelines

that may help to increase reproducibility among studies.

4.6 Concluding remarks and future work

Although we have provided a suggestive approach here, it should be noted that this

pipeline is simplistic and will not provide the most sturdy results in every scenario. A situ-

ation where this pipeline may not perform well is if there are numerous antibodies related

to the outcome under analysis, as a large number of antibodies will be available for the pre-

dictive analysis phase. This may reduce the strength of the analysis and consequently lead

to less powerful results. One solution to overcome this problem might be to implement

correction techniques (such as Bonferroni) for multiple testing. Nevertheless, the imple-

mentation of these correction techniques remains to be done. Note that, the question of

multiple testing can also be raised for each 121 chi-squared tests when analyzing a given

antibody. However, this question can be reframed as an estimation problem where the cut-

off value that best discriminates patients from healthy control is a unknown parameter that

requires to be estimated. This idea is conceptually similar to the application of the profile

likelihood method with cut-off as an unknown parameter.

Work to improve our pipeline to be more suitable for a broader range of datasets is al-

ready ongoing. Implementation of other approaches has been considered, where we are

trying to make our pipeline more robust. We have also developed another pipeline that

relies on traditional statistical techniques after appropriate data transformation and flexi-
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ble finite mixture models for determining antibody positivity. The former has also shown

promising results. Additionally, it is worth mentioning that by proposing a methodology

to analyse antibody data instead of just identifying the exact antibody threshold, any dif-

ferences in the results may arise due to different sample handling, different sequencing

instruments, or other factors that may alter the results. As experimentally conditions are

complex to recreate, providing a value that would differentiate patients is a less sensible

strategy than providing a methodology that can systematically reproduce the findings of

the antibodies associated with antibodies in various studies.

To conclude, although promising, we propose that this pipeline should be tested in

other data sets to assess its robustness in different settings. Moreover, we believe that

pipelines such as the one presented here may allow the identification of the antibodies

that confer protection against clinical malaria in a reproducible manner. Finally, since an-

tibody data are an essential research component of any infectious disease, it is expected

that the impact of this work transverses the field of malaria.
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5.1 Abstract

Background: Nowadays, the chance of discovering the best antibody candidates for

predicting clinical malaria has notably increased due to the availability of multisera data.

The analysis of these data is typically divided into a feature selection phase followed by a

predictive one where several models are constructed for predicting the outcome of interest.

A key question in the analysis is to determine which antibodies should be included in the

predictive stage and whether they should be included in the original or a transformed scale

(i.e., binary/dichotomized).

Methods: To answer this question, we developed and implemented three approaches for

antibody selection in the context of predicting clinical malaria: (i) a basic and simple ap-

proach based on selecting antibodies via the nonparametric Mann–Whitney-Wilcoxon test;

(ii) an optimal dichotomization approach where each antibody was selected according to

the optimal cut-off via maximization of the chi-squared (χ2) statistic for two-way tables;

(iii) a hybrid parametric/non-parametric approach that integrates Box-Cox transformation

followed by a t-test, together with the use of finite mixture models and the Mann–Whitney-

Wilcoxon test as a last resort. We illustrated the application of these three approaches with

published serological data of 36 Plasmodium falciparum antigens for predicting clinical

malaria in 121 Kenyan children. The predictive analysis was based on a Super Learner

where predictions from multiple classifiers including the Random Forest were pooled to-

gether.

Results: Our results led to almost similar areas under the Receiver Operating Characteristic

curves of 0.72 (95% CI = [0.62, 0.82]), 0.80 (95% CI = [0.71, 0.89]), 0.79 (95% CI = [0.7, 0.88])
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for the simple, dichotomization and hybrid approaches, respectively. These approaches

were based on 6, 20, and 16 antibodies, respectively.

Conclusions: The three feature selection strategies provided a better predictive perfor-

mance of the outcome when compared to the previous results relying on Random Forest

including all the 36 antibodies (AUC= 0.68, 95% CI= [0.57;0.79]). Given the similar predic-

tive performance, we recommended that the three strategies should be used in conjunction

in the same data set and selected according to their complexity.

Keywords: Multivariate Serological Data; Super Learner; Statistical modelling; Malaria out-

come prediction; Random forest

5.2 Introduction

Multi-sera data, where multiple antibody targets are measured in blood samples from

the same individual, are becoming widely available in malaria research due to substan-

tial developments at the level of serological assays [1, 2, 3, 4]. This public availability has

boosted basic research on the discovery of key antibodies associated with protection to

malaria [5, 6, 7, 8, 9, 10]. It also motivated the development of serological-based algorithms

that could predict not only past exposure to malaria parasites [11, 12]but also time since the

last infection [13]. It has been suggested that these algorithms could help to design better

malaria control strategies such as the serological testing and treatment (seroTAT) approach

based on 8 antibodies for detecting Plasmodium vivax cases that should be targeted to re-

ceive an anti-hypnozoite therapy [12]. In these multi-sera studies, the total number of an-

tibody targets varied from dozens [8, 10, 13] to thousands [6, 7, 14]. This number implies

a huge computational cost for algorithms that search for the best model for the data. To

overcome this problem, a brute-force approach (where every possible combination is tried

out) is computationally feasible for no more than 5 antibody targets [8]. However, above

that number implementation of brute-force approaches is not recommended [10, 12]. This

computational drawback motivates the use of data analysis strategies that are generically

divided into an antibody or feature selection stage, followed by a predictive one, in which

several statistical or machine learning models are estimated from the data [7, 9, 10, 13, 15].

In this scenario, the initial antibody selection stage determines the predictive performance

of the models to be constructed in the following stage.

Antibody selection can be formulated as the procedure to determine which antibodies

are important to predict an outcome of interest [16, 17, 18]. However, this selection hides

the question whether data transformation, including dichotomization, should be used.

Data transformation is particularly relevant in multiplex serological assays because distinct

data distributions can emerge due to differences in the calibration curves across antibod-

ies, as demonstrated in assay-optimization studies [16, 17, 18]. Until now, antibody selec-
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tion has been carried out using only raw or untransformed [5, 6]data or seroprevalence-like

data but [10, 12]without any combination of both. Additionally, the transformation of each

antibody data is typically not considered. Therefore, current antibody selection procedures

for multi-sera data lack the flexibility to accommodate different data patterns. The current

study tackles this issue and shows that it can potentially increase the chance of obtaining

improved outcome predictions.

This paper aims at evaluating three feature selection strategies for the identification of

antibody responses that could predict clinical malaria with increased accuracy. Initially,

we implemented a basic approach where the statistical significance for the nonparamet-

ric Mann–Whitney-Wilcoxon test was obtained for each antibody comparing the protected

individuals to susceptible ones. A second strategy is also presented in which data of each

antibody is initially dichotomized using an optimal cut-off point in the antibody distribu-

tion based on the maximization of the χ2 test statistic. Finally, we introduced a general

parametric strategy for antibody selection in which a combination of transformed and di-

chotomized antibody data can be selected for the predictive phase. This strategy adds flex-

ibility to feature selection by combining the Box-Cox data transformation with well-known

parametric statistical tests.

To illustrate these three strategies, we have analyzed a published dataset on Immunoglob-

ulin G (IgG) antibody responses to 36 Plasmodium falciparum (Pf) antigens in Kenyan chil-

dren to understand protection to clinical malaria [8] and whose data analysis was previ-

ously done with Random Forest [15].

5.3 Materials and Methods

5.3.1 Data under analysis

We re-analysed published data of 121 Kenyan children (age range: 1-10 years) described

in detail elsewhere [8]. All children had a documented parasitaemia (parasite-positive) at

the time of sampling and were monitored for clinical episodes of malaria over a follow-up

period of 6 months. As in the original publication, children were considered susceptible

(Sus, ns = 40) or protected (Prt, np = 81) if they had or did not have any clinical episode

during the follow-up period. The serological data referred to individual IgG antibody re-

sponses to 36 Plasmodium falciparum antigens. These antibody responses were measured

by multiple enzyme-linked immunosorbent assays (ELISA). Detailed information about re-

cruitment, study design and experimental protocols, among other aspects of this early re-

search, can be found in the original publication [8].
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5.3.2 Preliminary antibody feature selection using Random Forest

The Random Forest (RF) works by constructing multiple decision trees trained on dif-

ferent parts of the same training set by a resampling process called bootstrap aggregation

or bagging [19]. RFs were implemented by repeatedly fitting the model to 1000 resampled

subsets of the data (100 repeats of tenfold cross-validation). For each repetition, the dataset

was divided into 10 folds, of which 9-folds were used to perform an inner tenfold cross-

validation [20]. The number of trees to grow and the number of predictors randomly sam-

pled as candidates in each split was set to default [21] (number of trees = 500; number of

predictors randomly selected = 2, 19 and 36), and the optimization criteria was maximiza-

tion of the area under the of Receiver Operating Characteristic (ROC) curve, known as AUC

[22]. Feature importance was determined by the mean decrease in accuracy [23]. Briefly,

for each tree, the prediction accuracy on the out-of-bag portion of the data was recorded.

Then, after permuting each predictor variable, the prediction accuracy on the out-of-bag

portion of the data was once again recorded. The difference between the two accuracies

was then averaged across all the generated trees, and normalized by the standard error [23].

5.3.3 Antibody selection based on non-parametric testing

The first antibody selection strategy was to select the antibodies by their statistical sig-

nificance according to the non-parametric Mann-Whitney-Wilcoxon test comparing the

protected and susceptible groups in each antibody data [24].

5.3.4 Antibody selection based on optimal data dichotomization

The second antibody selection strategy was based on a procedure in which the opti-

mal cut-off to differentiate one study group from another was estimated by maximizing

the chi-squared χ2 statistic for testing independence in two-way contingency tables, as

done elsewhere [25, 26] (Figure 17). In more detail, the values of each antibody were sorted

by increasing order and then used to divide individuals into two latent serological groups

(i.e., seronegative/seropositive individuals or high/low responders). For each value of a

given antibody, the resulting data were summarized into a two-way contingency table com-

prising the qualitative variables serological status (below/above the cut-off) and malaria

protection status (protected/non-protected). The χ2 test statistic was then calculated for

this contingency table. After repeating this procedure for all antibody values, the optimal

cut-off was selected as the value that maximized that test statistic, meaning the one that

provided the best discriminatory ability between both groups of patients. After selecting

the optimal cut-off, we calculated the respective p-value associated with the χ2 test. The

dichotomized data was then used for the predictive phase. This procedure was finally re-

peated for each of the 36 antibodies included in the dataset. Note that this procedure is
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conceptually equivalent to predict the outcome with individual decision trees using data

of each antibody separately. In this procedure, we also quantified the uncertainty around

each optimal cut-off by means of a 95% confidence interval. With this purpose, we used the

following Bootstrap algorithm in the respective calculation: (i) generate a new sample (with

the same sample size) with replacement from the observed sample of the antibody under

analysis; (ii) determine the optimal cut-off value as described above; (iii) repeat points (i)

and (ii) 1000 times and saving the respective optimal cut-off values; (iv) determine a 95%

confidence interval by calculating the empirical 2.5% and 97.5% quantiles of the Bootstrap

samples related to the estimated optimal cutoff values.

5.3.5 Antibody selection based on hybrid parametric/non-parametric approach

We adopted an alternative antibody selection approach using different parametric mod-

els or statistical tests (Figure 18). In the first step, we determined the optimal Box-Cox trans-

formation for each antibody. This transformation was sought to obtain normal distribu-

tions with homogeneous variances in both groups. We searched the best parameter of this

transformation (hereafter denoted as λ) within the interval (-4;4) by maximizing evidence

for a Normal distribution using the Shapiro-Wilk (SW) test where the null hypothesis states

that the data come from a normal distribution (with unknown parameters) [27]. A signif-

icance level of 5% was specified to assess wether the data of each antibody could follow a

normal distribution.

In the antibodies for which there was no evidence against the normal distribution, we

calculated the p-value for the t-test aiming at comparing the means between suscepti-

ble and protected groups. The remaining antibodies, for which the normality assumption

failed, were then evaluated via finite mixture models given that it is recurrent to find latent

populations in serological data [28].

Using transformed data, we estimated two-component mixture models based on Nor-

mal, Generalized t, Skew-Normal and Skew-t distributions by maximizing the likelihood

function via the Expectation-Maximization algorithm [29]. We also estimated the Gener-

alized t, Skew-Normal and Skew-t distributions to assess the evidence that the data could

come from a single non-Normal serological population beyond the ones identified by the

Box-Cox transformation. We also estimated the Generalized t, Skew-Normal and Skew-t

distributions to assess the possibility that the data could come from a single non-Normal

serological population beyond the ones identified by the Box-Cox transformation. We com-

pared all these models using the Akaike’s Information Criterion (AIC) and performed the

Pearson’s goodness-of-fit test by dividing the respective data into deciless (i.e., 10%-quantiles).

Minimization of the AIC, together with a good fit to the data, at the significance level of 5%,

was the criterion for selecting the best model. For antibodies whose data provided evidence

of two latent serological populations, we divided the individuals into two latent serological
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Figure 17: Optimal data dichotomization for antibody selection. The different steps of the
analysis are displayed on the workflow using distinct colored shapes. Blue color identifies
the beginning of the pipeline where the antibody values are sorted. Light orange identifies
the loop for obtaining the χ2 test p-values for each potential cut-off. Green indicates the
selection of the most significant cut-off. Dark orange refers to the assessment of the statisti-
cal significance of the most significant cut-off after controlling for the False Discovery Rate
(FDR) with the Benjamini-Yekutieli procedure. Red refers to the implementation of the Su-
per Learner and the computation of the classification probability. Additional information
is provided by the faded light orange and red colored shapes.
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groups using the optimal cut-off by maximization of the χ2 statistic (as described in the

previous section). In the antibodies for which there was evidence of a single latent serolog-

ical population antibody, we constructed two linear regression models using the antibody

values as the response variable. The first model comprised only the intercept (i.e., not in-

cluding any covariate), while the second model comprised the malaria protection status

as the single covariate. We then computed the p-value of the Wilks’ likelihood ratio test to

compare the two models at the significance level of 5%. The rejection of the null hypothe-

sis suggested statistically significant differences between the two models being compared.

Finally, antibodies that could not be fitted by any of the above parametric models were an-

alyzed using the Mann-Whitney-Wilcoxon test to compare the protected and susceptible

groups.

5.3.6 Correction for multiple testing

In each antibody selection strategy, all the p-values obtained were adjusted to ensure a

global false discovery rate (FDR) of 5%. This p-value adjustment was made via the Benjamini-

Yekutieli procedure under a general dependence assumption between tests [30]. All anti-

bodies whose adjusted p-values <0.05 were carried out to the next stage, the predictive

analysis.

5.3.7 Predictive Stage

When analysing data resulting from each antibody selection strategy, we adopted a

Super Learner (SL) approach to predict the malaria protection status of each individual

[31, 32]. In general, this approach aims to estimate different classifiers whose individual

predictions for each individual are combined into a pooled estimate via a weighted average

calculated by cross-validation. To construct this pooled estimator, we used the following

5 classifiers for each set of antibodies selected: logistic regression model (LRM) with main

effects only, RF, linear discriminant analysis (LDA), quadratic discriminant analysis (QDA),

and extreme gradient boosting (XGB). Note that the inclusion of RF in the SL model assem-

bly algorithm allowed the comparison of the respective results with the previous one based

on the same machine learning technique but using all the 36 antibodies as features. For the

antibodies selected by optimal dichotomization antibody selection strategy, we did not in-

clude LDA and QDA in the SL algorithm because these classifiers are more appropriate for

data containing quantitative predictors only. To assess the quality of the final predictions,

we estimated the ROC curve and its area (AUC) [22, 33]. In addition, we calculated the con-

fusion matrices where the rows and columns represented the predicted and the observed

status of the individuals, respectively [34]. The predicted values in these confusion matri-

ces were calculated using the point in the ROC curve that minimizes the distance to the

point (0,1) related to the perfect classification of the individuals, here called ROC01 crite-
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Figure 18: Parametric antibody selection. The different steps of the analysis are displayed
on the workflow using distinct colored shapes. Blue color identifies the beginning of the
pipeline where the normality assumption is verified after Box-Cox transformation. Green
refers to the calculation of the t-test statistic for those antibodies for which the normality
assumption was verified. Light orange refers to the implementation of the finite mixture
models to those antibodies on which normality assumption failed and implementation of
the different tests as according to the best fitted model, or failure to do so. Dark orange
refers to the assessment of the statistical significance after correction for the FDR with the
Benjamini-Yekutieli procedure and red to the implementation of the Super Learner and
computation of the classification probability. Additional information is provided by the
faded light orange and red colored shapes.
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rion [35]. From the standpoint of constructing a fair classifier [36, 37] we also determined

the predictive performance by the point in the ROC curve in which sensitivity (protected)

and specificity (susceptible) were equal approximately [35]. This criterion is hereafter de-

noted as SpEqualSe criterion [35].

5.3.8 Statistical Software

All statistical analyses were implemented in the R [38] version 4.3.0 using the following

packages: “AID” to perform Box-Cox transformation and to compute the respective Nor-

mality tests [39]; “caret” to construct the confusion matrices [23]; “doParallel” for parallel

processing and faster run times [40]; “dplyr” to better manipulate the data [41]; “ggplot2” to

plot the data [42]; “ggrepel" to avoid overlaid text on plots [43]; “lmtest” to perform the like-

lihood ratio test [44]; “MASS” for general analysis [45]; “mixsnsm” to estimate mixture mod-

els based on Skew-Normal and Skew-t distributions [46]; "OptimalCutpoints" to obtain the

point in the ROC curve that minimizes of the distance to the point (0,1) [35]; “pROC” to es-

timate ROC curves [47]; “sn” to perform linear regression models based on Skew-Normal

or Skew-t distributions for the residuals [48]; “SuperLeaner” to perform all the predictive

analysis [31]; “tydir” to facilitate data manipulation [49].

5.4 Results

5.4.1 Preliminary analysis based on the Random Forest approach

Initially, an RF model was implemented using all 36 antibodies as features in order to

replicate the results previously reported by Valleta and Recker [15]. We were able to repro-

duce the previously reported AUC of 0.68 (95% CI = (0.57;0.79))(Figure 19A). Looking at

the feature importance values, we concluded that all except one of the 36 antibodies were

required to achieve this predictive performance (Figure 19B). Nevertheless, a more thor-

ough analysis of the feature’s importance values reveals that several features had very low

importance values (below 20% importance) (Figure 19B). This led us to hypothesize that

removing these features could improve the model’s performance. Therefore, three distinct

filter strategies for feature selection were used.

5.4.2 Analysis based on the simple antibody selection approach

We first tested whether levels of each antibody were significantly different between sus-

ceptible and protected individuals using the Mann-Whitney-Wilcoxon test. According to

this nonparametric test, 21 out of the 36 antibodies were found statistically significant be-

fore adjusting for multiple testing. This number dropped to 6 after controlling for an FDR

of 5%: msp2, msp4, msp10, eba175, msp7, and h103 (Figure 20A). This substantial reduc-

tion in the number of significant antibodies is likely to be explained by the positive cor-
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Figure 19: Analysis of an RF using all the 36 antibodies as features. A) ROC curve and its
AUC; B) Estimated importance of each antibody in the RF
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relation among different antibodies (average Spearman’s correlation coefficient = 0.312;

Figure 20B).

We then constructed a Super Learner classifier based on the data of these 6 antibodies.

The average estimates for the AUC were 0.713, 0.703, 0.702, 0.729 and 0.728 using LRM,

LDA, QDA, RF and XGB, respectively (Figure 20C). A closer examination of the RF’s perfor-

mance (AUC= 0.729) reveals an AUC increment over its performance prior to feature selec-

tion (Figure 19A). The average weights of these classifiers were 0.089, 0.506, 0.035, <0.001,

and 0.370 in the final predictions, respectively. These weights implied an AUC of 0.719 (95%

CI = [0.615, 0.824]) for the SL predictions. Moreover, the SL predictions had a sensitivity of

0.753 and a specificity of 0.625 according to the ROC01 criterion (Figure 20D). A higher

number of protected individuals in the dataset could explain the fact that sensitivity was

estimated at a higher value than specificity. To assess the final classifier without this po-

tential selection bias, we determined the point at which the ROC sensitivity and specificity

were similar and used it to obtain a fair classification (SpEqualSe criterion). The balanced

sensitivity and specificity estimates were 0.630 and 0.625, respectively (Figure 20E).

5.4.3 Analysis based on the data dichotomization approach

In this analysis, we determined the optimal classification cut-off for each antibody ac-

cording to the χ2 statistics. The sensitivity estimates using these optimal cut-offs varied

from 0.049 (pf14_0344) to 1 (eba140, msrp3), while the specificity varied from 0.100 (msp9)

to 0.95 pf11_0373). The top 3 antibodies whose optimal cut-offs provided the sensitivity

and specificity estimates closest to perfect classification (i.e., specificity = sensitivity = 1)

were msp7 (Se=0.852, Sp=0.600), eba175 (Se= 0.827, Sp= 0.550), and msp2 (Se= 0.556, Sp

= 0.800; Figure 21A).

There were 28 out of 36 antibodies whose proportions above the optimal cut-off were

significantly different between protected and susceptible individuals at the 5% significance

level (Table 2). The uncertainty around each optimal cut-off was highly heterogenous across

these 28 antibodies. On the one extreme, the shortest 95% confidence for the optimal cut-

off was obtained for the antibodies against ron6 (95% CI = [0.04;0.11]). On the other ex-

treme, the widest 95% confidence for the optimal cut-off was obtained for the antibodies

against eba175 (95% CI= [0.10;1.81]). After controlling for an FDR of 5%, the number of sta-

tistically significant antibodies dropped to 20 (Figure 21B). The optimal dichotomization

of these antibodies was used in the predictive analysis.

The AUC of the SL-based predictions was estimated at 0.801 (95% CI = (0.709, 0.892))

(Figure 21C), which showed an improvement from the previous analysis using a non-para-

metric antibody selection. The average AUC (and weights) estimates for each classifier

were: LRM - 0.729 (<0.001), RF - 0.800 (0.973), and XGB - 0.714 (0.026). This result showed

that, notwithstanding the reasonable AUC estimates for LRM and XGB, the final predictions
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Figure 20: Simple antibody selection results. A) Statistical significance of each antibody
according to Mann–Whitney-Wilcoxon where the p-values were adjusted for an FDR of 5%.
B) Average Spearman’s correlation concerning all the 36 antibodies. C) Average AUC es-
timated for each individual model embedded in the Super Learner. D) Confusion matrix
of the predicted versus observed individual’s classification derived from the Super Learner
model using the ROC01 and E) SpEqualSe criterion.
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were basically derived from the RF classifier. Not only that, but the RF’s AUC also increased

significantly when compared to implementation using all the variables, highlighting the

value of feature selection. Moreover, note that LDA and QDA were not included in the SL

algorithm, as they are more suitable for analyzing quantitative multivariate data.

According to the ROC01, the final sensitivity and specificity were estimated at 0.753 and

0.750, respectively. These estimates were identical for the SpEqualSe criterion. In conclu-

sion, this analysis produced a combined classifier that exhibited an improved and better-

balanced predictive performance than the previous one. However, this classifier had the

disadvantage of including a higher number of antibodies comparing compared to the pre-

vious one (20 versus 6 antibodies).

5.4.4 Analysis based on the hybrid parametric/non-parametric approach

We first estimated the Box-Cox optimal data transformation and applied it to the anti-

body data. Then, we compared the protected and susceptible groups using the parametric

t-tests for two independent samples. Our findings suggested that there were 6 antibodies

whose data in each study group could be analysed by these tests after the Box-Cox transfor-

mation: asp, pf11_0373, pf14_0344, pf34, rh5, and ron6 (Figure 22A); note that, at this stage,

we did not adjust the p-values of the respective goodness-of-fit tests due to multiple test-

ing, because such adjustment would increase the evidence for the null hypothesis of these

tests. In these antibodies, the estimates for the parameter λ of the Box-Cox transformation

varied from -3.8 (ron6) to -0.78 (pf34).

The estimates suggest that the logarithmic transformation would not be the best to

reach a normal distribution. The best evidence for a Normal distribution was found for

pf34 with a p-value of 0.75 using the SW test (Figure 22A). The remaining 30 antibody data

were then analysed by fitting finite mixture models based on Normal, Generalized T, Skew-

normal, and Skew-T distributions; note that Normal and t distributions come as special

cases of the latter probability distributions. For the statistical convenience of having these

antibodies defined in terms of positive and negative values, we log-transformed the respec-

tive antibody data.

We found evidence that data from 7 antibodies could be described well by either Skew-

Normal (msp3 and h103) or Skew-t (gama, h101, msrp2, msrp3, and pf10_0323) distribu-

tions (Table 3). In this case, the comparison between study groups was made via regression

models using these distributions for the errors. Except for the antibodies against pf92 and

ama1, data of the remaining antibodies were best described by a mixture of two Normal

distributions (4 antibodies), two Skew-Normal distributions (16 antibodies) or two Skew-t

distributions (1 antibody; see Table 3).

The best fit of these mixture models was obtained for the antibody against pf113 using

a two-component Normal mixture model (p = 0.73, Pearson’s goodness-of-fit test; Table
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Figure 21: Optimal data dichotomizations antibody selection results. A) Sensitivity ver-
sus specificity plot for each antibody according to the cut-off that maximized the Pearson’s
χ2 statistic. B) Statistical significance of each antibody following p-value correction using
the Benjamini-Yekutieli procedure. C) AUCs for the individual models: Logistic regression
(LRM), Random Forest (RF) and XGBoost (XGB) embedded in the Super Learner; and the
overall AUC provided by the Super Learner. D) Confusion matrix of the predicted versus ob-
served individual’s classification derived from the Super Learner model using the ROC01/
SpEqualSe criterion (results were the same).
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Table 2: Results from the 28 antibodies deemed significant by the data dichotomization
approach. The antibody levels that maximized the separation between the susceptible and
protected group of individuals (Cut-off) and the proportion of seropositive individuals for
all (Total), Protected (Prt) and susceptible (Sus) children, respectively.

Antibody P-value Cut-off (95% CI) Total Prt Sus
msp1 0.01 0.14 (0.04;0.99) 0.85 0.91 0.73
msp2 <0.01 0.07 (0.04;0.34) 0.45 0.57 0.20
msp4 <0.01 0.13 (0.10;1.36) 0.86 0.96 0.65
msp5 0.02 0.09 (0.06;0.23) 0.56 0.64 0.40

msp10 <0.01 0.25 (0.11;1.57) 0.79 0.90 0.58
pf12 <0.01 0.10 (0.07;0.45) 0.65 0.75 0.45
pf92 <0.01 0.11 (0.05;1.32) 0.83 0.91 0.65
pf34 <0.01 0.07 (0.05;0.15) 0.61 0.72 0.40

pf113 0.02 0.05 (0.04;0.13) 0.74 0.81 0.60
gama <0.01 0.05 (0.04;0.11) 0.61 0.72 0.40
ama1 <0.01 0.16 (0.04;1.09) 0.74 0.84 0.53

eba175 <0.01 0.14 (0.10;1.81) 0.71 0.84 0.45
eba140 <0.01 0.11 (0.11;1.55) 0.96 1.00 0.88
eba181 <0.01 0.11 (0.09;1.46) 0.90 0.96 0.78
mtrap 0.01 0.05 (0.04;0.12) 0.85 0.91 0.73

asp <0.01 0.08 (0.07;0.15) 0.70 0.79 0.53
msp3 0.01 0.08 (0.04;0.30) 0.48 0.57 0.30
msp6 <0.01 0.12 (0.10;0.32) 0.78 0.86 0.60
msp7 <0.001 0.24 (0.10;1.27) 0.71 0.86 0.40
msrp1 <0.01 0.05 (0.05;0.22) 0.79 0.88 0.63
msrp3 <0.01 0.04 (0.04;0.10) 0.96 1.00 0.88
h101 0.03 0.05 (0.04;0.11) 0.74 0.80 0.60
h103 <0.01 0.07 (0.04;0.24) 0.50 0.60 0.28
pf41 <0.01 0.12 (0.04;0.53) 0.38 0.48 0.18

pff0335c <0.01 0.05 (0.04;0.35) 0.88 0.95 0.75
rh5 0.04 0.16 (0.09;0.25) 0.39 0.46 0.25

ron6 0.02 0.04 (0.04;0.11) 0.81 0.88 0.68
pf11_0373 <0.01 0.08 (0.05;0.14) 0.21 0.28 0.05
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2). For these antibodies, we assumed the existence of a seronegative and a seropositive

population. We dichotomized the respective data using the optimal cut-off by maximiza-

tion of the χ2 test statistic. Data of the antibodies against pf92 and ama1 could not be fit-

ted by either Normal distribution after Box-Cox transformation or using the above mixture

models. Therefore, we used the Mann-Whitney-Wilcoxon test as the last resort statistical

test to compare the protected and susceptible groups. Thus, comparing the protected and

susceptible groups using the different tests led to 25 significant antibodies before apply-

ing a multiple testing correction This number decreased to 16 after ensuring an FDR of

5%. These antibodies were found to be significant by the Wilks likelihood ratio test (msp3,

msrp3 and h103), the χ2 test (eba175, eba181, msp2, msp4, msp6, msp7, msp10, msrp1,

pf12, pf41, pff0335c) and the Mann-Whitney-Wilcoxon test (pf92, ama1) (Figure 22B). In the

predictive analysis, data of each antibody were included in the SL approach according to

the suggested scale by the antibody selection procedure: log-transformed data for antibod-

ies coming from the Wilks’ likelihood ratio test, dichotomized seropositive/seronegative

data for antibodies coming from the χ2 test, and the original scale for the pf92 and ama1-

related antibodies coming from the Mann-Whitney-Wilcoxon test.

Before obtaining the combined predictions, we checked each individual classifier’s per-

formance. The average AUC were 0.756, 0.807, 0.768, 0.656 and 0.643 using LRM, RF, LDA,

QDA, and XGB, respectively. Therefore, the best individual classifier was the RF. The average

weights of these classifiers were 0.021, 0.912, 0.0132, 0.053, and 0 in the final predictions,

respectively, resulting in an AUC of 0.79 CI= (0.7, 0.879)) According to the ROC01 criterion,

the sensitivity and specificity were estimated at 0.703 and 0.750, respectively (Figure 22C).

Moreover, based on the ROC curve, the best balance between these quantities was obtained

for a sensitivity and a specificity of 0.716 and 0.725, respectively (Figure 22D).

5.5 Discussion

Multi-sera data, where thousands of antibody targets are simultaneously measured,

can increase the chance of discovering the antibodies responsible for natural protection

against malaria or the antibodies that can be used to detect previously exposed individu-

als to malaria parasites [50, 51, 52]. Nonetheless, this type of data brings novel challenges

[53, 54]. One of the main drawbacks when dealing with this type of data is the difficulty

of identifying the relevant features for the task at hand. Among the thousands of features

screened, most will be irrelevant or redundant and will negatively impact the predictive

ability of a predictive model [55]. Not only that, trying to fit a predictive model to these

many features increases the computational complexity and cost, reduces the model gen-

eralization ability, and affects the explainability of the model [54]. To overcome these lim-

itations, feature selection strategies have been proposed, where the aim is to identify and

remove all the irrelevant features so that the learning algorithm focuses only on those fea-
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Figure 22: Hybrid antibody selection results. A) P-values for the SW normality test (y-axis)
after Box-Cox transformation with the respective lambda (x-axis). B) Statistical significance
of each antibody following p-value correction using the Benjamini-Yekutieli procedure. D)
Confusion matrix of the predicted versus observed individual’s classification derived from
the Super Learner model using the ROC01 and D) SpEqualSe criterion.
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Table 3: Mixture Model results Results from the analysis of 28 antibodies based on finite
mixture models where AIC and GOF denote the Akaike’s information criterion and Pear-
son’s goodness-of-fit test, respectively.

Antibody Best Mixture Model Nº Components AiC P-value(GOF)
eba140 Skew Normal 2 23.92 0.32
eba175 Skew Normal 2 33.29 0.03
eba181 Skew Normal 2 42.9 0.03
gama Skew-t 1 -272.19 0.24
h101 Skew-t 1 -230.91 0.33
h103 Skew Normal 1 -41.91 0.72
msp1 Skew Normal 2 23.35 0.26

msp10 Normal 2 71.52 0.07
msp2 Skew Normal 2 -24.09 0.43
msp3 Skew Normal 1 1.46 0.32
msp4 Skew Normal 2 76.23 0.04
msp5 Normal 2 -71.25 0.33
msp6 Normal 2 -168.02 0.35
msp7 Skew Normal 2 46.11 0.16
msp9 Skew Normal 2 -10.75 0.53
msrp1 Skew-t 2 -89.1 0.06
msrp2 Skew-t 1 -122.32 0.12
msrp3 Skew-t 1 -283.83 0.02
mtrap Skew Normal 2 -213.58 0.13

pf10_0323 Skew-t 1 -344.51 0.62
pf113 Normal 2 -139,5 0,73
pf12 Skew Normal 2 -33,29 0,24
pf38 Skew Normal 2 99,41 0.05
pf41 Skew Normal 2 35.96 0.10

pff0335c Skew Normal 2 4.83 0.04
rama Skew Normal 2 -153.54 0.32

rhoph3 Skew Normal 2 -152.73 0.02
tlp Skew Normal 2 -426.93 0.02
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tures of the training data useful for prediction [53]. This leads to not only a simpler in-

terpretability, as when a small number of features is selected, their biological relationship

with the target disease is more easily identified, but also a lower computational cost and

increased accuracy, stemmed from reducing the chance of overfitting [54, 56]. Therefore,

feature selection before the implementation of a predictive model is strongly advocated

[57]. Amongst the different feature selection approaches, here we opted for the use of fil-

ter methods [53, 56, 57]. These rely on statistical measures (e.g p-value, correlation coeffi-

cient), and their application precedes the predictive phase, thus being independent of any

predictive model [56, 57]. For this reason, they are usually very fast to implement. Here we

will discuss the advantages and drawbacks of the distinct filter methods employed in each

proposed methodology. The simple approach relying on the Mann-Whitney Wilcoxon test

for feature selection is the most scalable approach for larger datasets among the ones here

proposed. It is the most straightforward and fastest approach to implement, making it a

very good tool for those looking for a low-complexity model when conducting a classifi-

cation task. Moreover, given its ranking intrinsic nature, this strategy represents the best

option to achieve reproducible results [24]. Nevertheless, its low statistical and computa-

tional complexity comes at a cost since this oversimplistic feature selection approach led

to a lower predictive performance when compared to the other strategies, as demonstrated

in this study.

The best predictive performance was obtained from the feature selection strategy based

on data dichotomization. This performance contradicts the general expectation of losing

statistical information every time one analyses dichotomized data [58, 59, 60]. However,

in serological data analysis, one typically expects the existence of a single latent seroneg-

ative population and a single latent seropositive population in a given antibody distribu-

tion [28, 61, 62]. These populations can be conceptually interpreted as noise and signal

of genuine antibody responses to a given antigen, respectively. In this scenario, data di-

chotomization is a natural way to separate noise from a true biological signal. In other

words, data dichotomization comes naturally if one intends to eliminate the effect of noise

in the respective data analysis. The original study reported that the seroprevalence varied

from 5 to 96% in the dataset analyzed [9]. Hence, all the antibodies contained some degree

of noise in the respective data and the presence of such a noise across multiple antibod-

ies is a likely explanation for the best performance of this feature selection method in the

dataset analyzed. In the same line of thought, we speculate that a better predictive perfor-

mance using this feature selection strategy could not be achieved due to a possible overlap

between seronegative and seropositive populations. The detailed exploration of this point,

although interesting, was beyond the scope of the present study. The data dichotomization

approach also showed a great practical advantage due to its simple computational imple-

mentation. However, the performance of this approach might be dependent on the uncer-

tainty around the optimal cut-off for each antibody. As demonstrated by our analysis, this
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uncertainty varied substantially from one antibody to another. Such a variation is likely

to be explained by not only a relatively small sample size of the original study but also the

ratio between the proportions of susceptible and resistant individuals. Thus, the cut-offs

here reported should be used with caution. Ideally, they should be confirmed with a larger

data set where there is a good balance between susceptible and resistant individuals.

Notwithstanding being more complex from a statistical standpoint, our hybrid approach

provides a more comprehensive analysis of the data. In this approach, feature selection

is made on the basis of data transformation and dichotomization via mixture modelling,

thus accommodating different data patterns. However, this feature selection strategy is ex-

pected to increase the computational time dramatically as the number of antibodies under

analysis increases. The computational implementation in user-friendly packages is also

not trivial in relation to the other feature strategies applied in this study. Finally, this fea-

ture selection strategy is based on complex statistical models such as finite mixture models

related to Skew-Normal distributions. In this scenario, this strategy seems less appealing to

the malaria research community where, despite the efforts to improve mathematical mod-

elling capacity, the availability of qualified staff with statistical and machine learning skills

remains scarce. Therefore, the use of simple filter methods seems a more viable solution at

the moment, especially, when it comes to analyzing data featuring thousands of antibod-

ies. Such a case is seen in Proietti et al. [7] where antibodies with a p-value <0.01 for the

univariate logistic regression were selected after Bonferroni correction followed by sparse

partial least squares discriminant analysis (sPLS-DA) and Support Vector Machine (SVM).

Another example is the use of the Spearman’s correlation coefficient to remove highly cor-

related antibodies prior to the implementation of the RF presented by Valletta and Recker

[15].

A significant disadvantage of filter methods is the inability to detect complex relations

between multiple features and the outcome of interest, which generally translates into

poorer results in the predictive phase [56, 57]. Thus wrappers or embedded methods are

more appealing. Wrappers are created around a particular classifier and rely on the classi-

fier’s information concerning feature relevance [56, 57]. For this reason, the computational

effort they require is usually significant, becoming unusable when thousands of features

are considered. Therefore, wrappers are often avoided, and their implementation for fea-

ture selection in malaria is scarce [8]. A more attractive approach are embedded methods

that use the core of a classifier to establish a criterion to rank features [53, 56]. Embedded al-

gorithms perform feature selection during the classifier training procedure while optimiz-

ing the feature set used to achieve the best accuracy. Therefore, they are less computation-

ally costly than wrappers while still dealing with the complex interactions between multi-

ple features and the outcome [53, 56]. Examples of embedded feature selection methods

intending to unveil antibody immune signatures in malaria are described in the literature.

Aitken et al.[63] used an elastic net-regularized logistic regression for antibody selection
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followed by a partial least squares discriminant analysis to find a minimal set of antibodies

that accurately classified the individuals under analysis. Helb et al. [13] used a hierarchical

criterion for feature selection, where a combination of embedded and filter methods was

performed before the implementation of a Super Learner for predicting past exposure to

malaria. Here, the Least Absolute Shrinkage and Selection Operator (LASSO) regression

was initially used to select one third of the responses. Then, using variable importance

measures from Random Forest regression they iteratively selected the best responses which

were than ranked by Spearman correlation’s p-values [13]. Although not implemented here

due to the relatively small number of features, we envision that embedded feature selection

approaches will be more useful in datasets in where the number of antibody responses ex-

ceeds the number of observations, as already seen in a study from Mali [14]. A forthcoming

research study will investigate this solution and its impact on variable selection.

Alternative approaches to feature selection techniques for identifying the optimal an-

tibody combinations for the task at hand have also been proposed [10, 12]. These rely on

simulated annealing algorithms that efficiently explore the vast space of feature combina-

tions and thus identify the optimal feature combination solution given a fixed number of

features defined by the user [10]. Whether this approach is preferable over feature selection

techniques is an interesting discussion topic for future work.

Concerning our predictive analysis, we adopted a SL approach. The reasoning for this

relied on the fact that by combining the individual predictions of each individual classi-

fier, the SL avoids the bias created by manually choosing the best-fitting model procedure

and often provides better results than each individual classifier [31, 32]. This is achieved

through cross-validation, where the algorithm selects the weights used to combine the

initial set of candidate models and then makes predictions based on the weighted aver-

age of estimates from each model [31, 32]. However, this was not always the case, as the

RF classifier alone tended to provide better predictions than the SL. Given that RF is an

embedded method, it performs feature selection during the classifier training procedure

and thus we speculated that the removal of further features could be behind this increased

performance [20, 64]. Nevertheless, our validation analysis revealed that regardless of the

strategy chosen for feature selection, nearly all features were important for classification

purposes. This highlights the filter strategy’s ability to identify the most relevant features.

This avoided any additional feature removal by the embedded model, including the Super

Learner classifier allowing for more consistent results. However, this issue should be ad-

dressed in cases where the Super Learner comprising embedded methods is implemented

after a feature selection phase, such as done in Helb et al [13], as further feature removal

might occur without the user’s knowledge which may affect the interpretability of the re-

sults. Hence the slight decrease in the SL performance is expected to be explained by the SL

attempt to correct for a possible overfitting to the data when using RF. In this sense, these

results should raise awareness concerning analysis where only RF is considered for predic-
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tive purposes, as it may lead to overfitting. Thus, the implementation of techniques such as

the SL may provide more consensual results across the classifiers chosen for the predictive

stage.

Comparing our results with the previous ones by Valletta and Recker [15] revealed an

increase in the prediction ability of up to 14% in the best-case scenario. Not only that,

but feature selection also increase the RF’s predictive ability compared to the one obtained

by the same authors, an increase that ranged from 5% in the worst-case scenario (sim-

ple antibody selection) to 12% in the best-case scenario (data dichotomization selection).

These results further emphasize the impact of feature selection prior to predictive analy-

sis. On the one hand, this step removes antibody responses with negligible effect on clini-

cal malaria. On the other hand, this stage decreases the number of features allowing for a

more thorough feature analysis increasing the chance of finding the right transformation

and dichotomization for each antibody response.

Concerning the antibodies identified, we found that the antibody responses against dif-

ferent Merozoite Surface Proteins (MSPs) were consistently selected across the different

feature selection strategies. These proteins are expressed at the parasite surface, thus, pro-

viding promising targets for malaria immunity because they are repeatedly and directly

exposed to the host humoral immune system [7, 8]. In particular, msp2 has been associ-

ated with protection from clinical malaria in many studies and even suggested as a vaccine

candidate [9, 10, 11, 12]. For example, msp2 has been strongly associated with protection

against clinical malaria in two independent cohorts of Kenyan children [13]. Msp4 has also

been reported to have a protective effect in Kenyan children [4, 18]. Additionally, high an-

tibody levels against msp4 constructs have been associated with reduced morbidity in a

Senegalese community [16]. Msp7 protection against malaria has also already been iden-

tified in the Kenyan population [18, 17]. Moreover, panels of antibodies comprising msp7

have been associated with clinical protection against malaria in Kilifi, a rural district along

the Kenyan coast [14]. In the same article, high antibody levels against the Erythrocyte-

binding antigen-175 (eba175) antigen were also associated with protection from clinical

malaria in children [14]. Moreover, eba175 is associated with protection from symptomatic

malaria, as demonstrated in Papua New Guinean children [15]. These findings corroborate

the ability of our methodologies to identify relevant antibodies associated with protection

to malaria. Interestingly, however, msp10 and h103 have not been associated with clini-

cal malaria protection. This evidence suggests that there are antibodies associated with

protection against clinical malaria that have not yet been identified. Nevertheless, further

studies are necessary to validate our findings. Finally, none of our feature selection metrics

selected msp1, an immune response commonly associated with malaria protection and

often referred to as a potential vaccine candidate. Similar findings have been reported in

other studies, where msp1 has been described to show low or no associations with expo-

sure or protection to clinical malaria [13, 15]. These inconsistent findings further suggest
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the need for constructing robust strategies for feature selection that could help to increase

reproducibility among studies.

At this moment, the pipelines are implemented in the free R software whose scripts are

publicly available for consultation and improvement. However, current implementation of

the pipelines is not in the form of a stand-alone and easy-to-use package. The respective

adaptation to other datasets or the deployment of the tools here developed to malaria en-

demic countries might require the intervention of R experts to modify the available scripts.

The requirement of this specific expertise might limit the applicability of these computa-

tional tools in many malaria-endemic regions with poor human resources. Therefore, set-

ting the computational implementation of these and other tools as a top priority is likely

to help in the clinic and contribute to the development of new therapeutics and a better

malaria management and control.

5.6 Conclusion

In summary, we have implemented feature selection strategies to analyze multiple an-

tibody data. These were developed with the idea of coupling classical, traditional statistical

techniques for variable selection with popular machine learning techniques for predictive

analysis. Considering the transformation of each antibody data individually these strate-

gies represent a more flexible approach to accommodate different data patterns than those

commonly described in the literature. Overall, these methodologies led to an improved

classification over previous analysis based on the use of the RF alone, highlighting their

potential to integrate future multi-sera pipelines.
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6.1 Abstract

People with myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS) often re-

port a high frequency of viral infections and flu-like symptoms during their disease course.

Given that this reporting agrees with different immunological abnormalities and altered

gene expression profiles observed in the disease, we aimed at answering whether the ex-

pression of the human angiotensin-converting enzyme 2 (ACE2), the major cell entry re-

ceptor for SARS-CoV-2, is also altered in these patients. In particular, a low expression of

ACE2 could be indicative of a high risk of developing Covid-19. We then performed a meta-

analysis of public data on CpG DNA methylation and gene expression of this enzyme and its

homologous ACE protein in peripheral blood mononuclear cells and related subsets. We

found that patients with ME/CFS have decreased methylation levels of four CpG probes

in the ACE locus (cg09920557, cg19802564, cg21094739, and cg10468385) and of another

probe in the promoter region of the ACE2 gene (cg08559914). We also found a decreased

expression of ACE2 but not of ACE in patients when compared to healthy controls. Ac-

cordingly, in newly collected data, there was evidence for a significant higher proportion

of samples with an ACE2 expression below the limit of detection in patients than healthy

controls. Altogether, patients with ME/CFS can be at a higher Covid-19 risk and, if so, they

should be considered a priority group for vaccination by public health authorities. To fur-

ther support this conclusion, similar research is recommended for other human cell entry

receptors and cell types, namely, those cells targeted by the virus.

Keywords: Myalgic encephalomyelitis/Chronic fatigue syndrome; SARS-CoV-2; ACE2; Gene

expression; DNA methylation

6.2 Introduction

Myalgic encephalomyelitis/Chronic fatigue syndrome (ME/CFS) is a multifactorial and

complex disease characterised by two key symptoms: (1) persistent but unexplained fa-

tigue that is not alleviated by rest; and (2) post-exertional malaise upon minimal physical

or even mental effort [1, 2]. Although its cause remains unknown, a growing body of ev-

idence strongly associates ME/CFS with several microbial and viral infections, as poten-

tial triggering factors [3, 4]. In addition, it is currently hypothesised that reactivations of

dormant viral infections also play a role [5, 6] due to several immunological abnormalities

[7, 8, 9]. On the molecular basis of the disease, peripheral blood mononuclear cells (PBMCs)

have altered gene expression profiles [10], including a decreased abundance of the human

angiotensin-converting enzyme 2 (ACE2) [11], the main receptor of the severe acute respi-

ratory syndrome coronavirus-2 (SARS-CoV-2) for cell invasion [12, 13, 14]. Altogether, this

evidence raises the question about the Covid-19 risk in patients with ME/CFS.
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As basic information, ACE2 is encoded by the X-linked ACE2 gene whose expression

is predominant in the lungs, heart, skin, and kidneys [15, 16, 17, 18]. Its expression can

also be detected in monocytes [19] and activated macrophages [20]. However, the per-

centage of ACE2-expressing cells is below 5% in the main immune-cell populations [20].

Accordingly, current RNA-Seq studies suggest a residual ACE2 expression in PBMCs from

healthy controls [18]. ACE2 has an amino-acid sequence identity of 41% with its homol-

ogous angiotensin-converting enzyme (ACE) [21]. This sequence similarity increases to

61% at the nucleotide level [21]. The enzymes ACE and ACE2 are members of the renin-

angiotensin-aldosterone system (RAAS), which regulates blood pressure and vascular re-

sistance [22]. In particular, ACE and ACE2 have vasoconstriction and vasodilation effects,

respectively. Given this counteracting effect, high ACE:ACE2 ratios are possible indicators

of severe Covid-19 outcomes, linked to increased reactive oxygen species (ROS) produc-

tion, vasoconstriction, and inflammation [23].

To answer our research question, we performed a meta-analysis of public DNA methy-

lation and gene expression data of ACE2 and ACE in PBMCs. Similar study was conducted

on the DNA methylation pattern of ACE2 in the same cell type from patients with systemic

lupus erythematosus [24], an autoimmune disease whose symptoms overlap with the ones

from ME/CFS [25]. To complement our findings, we also compared the mRNA levels of

these two genes in PBMCs from a new cohort of female patients with ME/CFS and healthy

women.

6.3 Materials and methods

6.3.1 Eligible diagnostic criteria of ME/CFS

In our meta-analysis, we selected public data from studies using either the 1994 US

Center for Disease Control and Prevention criteria (CDC-1994) [1] or the 2003 Canadian

Consensus Criteria (CCC-2003) [2] for the disease diagnosis. These criteria are defined by

the presence of several key symptoms while excluding known medical conditions (i.e., mul-

tiple sclerosis or lupus) that can also explain fatigue. The choice of using these two criteria

for study selection complies with the research standards set by the European Network on

ME/CFS [26].

6.3.2 Analysis of published DNA methylation association studies

Our meta-analysis was based on six genome-wide DNA methylation association stud-

ies (Table 4), four of which [27, 28, 29, 30] were previously reviewed [31], and other two

published after this review [32, 33]. Briefly, these studies aimed at identifying differentially

methylated CpG dinucleotide sites between patients and healthy controls. Illumina methy-

lation arrays were used to measure the respective DNA methylation levels with the excep-
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tion of a single study (Table 4). In this study, the measurements were made by the reduced

representation bisulfite sequencing [33].

Table 4: DNA methylation studies. Summary of the six DNA methylation studies under
analysis.

Reference Sample type
ME/CFS patients Healthy

controls, n
Technology (manufacturer)

NCBI GEO
Accession numbern Sample characteristics Case definition

[27] CD4+ T cells 25
Female/male adults
Mean age: 50 years old
Mean BMI: not reported

CDC-1994 18
Infinium HumanMethylation450K

Array (Illumina)
NA

[28] PBMC 12
Female adults
Mean age: 41 years old
Mean BMI: 23 kg/m2

CDC-1994 &
CCC-2003

12
Infinium HumanMethylation450K

Array (Illumina)
GSE59489

[29] PBMC 49
Female adults
Mean age: 50 years old
Mean BMI: 23 kg/m2

CDC-1994 &
CCC-2003

25
Infinium HumanMethylation450K

Array (Illumina)
GSE93266

[30] PBMC 13
Female adults
Mean age: 50 years old
Mean BMI: 26 kg/m2

CDC-1994 &
CCC-2003

12 Methylation EPIC Array (Illumina) GSE111183

[32] T lymphocytes 61
Female/male adults
Mean age: 32 years old
Mean BMI: 27 kg/m2

CDC-1994 &
CCC-2003

48
Infinium HumanMethylation450K

Array (Illumina)
GSE156792

[33] PBMC 10
Female/male adults
Mean age: not reported
Mean BMI: not reported

CCC-2003 10
Reduced representation

Bisulfite sequencing
GSE153667

With respect to the exclusion criteria, one study excluded individuals who were taking

beta-blockers or ACE inhibitors [30]. Three studies excluded participants who were treated

with immunomodulatory effects or affecting the underlying DNA methylation levels at the

time of data collection [28, 29, 32].

In four of the published DNA methylation studies, patients and healthy controls were

matched for age, gender, and body mass index (Table 4) [28, 29, 30]. In two other studies,

the matching was only based on age and gender [27, 33]. Ethnicity was also used for further

matching [30, 32] or the same matching could be assumed in studies that only recruited

white females [28, 29]. The DNA methylation levels were quantified in CD4+ T cells [27],

PBMCs [28, 29, 30, 33], and T lymphocytes [32].

We conducted a joint analysis of the four array-based studies which made the data avail-

able [28, 29, 30, 32]. We first retrieved the data from all the CpG probes located in the coding

regions and the transcription starting sites (TSS) of ACE and ACE2, respectively. We then

restricted our data analysis to the 27 probes shared between the Infinium HumanMethyla-

tion450K and the Infinium HumanMethylationEPIC arrays (Supplementary Table 1).

Before conducting the statistical analysis itself, we checked whether (1) the selected

probes showed a high probability of detection, (2) they were not cross-reactive with other

genomic regions, and (3) they were not affected by single nucleotide polymorphisms (SNPs)

with high minor allele frequencies [34]. In the latter criterion, the SNPs included in the se-

lected probes had a minor allele frequency less than 5% in Europeans and North Americans

(Figure 23A; Supplementary Table 2) referring to the sampled populations of the studies. All

probes passed the remaining basic quality control checks.
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Figure 23: DNA methylation analysis of 19 and 8 CpG probes located in the ACE and ACE2
genes, respectively. DNA methylation analysis of 19 and 8 CpG probes located in the ACE
and ACE2 genes, respectively. (A) Minor allele frequency in European and North American
populations of SNPs located in the probes under analysis (see the respective data in Sup-
plementary Table 2). (B) Boxplot of all possible Pearson’s correlation coefficients (y axis)
between the M-values of the probes under analysis. Horizontal dashed line represents the
situation of lack of correlation. (C) Adjusted p-values for the overall association between
each probe and ME/CFS. Adjusted p-values were calculated according to the Benjamini-
Hochberg procedure with a false discovery rate of 5% (dashed line). Grey areas in the plots
represent the TSS of the genes. (D) and (E) The same analyses as shown in C but for women
and men separately.
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We analyzed the M-values of a given probe instead of the respective β-values to ensure

a good approximation of the Normal distribution to the data [35]. Briefly, the β-values

were calculated as the proportion of the methylation signal relative to the total signal for a

given probe. The M-values were finally obtained by applying a logit transformation to the

β-values.

To analyze the M-values of each probe, we initially estimated a linear regression model

where the respective covariates were the study indicator and the disease status of the par-

ticipants. In this model, we included the main effects of the covariates and the interaction.

The model parameters were then estimated by the maximum likelihood method. Note that

the main effect of the disease status is usually seen as the pooled effect of this covariate

across all studies, as done in meta-analysis.

We then simplified the model using a backward stepwise procedure based on Akaike’s

information criteria. Since the effect of the study indicator was significant for the data of

each probe, we tested the association between ME/CFS and a given probe using a likeli-

hood ratio test. In this test, we compared the model including the study indicator only

with the best model including that covariate and the one associated with disease status

(i.e., either the model only including the main effects or the model including both main

effects and the interaction term).

To control for multiple testing, we adjusted the raw p-values using the Benjamini-Hochberg

procedure [36]. This adjustment ensured a false discovery rate of 5% under the assumption

of independent tests. Pearson’s correlation coefficient was used to check the validity of this

assumption (Figure 23B).

We also repeated the same association analysis for women and men separately. Note

that three studies only recruited women [28, 29, 30] while the remaining study recruited

both men and women [32]. In the latter study, there was no information available about

the gender of each participant. In this case, we estimated this missing information using

the function getSex of the R package minfi applied to the genome-wide DNA methylation

data [37]. The resulting frequencies of men and women matched with those reported in

the original study.

In the women-specific analysis, we performed the same association analysis as described

above. In the men-specific analysis, we compared a linear regression model with the dis-

ease status as the single covariate against another model without that covariate, when analysing

data from each probe. The comparison was done by the likelihood ratio test whose p-values

were then adjusted for multiple testing in the same way as described above.

Finally, for the study which did not share the respective data [9], we checked whether

the reported differentially methylated CpG probes were located in either ACE or ACE2 (see

Table 4 from this study). We did the same for the study based on the reduced representation

bisulfite sequencing technology [33] (see the Supplementary files from this study).
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6.3.3 Analysis of gene expression studies

Our meta-analysis of gene expression studies was focused on eight reports using mi-

croarray technology (Table 5) [11, 38, 39, 40, 41, 42, 43, 44]. These studies complied with the

Minimum Information about a Microarray Experiment (MIAME) standard [45] and, there-

fore, they were considered to have sufficient quality for their inclusion in the meta-analysis.

In particular, these studies normalized the data which ensured comparability between dif-

ferent samples and between different measurements of the same genes.

Table 5: Microarray-based gene expression.Summary of the 8 microarray-based gene ex-
pression studies under analysis, ordered by the year of publication.

Reference Sample type
ME/CFS patients Healthy

controls, n
Technology

(manufacturer)
ACE/ACE2
available

Data availability
(NCBI GEO

Assession number)
n Sample characteristics Case definition

[38] PBMC 5
Female adults
Mean age: 42 years old
Mean BMI: not reported

CDC-1994 5
Atlas Glass

Human 3.8 I Microarray
(BD Biosciences Clontech)

No/No No (NA)

[39] PBMC 25
Female/male adults
Mean age: 41 years old
Mean BMI: not reported

CDC-1994 25
Custom microarray

(Nimblegen)
Unclear No (NA)

[40] Whole blood 25
Female/male adults
Mean age: 43 years old
Mean BMI: not reported

CDC-1994 50

GeneChip
Human Genome

U133 Plus 2.0
(Affymetrix)

Yes/Yes No (NA)

[41] Whole blood 11
Female/male adults
Mean age: 34 years old
Mean BMI: 20.3 kg/m2

CDC-1994 11
Custom

microarray (NA)
Yes/No Yes (NA)1

[42] Muscle biopsies 4
Female/male adults
Mean age: 45/37 years old
Mean BMI: not reported

CDC-1994 5
Operon V2.0

(CRIBI
University of Padova)

Yes/Yes No (NA)

[43] PBMC 8
Male adults
Median age: 36 years old
Mean BMI: not reported

CDC-1994 7
GeneChip

Human Genome
U133 (Affymetrix)

Yes/Yes Yes (GSE14577)

[11] PBMC 37
Female/male adults
Mean age: 51 years old
Mean BMI:29.4 kg/m2

CDC-1994 25
MWG 20K

human Array
(Biotech MWG)

Yes/Yes No (NA)

[44] PBMC 33
Female/male adults
Mean age: not reported
Mean BMI: not reported

CDC-1994 21
GeneChip

Human Gene
ST (Affymetrix)

Yes/No No (NA)

1Data shared as a supplementary file in the online version of the study.

Gene expression of these studies was performed in PBMCs (5 studies), whole blood (2

studies) and muscle biopsies (one study). One study excluded participants who were taking

any regular medication [45]. Another study reviewed the medications taken by the partic-

ipants [11]. However, it was unclear which medications were considered as a part of the

exclusion criteria. A third study reported that healthy controls were free from any medica-

tion at the time of sampling [41].

Three additional studies using microarray technology [46, 47, 48] were excluded from

our meta-analysis due to unclear or ineligible case definitions of ME/CFS. We also excluded

four RNA-seq studies [49, 50, 51, 52], because of insufficient reporting on the basic quality

control checks. In particular, these studies did not report the percentage of reads that could

be mapped onto the reference transcriptome, the percentage of the transcriptome covered,

the average number of mapped reads per transcript, the relationship between the GC con-

tent and the mapped read distribution, as recommended elsewhere [53]. More importantly,
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given the high sequence homology between ACE and ACE2, these studies did not explain

how their mapping algorithms dealt with reads that could be ambiguously mapped onto

different locations in the transcriptome.

The selected studies were conducted in small cohorts of patients with ME/CFS (mean

sample size= 18.5; range= 4–37) and healthy controls (mean sample size= 18.6; range= 5–

50 individuals) (Table 5). In these studies, the patients and healthy controls were matched

for age and gender. Different commercial and custom microarray technologies were used

for the respective gene expression quantification. There was only one study in which the

microarray did not include any probe in the genes of interest [38]. Another study used a

custom array based on 9,522 genes from the RefSeq database, as available in August 2002

[39]. However, this study did not provide the list of genes included in the respective mi-

croarray. In terms of data sharing, one study made the data available in the GEO database

[43] and another one within the respective publication [43]. The latter study used a custom

microarray that measured the expression of stress-related genes including ACE but exclud-

ing ACE2.

Before conducting a meta-analysis of the available data, we first re-analysed two studies

where the normalized data were available [41, 43]. In the first study [41], we calculated the

mean of the log2(fold-change) for ACE and the respective standard error. Note that the

microarray used in this study did not include any probe in ACE2. In the second study [43],

we initially calculated the mean and the respective standard error of the log2(fold-change)

for each probe located in ACE and ACE2. We then pooled each pair of means for the same

gene using the inverse-variance weighting method [54]. A third study reported the mean

of the log2(fold-change) for ACE2 and the respective p-value using a two-tailed Student’s

test [11]. In this case, we determine the quantile of the t-distribution associated with half

of the reported p-value, equated it to the test statistic, and solved the resulting equation as

a function of the standard error. No information was available from this study concerning

the expression levels of ACE.

Finally, we pooled the different estimates for the same gene from different studies using

the inverse-variance weighting method [54].

6.3.4 Analysis of new RNA data on the ACE/ACE2 gene expression in ME/CFS

6.3.4.1 Study participants

Thirty-seven women with ME/CFS were recruited in 2020 from the outpatient clinic for

immunodeficiencies at the Institute for Medical Immunology at the Charité-Universität-

smedizin Berlin, Germany. These patients were diagnosed according to the CCC-2003 while

excluding other medical or neurological diseases which could explain fatigue [2]. Thirty-

four women with self-reported healthy status were recruited from staff.
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6.3.4.2 Experimental procedure for RNA isolation and expression

Consistently with previous studies of ME/CFS, the gene expression quantification was per-

formed in PBMCs. These cells were isolated from heparinized whole blood by density gra-

dient centrifugation using Biocoll Separating Solution (Merck Millipore). Total RNA was

isolated and extracted from 2×106 PBMCs according to the manufacturer’s instructions

(NucleoSpin RNA Kit, Macherey-Nagel, cat. nr. 740955.50). Afterwards cDNA was pre-

pared by reverse transcription (High-Capacity cDNA Reverse Transcription Kit, Applied

Biosystems, cat. nr. 4368814) and real-time PCR was performed using TaqMan™ Univer-

sal PCR Master Mix (cat. nr. 4305719) and TaqMan™ Gene Expression Assays (cat. nr.

4331182) for ACE (Hs00174179_m1), ACE2 (Hs01085333_m1) and the housekeeping gene

HPRT1 (Hs02800695_m1) (Applied Biosystems). The amplification of ACE and HPRT1 was

based on 20 ng template cDNA. For the amplification of ACE2, this quantity was increased

to 100 ng. All measurements were performed with the ABI7200 and software Step One Plus

as absolute quantification according to manufacturer’s instruction. Relative gene expres-

sion was analysed using the∆CT method.

6.3.4.3 Statistical analysis

We first tested whether patients and healthy controls were matched for age using the Kolgomorov-

Smirnov test for two independent samples. For statistical convenience, gene expression

values were independently transformed for ACE and ACE2 using a Box-Cox transforma-

tion [55]. The parameter estimates of this transformation were 0.303 and 0.225 for ACE

and ACE2, respectively. The transformed values for each gene were then analysed as the

outcome variable of a linear regression model specifying age and disease status of the par-

ticipants as the respective covariates. The linear regression model was estimated using the

maximum likelihood method. After estimating the models, we tested the Normal distribu-

tion in the resulting residuals using the Shapiro-Wilk test. We also visually inspected the

assumption of constant variance of the same residuals as a function of the covariates.

Note that we were unable to quantify the ACE2 expression in 11 patients due to cDNA

material below the limit of detection. These problematic samples could be due to a lower

expression of ACE2 in ME/CFS patients than in healthy controls. To test this hypothesis,

we compared the respective proportion of samples below the limit of detection using the

Pearson’s χ2 test for two-way frequency tables.

The significance level of the statistical analysis was set at 5%.

6.3.4.4 Ethical approval The protocol of this study was approved by the Ethics Com-

mittee of Charité-Universitä- tsmedizin Berlin in accordance with the 1964 Declaration

of Helsinki and its later amendments (reference number EA2/067/20). All patients and

healthy controls gave written informed consent to participate in the study.

154



6.3.5 Statistical software

We performed our statistical analysis in the R software version 4.0.3. In this analysis,

we used the following Bioconductor packages: hgu133a.db, hgu133plus2.db, IlluminaHu-

manMethylation450kanno.ilmn12.hg19, and IlluminaHumanMethylationEPICanno.ilm1

0b2.hg19 to retrieve the annotation of the GeneChip HG-U133A, GeneChip U133+2, In-

finium HumanMethylation450K Array and HumanMethylationEPIC arrays, respectively;

minfi to estimate the sex of each individual from DNA methylation data [37]. The R scripts

are freely available from the first and last authors upon request.

6.4 Results

6.4.1 Meta-analysis of ACE/ACE2 DNA methylation in ME/CFS patients

The oldest DNA methylation study [27] did not make the data available and hence, we

screened the list of 120 differentially methylated probes (see Table 1 from this study). Al-

though located in 70 genes, these probes were neither located in ACE nor ACE2. We also

screened the list of differentially methylated probes reported by the study based on the

reduced representation bisulfite sequencing technology (see Additional File 1 from [33]).

Again, none of these probes was in the ACE or ACE2 loci.

For the four array-based studies [28, 29, 30, 32], we conducted a joint analysis of the

respective data in accordance with a meta-analysis. We first observed that the M-values of

the 27 probes under investigation tended to be uncorrelated with each other (Figure 23B).

This observation supported the use of the Benjamini-Hochberg procedure to adjust the

raw p-values under a multiple testing scenario.

The subsequent analysis suggested four CpG probes in ACE to be associated with ME/CFS

(Figure 23C). The probe cg09920557 belongs to the TSS region of the gene while the remain-

ing probes (cg19802564, cg21094739, and cg10468385) are located in the gene body. The

best linear regression models for each probe included both the main effects of the study

indicator and of the disease status and the respective interaction term (Supplementary Ta-

ble 3). The statistical interaction between these two covariates could be seen when plotting

the whole data set (Figure 24A). Although not significant, the estimated main effect of the

disease status was negative for each of the significantly associated probes.

Concerning the probes in ACE2, the only significant association with ME/CFS was ob-

tained for cg08559914 located in the TSS region of the gene (Figure 23C). According to the

best linear regression model for this probe, there was a negative association between the

respective M-values and ME/CFS (coefficient estimate =−0.141 with a standard error of

0.048; Figure 24B and Supplementary Table 3). Given that a hypomethylated promoter re-

gion is typically indicative of an increased expression of the respective gene, this finding

suggested an increased ACE2 expression in patients with ME/CFS.
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Figure 24: Boxplots per study, group and gender of the M-values referring to probes iden-
tified in Figure 23C and Figure 23D. (A) Significant probes located in ACE. (B) Significant
probe located in ACE2.
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We then repeated the same analysis for women and men separately. For women, we

obtained the same disease associations, as described above (Figure 23D and Supplemen-

tary Table 3). For men, we did not find any significant associations, probably due to data

from a single study [32] (Figure 23E).

6.4.2 Meta-analysis of ACE/ACE2 gene expression in ME/CFS patients

We first conducted a re-analysis of the two studies in which the expression levels of ACE

or ACE2 were available for each participant (Figure 25A) [41, 43]. In the first study [41],

there was evidence for an increased expression of ACE in patients with ME/CFS (mean of

the log2(fold-change) =0.265; 95% CI= [0.089,0.441]). In the second study [43], the means

of the log2(fold-change) were estimated at 0.012 (95% CI= [−0.012,0.036]) and 0.004 (95%

CI= [−0.014,0.022]) for the two probes in ACE. The corresponding estimates for the two

probes in ACE2 were−0.038 (95% CI=[−0.085,0.009]) and−0.037 (95% CI=[−0.083,0.008])

(Figure 25A). The pooled estimates for this study were 0.007 (95% CI= [−0.006,0.020]) and

−0.038 (95% CI= [−0.067,−0.008]) for ACE and ACE2, respectively.

Although not sharing the data, there was a study [11] that reported a significant nega-

tive association between ME/CFS and ACE2 expression (see Supplementary Table 2 of this

study). In this case, we obtained the following mean of the log2(fold-change) =−2.396 and

95% CI= (−4.518,−0.273).

We then pooled the estimates from different studies for the same gene: 0.008 (95%

CI= [−0.005,0.021]) and −0.038 (95% CI= [−0.068,−0.009]) for ACE and ACE2, respectively

(Figure 25B). Therefore, our meta-analysis suggested a reduced expression of ACE2 but not

of ACE in patients with ME/CFS when comparing to healthy controls.

Finally, the remaining gene expression studies neither shared the respective data nor

reported any differential ACE/ACE2 expression between patients and healthy controls.

Figure 25: Analysis of ACE/ACE2-related data from eligible microarray-based gene ex-
pression studies. (A) Boxplots of the data from these studies [41, 43]. (B) Forest plot for the
study-specific and pooled estimate of the mean of the log2(fold-change) between patients
with ME/CFS and healthy controls using data shown in A.
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6.4.3 Analysis of ACE/ACE2 gene expression from a new female cohort

To complement our findings from the above meta-analysis, we measured the ACE and

ACE2 mRNA levels in PBMCs from 37 women with ME/CFS (mean age = 41.1 years old)

and 34 healthy women (mean age = 37.4 years old) (Table 6). Patients and healthy partic-

ipants were matched for age (Kolmogorov-Smirnov test, p = 0.38). There was no informa-

tion about the disease duration for 4 patients. The average disease duration for the remain-

ing patients was 5.4 months in relation to the time of diagnosis (range = 0–24 months).

Table 6: Summary statistics for the gene expression of ACE and ACE2 from the German
female study participants where data of ACE2 were only available for 26 affected patients.

Summary statistic Healthy controls ME/CFS patients

N 34 37
Mean age (range), years 37.4 (23, 65) 41.1 (19, 60)
Mean disease duration since
diagnostic (range), months

— 5.4 (0, 24)

ACE
Geometric mean 0.153 0.144
Interquartile range 0.087 0.073

ACE2
Geometric mean 0.002 0.001
Interquartile range 0.005 0.004

We observed higher mRNA levels of ACE than of ACE2 (Table 7, Figure 26A). There was

no evidence for a significant correlation between ACE and ACE2 expression levels (Spear-

man’s correlation coefficient=−0.120) (Figure 26B). In contrast to the above meta-analysis,

we could not find a reduced expression of ACE2 in patients with ME/CFS using the com-

plete case scenario (Table 7). However, there were 11 (29.7%) of the 37 samples from pa-

tients in which the expression level of ACE2 was below the limit of detection. This propor-

tion of samples was significantly higher than that for healthy controls given that the ex-

pression of ACE2 could be quantified in all the samples (29.7% versus 0%; Pearson’sχ2 test,

p = 0.002). Consequently, we could not rule out that the patients with ME/CFS from this

cohort have a decreased expression of ACE2 when compared to healthy controls. Finally,

in accordance with our meta-analysis, there was no evidence of differential expression of

ACE between patients and healthy controls from this cohort.

6.5 Discussion

In this work, we investigated potential differences in ACE/ACE2 DNA methylation and

expression levels between patients with ME/CFS and healthy controls. With the identifica-

tion of these differences, we expected to determine the health risk of patients with ME/CFS
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Table 7: Analysis of the linear regression models for the Box-Cox-transformed ACE and
ACE2 mRNA levels where data were only available for 26 ME/CFS patients.

Analyses Estimate (SE) P-value

Box-Cox transformed ACE

Intercept 0.541 (0.032) ≤0.001

Age 0.001 (0.001) 0.328

Disease status (ME/CFS) −0.013 (0.018) 0.481

Box-Cox transformed ACE2

Intercept 0.307 (0.038) ≤0.001

Age −0.001 (0.001) 0.137

Disease status (ME/CFS) −0.006 (0.021) 0.789

if infected by SARS-CoV-2. However, we stumbled upon hurdles related to (i) data unavail-

ability for a possible re-analysis, (ii) availability of data derived from PBCMs and related

subsets in which ACE2 is not particularly expressed, (iii) studies with unclear data quality,

and (iv) studies using disease case definitions that are not recommended for research. As a

consequence, we could not provide a more definite answer to our main research question.

Notwithstanding these difficulties, we could identify four CpG probes on ACE and an-

other one on ACE2 with decreased DNA methylation levels in patients with ME/CFS. This

finding suggested an increased expression of the respective genes. However, our meta-

analysis of public data suggested the opposite. Such decrease in ACE2 expression was par-

tially confirmed by new data in which there was a significant higher proportion of samples

below the limit of detection in patients with ME/CFS than in healthy controls. Nonethe-

less, it was clear that ACE2 is not particularly expressed in PBMCs from both patients with

ME/CFS and healthy controls, as mentioned in the introduction.

In general, ACE2 downregulation is known to occur after host-cell entry by SARS-CoV-2

[56]. This downregulation is particularly problematic in individuals affected by cardiovas-

cular diseases, diabetes, and other medical conditions, due to their low ACE2 levels before

the infection [57]. SARS-CoV-2 infection is then expected to further increase the ACE:ACE2

ratio, thus, promoting vasoconstriction, increased production of ROS and inflammation in

patients with these co-morbidities [23]. In this scenario, a putative reduction of the ACE2

expression makes patients with ME/CFS similar to these patients with a high risk for Covid-

19. As a consequence, patients with ME/CFS could be considered a priority group for vac-

cination by public health authorities. The fundamental question is then to know whether

our findings based on PBMCs could recreate what occurs in pulmonary epithelial and en-

dothelial cells, the main targets of SARS-CoV-2. Future research should be conducted to

answer this question, as similarly done in past studies aiming at understanding how the

gene expression profiles from PBMCs could mimic those present in other tissues affecting
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Figure 26: Analysis of ACE and ACE2 expression levels from the German study. Analysis
of ACE and ACE2 expression levels from the German study. (A) Violin plots of ACE (left
side) and ACE2 (right side) mRNA raw data (upper row) and transformed data using a Box-
Cox transformation (lower row). (B) Scatterplot between the transformed ACE and ACE2
expression levels (Spearman’s correlation coefficient =−0.120).

by a given disease [58, 59, 60].

Given the residual ACE2 expression in PBMCs under normal conditions, one is tempted

to say that SARS-CoV-2 does not infect these cells. However, earlier studies on SARS-CoV-1

found this virus within T lymphocytes, macrophages, and dendritic cells [61]. More re-

cently, an in vitro study was able to infect PBMCs with SARS-CoV-2 [62]. Monocytes are

particularly susceptible to such infections. In this context, one cannot rule out that SARS-

CoV-2 might use alternative receptors when infecting PBMCs.

Among the alternative receptors for SARS-CoV-2, the human transmembrane protease

serine 2 (TMPRSS2) was suggested as a strong candidate [63] due to its role on SARS-CoV-1

infection [64, 65]. This protease seems to induce SARS-CoV-2 cell entry through endocyto-

sis via a mechanism of ACE2 cleavage [14]. Another candidate receptor is the A disintegrin

and metallopeptidase domain 17 protein (ADAM17) recognised by the immune system as

a stress-response signal [66]. Like TMPRSS2, ADAM17 can also cleave ACE2 but with a re-

duced viral invasion efficiency [67].

With respect to the role of these proteases in ME/CFS, a targeted gene expression study

analysed ADAM17 and other stress-response proteins [41]. This study did not report any

differential expression of this protease between patients with ME/CFS and healthy con-

trols. However, this study is likely to be affected by a low statistical power due to small

sample sizes for both groups. In addition, one of the selected DNA methylation studies

suggested a decrease in the DNA methylation levels of one ADAM17-related CpG probe in

patients with ME/CFS [30].
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Dipeptidyl peptidase-4 (DPP4), also known as the lymphocyte cell surface protein CD26,

was found to be the main receptor for the Middle East respiratory syndrome–related coro-

navirus [68, 69]. In contrast to ACE2, this surface protein is highly abundant in PBMCs

including CD4+ and CD8+ T cells [18]. Bioinformatic analysis also suggested a strong in-

teraction potential between this protein and SARS-CoV-2 [70, 71]. Finally, DPP4 inhibitors

were found to be protective against severe Covid-19 in patients with diabetes mellitus when

compared to RAAS blockers [72]. After initial concerns, this finding combined with others

suggested an interesting therapeutic avenue against Covid-19 using DPP4 blockers [73].

Interestingly, there is evidence for an increased proportion of natural killer cells and

T cells expressing DPP4/CD26+ in patients with ME/CFS [7, 74]. However, the number of

DPP4/CD26 molecules was significantly reduced in T lymphocytes and natural killer cells

of these patients [74]. If DPP4 is indeed a relevant receptor for immune-cell invasion by

SARS-CoV-2, research about this receptor should be prioritised when analysing PBMCs

from patients with ME/CFS.

Sialic acids were also hypothesised as binding receptors used by SARS-CoV-2, as re-

ported for other human coronaviruses [75]. These acids are highly expressed in the epithe-

lium cells of the lungs and oral cavity [76]. In vitro and in silico studies demonstrated the

same binding potential for SARS-CoV-2 [77, 78]. However, the ACE2 glycosylation inhibi-

tion studies suggested that sialic acids on ACE2 receptor prevent ACE2-virus interaction

[79, 80]. Again, detailed research on these putative receptors could help to determine the

health risk of patients with ME/CFS when infected by SARS-CoV-2.

It was suggested that the arousal state experienced by patients with ME/CFS protects

them against microbial infections [81]. This suggestion came from a clinical trial where

patients were treated with clonidine to decrease such a state. Treated patients got their

symptoms worsened and had their inflammation markers increased during the trial. In

contrast, basic epidemiological studies reported many patients with frequent viral infec-

tions and flu-like symptoms [3, 4, 82]. The question is how an infection by SARS-CoV-2

lies in this contrasting evidence. A possible answer can be given with the assistance of the

so-called sustained arousal model of ME/CFS [83]. According to this model, a sustained

arousal state promotes in the long-run deleterious alterations of different body systems,

including the immune system. Similar prediction was made by a recent study discussing

the natural history of ME/CFS [84]. If so, patients with longer disease durations are more

likely to show these immunological alterations than patients at the early stages of the dis-

ease. However, we could not analyse the effect of disease duration on our results, because

this variable was not available in the public data sets included in our meta-analyses.

Finally, our original idea was also to include a meta-analysis of ACE/ACE2 data from

published genome-wide association studies on ME/CFS [11, 32, 85, 86, 87]. However, we

could not materialise this idea, because such studies did not make their data publicly avail-

able. Nevertheless, evidence is scarce for a putative role of ACE/ACE2 polymorphisms on
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ME/CFS. Two studies reported many candidate SNPs for such association, but none was

located in ACE or ACE2 [11, 85]. Two other studies did not find any significant SNPs associ-

ated with ME/CFS [32, 87]. The most optimistic study reported thousands of SNPs related

to the disease [86]. However, this study did not perform all the basic quality control checks

[88].

6.6 Conclusions

Notwithstanding the low expression of ACE2 in PBMCs in general, there is evidence for

a decreased expression of the gene in these cells from patients with ME/CFS. If PBMCs can

qualitatively recreate what is occurring in the main cellular targets of SARS-CoV-2, then

patients with this disease could be at a higher Covid-19 risk. In this regard, a recent pre-

liminary report suggested that patients with ME/CFS got their symptoms worsened upon

SARS-CoV-2 infection [89]. Altogether, these patients could be considered a priority group

for vaccination against Covid-19, even though vaccines could trigger ME/CFS [90, 91] or

even exacerbate ME/CFS symptoms as the case of the natural immunisation by SARS-CoV-

2. To further consolidate the existing evidence, future research should prioritise the collec-

tion of data from the main cellular targets in patients with ME/CFS. Further investigation

should be also conducted on alternative SARS-CoV-2 receptors (i.e., DPP4 and sialic acids).

At last, future research should also consider investigating putative sex differences in pa-

tients with ME/CFS given that, in general, men are more affected by Covid-19 than women

[92].
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Supplementary Materials

Supplementary Table 1: ACE and ACE2 CpG probes. Nineteen and eight CpG probes lo-
cated in ACE and ACE2 and shared between Infinium HumanMethylation450K and In-
finium HumanMethylationEPIC arrays by Illumina. The annotation was obtained from
the packages “IlluminaHumanMethylation450kanno.ilmn12.hg19” and “IlluminaHuman-
MethylationEPICanno.ilm10b2.hg19” available from Bioconductor.

Gene (chr) Probes Position Annotation

ACE (17) cg09920557 61553938 TSS1500

cg25054907 61553954 TSS1500

cg02131967 61554106 TSS1500

cg02440279 61554400 TSS200

cg02040921 61554411 TSS200

cg19354750 61554413 TSS200

cg05952120 61554416 TSS200

cg24877195 61554604 1stExon

cg06751221 61554929 Body

cg02261408 61559061 Body

cg19802564 61561470 Body;TSS1500

cg19826045 61561602 Body;TSS1500

cg21796427 61562170 TSS200;Body

cg04199256 61562197 Body;5’UTR;1stExon

cg21094739 61572645 Body;Body

cg01489398 61574335 Body;Body

cg21881537 61574411 Body;Body

cg21657705 61574500 Body;Body

cg10468385 61574744 3’UTR;3’UTR

ACE2 (X) cg23232263 15579482 3’UTR

cg05039749 15583512 Body

cg05748796 15619337 5’UTR

cg16734967 15620103 5’UTR

cg08559914 15620240 TSS200

cg18877734 15621084 TSS1500

cg21598868 15621167 TSS1500

cg18458833 15621477 TSS1500
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Supplementary Table 2: Summary data of the CpG probes including SNP or coincided with
a polymorphic SNP.

Annotation Probe ID Chromosome Position SNP ID
Ref allele/
Alt allele

Minor allele frequency

North America Europe

SNP within probes cg04199256 17 61562197 rs191697444 C/T 0.00 0.00

cg04199256 17 61562197 rs12720723 G/A 0.12 <0.01

cg21881537 17 61574411 rs117135474 C/T 0.00 0.00

cg21881537 17 61574411 rs200695691 TTGCCC/T 0.03 0.00

cg10468385 17 61574744 rs4365 G/A 0.00 0.04

cg02481451 17 61594924 rs149678437 C/T <0.01 <0.01

cg16734967 X 15620103 rs182809041 A/C <0.01 0.00

Polymorphic SNP cg08559914 X 15620240 rs186143966 C/T 0.00 0.00
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Supplementary Table 3: Linear models estimates. Estimates of the best linear regression
models for 5 significant CpG probes shown in Figure 27C. Healthy controls and the study
of de Vega et al (2014) were considered the reference effects of the disease status and of the
study indicator variable, respectively. The respective data are shown in Figure 24.

Analysis Coefficient
ACE ACE2

cg09920557 cg19802564 cg21094739 cg10468385 cg085599141

Estimate (SE) P-value Estimate (SE) P-value Estimate (SE) P-value Estimate (SE) P-value Estimate (SE) P-value

Overall Intercept
−3.769
(0.065)

<0.001
1.551

(0.081)
<0.001

1.938
(0.096)

<0.001
3.082

(0.100)
<0.001

2.035
(0.078)

<0.001

Disease status:ME/CFS
−0.060
(0.092)

0.519
−0.016
(0.115)

0.889
−0.064
(0.136)

0.638
−0.118
(0.142)

0.409
−0.141
(0.048)

0.004

Study:de Vega et al.(2017)
−2.367
(0.079)

<0.001
0.7071
(0.098)

<0.001
1.419

(0.116)
<0.001

2.437
(0.121)

<0.001
1.703

(0.085)
<0.001

Study:Trivedi et al.(2018)2 0.145
(0.092)

0.117 — — — —
−0.625
(0.142)

<0.001
−0.88672
(0.10334)

<0.001

Study:Herrera et al.(2018)
−2.245
(0.073)

<0.001
0.425

(0.091)
<0.001

0.740
(0.107)

<0.001
1.772

(0.112)
<0.001

1.270
(0.082)

<0.001

Disease status:ME/CFS×
Study:de Vega et al.(2017)

0.131
(0.108)

0.224
−0.107
(0.133)

0.425
−0.198
(0.158)

0.210
−0.159
(0.165)

0.336 — —

Disease status:ME/CFS×
Study:Trivedi et al.(2018)

−0.315
(0.130)

0.016 — — — —
0.264

(0.199)
0.186 — —

Disease status:ME/CFS×
Study:Herrera et al.(2018)

0.048
(0.102)

0.638
0.072

(0.127)
0.571

0.157
(0.150)

0.295
0.181

(0.157)
0.250 — —

Females Intercept
−3.769
(0.068)

<0.001
1.406

(0.107)
<0.001

1.938
(0.093)

<0.001
3.082

(0.092)
<0.001

2.035
(0.068)

<0.001

Disease status:ME/CFS
−0.060
(0.096)

0.535
−0.224
(0.152)

0.143
−0.064
(0.132)

0.629
−0.117
(0.130)

0.366
−0.141
(0.045)

0.002

Study:de Vega et al.(2017)
−2.367
(0.082)

<0.001
0.499

(0.130)
<0.001

1.419
(0.113)

<0.001
2.437

(0.111)
<0.001

1.703
(0.075)

<0.001

Study:Trivedi et al.(2018)2 0.145
(0.096)

0.131 — — — —
−0.625
(0.130)

<0.001
−0.887
(0.090)

<0.001

Study:Herrera et al.(2018)
−2.238
(0.079)

<0.001
−0.233
(0.124)

0.062
0.770

(0.108)
<0.001

1.786
(0.106)

<0.001
1.379

(0.073)
<0.001

Disease status:ME/CFS×
Study:de Vega et al.(2017)

0.131
(0.112)

0.241
−0.112
(0.177)

0.526
−0.198
(0.153)

0.198
−0.159
(0.151)

0.293 — —

Disease status:ME/CFS×
Study:Trivedi et al.(2018)

−0.315
(0.134)

0.020 — — — —
0.264

(0.182)
0.148 — —

Disease status:ME/CFS×
Study:Herrera et al.(2018)

0.029
(0.109)

0.791
0.258

(0.173)
0.138

0.166
(0.150)

0.270
0.241

(0.148)
0.104 — —

1The best regression model for cg08559914 included the main effects of disease status and study indicator covariate.

2The study of Trivedi et al (2018) discarded cg19802564 and cg21094739 from their analysis and, therefore, the respective data were not

available in the NCBI GEO data repository.
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Chapter 7 - Revisiting IgG antibody reactivity to EBV in ME/CFS

and its potential application to disease diagnosis
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7.1 Abstract

Infections by the Epstein-Barr virus (EBV) are often at the disease onset of patients

suffering from myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS). However,

serological analyses of these infections remain inconclusive when comparing patients with

177



healthy controls. In particular, it is unclear if certain EBV-derived antigens eliciting anti-

body responses have a biomarker potential for disease diagnosis. With this purpose, we

re-analysed a previously published microarray data on the IgG antibody responses against

3,054 EBV-related antigens in 92 patients with ME/CFS and 50 healthy controls. This re-

analysis consisted of constructing different regression models for binary outcomes with

the ability to classify patients and healthy controls. In these models, we tested for a possi-

ble interaction of different antibodies with age and gender. When analysing the whole data

set, there were no antibody responses that could distinguish patients from healthy controls.

A similar finding was obtained when comparing patients with non-infectious or unknown

disease trigger with healthy controls. However, when data analysis was restricted to the

comparison between healthy controls and patients with a putative infection at their dis-

ease onset, we could identify stronger antibody responses against two candidate antigens

(EBNA4_0529 and EBNA6_0070). Using antibody responses to these two antigens together

with age and gender, the final classification model had an estimated sensitivity and speci-

ficity of 0.833 and 0.720, respectively. This reliable case-control discrimination suggested

the use of the antibody levels related to these candidate viral epitopes as biomarkers for

disease diagnosis in this subgroup of patients. To confirm this finding, a follow-up study

will be conducted in a separate cohort of patients.

Keywords: Epstein-Barr virus; Myalgic encephalomyelitis/Chronic fatigue syndrome; anti-

gen mimicry; biomarker discovery; patient stratification

7.2 Introduction

Infections by the ubiquitous Epstein-Barr virus (EBV) are linked to multiple sclerosis,

rheumatoid arthritis, systemic erythematosus lupus, lymphomas, among other known dis-

eases [1, 2, 3]. A less-known disease where EBV infections are also important is myalgic

encephalomyelitis/chronic fatigue syndrome (ME/CFS) [4, 5, 6]. The hallmark symptom

of this condition is an unexplained but persistent fatigue that cannot be alleviated by rest

and that can increase upon minimal physical and emotional effort [7, 8]. In ME/CFS, acute

EBV infections are reported by a subset of patients at the onset of their symptoms [9, 10].

Reactivation of latent EBV infections has also been described during the disease course [11].

However, current evidence remains inconclusive on whether the prevalence of these reac-

tivations is either higher or lower in patients than in healthy controls [12]. This conflicting

evidence notwithstanding, ME/CFS patients show deficient B- and T-cell responses against

EBV and altered antibody profiles when compared with healthy controls [10, 13, 14, 15].

Finally, CD4+ T cells recognising self-peptides on HLA-DR15, the strongest genetic risk

factor for multiple sclerosis, have been shown to cross-react with peptides derived from

EBV [16]. Multiple sclerosis patients share many symptoms with the ones suffering from

ME/CFS [17, 18, 19]. EBV antigens were also reported to share sequence homology with
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human peptides derived from the myelin basic protein [20, 21, 21], lactoperoxidase [22],

and anoctamin-2 [23, 24]. These observations suggest that molecular mimicry between

human and EBV-derived antigens could play a role in the pathogenesis of ME/CFS. This

suggestion is in line with our recent hypothesis that links the pathogenesis of ME/CFS to

chronically activated immune responses [25]. Our assumption raises the possibility that

the immune system of some ME/CFS patients is oscillating between an activation state

that attempts controlling latent herpesviruses infections and the suppression of deleteri-

ous autoimmune responses via the activation of regulatory T cells [25]. Thus, considering

the growing body of evidence that links EBV infection to the pathogenesis of ME/CFS, stud-

ies that aim at elucidating underlying mechanisms are needed.

A major problem in investigating ME/CFS is the non-existence of a robust biomarker

that could ascertain the disease diagnosis. In the past, different discovery studies suggested

certain cytokines, antibodies against self and non-self-antigens, microRNAs, and methyla-

tion markers as potential disease biomarkers [26]. Antibodies against EBV antigens are of

particular interest as disease biomarkers given the above evidence connecting this virus

with the disease and routine application of serological assays in the clinical practice. How-

ever, EBV antigens included in commercial kits are mostly markers of exposure to the in-

fection and are unable to distinguish between patients with ME/CFS and healthy controls

[27]. This distinction can only be made when comparing a subset of clinically diagnosed

ME/CFS patients with an EBV infection trigger to healthy controls [10]. A serological eval-

uation of antibodies against less-studied EBV antigens did not identify any that could be

used as a specific disease biomarker [28]. However, this antibody evaluation was done us-

ing a limited number of EBV-derived antigens and no subgroup analysis was performed.

The lack of patient stratification in ME/CFS studies reduces the chance of reproducing the

same findings in follow-up studies [26, 29]. Therefore, it is still possible to identify alterna-

tive antigens whose antibody responses could be used as disease biomarkers for a subgroup

of patients.

Recently, we analysed antibody responses against more than 3,000 overlapping anti-

gens derived from 14 EBV proteins [22]. The aim of this study was to extract an antibody sig-

nature against EBV in ME/CFS patients when compared to healthy controls. In the present

study, we extended the analysis of the obtained data with the specific objective of optimis-

ing biomarker discovery. In particular, we compared patients with or without an infectious

trigger at disease onset to healthy controls in order to discover EBV-derived antigens whose

antibody responses could be used for ME/CFS diagnosis.
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7.3 Materials and methods

7.3.1 Study participants

Ninety-two ME/CFS patients were recruited between 2011 and 2015 at the Charité out-

patient clinic for immunodeficiencies at the Institute of Medical Immunology in the Char-

ité Universitatsmedizin Berlin, Germany. Additional fifty individuals were recruited from

the employees of the same clinic, who self-reported to be healthy and to not suffer from

fatigue. However, neither clinical nor laboratory assessment was performed to confirm the

healthy status of those individuals. ME/CFS patients and healthy controls were matched

for gender and age (Table 8) with 50% of women and an overall average of ∼43 years of

age. Fifty-four out of 92 patients (58.7%) reported an acute infection at their disease onset,

whilst the remaining 38 patients (41.3%) reported either a disease trigger other than an in-

fection, did not know their disease onset or the information about the disease trigger was

missing. These two subgroups were also matched for age and gender (Table 8).

Table 8: Basic characteristics of ME/CFS patients and healthy controls. Basic charac-
teristics of ME/CFS patients and healthy controls, where p-values refer to the comparison
between ME/CFS groups and healthy controls.

Group
Female Age, years

N % P-value Mean (age range) P-value

Healthy controls 50 50.0 — 42.4 (25–61) —

ME/CFS (all) 92 51.1 0.901 43.7 (25–66) 0.453

With infectious trigger 54 50.0 ~1.000 43.2 (17–66) 0.585

Unknown trigger or
without infectious trigger

38 52.6 0.807 44.4 (24–66) 0.679

7.3.2 Peptide array

Data under analyses refer to the signal intensities derived from IgG antibody responses

to 3,054 EBV-associated peptides measured by a seroarray described in detail in the original

study [22]. These peptides consisted of partially overlapping 15 amino acids (15-mer) and

covered the full length of the following proteins (Supplementary Table 4): BALF-2, BALF-

5, BFRF-3, BLLF-1, BLLF-3, BLRF-2, BMRF-1, BZLF-1, EBNA-1, EBNA-3, EBNA-4, EBNA-6,

LMP-1, and LMP-2. The 15-mer peptides overlapped in 11 amino acids. The amino-acid

sequences of these peptides were representative of the following EBV strains: AG876 (West

Africa, EBV type 2), B95.8 (USA, EBV type 1), GD1 (China, EBV type 1), Cao (China, EBV

type 1), Raji (Nigeria, EBV type 1), and P3HR-1 (Nigeria, EBV type 2). These data are freely

available in Supplementary File S1 of the original study [22].
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7.3.3 Statistical analysis

We used the Pearson’s χ2 test to compare ME/CFS patients to healthy controls in terms

of gender distribution. The non-parametric Mann-Whitney test was used to compare the

medians of the respective age distributions. There was evidence for age- and gender-matched

distributions if the p-values of these tests were greater than the significance level of 5%.

We first performed a multivariate analysis using (i) the classical principal component

analysis (PCA) and (ii) computing different correlation matrices using Spearman’s corre-

lation coefficient (which is invariant to monotonic changes in the scale of the data, is ro-

bust against the presence of outliers, and does not depend on the normality assumption).

We then performed linear discriminant analyses (LDA) to determine the best linear com-

bination of all the antibody responses that could distinguish ME/CFS patients and their

subgroups from healthy individuals. A similar analysis was done to compare the two sub-

groups of ME/CFS patients.

The outcome of each LDA was the estimated classification probability for each individ-

ual. These estimated probabilities were then analyzed by the respective receiver operat-

ing characteristic (ROC) curve where 1−specificity and sensitivity are plotted against each

other as a function of the cutoff of the underlying classification probability. After comput-

ing each ROC curve, we calculated the respective area under the curve (AUC) and its 95%

confidence interval to determine the accuracy of the classification irrespective of the cut-

off used. In general, an AUC=0.50 is indicative of a complete random classification of the

individuals, while AUC= 1.00 implies that the constructed classifier perfectly predicts the

true class membership of each individual.

We performed further antibody-wide association analyses related to the following com-

parisons (or classification exercises): (i) healthy controls versus all the ME/CFS patients;

(ii) healthy controls versus ME/CFS patients with an infectious trigger; (iii) healthy con-

trols versus ME/CFS patients with a non-infectious or unknown trigger; and (iv) ME/CFS

patients with an infectious trigger versus the remaining ME/CFS patients. In each associa-

tion analysis, we first estimated three regression models: logistic model, probit model, and

complementary log-log model. In these models, the disease status was the outcome vari-

able, age and gender were the respective covariates. To determine the best link function for

the outcome variable, we selected the model with the lowest Akaike’s information criterion

(AIC). For the best link function (”the null model”), we estimated the respective ROC and

its AUC as described above.

We fitted five different logistic models, including the main effects and all the interac-

tion terms related to age, gender, and the antibody response under analysis: (i) a model

with main effects only and no interaction terms; (ii) a model with an interaction term be-

tween age and the antibody response; (iii) a model with an interaction term between gen-

der and the antibody response; (iv) a model with two interaction terms between age and
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the antibody response and between gender and the antibody response; (v) a model with

all two-way and three-way interaction terms related to age, gender, and the antibody re-

sponse. We compared each of these models with the null one using Wilks’s likelihood ratio

test, where low p-values provide evidence for these models, including effects of an antibody

response. We reported the minimum p-value obtained from these model comparisons. Fi-

nally, we adjusted the minimum p-values of each analysis. This adjustment was made using

the Benjamini-Yekutieli procedure ensuring a global false discovery rate (FDR) of 5% under

the assumption of dependent tests [30]. In this analysis, adjusted p-values<0.05 indicated

statistically significant results.

To filter out redundant antibody responses, we pooled all the significant antibody re-

sponses in a single model. The effect and interaction terms of these antibody responses

were defined according to the most significant model obtained in the previous stage of

analysis. We performed a backward stepwise model selection. The resulting model was fi-

nally evaluated in terms of predictive performance using ROC analysis as described above.

The above analysis was primarily done for the whole data set irrespective of the ME/CFS

subgroups. We repeated the same analysis to compare each subgroup of ME/CFS patients

(with infectious and non-infectious or unknown disease trigger) with the healthy controls.

Finally, we repeated the analysis to compare the two subgroups of ME/CFS patients.

7.3.4 Statistical software

The statistical analysis was performed in the R software version 4.0.3 with core func-

tions and the following packages: MASS v7.3-56 to perform stepwise model selection [31],

pROC v1.18.0 to estimate the ROC curve and the respective AUC [32], OptimalCutpoints

v1.1-5 to estimate the optimal cut-off and the associated sensitivity/specificity [33]. The

full reproducible code is freely available from NS or JMal upon request.

7.4 Results

7.4.1 Principal component and linear discriminant analyses

We first performed a PCA to discriminate patients with ME/CFS and their subgroups

from healthy controls (Figures 27A–C). A similar analysis was done for discriminating pa-

tients with an infectious trigger from the remaining patients (Figure 27D).

The proportion of variance explained by the first principal component varied from 35.4%

(Figure 27D) to 44.6% (Figure 27C) referring to the comparisons between the two subgroups

of ME/CFS patients, and between healthy controls and patients with non-infectious or un-

known disease trigger, respectively. These high estimates suggested that different antibody

levels were correlated with each other. This interpretation was confirmed by determining

the distributions of Spearman’s correlation coefficient between all possible pairs of anti-
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Figure 27: Preliminary multivariate analysis of the data. Preliminary multivariate analysis
of the data. Scatterplots of the first two principal components (left plots) and the ROC curve
and its AUC of the respective LDA (right plots) when comparing all the ME/CFS patients
to healthy controls (A), ME/CFS patients with an infectious trigger to healthy controls (B),
ME/CFS patients with a non-infectious or unknown trigger to healthy controls (C), and
ME/CFS patients with an infectious trigger to the remaining patients (D). The percentage of
the variance explained by each principal component is shown in each axis within brackets.
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bodies using data from each study group (Supplementary Figure 1). In particular, the an-

tibody levels were positively correlated with each other with median correlation estimates

of 0.56, 0.56, 0.40, and 0.48 for healthy controls, all the ME/CFS patients, ME/CFS patients

with an infectious disease trigger, and the remaining ME/CFS patients, respectively. In-

terestingly, the median correlation estimate was decreased in ME/CFS patients with an

infectious trigger when compared to other study groups. This finding suggested that the

production of the antibodies against the EBV-derived antigens could be reduced in these

patients when compared to healthy controls or patients with non-infectious or unknown

disease trigger.

The visualisation of the first two components did not reveal a clear discrimination be-

tween healthy controls and ME/CFS patients (or their subgroups). To improve this analysis,

we then performed different LDAs in search of a linear combination of the antibody mea-

surements that could be used for disease diagnosis. The performance of the constructed

classifiers ranged from 0.86 (Figure 27C) to 0.91 (Figure 27D) referring to the classification

of healthy controls and ME/CFS patients with non-infectious or unknown disease trigger

and the classification of the two subgroups of ME/CFS patients, respectively. Therefore, the

results of this analysis indicate that the antibody data could discriminate different study

groups.

7.4.2 Antibody-wide association analysis

The next step of the analysis was to identify specific antibody responses that could be

used to discriminate the different study groups. With this purpose, we first determined

the best ”null” model among the logistic, probit, and complementary log-log models. All

of them included age and gender and their interaction as covariates for each comparison

between any two study groups (Supplementary Table 5). The best ”null” models were the

following: (i) complementary log-log – comparison between healthy controls and all the

ME/CFS patients (AUC = 0.574; 95% CI = [0.475, 0.672]); (ii) probit – comparison between

healthy controls and ME/CFS patients with an infectious trigger (AUC = 0.606; 95% CI =

[0.496, 0.715]); (iii) complementary log-log – comparison between healthy controls and

ME/CFS patients with a non-infectious or unknown trigger (AUC = 0.556; 95% CI = [0.429,

0.683]); and (iv) logit – comparison between the two subgroups of ME/CFS groups (AUC

= 0.596; 95% CI = [0.471, 0.720]). The 95% confidence interval for the AUC of these null

models included 0.50 and therefore, the respective predicted classification was consistent

with a random guess. Such a result was in agreement with the age and gender matching

between different study groups and healthy controls (Table 8).

We performed further antibody-wide association analyses controlling for a global FDR

of 5%. The comparison between healthy controls and all the ME/CFS patients did not iden-

tify any significant antibody associations with the disease (Figure 28A). The top 5 antibod-
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ies, although not statistically significant, were EBNA6_0066, BLRF2_0005, EBNA4_0392,

EBNA4_0497, and EBNA4_0529 (adjusted p-values = 0.181, 0.326, 0.326, 0.326, and 0.326,

respectively).

When the comparison was limited to healthy controls and ME/CFS patients with an

infectious trigger, we identified three significant antibodies related to the following anti-

gens (Figure 28B): EBNA6_0066, EBNA6_0070, and EBNA4_0529 (adjusted p-values=0.005,

0.005, and 0.038, respectively). The first two antigens were shared between AG876, B95.8,

and GD1 strains, while the third one was derived from the B95.8 strain. We compared

ME/CFS patients with non-infectious or unknown disease trigger to healthy controls, and

found no significant differences in the antibody responses (Figure 28C). The same finding

was obtained when we compared the two subgroups of ME/CFS patients (Figure 28D). The

top 5 antibodies related to these analyses can be found in Supplementary Table 6.

7.4.3 Analysis of candidate antigens for classifying ME/CFS patients with infectious

trigger

We then analysed in detail the impact of the antibody levels against the three candi-

date antigens on the classification of ME/CFS patients with an infectious trigger. Antibody

levels were increased in this subgroup of ME/CFS patients when compared to healthy con-

trols (Figure 29A). The same evidence could not be found when comparing all the ME/CFS

patients to healthy controls (Figure 29A). Data related to EBNA4_0529, EBNA6_0066 and

EBNA6_0070 were significantly correlated with each other (Spearman’s correlation coef-

ficients higher than 0.58; Figure 29B). The correlation between the levels of antibodies

against EBNA6_0066 and EBNA6_0070 could be explained by the fact that these two pep-

tides are 15-mers overlapping 11 amino acids with each other [22]. In contrast, it was un-

clear why the levels of antibodies against EBNA4_0529 and EBNA6_0066 were highly cor-

related (Spearman’s correlation coefficient= 0.79), considering that these antigens did not

share a high sequence homology (Figure 29C).

Given the high correlation between antibody levels related to these antigens, a statis-

tical redundancy was expected when using their data for patients’ classification purpose.

This redundancy was confirmed when the three candidate antibodies were included as co-

variates in the same model. A stepwise variable selection procedure led to the exclusion of

the antibody levels related to EBNA6_0066 from the final classification model.

The final model included the main effects of antibodies to EBNA4_0529 and EBNA6_0070

and the two-way interaction of the latter with age and gender (Table 9). On the one hand,

the log10-levels of antibodies related to EBNA4 increased the probability of being a patient

(coefficient estimate = 2.25, standard error = 1.09). In particular, the odds of being a pa-

tient were estimated to increase ∼9.5 (e 2.25) times per fold-change in the levels of these

antibodies. On the other hand, the effects of antibody levels related to EBNA6_0070 on the
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Figure 28: Antibody-wide association analyses. Antibody-wide association analyses when
comparing all the ME/CFS patients to healthy controls (A), ME/CFS patients with an in-
fectious trigger to healthy controls (B), ME/CFS patients with a noninfectious or unknown
trigger to healthy controls (C), and ME/CFS patients with an infectious trigger to the re-
maining patients (D). The x -axes comprise each antibody while the y -axes represent the
−log10(adjusted p-value) of the respective association. In the x -axes, the antibodies were
ordered alphabetically first by the protein name and then by the starting point of the anti-
gen within the protein. Adjusted p-values were calculated according to the Benjamini-
Yekutieli procedure for a global FDR of 5% under the assumption of dependent data.
Dashed line represents the threshold for statistical significance (i.e., −log10(FDR= 0.05))
and −log10(adjusted p-value)>1.30 were considered statistically significant.
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Figure 29: Statistical analysis of the antibody levels related to EBNA4_0529, EBNA6_0066,
and EBNA6_0070. (A) Boxplots of the data per study group. (B) Scatterplots and the re-
spectively Spearman’s correlation coefficients (R) in the whole dataset. (C) Amino acid se-
quences of EBNA4_0529, EBNA6_0066, and EBNA6_0070.
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probability of an individual being an ME/CFS patients were not so trivial to ascertain (Fig-

ure 30A). In particular, women with high EBNA6_0070 antibody levels showed an increas-

ing estimated probability of being a patient with increasing age. In contrast, the proba-

bility profile of being patient was different in men. In that case, younger men with low

EBNA6_0070 antibody levels or older men with high EBNA6 antibody levels had a higher

probability of being a patient.

The AUC of the classification predicted by the final model was estimated at 0.835 with

a 95% CI = (0.759, 0.911) (Figure 30B). This estimate suggested that the combination of

these two antibodies together with age and gender could be used for the diagnosis of pa-

tients with an infectious trigger. The optimal sensitivity and specificity were estimated at

0.833 and 0.720, respectively. Therefore, ME/CFS patients were better discriminated than

healthy controls by this model.

When the same classification model was applied to the whole cohort of ME/CFS pa-

tients, the AUC decreased to 0.731 with a 95% CI = (0.648, 0.814). This could be explained

by the cohort of patients with a non-infectious or unknown trigger in which the perfor-

mance of the classification model was close to a random guess (AUC = 0.583; 95% CI =

[0.461, 0.705]).

Table 9: Complmentary log-log estimates.Estimates of the final complementary log-log
model to discriminate ME/CFS patients with an infectious disease trigger from healthy
controls.

Model term Coefficient estimate (SE) P-value

Intercept 10.67 (10.33) 0.302

Age (in years) −0.49 (0.26) 0.060

Gender (Woman) −17.33 (6.85) 0.011

EBNA4_0529 2.25 (1.09) 0.039

EBNA6_0070 −5.62 (3.09) 0.069

Age×Gender 0.07 (0.04) 0.070

Gender×EBNA6_0070 4.05 (1.75) 0.021

Age×EBNA6_0070 0.15 (0.08) 0.062

7.5 Discussion

This study, based on previously published data, aimed to discover EBV-derived anti-

gens that could elicit distinct antibody responses in ME/CFS patients when compared to

healthy controls. The key finding was the identification of two candidate antigens induc-

ing increased antibody responses in ME/CFS patients with an infectious trigger. The high

sensitivity and specificity of our classification model including these antibodies suggest
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Figure 30: Analysis of the final classification model for predicting ME/CFS patients with
an infectious trigger when compared to healthy controls. (A) Contour plots of the proba-
bility of being a patient as a function of age and EBNA6_0070 antibody levels, for men and
women, respectively. The prediction values were calculated by fixing log10(E B N A4_0529)
at the respective mean value. (B) ROC curves and the respective AUC (95% confidence
interval shown within brackets) when using the model to compare different groups of
ME/CFS patients to healthy controls.

their potential for diagnosis of this subgroup of affected individuals. For ME/CFS patients

without an infectious trigger, we could not find any antigens causing antibody responses

that could be used for diagnostic purposes. This finding is in agreement with an extensive

serological investigation of different herpesviruses in ME/CFS patients [28]. This negative

finding supports the hypothesis that EBV plays a role in the group of ME/CFS patients with

an infectious trigger. In a subset of patients, infectious mononucleosis caused by primary
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EBV infection can be documented as a trigger [10]. In many others, no infection with a

specific pathogen could be associated with the disease onset [5]. A tempting hypothesis

from our finding is that EBV reactivation which can occur during other infections may play

until now an underestimated role in triggering ME/CFS. In line with this concept, a recent

study showed that EBV reactivation during Covid-19 is a risk factor for Long Covid which

also includes ME/CFS [34]. Alternatively, the responses to the EBNA6 peptides are due to a

cross-reactivity to other pathogens, as outlined below.

Other findings of this study pointed to three key challenges associated with the discov-

ery of a biomarker. Firstly, it is difficult to identify a disease-specific biomarker for all the

ME/CFS patients. Thus, given the heterogeneous nature of ME/CFS, it is pivotal to stratify

patients adequately [29], based on age, gender, and disease trigger for biomarker discovery

[26]. In this regard, the identification of antibody patterns specific to ME/CFS patients with

an infectious trigger was in agreement with other studies where significant results could

be found for the same subgroup of patients [10, 35, 36]. However, given the vast number

of infectious agents associated with ME/CFS [5, 37], it is worth noting that this subgroup

of patients could be further subdivided according to the nature of the causative infection.

In this regard, the data about the infectious agents that could have initiated ME/CFS are

either inconclusive or simply based on self-reported history in most patients, as demon-

strated by the data from the United Kingdom ME/CFS Biobank, where only a minority of

patients had their infection confirmed with the lab test [10]. Secondly, the final classifica-

tion model included non-trivial statistical interactions of antibodies against EBNA6_0070

with both age and gender. This finding implies that significant interactions between can-

didate biomarkers and confounding factors might be overlooked by analysts or, even when

tested, they are likely to be discarded due to the small sample sizes to detect them. The

presence of these interactions might be yet another factor that contributes to the lack of

reproducibility between biomarker studies on ME/CFS. A proposed strategy to overcome

this limitation is to conduct more advanced statistical analyses including the application

of machine learning techniques which intrinsically consider the complexity of a large set of

clinical and biological data, as demonstrated in drug discovery [38]. Thirdly, the interaction

between the candidate antibodies against EBNA6_0070 and gender implied a remarkable

distinct antibody signature between male and female patients. Again, this finding is in line

with gender differences in immunity to viral infection [39]. In particular, men have typ-

ically lower antibody responses when vaccinated and are more susceptible to infections

than women [40]. In this regard, our study suggested that the higher probability of younger

man being an ME/CFS patient is associated with lower levels of antibodies against the anti-

gen EBNA6_0070. In contrast, female and male patients seemed to be at higher risk with

higher antibodies at increasing age suggesting that at least a subset develop these anti-

body responses later in life. An implication of having a different antibody profiling be-

tween men and women is that analysis of each gender should be performed separately. At
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the same time, it is important to note that epidemiological data on ME/CFS suggested ap-

proximately a disease ratio of three women to one man [41, 42, 43]. Therefore, if gender is

an important stratification factor for biomarker discovery, studies should be designed to-

ward a more balanced gender ratio. Similar sample sizes between male and female cohorts

ensure comparable statistical power when analysing data from each sex separately.

Both EBNA4_0529 and EBNA6_0070 antigens are derived from proteins whose genetic

expression typically occurs during the EBV type III latency. Therefore, the acquisition of

the respective antibodies might have occurred during initial B-cell transformation and im-

mortalization. It could also be acquired slowly over time, given that the type III latency

pattern can be detected sporadically in lymphoid follicles where EBV-infected B cells can

proliferate and mimic a germinal center reaction program [44]. We can hypothesize from

our data that both male and female patients developing higher antibody responses against

this antigen later in life are at an increased risk of developing ME/CFS suggesting that re-

activation of EBV plays a role. In male patients a subgroup with lower EBNA6 antibodies

early in live is at risk of developing ME/CFS, too. Using the recent analytical framework of

ME/CFS natural progression [45], antibodies against these antigens are more likely to be

biomarkers of patients suffering from ME/CFS more than 2 years of disease rather than the

ones either in prodromal period or at early stages in line with our findings. Based on that

assumption, these antibodies seemed more appropriate for diagnosing putative patients

with delayed disease diagnosis rather than early suspected cases. However, it is known

that the delay of ME/CFS diagnosis is a recurrent problem in the clinic [8, 46]. As such,

we anticipate a higher utility of these antibodies when redeployed to real-world screening.

Another practical implication of using these antibodies as biomarkers is the possibility of

developing routine ELISA kits that can be standardised across different laboratories and

easily scalable for large population screenings. Notwithstanding these promising practical

expectations, it is important to emphasise that past studies also suggested potential dis-

ease biomarkers [26] and, therefore, it is imperative to replicate the findings of this study

with different cohorts of patients.

An interesting observation is that both EBNA6_0066 and EBNA6_0070 contain an arginine-

repeat sequence. Such a sequence has homologies with putative epitopes from several

human proteins [47]. Such homologies suggest a potential molecular mimicry between

the viral and human antigens. Molecular mimicry can trigger deleterious autoimmune re-

sponses as hypothesised for ME/CFS pathogenesis [37, 48]. Molecular mimicry between

human and microbial antigens has been also hypothesised for several autoimmune dis-

eases [49], such as multiple sclerosis and rheumatoid arthritis, and Long Covid, whose

patients share similar symptoms with ME/CFS ones [19, 50, 51, 52]. Interestingly, T cell

clones recognising such arginine-repeat sequences were isolated from a patient with mul-

tiple sclerosis supporting our concept of epitope mimicry [47]. Finally, arginine-repeat se-

quences are found in various other pathogens including enteroviruses and human papil-
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lomavirus which are also triggers of ME/CFS [5].

Further we can hypothesise that peptides highly enriched in arginine residues might be

particularly susceptible to citrullination, in which arginine residues are post-translationally

converted to citrulline. These post-translational modifications occur during cell death un-

der normal physiological conditions. However, under chronic inflammation, the accumu-

lation of citrullinated (auto)antigens in inflamed sites might lead to deleterious autoim-

mune responses, thus, promoting the onset of different autoimmune diseases [53]. A po-

tential cross-reactivity between microbial and citrullinated human antigens could also be

a mechanism by which an autoimmune disease can be triggered. In rheumatoid arthritis,

antibodies against EBNA-1 peptides were shown to cross-react with denatured collagen

and keratin [54]. However, in the present study, we could not find any antibodies against

EBNA-1-derived peptides to be associated with ME/CFS. Interestingly, the serum levels of

citrulline were reported to be elevated in ME/CFS patients when compared to healthy con-

trols [55]. However, another study could not confirm this finding, but instead provided

evidence for increased plasma levels of arginine residues [56]. Another source of antigen

modification is the process of generating new and more immunogenic epitopes from ubiq-

uitous molecules upon oxidative and nitrosative stress. In ME/CFS, IgM antibodies against

several of these neoepitopes, including NO-Arginine, were increased in patients [57]. In

all of these possible scenarios, it is imperative to investigate the stability of this candidate

biomarker antigen to post-translational modifications that could be occurred and eventu-

ally increased during the disease course.

In conclusion, this study identified two candidate antigens whose antibodies could be

used to identify ME/CFS patients with an infectious trigger. To strengthen our findings, two

other cohorts of patients are currently studied, including the well-characterised ME/CFS

patients with different disease triggers and healthy controls from the United Kingdom ME/CFS

biobank [10].
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Supplementary Materials

Supplementary Figure 1: Spearman’s correlation coefficient. Distributions of the Spear-
man’s correlation coefficient between all the possible pairs of EBV-derived antibodies in
healthy controls, all the ME/CFS patients, ME/CFS patients with an infectious trigger, and
ME/CFS patients with a non-infectious or unknown trigger.
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Supplementary Table 4: EBV peptides.The overall and per-EBV-strain number of 15-mer
peptides (antigens) whose antibody responses were analyzed.

EBV Protein Associated stage
Number of 15-mer peptides per EBV strain

Overall AG876 B95.8 GD1 Cao Raji P3HR.1

BALF-2 Early lytic 290 278 278 278 0 0 0

BALF-5 Early lytic 256 250 250 250 0 0 0

BFRF-3 Late lytic 42 0 42 0 0 0 0

BLLF-1 Late lytic 273 204 202 199 0 0 204

BLLF-3 Early lytic 74 66 67 66 0 0 0

BLRF-2 Late lytic 41 38 38 38 0 0 0

BMRF-1 Early lytic 102 99 99 99 0 0 0

BZLF-1 Immediate early lytic 89 57 57 58 0 0 0

EBNA-1 Latency I, II, and III 182 98 107 111 0 0 0

EBNA-3 Latency III 446 223 226 224 0 0 0

EBNA-4 Latency III 469 229 221 224 0 0 0

EBNA-6 Latency III 461 254 234 230 0 0 0

LMP-1 Latency II and III 197 79 85 80 77 84 0

LMP-2 Latency II and III 132 120 120 120 0 0
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Supplementary Table 5: Null models’ results. Comparison among different null models
(including the covariates age and gender and their interaction) using the Akaike’s infor-
mation criterion (AIC). The best model for each analysis/comparison is shown in bold.
ME/CFS_all, ME/CFS_inf and ME/CFS_noninf represent all the ME/CFS patients, ME/CFS
patients with an infectious trigger, and ME/CFS patients with a non-infectious trigger, re-
spectively.

Analysis/Comparison Model (link function) AIC ROC (95% CI)

ME/CFSall vs. Healthy controls Logit 189.973 0.577 (0.478, 0.676)

Probit 189.964 0.576 (0.478, 0.675)

Clog-log 189.936 0.574 (0.475, 0.672)

ME/CFSinf vs. Healthy controls Logit 147.055 0.610 (0.500, 0.719)

Probit 147.029 0.606 (0.496, 0.715)

Clog-log 147.220 0.609 (0.499, 0.718)

ME/CFSnoinf vs. Healthy controls Logit 127.619 0.556 (0.429, 0.683)

Probit 127.629 0.559 (0.432, 0.687)

Clog-log 127.547 0.556 (0.429, 0.683)

ME/CFSinf vs. ME/CFSnoinf Logit 129.205 0.596 (0.471, 0.720)

Probit 129.236 0.597 (0.472, 0.721)

Clog-log 129.529 0.596 (0.472, 0.721)
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Supplementary Table 6: Most significant antibodies. The top 5 most significant antibodies
for each association analysis where ME/CFS_all, ME/CFS_inf and ME/CFS_noninf repre-
sent all ME/CFS patients, ME/CFS patients with an infectious trigger, and ME/CFS patients
with a non-infectious trigger, respectively. For simplicity, the antibodies were identified by
their peptide. Statistically significant findings were obtained for -log10(adjusted p-value)>
1.30 (=−log10(0.05)) controlling for false discovery rate of 5% using the Benjamini-Yekutieli
procedure.

Analysis/Comparison Peptide −log10(adjusted p-value)

ME/CFSall vs. Healthy controls EBNA6_0066 0.743

BLRF2_0005 0.486

EBNA4_0392 0.486

EBNA4_0497 0.486

EBNA4_0529 0.486

ME/CFSinf vs. Healthy controls EBNA6_0066 2.693

EBNA6_0070 2.693

EBNA4_0529 1.794

EBNA3_0380 1.270

EBNA6_0569 1.270

ME/CFSnoinf vs. Healthy controls EBNA6_0782 1.193

BALF2_0358 1.153

BALF2_0765 1.153

BALF5_0041 1.153

BALF5_0206 1.153
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8.1 Abstract

Background and Objectives: The diagnosis and pathology of myalgic encephalomyeli-

tis/chronic fatigue syndrome (ME/CFS) remain under debate. However, there is a growing

body of evidence for an autoimmune component in ME/CFS caused by the Epstein-Barr

virus (EBV) and other viral infections. Therefore we set to identify antibodies against EBV-

derived antigens to understand whether these immune responses could help diagnose pa-

tients and trigger pathological autoimmunity.

Materials and Methods: Therefore here, we have analyzed a large public dataset on the

IgG antibodies to 3054 EBV peptides in ME/CFS patients and healthy controls (HCs) as a

comparator cohort. An ensemble of Random Forests was initially implemented with the

objective of ranking the feature’s importance. Subsequently classifiers of increasing size

were then constructed on the topmost important antibodies and their performance ac-

cessed using a Super Learner. Here we aimed at predicting the disease status of the study

participants targeting an accuracy of 85% when splitting data into train and test datasets.

Results: When we compared the data of all ME/CFS patients or the data of a subgroup of

those patients with non-infectious or unknown disease triggers to the data of the HC, we

could not find an antibody-based classifier that would meet the desired accuracy in the test

dataset. However, we could identify a 26-antibody classifier that could distinguish ME/CFS
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patients with an infectious disease trigger from the HCs with 100% and 90% accuracies in

the train and test sets, respectively. We finally performed a bioinformatic analysis of the

EBV peptides associated with these 26 antibodies. We found no correlation between the

importance metric of the selected antibodies in the classifier and the maximal sequence

homology between human proteins and each EBV peptide recognized by these antibodies.

Conclusions: In conclusion, these 26 antibodies against EBV have an effective potential for

disease diagnosis in the subset of patients where an infection triggered the disease. How-

ever, the peptides associated with these antibodies are less likely to induce autoimmune

B-cell responses that could explain the pathogenesis of ME/CFS.

Keywords: biomarker discovery, disease pathogenesis, autoimmunity, antigenic mimicry,

machine learning

8.2 Introduction

The clinical manifestation of myalgic encephalomyelitis/chronic fatigue syndrome (ME/CFS)

is typically a post-exertional malaise upon minimal physical and mental effort, a persistent

fatigue that is not alleviated by rest, together with other symptoms related to neurologic,

autonomic, and immunologic systems [1, 2]. Several pathological mechanisms have been

proposed to explain the origin of the disease and its progression over time [1, 3, 4, 5, 6].

Among these mechanisms, deleterious autoimmunity mostly driven by viruses is gaining

traction in the literature [7, 8, 9]. SARS-CoV-2 is the newest causative agent of ME/CFS, as

some long-COVID patients also comply with the diagnostic criteria for this disease [10, 11,

12, 13]. However, the Epstein-Barr virus (EBV) along with other herpesviruses remain the

usual suspects for causing ME/CFS and now long-COVID [14, 15, 16, 17]. EBV is a partic-

ularly interesting virus given the growing evidence that, in some patients with ME/CFS,

it enhances T follicular helper differentiation and promotes the formation of abnormal

germinal centers that are essential for the generation of long-lived plasma cells and high-

affinity antibodies [18]. The cause of these altered immune activities was hypothesized

as an increase in activin A and IL-21 serum levels stimulated by EBV deoxyuridine triphos-

phate nucleotidohydrolase (dUTPase) in these patients [18]. EBV has also a strong potential

for antigenic mimicry with human proteins, especially the EBNA1 protein, which contains

highly repetitive glycine-alanine motifs [19, 20]. This potential for eliciting autoimmunity

has motivated serological investigations in patients with ME/CFS to identify key patholog-

ical EBV antigens and peptides [21, 22, 23, 24]. However, these efforts did not lead to the

identification of specific anti-EBV antibody signatures with a high accuracy in distinguish-

ing patients from healthy controls (HCs).

These disappointing findings are typically explained by: (i) a very heterogenous clinical

population; (ii) the presence of selection bias when recruiting patients; and (iii) the possi-
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bility of misdiagnosis where cases suspected of suffering from ME/CFS are actually genuine

patients with another disease with a known cause [25, 26]. An alternative explanation is an

inadequate choice of the anti-EBV antibodies under analysis [27].

To avoid this problem, a recent study performed a large screening of IgG antibody re-

sponses to more than 3000 EBV peptides in patients with ME/CFS and HCs [28]. In a sub-

sequent study on the same data, antibody responses to two peptides (EBNA4_0529 and

EBNA6_00 70) were identified as candidate biomarkers for the subgroup of ME/CFS pa-

tients whose disease started with an infection [29]. However, these antibody responses were

included in simple statistical models based on linear relationships between the antibodies

(i.e., covariates) and the disease status. Therefore, the previous study could have failed to

detect alternative antibody responses with more complex statistical relationships with the

disease status. Also, the same study did not evaluate possible problems concerning data

overfitting[29].

The present paper aims at re-analyzing the same dataset with the objective of using a

machine learning approach, where the above analytical limitations could be tackled. We

have also re-evaluated the role of eventual molecular mimicry between EBV and human

antigens in the pathogenesis of ME/CFS.

8.3 Materials and methods

8.3.1 Study participants

Given that this study is a re-analysis of previously published data, the reader is recom-

mended to consult the description of the original study in the respective reference [28].

In brief, 92 patients with ME/CFS were recruited from the Charité outpatient clinic for im-

munodeficiencies at the Institute of Medical Immunology in the Charité Universitatsmedi-

zin Berlin, Germany. Fifty-four of these patients reported an acute infection at the begin-

ning of their disease symptoms. The remaining patients (n=38) reported not knowing their

disease trigger or a disease trigger other than an infection. Fifty self-reported HCs were re-

cruited from the staff of the same clinic. Age and gender distributions of the ME/CFS cohort

as a whole or divided into its two subgroups were matched with the ones of the HC cohort.

See the corresponding analysis in Ref. [29].

8.3.2 Basic Description of Serological Data

The serological dataset under analysis is publicly available (see Supplementary File of

Ref. [28]). In a nutshell, the serological dataset was generated by a seroarray that mea-

sured the signal intensities induced by individual IgG antibody responses to each one of

the 3054 EBV peptides. These peptides were derived from 14 EBV proteins: BALF2, BALF5,

BFRF3, BLLF1, BLLF3, BLRF2, BMRF1, BZLF1, EBNA1, EBNA3, EBNA4, EBNA6, LMP1, and

205



LMP2. The peptides had a length of 15 amino acids (15-mer) and they could overlap within

the same protein. To denote each peptide, we used the protein name and its starting posi-

tion within the corresponding protein, using the reference strain AG876. When the peptide

name included *, it referred to the starting position of the reference strain B95-8.

8.3.3 Statistical Analysis for Predicting the Disease Status

8.3.3.1 Dividing the Dataset into Train and Test Sets

Before conducting any analyses, the original dataset was divided into train and test subsets

using a 9:1 ratio while maintaining the proportions of ME/CFS patients with subgroups,

and the HCs. This ratio was approximately the optimal splitting ratio when applying a lin-

ear regression model that explains the variability of the data at the cost of 81 covariates

[30]

8.3.3.2 Ranking Antibodies by Their Importance for Predicting the Disease Status

We performed an initial step where we ranked the antibodies according to their importance

in discriminating ME/CFS patients from HCs (Supplementary Figure 2). In this step, we es-

timated 2500 Random Forests (RFs) using different hyperparameters: the number of trees

used to construct each Random Forest (100, 500, 750, 1000, 2000), the number of features

that could be used to split each node (fifty randomly generated values between 1 and 100),

and the minimal node size, meaning the minimal number of observations after a split re-

quired to keep growing the trees (1, 2, 3, . . . , 10). These hyperparameters were modified in

each run through a grid approach. In each run, the mean decrease in the Gini index was

used to determine the importance of each antibody in predicting the disease status. Af-

ter the 2500 runs, the importance value was determined by calculating the mean for each

antibody and sorting them in descending order, identifying the most to the least essential

antibodies for disease prediction.

In general, the Gini index measures the inequality of a given probability distribution. In

the context of RF, the mean decrease in the Gini index is a measure of how each covariate

contributes to the homogeneity of the nodes and leaves in the resulting RF [31]. In this sce-

nario, a higher mean decrease in the Gini index indicates that a given antibody is essential

for the respective classification .

8.3.3.3 Individual Statistical and Machine Learning Methods for Predicting the Disease

Status from the Anti-EBV Antibodies We applied 5 statistical techniques to predict the

disease status based on the anti-EBV antibodies: elastic-net logistic regression (GLMNet),

Random Forest (RF), support vector machine (SVM), linear discriminant analysis (LDA),

and extreme gradient boosting (XGB). These methods were chosen due to their capacity

for capturing different data patterns. On the one hand, GLMNet and LDA are based on
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linear combinations of the antibody values for predicting the disease status. On the other

hand, RF, SVM, and XGB are particularly appropriate for detecting non-linear relationships

between a set of covariates and the outcome. It is worth noting that probit regression could

have been chosen. However, the probit and logistic regression models usually provide sim-

ilar results due to their symmetric link functions. Regression models based on alternative

link functions (e.g., log link) were also excluded from this analysis because there was no

computational implementation for pooling their different predictions.

We increased the number of the most important antibodies to be included in each of

the above 5 statistical techniques.

8.3.3.4 Construction of Final Models for Predicting the Disease Status by Assembling

Predictions from Individual Models For a given number of antibodies, the results from

the 5 individual classifiers were combined by the Super Learner (SL) algorithm, which as-

signs different weights to each individual classifier estimated for the same data [32]. Under

generic assumptions, this algorithm typically improves the prediction of an outcome when

compared to the accuracy of the predictions generated by each model individually.

The accuracy of the resulting classifier was evaluated by the proportion of individuals

correctly classified using the ROC01 criterion [33]. This criterion dictates that the optimal

accuracy is the one generated from a cut-off in the estimated classification probabilities

that minimizes the distance between sensitivity/specificity to the perfect classification sce-

nario (i.e., both sensitivity and specificity equal to 1).

We started our SL-based analysis with the two most important antibodies as the respec-

tive features/covariates. Every time the data from a new antibody response were added to

the SL-based classifier (and its subclassifiers), we calculated the Spearman correlation co-

efficient rs and removed highly correlated antibody responses (rS >|0.8|), as done elsewhere

[34]. This step was conducted in order to avoid redundancy and multicollinearity. We kept

adding new antibody responses until we reached the maximum number of 100 antibody

responses. The best classifier was the SL-based classifier with the lowest antibodies reach-

ing the target accuracy of 85% in both the train and test sets; this accuracy is regarded as

the optimal value for classification problems [35].

The above analysis was performed to compare the cohorts of all ME/CFS patients, ME/CFS

patients with reported infectious disease triggers, and ME/CFS patients with non-infectious

or unknown disease triggers against HCs.

8.3.4 Bioinformatic Analysis to Test the Importance of Antigen Mimicry in Predicting

the Disease Status

When we found an SL-based classifier with the target accuracy in both train and test

datasets, we then performed protein-protein alignments between the EBV peptide asso-
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ciated with each selected antibody and the human proteins included in the RefSeq refer-

ence protein database [36], as available in the National Centre for Biotechnology Informa-

tion (https://blast.ncbi.nlm.nih.gov/, accessed on 1 August 2023). The quality of the align-

ments was based on the E-score statistic [37]. In our analysis, we focused on the maximal

E-score associated with the alignments obtained for each EBV peptide under analysis. Sub-

sequently, we calculated the Spearman non-parametric correlation coefficient between the

importance of each selected antibody for disease prediction and the respective maximal E-

score of the peptide associated with that antibody. We also calculated the respective 95%

confidence interval. The same analysis was repeated using the human proteins included

in the RefSeq non-redundant (nr) protein database.

8.3.5 Statistical Software

The statistical analyses were performed in the R [38] software version 4.3.0 using the

following packages: caret for multicollinearity analysis [39], OptimalCutpoints to obtain

the accuracy based on the ROC01 criterion of each predictive model [33], pROC for the

AUC estimation [40], ranger to perform the Random Forest [41], and SuperLearner for the

SL-based analysis [42].

8.4 Results

8.4.1 Construction of a Predictive Model to Distinguish All ME/CFS Patients from HCs

A comparison between all 92 patients with ME/CFS and the 50 HCs was carried out to

develop a classifier that could predict the disease status of these study participants. The

train dataset was composed of forty-five HCs and eighty-three ME/CFS patients, while the

test dataset comprised five HCs and nine ME/CFS patients.

The overall average antibody importance distribution is presented in Figure 31A as a

density plot. Our results showed that the overall average antibody importance was around

0.018, with the antibody against EBNA6_0066 being the most important (0.36). Further-

more, seven out of the ten topmost antibodies are associated with peptides belonging to

the family of the Epstein-Barr nuclear antigen (EBNA) proteins.

It is worth noting that the levels of antibodies against EBNA1_430 — a peptide with a

potential molecular mimicry with the human Anoctamin-2 protein [43, 44]— were similar

in both ME/CFS patients and HCs (Supplementary Figure 3). Consequently, they only had

an average importance of 0.010 (ranked in the 1866th place of the most important antibod-

ies). Therefore, this finding suggested a negligible role of these antibodies in predicting

disease status.

In the train subset, the target accuracy of 85% was already achieved by an SL classifier

including only two antibodies (Figure 31B). The corresponding sensitivity and specificity
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were close or equal to 1). This finding resulted from the high accuracy of the RF irrespective

of the number of antibodies used as features (Figure 31C).

In the test subset, the accuracy estimates fluctuated around 50% and were at best 64%,

using an SL classifier including 36 antibodies as features. This poor performance was ex-

plained mainly by the low sensitivity of the classifiers (Figure 31D). Hence, the target ac-

curacy of 85% was not achieved for the overall dataset, largely due to poor performance in

predicting ME/CFS patients in this data subset.

Figure 31: Analysis of all ME/CFS patients versus HCs. A) Density plot of each antibody’s
average importance distribution obtained by the RF with the top 10 most important anti-
bodies highlighted. B) Accuracy of the SL classifier in the train (purple) and test (orange)
subsets as a function of the number of antibodies included. The black and blue horizontal
dashed lines indicate 85% (target accuracy). The best classifier is highlighted with a black
dot. C) Accuracy of the different classifiers assembled by the SL in the train subset. D) Sen-
sitivity and specificity of the SL classifiers in the test subset as a function of the number of
antibodies included.
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8.4.2 Construction of a Predictive Model to Distinguish ME/CFS Patients with Non-

Infectious or Unknown Disease Triggers from HCs

We then compared the 38 ME/CFS patients with non-infectious or unknown disease

triggers to the 50 HCs. This time, the overall average antibody importance was around

0.012. The most important antibodies were EBNA1_0595, EBNA1_0530 and EBNA6_0400,

with the mean importance of 0.13, 0.12, and 0.11, respectively (Figure 32A). Once more,

seven out of the ten topmost important antibodies recognized antigens from the EBNA

protein group. In line with the analysis based on the whole cohort of ME/CFS, the anti-

bodies against EBNA1_430 had an average importance of 0.005, which translated into poor

importance ranking (2384th place) among all the antibodies.

In the train subset, based on the top three antibodies (EBNA1_0595, EBNA1_0530 and

EBNA6_0400) an SL classifier reached an accuracy of 94%, a value higher than the target

accuracy of 85% (Figure 32B). In contrast, the same classifier reached only 78% in the test

subset (Figure 32B). Such a value was the best accuracy that could be achieved for this anal-

ysis.

In the test subset, the target accuracy of the top three antibodies SL classifiers was not

achieved by a relatively modest sensitivity (Figure 32C). Hence, this analysis suggested that

these EBV antibodies were unable to discriminate this subset of ME/CFS patients from the

HCs with high sensitivity and high specificity.

8.4.3 Construction of a Predictive Model to Distinguish ME/CFS Patients with a Puta-

tive Infectious Disease Trigger from HCs

We finally conducted a comparison between the 54 ME/CFS patients who reported an

infection at their disease onset and the 50 HCs. This time the antibodies recognizing the

EBNA4_0529, EBNA3_0139, and EBNA3_0577 antigens had the highest importance values

in the RF (0.26, 0.25, and 0.24, respectively; Figure 33A). Eight of the ten topmost important

antibodies belonged to the group of EBNA proteins. Once again, the antibodies against

EBNA1_430 had a low average importance (0.009) and a poor ranking (1447th place) in

terms of predictive importance.

In this analysis, we found an SL classifier including 26 antibodies that could reach an

accuracy above the target value of 85% in both train and test datasets (99% and 90%, re-

spectively; Figure 33B). These antibodies were associated with antigens derived from nine

different EBV proteins: BALF2 (n= 2), BALF5 (n= 3), BLLF1 (n= 1), BMRF1 (n= 1), EBNA1

(n= 2), EBNA3 (n= 4), EBNA4 (n= 4), EBNA6 (n= 7), and LMP2 (n= 2). Twenty-two out of

the twenty-six selected antibodies had increased levels in this subset of ME/CFS patients

compared to the HCs (Figure 33C). The estimated classifier had a sensitivity of 100% and a

specificity of 80% (Figure 31D). The corresponding AUCs for both the train and test datasets

were 1.00 and 0.88, respectively (Figure 33E).
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Figure 32: Analysis of ME/CFS patients with non-infectious or unknown disease triggers
against HCs. A) Density plot of each antibody’s average importance distribution obtained
by the RF with the top 10 most important antibodies highlighted. B) Accuracy of the SL
classifier in the train (purple) and test (orange) subsets as a function of the number of an-
tibodies included. The black and blue horizontal dashed lines referred to the 85% target
accuracy. The best classifier is highlighted with a black dot. C) Sensitivity and specificity of
the SL classifiers in the test subset as a function of number of antibodies included.

Note that an SL classifier including 42 antibodies predicted disease status almost per-

fectly in both train and test datasets (Figure 33B). However, this perfect classification was

achieved at the cost of approximately 2.5 antibodies per study participant.

8.4.4 Testing the Importance of Antigen Mimicry on Disease Prediction Using a Bioin-

formatic Approach

The final analysis aimed at testing the hypothesis whether the EBV peptides associated

with the above 26 antibodies selected in the SL classifier might help explain the pathology

of ME/CFS via a mechanism of molecular mimicry. Under this hypothesis, we expected a

positive correlation between the importance of each antibody selected and the best align-

ment score between the associated peptides and human proteins.
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Figure 33: Analysis of ME/CFS patients with an infectious disease trigger against HCs. A)
Density plot of each antibody’s average importance distribution obtained by the RF with
the top 10 most important antibodies highlighted. B) Accuracy of the SL classifier in the
train and test subsets as a function of the number of antibodies included. The black and
blue horizontal dashed lines indicate the target accuracy of 85% (i.e., 0.85). The best clas-
sifier is highlighted with a black dot. C) Boxplots of the log10-levels of the selected 26 anti-
bodies in HCs and ME/CFS patients. D) Confusion matrix concerning the optimal classifier
performance on the test subset. E) ROC curve of the optimal classifier for both train and
test subsets.
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The best alignment score per peptide varied from 22.7 (BALF5_0025) to 32.9 (EBNA6_0070)

when conducting the protein alignments in the human RefSeq reference protein dataset.

In the case of EBNA6_0070, the highest alignment scores were associated with alignments

against the Homeobox-9A (HOXA-91) and adrenergic receptor alpha (ADRA1B) proteins

(Figure 34A). The peptide with the second-best alignment was EBNA6_0488. In this case,

this peptide had an extensive sequence homology with the human proteins CCCTC-binding

factor (CTCF) and adipocyte enhancer-binding proteins (AEBP1) (Figure 34B).

When we analyzed the average importance of these 26 antibodies against the best align-

ment scores of the respective peptides, we found a slight negative association between

these two quantities, but this association was not statistically significant (rs = -0.161, 95%

CI [-0.473; 0.185]; Figure 34C). We obtained the same lack of correlation using the non-

redundant protein database (rs = -0.018, 95% CI [-0.355; 0.330]; Supplementary Figure 4).

Hence, these data did not support the hypothesis that antibodies recognizing important

EBV peptides for disease prediction had a high potential for cross-reactivity with human

proteins.

8.5 Discussion

8.5.1 General Comments

This paper has demonstrated the recurrent difficulty of finding anti-EBV antibodies that

could be used as general markers of ME/CFS. Similar difficulty was encountered in stud-

ies on IgG antibodies against common pathogens [45] or multiple peptides derived from

different herpesviruses [21]. In our case, such a difficulty was mainly due to patients who

reported a non-infectious disease trigger or did not know their disease trigger. Therefore,

stratifying patients by the respective disease trigger was sufficient to make specific EBV an-

tibody signatures emerge for patients with an infectious disease trigger. A more detailed

discussion of the utility of stratifying patients by their disease trigger can be found in our

previous works [24, 29]. A more general discussion of the issue of patient stratification can

be found in Jason et al. [46].

In the present work, the best-case scenario was obtained for the patients with an infec-

tious disease trigger where a set of 26 EBV-related antibodies led to good accuracy in both

train and test datasets. This finding is not surprising, given that our previous study also led

to a similar conclusion but using a different statistical methodology [29].

Similar large-scale antibody screening was performed on patients suffering from multi-

ple sclerosis (MS), a disease strongly correlated with EBV infections. In one of these screen-

ings, the levels of the 26 identified antibodies were not significantly different in patients

with MS when compared to healthy donors [47]. This finding suggests that our 26-antibody

signature is specific to ME/CFS patients. However, in one of the largest studies of MS,
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the levels of antibodies related to EBNA1_0005, EBNA3_0577, EBNA4_0566, EBNA6_0025,

EBNA6_0488, and EBNA6_0752 peptides were significantly elevated in MS patients [48].

This previous finding is in line with the recurrent observation that some patients with ME/CFS

share the same symptomatology [49, 50] and antibody alterations with patients with MS

[51]

8.5.2 Clinical and Diagnostic Implications

The identification of multiple elevated anti-EBV antibodies linked to the cohort of ME/CFS

patients with an infectious disease trigger suggests that treatments such as immuno-adsorption,

rituximab, and cyclophosphamide could be deployed to treat this clinical group specifi-

cally. Interestingly, the clinical value of these three treatment options was at the heart of a

recent meeting entirely dedicated to ME/CFS research [52].

In general, immuno-adsorption is an aphaeretic procedure that removes specific pro-

teins (e.g., antibodies) from a patient’s plasma. This treatment has already been tested

successfully in a small cohort of ME/CFS patients with an infectious disease trigger whose

autoantibodies against adrenergic receptors were elevated [53, 54]. The same treatment

was recently tested in long COVID ME/CFS patients, with similar successful outcomes [55].

Given that immuno-adsorption induces a significant depletion of total IgG, we speculate

that the clinical benefit of this treatment comes from the removal of not only autoantibod-

ies against adrenergic receptors from patients but also the EBV antibodies here identified.

The administration of rituximab, an anti-CD20 monoclonal antibody, aims at inducing

a slow depletion of hypothetical autoreactive B cells in ME/CFS patients [3]. This depletion

also has the advantage of removing EBV-infected B cells. At the same time, the depletion of

the peripheral B-cell pool induces the renewal of the B-cell pool by a healthy one coming

from the bone marrow. The initial clinical trials on the deployment of this drug to ME/CFS

treatment were promising [56, 57]. However, similar results were not observed when the

clinical trial was scaled to a larger cohort of ME/CFS patients [58]. A possible explanation

for this finding is the use of rituximab to treat all patients irrespective of their disease. A bet-

ter treatment strategy is to use this drug only on patients with an infectious disease trigger,

mainly those who reported an infectious mononucleosis at the disease onset.

Cyclophosphamide is an immunosuppressive drug that was already tested, with promis-

ing results, in ME/CFS patients [59]. This drug generally acts on both T and B cells [60]. In-

terestingly, early studies on cyclophosphamide demonstrated a strong suppressive effect

on antibody formation in animal models [61, 62]. In addition, there is evidence of a de-

crease in the B-cell numbers after cyclophosphamide administration in patients suffering

from rheumatoid arthritis [63]. Given that EBV can trigger both T- and B-cell responses and

the antibody production requires the activation of the CD4+ T helper cells recognizing a

given antigen, this drug is expected to have a higher clinical benefit than rituximab due to
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Figure 34: Bioinformatic analysis of the EBV peptides associated with the 26 antibodies
for predicting ME/CFS patients with an infectious disease trigger. A) Alignments between
EBNA6_0070 and the human proteins HOXA-9A and ADRA1B_371 with the correspond-
ing amino-acid coordinates within brackets. (B) Alignments between EBNA6_0488* and
the human proteins CTCF and AEBP1 with the corresponding protein coordinates within
brackets. (C) Scatterplot between the average importance of each EBV peptide and the
maximum E-score alignment score with human proteins using the RefSeq reference pro-
tein database, where R is the Spearman correlation coefficient with the respective 95% con-
fidence interval in brackets.
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a broader suppression of the adaptive immune responses towards potentially pathogenic

EBV peptides. In light of this perspective, it would be interesting to confirm whether CD4+

T helper cells from the same cohort of ME/CFS patients can be activated by the same EBV

peptides associated with the identified 26-antibody signature. If such an activation oc-

curs, it provides a strong rationale for using cyclophosphamide instead of rituximab to treat

these patients.

Our results suggest that 26 antibodies could be used jointly as a diagnostic tool for sus-

pected cases who reported an infection at the onset of their symptoms. This is of great

clinical value, given that more than 64% of ME/CFS patients report an infectious disease

trigger [24, 64, 65]. However, further studies should be conducted to understand the ef-

fect of disease duration, the infectious agent, and other factors on sensitivity. On the other

hand, the diagnostic potential of these 26 antibodies requires going beyond the routine

use of ELISA for a single antibody testing. In this regard, the practical use of a 26-antibody

diagnostic tool demands the use of multiplex and other high-throughput serological plat-

forms in which these antibodies could be quantified simultaneously, as done for testing

malaria exposure [66, 67]. If so, the 26-antibody diagnostic tool could be conducted in ref-

erence clinical centers dedicated to ME/CFS, where high-throughput serological platforms

are available.

On the other hand, we could not find any significant EBV antibody signatures for pa-

tients who did not know or report a non-infectious disease trigger. The same negative re-

sult was obtained in our previous analysis of the same data [29]. It is worth noting that

non-infectious disease triggers might be, among others, pregnancy, surgery, personal and

work-related stress, or exposure to chemicals [24, 65]. These triggers seem not to have as

direct and strong an impact on the immune system as infections do. Hence, it is perfectly

conceivable that patients with non-infectious disease triggers have pathological mecha-

nisms that are more related to dysfunctions of the body’s systems other than the immune

one. As such, alternative approaches (e.g., metabolomics, DNA methylation, or genetics)

should be sought to tackle the pathogenesis of patients who did not know their disease

trigger or reported a non-infectious one, and then to discover the respective biomarker.

8.5.3 EBV Antigenic Mimicry and Its Putative Role in ME/CFS Pathogenesis

8.5.3.1 Replication of Previous Finding on EBNA6_0070 Peptide

Among the peptides recognized by the selected antibodies, EBNA6_0070 had the highest

sequence homology with a human protein. This antigen had already been discovered and

amply discussed in our previous study [29]. The replication of this finding using a differ-

ent statistical approach provided further support for the hypothetical role of this peptide

in ME/CFS. However, in contrast with our previous work, antibodies against this candi-

date antigen were not among the top most important antibodies for disease prediction.
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This result suggests that the potential pathological effect of this EBV antigen via molecular

mimicry is not as so straightforward as our initial study suggested.

To resolve this question, one could purify IgG antibodies against this EBV peptide from

ME/CFS patients and then transfer them to recipient humanized mice. Alternatively, one

could synthesize the EBNA6_0070 peptide artificially and then inject it into humanized

mice. One can then measure the motor activity of these mice after these challenges. Clas-

sical measures of motor activity are distance travelled, voluntary wheel running, or time

standing still [68]. Suppose this peptide or the respective recognizing antibodies are indeed

in the causal pathway of ME/CFS. In that case, one should observe a significant reduction

of motor activity in these challenged mice over the time course of the experiment. It is

worth noting that animal models are already in use to understand the role of antibodies on

fibromyalgia [69], a co-morbidity of many ME/CFS patients. Animal models also provide

proof-of-principle evidence of a hypothetical pathological mechanism for ME/CFS [18].

Efforts were also conducted to develop a mouse model for ME/CFS, using lipopolysaccha-

ride challenges [70, 71]. However, it is unclear how these models really mimic the main

disease symptoms, especially post-exertional malaise.

8.5.3.2 EBNA6_0488 Peptide and the Antigenic Mimicry with CTCF and AEBP1

The EBNA6_0488 peptide had the second-highest sequence homology with human pro-

teins. This homology was related to two possible human 10-mer peptides belonging to

CTCF and AEBP1. The former protein is a master transcription factor due to its more than

50,000 possible binding sites and its role as a chromatin barrier element [72, 73]. In ad-

dition, the level of this transcription factor is inversely correlated with the levels of DNA

methylation [73]. CTCF in partnership with cohesion molecules is also important in many

immunological pathways, such as the interferon gamma production in Th1 cells and the

establishment and maintenance of regulatory T cells in visceral adipose tissue and skele-

tal muscle [74, 75]. In this scenario, we speculate that the increased quantity of antibod-

ies against EBNA6_0488 results in a cross-reactive antibody response to the CTCF peptide,

thus reducing the abundance of this transcription factor. This putative reduction could

lead to altered gene expression and DNA methylation patterns, and abnormal immuno-

logical processes, including the maintenance of deleterious autoimmunity in check. This

speculation is in line with findings from altered gene expression and DNA methylation pro-

files in ME/CFS patients [76, 77, 78, 79]. As an extreme case, one study identified more than

12,000 CpG sites with altered DNA methylation levels in patients with ME/CFS compared to

HCs [80]. Immunological abnormalities are also reported by many studies in ME/CFS pa-

tients (reviewed in Refs. [8, 81]). An alternative interpretation is that the increased levels of

antibodies against EBNA6_0488 resulted from a putative CTCF overexpression during the

disease progression in the cohort of ME/CFS patients with an infectious disease trigger. An

overexpression of this transcription factor could be the result of a stress-induced response

217



to restore homeostatic equilibrium within cells. However, altered gene expression was not

reported for CTCF by any gene expression studies published so far. This negative reporting

could be explained by not performing any patient stratification when analyzing data from

these studies.

With respect to AEBP1, this protein is a ubiquitous transcriptional repressor involved in

the regulation of adipogenesis, mammary gland development, inflammation, macrophage

cholesterol homeostasis, and atherogenesis [82]. Interestingly, mutations on the AEBP1-

encoding gene were implicated with the onset of Ehlers-Danlos syndrome (EDS) [83, 84].

Patients with EDS hypermobility type can also receive a diagnosis of ME/CFS [85]. On the

other hand, patients with a diagnosis of ME/CFS also show EDS as a co-morbidity [86]. In

fact, the presence of EDS in a suspected case of ME/CFS has not been considered as an ex-

clusionary condition for the respective disease diagnosis [87]. However, genome-wide as-

sociation studies of ME/CFS did not report any genetic markers located in the AEBP1 gene

[88, 89, 90, 91, 92]. In this scenario, antibody responses to EBNA6_0488 with the poten-

tial of being cross-reactive with AEBP1 should alter the regulation of biological processes

where this protein is involved. In particular, the deficient regulation of inflammatory pro-

cesses is particularly relevant for ME/CFS, given the general idea that established ME/CFS

translates into a persistent low-grade inflammatory process in patients [6]. Given that en-

dothelial dysfunction is also observed in patients with ME/CFS [93, 94, 95], such a dysfunc-

tion could result from damaged endothelial cells via persistent low-grade inflammation in

response to EBNA6_0488 mimicking an AEBP1 peptide. Hence, the identification of this

molecular mimicry brings an unexpected link between EBV and AEBP1. As alluded above

for CTCF, current gene expression studies did not highlight AEBP1 at the top of the proteins

with the most significant differential abundance between patients with ME/CFS and HCs.

The lack of patient stratification is once again a possible reason for not detecting an altered

abundance of AEBP1 in ME/CFS patients when compared to HCs.

Interestingly, the maximum sequence homology of the peptides recognized by the 26

selected antibodies and human proteins was not associated with the importance of the

same antibodies in disease prediction. Moreover, antibodies against EBNA1_430, which

contains a peptide mimicking a peptide from the human Anoctamin-2 protein[43, 44], had

low importance in predicting ME/CFS patients. These results suggest that potential molec-

ular mimicries due to antibody reactivity between EBV and human antigens have a mi-

nor role in the underlying pathological mechanism in such a subset of patients. However,

we cannot rule out the possibility of a potential mimicry based on the three-dimensional

molecular structure of the respective peptides, but not at the level of their amino-acid se-

quence. We cannot also rule out that molecular mimicries based on sequence homology

might be elicited by peptides from EBV proteins other than the ones evaluated in this study.

This might be the case of two EBV peptides from BPLF1 and BHRF1 proteins that were able

to elicit an immune response by self-reactive T-cell clones derived from patients with MS
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[96].

8.5.4 Interpretation of the Findings under the Lens of the Danger Theory

An interesting perspective on the above results can be given by the so-called danger

theory [97]. The theory is based on the premise that the immune system is activated by

danger or damage signals sent by infected (or stressed) cells to the immune system. These

danger signals are independent of the intrinsic nature of antigens (self or non-self) seen

by the immune system. As a corollary, autoimmune responses and autoimmune diseases

are then understood as unintended consequences of persistent danger signals that ulti-

mately include chronic presentation of multiple self and non-self antigens. This explains

why chronic and low-grade infections by herpesviruses are among the most documented

triggers of autoimmune diseases. In this scenario, the theory exactly predicts the lack of

correlation between the importance of the selected antibodies in predicting ME/CFS and

the degree of molecular mimicry between the EBV peptides and human proteins. The ba-

sic question of applying the danger theory to ME/CFS pathogenesis lies in understanding

which danger signals are at the core of the disease. According to the original proponents of

the danger theory, general danger signals are the heat shock proteins (HSP), the vasoactive

intestinal polypeptide (VIP), and the cytokines TNFα and IL1β , among others [98]. A brief

discussion about some of these danger signals in the context of ME/CFS is given below; a

more comprehensive discussion of this topic will be conducted in the near future.

8.5.5 Potential Danger Signals in ME/CFS Pathogenesis

HSPs are highly conservative proteins in nature and are produced in response to many

different cellular stresses. In theory, antigens derived from these proteins were thought to

belong to the so-called immunological homunculus, a limited set of dominant self anti-

gens that allow the immune system to have a picture of the self [99]. However, there is no

consensus on whether HSPs are indeed signaling danger or are simply key regulatory and

resolution elements of a stress or immune response [97, 100]. This alternative interpreta-

tion of the functional role of HSPs might explain the lack of consistency in HSP-related re-

sponses across studies where patients with ME/CFS and HCs were challenged with physical

exercise [101, 102, 103]. In addition, antibodies against endogenous and microbial HSP65

peptides were at the same level in patients with ME/CFS and HCs, with the exception of

a higher seroprevalence to an HSP65 peptide derived from Chlamydia pneumoniae in the

former [104].

VIP is a neuromodulator present in the gut and the anterior chamber of the eye [98].

On the one hand, it can activate dendritic cells [105] (thus its suggestion as a potential dan-

ger signal). Conversely, the binding of VIP to its receptor in immune cells also leads to

anti-inflammatory actions [106]. In this line of thought, a loss of tolerance to VIP, other va-
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soactive neuropeptides, or their receptors was hypothesized to be at the genesis of ME/CFS

[107]. However, a follow-up study showed an elevated expression of VPAC2—the VIP recep-

tor—in immune cells and an increased frequency of the regulatory Foxp3+CD4+ T cells in

ME/CFS patients in comparison with HCs [108]. Given that the generation of these regula-

tory cells can be induced by VIP [109], this finding is more in line with this neuromodulator

being a mediator of regulation in the context of ME/CFS.

TNFα and IL1β are two classical pro-inflammatory cytokines. According to a system-

atic review [110], it was found that 20–25% of the studies reported elevated levels of these

cytokines in patients with ME/CFS when compared to HCs. However, the same system-

atic review did not perform a meta-analysis of the published data. Therefore, it is unclear

whether the lack of significant findings related to these two cytokines results from insuf-

ficient statistical power due to reduced sample sizes used in the respective studies. It is

worth noting that ME/CFS patients from Italy had a higher frequency of an allele variant

associated with elevated levels of TNFα (rs1800629:G >A) [111]. However, this finding was

not replicated by another study with German patients [112].

TNFα and IL1β are also known to bridge the adaptive and innate arms of the immune

system via the so-called CD40/CD40 ligand (CD40L) pathway. In particular, CD40L and its

mutations trigger different immunological signaling cascades on B cells [113] that might

be important for the establishment of EBV latency and its reactivation. The fundamen-

tal question is to understand how TNFα, IL1β , and CD40L are balanced under normal

and disease-related conditions. On the one hand, there is ample evidence that TNFα and

CD40L influence the immunological activity of each other [114, 115, 116]. In the context of

Crohn’s disease, TNFα can show anti-inflammatory activity by down-regulating the CD40/

CD40L pathway [117]. This capacity might be an explanation for the observation that CD40L

levels were significantly decreased in ME/CFS patients with shorter disease duration [118,

119]. From this perspective, the increased levels of TNFα in ME/CFS might be seen as an

anti-inflammatory response to an exacerbated immune response to an ongoing infection

(caused by EBV or another virus) that initiated ME/CFS. On the other hand, IL1β is known

to cooperate with CD40L to increase the production of pro-inflammatory cytokines and

activate dendritic cells [120, 121]. In light of the above evidence, it is an interesting re-

search question to know the interplay between TNFα, IL1β , and CD40L at the early stages

of ME/CFS.

8.6 Conclusions

In summary, this study provided a list of possible EBV peptides whose associated IgG

antibody responses could be used in the diagnosis of suspected ME/CFS cases who re-

ported an infection at their symptoms’ onset. Two of these peptides had a high sequence

homology with human proteins, but the corresponding antibody responses were not the
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most important ones for disease prediction. This finding suggested that the role of EBV on

eventual ME/CFS-related autoimmunity should be reconsidered under the lens of danger

theory.
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Supplementary Materials

Supplementary Figure 2: Pipeline for data analysis where different steps are shown in the
flowchart using distinct coloured shapes. Green refers to the RF step, where two-thousand
and five-hundred RF runs were conducted while changing the model hyperparameters.
The average antibody importance was then obtained, and antibodies were sorted accord-
ing to their average importance. Light orange refers to the steps concerning the classifier
construction and assessment of its train and test predictive accuracies using the SL. The
process of creating a classifier and assessing its predictive performance through the SL was
repeated, each time adding a new feature, until the stopping criterium (octagonal shape)
was overified. Once a new feature was added to the construct, the Spearman coefficient
was obtained to remove highly correlated features. The flowchart ended by selecting the
optimal classifier, the one with the minimum number of antibody responses (kmin), while
simultaneously achieving a train and test accuracy above or equal to 0.85. If the accuracy
of 0.85 was not met, the classifier with the minimum number of antibody responses and
highest accuracy would be considered the best classifier.
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Supplementary Figure 3: Data concerning to the IgG antibody against EBNA1_0430.
Boxplot of data related to IgG antibody against EBNA1_0430 in the whole ME/CFS
group (All ME/CFS), the ME/CFS subgroup whose patients reported an infectious dis-
ease trigger (ME/CFS Infection), the ME/CFS subgroup whose patients reported a non-
infectious disease trigger or did not know their disease trigger (ME/CFS Other), and their
healthy controls. Differences in antibody distributions between ME/CFS group/subgroups
and healthy controls were not statistically significant according to the Mann-Whitney-
Wilcoxon test with continuity correction (All ME/CFS versus HC, p-value= 0.410; ME/CFS
Infection versus HC, p-value = 0.626; ME/CFS Infection versus HC, p-value = 0.322).
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Supplementary Figure 4: Bioinformatic analysis of the EBV peptides associated with the
26 antibodies for predicting ME/CFS patients with an infectious disease trigger. Scatter-
plot between the average importance of each EBV peptide associated with the 26 selected
antibodies and the maximum E-score alignment score with human proteins using the n r
protein database where R is the Spearman’s correlation coefficient with the respective 95%
confidence interval in brackets.
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9.1 Abstract

Background: Machine Learning (ML) models have become an essential tool in anal-

ysis aiming at identifying antibodies against clinical malaria. These techniques have al-

lowed for a better understanding of the complex interactions between the host’s immune

responses and the malaria parasite and improved the chance of identifying novel biomark-

ers against clinical disease. However, a critical aspect when deploying these models is the

careful consideration of the train and test split proportions, which can significantly affect

the models’ robustness and generalizability, leading to unreliable results. Moreover, in the

absence of designated methods to evaluate the reliability of the results provided by such

models, assessing their trustworthiness becomes inherently challenging. Together, these

factors may explain the variability of findings across studies and the difficulty in unveilling

the exact identity of the antibodies that confer malaria protection.

Objective: The objective of this paper is two-folded. First this paper delves into the impact

of varying the train-test split ratios on the generalization ability of the model, shedding

light on the pivotal role this parameter plays in the soundness of model outcome. Next,

we have provided a benchmark study for understanding the reliability of such models in

datasets with low sample size, similar to the ones traditionally used for the identification

of antibody biomarkers against clinical malaria.

Methods: Here, we propose an approach anchored on recent research advocating a specific

target accuracy of 85% as a benchmark for model evaluation to estimate the inherent power

of the models’ performances obtained providing a means to evaluate their reliability. Such

models relied on the use of the Random Forest for variable selection and the Super Learner

(SL) to assess the predictive performance, where different split ratios (9:1, 8:2, 7:3, 5:5) were

considered for data partitioning. To illustrate this strategy, we used published data on IgG
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antibody responses to 2054 antigens obtained for 186 individuals living in Mali obtained,

using microarrays.

Results: Our results clearly denote the impact of the split ratio on the initial selection of

variables, which translated into the identification of distinct classifiers by the predictive

SL-model. Furthermore, decreasing the available data to train the model significantly im-

pacted its ability to generalized, which was highlighted by a reduction in the test set ac-

curacy, that dropped below the 0.85 target when using the lower split ratios to partition

the data. Notwithstanding, using the 9:1 and 8:2 split ratios we were able to identify a 35-

antibody and a 75-antibody classifier, whose respective test set accuracies reached close to

0.90 (95% CI [0.668, 0.987]) and 0.86 (95% CI [0.71, 0.95]), respectively. Finally, our results

demonstrate that a much large number of samples (individuals) than the ones typically

used in this type of data are required to attain reliable results. Within our framework, we

stablished a minimum accuracy boundary of 80% to claim enough statistical power to the

target 85% accuracy. Our analysis suggests that a minimum of 1420 observations would

be necessary to admit this difference with 95% certainty, a number higher than the one

traditionally found in most of these studies.

Conclusions: In conclusion, this research underscores the importance of a deliberate train-

test split consideration and introduces a practical framework for assessing the reliability

of ML-based models through a target accuracy benchmark. Such approach may help re-

searchers to enhance the credibility of their models, contributing to the establishment of

more reliable and reproducible machine learning practices, ultimately aiding in the iden-

tification of the antibodies that confer protection against malaria.

Keywords: Random Forest, Accuracy, Sample Size, Power, Type II error

9.2 Introduction

The wide availability of high-throughput antibody data has led to the introduction of

machine learning approaches for the identification of antibodies against clinical malaria

[1, 2, 3, 4]. Within such approaches, decision tree-based statistical methods, such as the

Random Forest [5] have gained particular prominence [1, 4, 6, 7]. However, as these mod-

els continue to be leveraged across diverse domains, it becomes necessary to evaluate the

reliability of the results that they provide. Central to this is the pivotal role played by the

train-test split ratio, a parameter that inherently influences the model’s performance, af-

fecting its robustness and ability to generalize to unseen data [8, 9, 10]. Data splitting or

train-test split refers to the process of portioning the data into subsets for model training

and evaluation of its predictive capability. This technique is indispensable to reduce the

model’s bias towards the training data, preventing machine learning algorithms from over-

fitting on the data used to train the model and perform poorly on the new unseen data (test
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data) [11]. The delicate balance in the allocation of data for training and testing purposes is

well-acknowledged in the machine learning community, however it is often overlooked in

malaria studies aiming at identifying biomarkers against malaria, posing a major problem

to the reliability of the machine learning models and the consequent findings.

Adding to this, the absence of a pre-designated approach to assess the reliability of

the results obtained by such models further aggravates this situation. This becomes even

more concerning when we consider the low sample size of traditional high-throughput

data malaria studies (usually a few hundred) [1, 2, 3, 4, 12, 13, 14] which directly impacts

the model’s ability to generalize. Combined, these factors may explain why, despite their

outstanding performance, to this date, these techniques have failed to identify the exact

identity of the antibodies that confer protection to clinical malaria. Thus here, we contend

that the performance of machine learning models should not solely rest on its accuracy

but should also consider the statistical power inherent in achieving a specific target accu-

racy. Recently, Wilson R. et al.[15] have proposed the adoption of a standardized accuracy

benchmark of 85%, to enhance the evaluative criteria for model performance. Here, we

argue that this target accuracy may serve not only as a benchmark for model performance

but also become a focal point for assessing the statistical power of such model. By intro-

ducing a specific target accuracy, researchers can thus establish a measurable standard for

assessing the reliability of their models.

Therefore, this paper introduces the concept of statistical power analysis, elucidating

how it can be leveraged to ascertain whether the model’s accuracy significantly deviates

from this benchmark value. This, while scrutinising the intricacies of the train-test split

and its consequential impact on the performance and generalizability of the models which

directly impacts their reliability. Here, the models’ accuracies were obtained through a two-

step approach. First, we proceeded to identify the variables (antibodies) with a stronger

association with the target variable through the Random Forest algorithm[5]. Then clas-

sifiers with an increasing number of the most important variables were constructed, and

their performances were obtained via the implementation of a Super Learner [16]. This

strategy was implemented using the most described train/test split ratio in the literature

(9:1, 8:2, 7:3, 5:5) [8, 10, 11, 17] for data partitioning and illustrated using published data

on IgG antibody responses to 2054-antigens obtained for 186 individuals living in Mali ob-

tained using microarrays [18].

9.3 Materials and methods

9.3.1 Data

Here we have analysed published data on 186 Malian individuals (age range: 2-25 years

of age) described in detail elsewhere [18]. Briefly, this data comprises information con-
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cerning protein microarray-based antibody reactivity against a panel of 2320 P.falciparum-

specific epitopes of the 3D7 line, representing 1204 unique proteins (≈ 23% of the P. fal-

ciparum proteome) collected before the start of the transmission season. The response

variable is the incidence of clinical malaria, defined as axillary temperature >37.5°C plus a

parasitaemia >5000/µl, over an 8-month follow-up period [18].

9.3.2 Data Partitioning / Split Ratio:

Before conducting any analyses, the original dataset was divided according to the 9:1,

8:2, 7:3 and 5:5 split ratios while maintaining the proportions of Protected and Susceptible

patients in each split. These consisted of using 90% of the data as training data and 10% as

test data (9:1), 80% training and 20% test (8:2), 70% training and 30% test (7:3) and 50% train

and 50% test (5:5). The respective datasets contained 167, 149, 131 and 94 observations for

the train set and 19, 37, 55 and 92 observations for the test set.

9.3.3 Predictive analysis

A detailed description of the pipeline here implemented can be found in [19]. Briefly,

2500 runs of the Random Forest were performed changing the following hyperparameters:

number of trees, number of features to possibly split in each node and minimal node size

after each run. In each run, the mean decrease in the Gini index was used for determining

feature importance, which was averaged across all runs, and finally sorted [20]. A classi-

fier with the topmost important features was created, and their predictive performance

was accessed using a Super Learner. A construct with the two topmost important feature

was initially included in the classifier, and one at a time, features were added, each time

performing the Spearman test to remove highly correlated features (Spearman correlation

coefficient>|0.8|). Finally, the construct with the least number of features while simultane-

ously reaching a predictive performance of at least 85% in both the train and test sets was

considered the optimal solution.

Finally, the performance of each construct was obtained using the accuracy measure

with the probability cut-off estimated for the cut-point that minimized the distance be-

tween the Receiving Operator Characteristic (ROC) plot and the point where sensitivity

equals 1 and 1-specificity 0 (perfect classification) [21]

9.3.4 Power Analysis

The statistical power of a test is the probability of rejecting a null hypothesis when it

is not true [22, 23]. This can be translated as the probability that a significance test will

yield statistically significant results, or in other words, to detects a truly existing effect. The

power is given by 1 – β , where β , the probability of committing a type II error, meaning
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accepting the null hypothesis when it is false [22, 23, 24]. The power is determined as a

function of three parameters: significance criterion (α), the sample size (n) and the effect

size (ES) [22, 23, 24]. Theα value, also known as the type I error, indicates the probability of

rejecting the null hypothesis when the null hypothesis is in fact true. Although unofficial,

anα= 0.05 has become a convention for a minimum basis for rejecting the null hypothesis

in most scientific areas. Therefore, here we have used the same for conducting our power

analysis. The sample size refers to the number of samples (individuals) in the data. In our

case, this corresponds to the number of samples in either the train or test subsets after data

partitioning. Finally, the ES, the degree to which the effect under study is manifested, must

be determined [25]. The ES can either express the difference between two population pa-

rameters or the departure of a population parameter from a constant. In either way, ES can

be treated as a parameter which takes the value zero when the null hypothesis is true and

some other specific nonzero value when the null hypothesis is false [25]. Thus, the ES may

serve as an index of the degree of departure from the null hypothesis. Here the population

parameter we sought to determine was the predictive performance (accuracy), which in

itself is a proportion that ranges from 0 to 1 [25]. Thus, ES for comparing proportions with

different sample sizes was calculated. In such case, if proportion 1 (P_1) and proportion 2

(P_2) represent two accuracies, the effect size (h) is represented by the difference between

the arcsine root, or the angular transformation of each proportion:

h = 2a r c s i ne (
p

P1) − 2a r c s i ne (
p

P2)[26]

Determination of the parameters α, n and E S allow us to elucidate the power. The null

hypothesis (H0) of the power test states that two proportions are no different[27]. The al-

ternative hypothesis (H1), on the other hand, states that there is a difference between the

two proportions. A one-tailed test was implemented were we sought evidence for P_1 be-

ing greater or equal to P_2 and a minimum power of 0.8 was establish for evidence of an

effect [28, 29]

9.3.4.1 Statistical Software

The statistical analyses were performed in the R software [30] version 4.3.0 with core func-

tions and the following packages: Caret for multicollinearity removal [31], “caTools” for

data splitting [32], “OptimalCutpoints” to obtain the optimal cut-points for each predictive

model [21], “pwr” to conduct the statistical test of proportions [33], “ranger” to perform the

Random-Forest [34] and “SuperLearner” for predictive analysis [16]. The same starting pa-

rameter (seed) was used for all analysis conducted to assure findings were biological and

not computationally derived. Our analyses were last conducted on the 10th August 2023.

All the full reproducible codes are freely available from AF upon request.
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9.4 Results

9.4.1 Data partition’s effect on variable selection

As a first step in our analysis, we aimed at understanding how different data splitting

proportions could impact variable selection. For this, we obtained the average antibody

importance values provided by the Gini index given when performing the Random Forest.

The average antibody importance distribution for each split is presented in Figure 1A as a

density plot. According to our results, the overall antibody importance decreased with the

split ratio, with the 9:1, 8:2, 7:3 and 5:5 splits reaching an average antibody importance of

0.031, 0.027, 0.024 and 0.017 respectively (Figure 2A).

Regarding the 10 topmost important antibodies, several were consistently found across

the distinct proportions. Indeed, 5 antibodies, against the MAL6P1.252-1, PFC0210c, PF10_

022_4, PF08_010 and PF10_036.2 antigens, could be found across all four split ratios. From

these, the antibody against MAL6P1.252-1 was the most relevant since it appeared as the

most important overall in all scenarios. Meanwhile, the antibody importance against PFC0

210c, seemed to decrease as the proportion of data used for the training set decreased. Con-

trarily, the antibody importance against the PF10_036.2 antigen increased with a decrease

in the split ratio. Lastly, the antibodies against PF10_022_4 and PF08_010, however, did

not depict any clear pattern across the different splits. Two antibodies, against PF14_067

and PF07_0128 were also found across all splitting procedures except for the one where the

train set corresponded to 50% of all the data.

As for the remaining antibodies, these were scattered between the different split ratio,

with some of the antibodies within the highest splits not being found in the lower ones,

being replaced by other (Figure 1B and C). This is especially noticeable when compar-

ing the topmost antibodies between the 9:1 and 5:5 partitions, where 5 (half) of the an-

tibodies found in the first, against the PF14_067, PFI1520w, MAL13P1.133, PF07_0128 and

MAL7P1.12.1 antigens, couldn’t be found in the latter. Instead, these antibodies were re-

placed by the antibodies against PF08_008.4, PF11_023, PF08_104.3, PF10_107.4 and PF08_1

012.2, with the last three being exclusively found in this data partitioning (Figure 1A and

B). Meanwhile, comparing the 9:1 with the 8:2 and 7:3 splits revealed 2 antibodies that dif-

fered between the first and the last two. (Figure 1B). Similarly, the 8:2 and 7:3 partitions

also shared 8 antibodies, Finally, a comparison between the 8:2 and 7:3 split ratios against

the 5:5 revealed 6 and 7 antibodies shared between them, respectively (Figure 1B and C).

Overall, these results suggest that opting for different proportions of data to perform

data partition has the ability to affect variable selection, with more dissimilar proportions

showing a greater difference between the variables selected.
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9.4.2 Data splitting’s effect on predictive accuracy

Then we proceed to assess how the splitting proportion impacted the predictive accu-

racy of our model. For this, we obtained the accuracy of the train and test set’s classifiers

with an increasing number of antibodies for each data partition (Figure 2A). Due to the dif-

ferent antibodies elected, one would expect the resulting classifiers’ accuracy and antibody

composition to vary in respect to the partition used.

According to our results, only classifiers in the 9:1 and 8:2 split ratios were able to reach

the target 0.85 in both the train and test subset (Figure 2A). Using the 9:1 partition, the tar-

get value was readily attained by a 2-antibody classifier in the train set (Accuracy = 0.852)

(Figure 2A). This result is explained by the almost perfect accuracy reached by the RF in-

cluded in the Super Learner (Figure 2B). In the test subset, however, the target accuracy was

only reached by a 35-antibody classifier (accuracy= 0.895) which provided a sensitivity and

specificity of 0.917 and 0.860 respectively (Figure 2C and Table I). The full list of antibodies

that compose this classifier can be found in Figure 2D. It is worth noting that from the 10

topmost important antibodies using this split ratio, 9 composed this classifier. Concerning

the 8:2 split ratio, 4 antibodies were necessary to reach the 0.85 accuracy in the train set ac-

curacy, whilst 75 antibodies were required to reach the target accuracy in the test set (Figure

2A). This 75-antibody classifier ‘s sensitivity and specificity were 1 and 0.6154 respectively,

providing an overall accuracy of 0.87 (Table I). Interestingly, of the 35 antibodies that made

up the 9:2 classifier 28 (80%) also composed this 75-antibody classifier.

Among the antibodies found in these classifiers, it is worth highlighting the ones against

PF07_0128, PFB0305c and PFC0210c antigens, located in the Erythrocyte Binding Antigen-

175 (EBA-175), the Merozoite Surface Protein 5(MSP5) and Circumsporozoite proteins re-

spectively, against which, the reported antibodies have been described to provide protec-

tion against clinical malaria [35, 36, 37, 38, 39, 40, 41, 42].

As for the 7:3 and 5:5 splits, once more, the train set’s accuracies reached accuracies

above 85% and very close to a perfect accuracy with just a few antibodies. Nevertheless,

the maximum test set accuracies obtained were 0.8 and 0.78 respectively, with the corre-

sponding classifiers having a total of 26 and 28 antibodies (Figure 2A and 3D). The subopti-

mal performance of these classifiers is largely related by the model’s incapacity to correctly

ascertain the susceptible individuals (Figure 2E and 3F) which significantly deteriorated

with the decrease of the split ratio.

Finally, our results denote an important aspect concerning the overall predictive ability

of the model. As the split ratio decreased, fewer antibodies were necessary for classifiers to

reach an almost perfect prediction (Accuracy = 100%) in the train set (Figure 2A). While in

9:1 partition, a perfect accuracy was only reached by classifier with more than 81 antibod-

ies, for the remaining splits only a few antibodies (between 5 to 7) were needed to reach the

same accuracy (Figure 2A). Nonetheless, despite the model’s extreme accurate predictions
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Figure 35: Split ratio impact on feature selection. A) Density plot of the antibody’s average
importance distribution obtained by the RF for each of the split ratios. Veen Diagram. B)
Veen Diagram showing the overlap between the 10 most important antibodies for each split
ratio and C) the respective bar plot of such antibodies for each split ratio.

in the train set, these were not translated to the test set, where the predictive abilities of

the classifiers diminished with the split ratio (Figure 2A). This strongly suggests that as the

number of observation available in the train set decreased the model became more prone

to overfit the same, leading to a poorer generalization to the test set.

All around, the different data split ratios significantly impacted the overall performance

of the models. As the sample size of the train set decreased, less data was available to train

the model resulting in a lower generalization capability, rendered by lower performances

on new unseen data (test set).

9.4.3 Data partition’s effect on power

We then proceeded to estimate the statistical power of the performances obtained by

each model. As previously illustrated by our results, while the train sets’ performances got

increasingly higher, the test sets got worst. This led to a larger disparity between the train

and test sets’ performances. Thus, initially, we set to understand whether these differences

were significantly different.
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Figure 36: Split ratio impact on Predictive performance. A) Accuracy of the SL classifier
in the train (purple) and test (orange) datasets as a function of the number of antibodies
included for each split ratio. The black horizontal line indicates the 85% (target accuracy),
while the vertical line highlights the best classifier. B) Accuracy of the different classifiers
assembled by the SL in the train dataset. C) Confusion matrix concerning the best classifier
performance on the test set of the 9:1 split. D) Heatmap of the antibodies that compose the
best classifier for each split ratio. Orange indicates the presence of such antibody, while
white, absence. E) Confusion matrix concerning the optimal classifier performance on the
test set of the 7:3 split and F) for the 5:5 split.
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In this context, we started by estimating the ES parameter for each splitting ratio as

described in the Power Analysis section under the Materials and Methods, where P1 was the

train’s set accuracy and P2, the test’s set accuracy. From the highest to the lowest split ratios,

the respective effect sizes were 0.278, 0.585, 0.748 and 0.773. Once the ES was estimated,

the power between the train and test’s accuracies was calculated. The power for the 9:1,

8:2, 7:3 and 5:5 splits was 0.31, 0.94, 0.999 and 0.999, respectively. These results indicate

that there is enough evidence (power >0.8) to claim that the accuracies between the train

and test were not equal for the least three split ratios. However, for the 9:1 split, there was

not enough power to claim that the train and test accuracies were dissimilar.

Then, we proceeded to determine whether the train set accuracies for the two lowest

splits, in which the train set accuracy didn’t reach the target 85%, were significantly different

from this value. Thus, the power was once again calculated, although this time comparing

the target accuracy of 85 (P1) to the test sets’ accuracies (P2). The power was estimate at

0.170 and 0.356 for the 7:3 and 5:5 split ratios respectively, indicating the test set’s accuracies

in both cases didn’t significantly depart from the target 0.85. Put it differently, there was

not enough power to claim that both the obtained test accuracies differed from 0.85 target.

This, however, raised the question of how much should the predicted accuracy be in order

for us to identify a significative difference. Our results suggest that the test set accuracy

would need to drop all the way down to 70 for us to have enough statistical power to declare

a difference between the test set and the target accuracy (Figure 3A). Notwithstanding, this

example refers to the split ratio for which the number of observations in the train set is

the largest. If we were to make the 80% claim with the different split ratios that consider a

small proportion of the test set, it would be necessary for the test set values to reach down to

0.65, 60 and 0.45 (worst than random guessing) for the 7:3, 8:2 and 9:1 split, respectively to

claim a difference towards the 0.85 target. These results suggest that as the sample size gets

especially low, the reliability of our results become seriously compromised, highlighting the

low statistical power of our analysis.

The best way to increase the statistical power of an analysis is by increasing the sam-

ple size. Thus, we decided to obtain a statistical difference with a reasonable disparity be-

tween the predicted and the 85% target accuracy. To ensure a high reliability of our results

we decided to calculate how large would be necessary for the test set here we arbitrarily

proposed a 5% difference between the target value and the accuracy. In this sense, we de-

cide to calculate the minimum required sample size to obtain significant statistical power

in our analysis when the obtained accuracy equaled 80%. According to our results, a total

of 710 observations would be necessary to admit this with 95% certainty. This value how-

ever refers to one of the subsets, namely the test set, and thus depending on the split ratio

used to achieve such accuracy, the total number of observations is a dataset can range from

1420 up to 7100. The required number of observations to obtain enough statistical power

(power = 80%) to claim a difference between the target accuracy of 0.85 and any other ac-
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curacy value is given in (Figure 3B).

Finally, given that the accuracies of the train set always surpassed the target 85% accu-

racy, there was no applicability in calculating the power of the same in regard to the 85%

accuracy. Nonetheless, we calculated the uncertainty of such values by assessing their con-

fidence interval. The train set accuracy values for the 9:1, 8:2, 7:3 and 5:5 was 0.96 (95% CI

= [0.92, 0.99]), 0.99 (95% CI = [0.96, 1.00]), 0.99 (95% CI = [0.96, 1.00]) and 0.99 (95% CI =

[0.94, 1.00]), respectively.

9.5 Discussion

Machine Learning techniques are increasingly being used in biomarker discovery [43,

44, 45, 46, 47, 48, 49]. In the field of malaria, these tools have been widely implemented

with the aim of identifying antibodies that confer natural immunity against clinical malaria

[1, 2, 3, 4, 14, 50, 51]. However, despite their tremendous performance, to this date, the ex-

act identity of the antibodies such antibodies remain largely elusive. Here we defend that

this may be partly attributed to the use of different proportions to split the data into train

and testing subset, or even the absence of such procedure when implementing such tech-

niques which may significantly impact the robustness and generalizability of such models

[10]. Data partitioning into a train and test subset is an indispensable approach when im-

plementing ML-based models, however depending on the proportion of the data (split ra-

tio) used to create these subsets models may yield differing results [10, 52, 53]. The delicate

balance in the allocation of data for training and testing however is very often overlooked

in many malaria studies aiming at identifying biomarkers against malaria posing a ma-

jor problem to the reliability of the machine learning models and the consequent findings

reported using such models [54]. In the absence of designated methods to assess the re-

liability of the results provided by these models, assessing their trustworthiness becomes

inherently more challenging. Therefore, here we explored the intricate relationship be-

tween the train-test split proportions and the models’ performances while assessing the

reliability of such models, a quality metric often neglected in machine learning, especially

in the malaria field. Based on recent research advocating a specific target accuracy of 85%

as a benchmark for model learning [15], here we have provided a pragmatic framework

to overcome the challenge of assessing the trustworthiness of machine learning models.

By advocating for a specific target accuracy, we were able to estimate the statistical power

for proportions being thus able to assess the reliability of the models implemented which

may help practitioners to establish more reliable and reproducible machine learning prac-

tices ultimately aiding in the identification of the antibodies that confer protection against

malaria.

Machine learning refers to algorithms that rely on the application of mathematical and

statistical approaches to train a model to learn from data for a particular task [11]. Once
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Figure 37: Power Analysis. A) Statistical power as function of comparing the predicted
accuracy with the target accuracy of 85% for each split ratio. B) Number of samples required
to claim enough statistical power (power = 80%) between the predictive accuracy and the
target 85%.
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the model has been able to learn from the data, it can then be used to make future pre-

dictions on new data [10, 11]. This is often done because the aim of implementing such

approaches is to correctly predict new observation that will be feed into the model, rather

than assertively classifying the observations for which we already know the true outcome

[11]. However most often then not practitioners will not have a separate set of data on which

they can evaluate the model’s performance. To overcome this problem, data splitting into

disjoint sets: train ant test sets is often implemented [9]. In such case, the train set is used

to train (fit) the model, while the test set, will serve as new, unseen data on which we will

assess the model’s performance and consequent robustness and generalizability [10]. By,

leaving a portion of the data aside that the model hasn’t previously seen during training, we

can thus understand how it will perform with future data [9]. In this sense, failure to per-

form data partition raises some key problems. he first concern is the risk of overfitting on

the training data, which occurs when a model learns the training data too well, including

noise and outliers, consequently rendering these models to perform poorly on new, un-

seen data [11, 55]. As a result, often, the training performances do not accurately reflect

the model’s performance on new data. Indeed, it is well known that the performance of

the model on the data used to learn the model (training set) is an overly optimistic esti-

mate of the performance on unseen data [9].Finally, in the absence of a separate test set,

the model’s generalization ability cannot be assessed, and therefore, one can’t assess how

it will perform on new data. As such, partitioning the data into train/test subsets, is highly

advocated to obtain a more realistic view of the model’s robustness and its generalizabil-

ity [54]. Nevertheless, depending on the proportion of data (split ratio) used to compose

each subset, models may yield differing results. This issue arises, because ML models are

sensitive to the ratios used to divide datasets for training and testing [10, 53].

While the literature is filled with studies exploring how variations in the train-test split

can influence the final results and how this poses a challenge to the reliability of machine

learning models [10, 52, 53], very little guidance is given on how much data should be used

to perform such split [17, 54]. Randomly splitting, using an arbitrary proportion for data

splitting is the most used approach [17]. A commonly used ratio is 80:20, which means 80%

of the data is for training and 20% for testing. However, other common ratios such as 90:10

70:30, and even 50:50 are also used in practice [17]. Nevertheless, no clear guidance on what

ratio is best or optimal for a given dataset seems to exist. While deterministic methods for

splitting have also been proposed in the literature to aid in this dilemma, these can only be

implemented once we specify a splitting ratio, so the challenge for the optimal split ratio re-

mains [17, 56, 57, 58]. Despite the theoretical and numerical investigations on the optimal-

ity of data splitting ratio, so far these have not led to any consensus. In their paper, Picard

and Berk [59] have recommend 25%–50% of the data to compose the testing set, whereas

Afendras and Markatou [60] recommended 50%. The analysis conducted by Larsen and

Goutte [61] and Dubbs [62], on the other hand, show that as the size of the data becomes
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large, the proportion of the data used for training should increase. In contrast, extensive

numerical studies by Dobbin and Simon [54], Pham et al [63] and Nguyen et al. [52] have

indicated that a value of around 30% to be a reasonable choice. Finaly, recently, Roshan

[64] have proposed an optimal ratio for data splitting of
p

p : 1 where p was the number

of parameters (predictors) that explained the data well. However, this last one assumes a

prior knowledge on the number of parameters that will be included in the model [64]. Our

approach however doesn’t allow us to know this a priori, as the number of predictors in our

model is dependent on the model’s performance on the test set, and so determination of

this parameter is intrinsically associated with the way the data is partitioned. In this sense

an alternative must be sought of.

Although using a data splitting that maximizes the number of samples available for

training (such as a 9:1 split ratio) may appear a rational selection, this is not always the

case. Given that small sample sizes produce an imprecise estimate of accuracy with a wide

confidence interval translating into unreliable results the idea of increasing the available

data to train the model in order more trustworthy results is logical [65]. Indeed, accord-

ing to our results, this split ratio was the one that provided the best test set accuracy, or

the best generalization of the model, with the accuracy between the train (0.99) and test

set accuracies (0.89) being different by only 10%. Another thing to note is that, among all

data partitioning used, the 9:1 split provided the highest accuracy for the train set, further

highlighting the need for a large sample for this to be able to perform well. However, there

is a problem linked with the increased train set proportion, which is the decrease in the

test set proportion. As the test set gets smaller, the higher will be the performance metric’s

variance on this set. In fact, the confidence interval for test accuracy using the 9:1 ratio can

be seen to be quite large, ranging between 0.67 and 0.99 a difference in magnitude of 0.32,

which is almost twice as high as the test’s set accuracy the range of CI interval of for the

5:5 split: 0.86 – 0.68 = 0.18 (Table I). As a result, a small change in the test set can result in

significant fluctuations in the accuracy, making it challenging to draw robust conclusions

about the model’s generalization performance. Furthermore, if the test set is not represen-

tative of the overall data distribution, the model might be evaluated on a biased sample.

This can give a misleading perception of the model’s performance, especially if the distri-

bution of the test set differs significantly from the data the model is likely to encounter. On

the other hand, as we have mentioned, decreasing the available data to train the model

may significantly hinder its ability to generalize, especially in the case of datasets with a

small sample size. Looking at our results, one can clearly see this pattern. A decrease in

a number of observations, available to train the model 7:3 and 5:5 splits, led to incapacity

of to reach the target 85% accuracy on the test set, which can be translated as a decrease

in the generalizability of the models. Such a decrease in the performance is highlighted by

the Super Learner’s inability to correctly ascertain the susceptible group of individuals, the

minority group, which as almost half of the observations of the protected group (Figures 2E
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and 3F). This is yet another setback of ML-based approaches where an imbalance between

the two classes often leads the models to predict better the major class in deterioration of

the minor class, leading to biased models [66, 67].

These problems are far from trivial and highlight the pitfalls of implementing ML-based

models in datasets with a lower number of samples. While these algorithms thrive when

implemented in large datasets with thousands of variables, in smaller datasets with just a

few hundred of observations they are not so capable. In the latter, these models are much

more prone to either overfit or to produce unreliable results as we have highlighted [68].

As a result, it is important to consider these factors carefully when implementing this tech-

nique in such datasets, to avoid compromising the credibility of the results. In this con-

text, here we set to assess the reliability of our results in regard to the split ratio used to

perform data partition through the determination of statistical power. Although power

analysis should be conducted before starting a study, helping to determine the appropriate

sample size to achieve the desired level of power to assuring the robustness of the results

obtained, often it can be used to retrospectively analyze the likelihood of a study to detect

a significant effect, shedding light on the reliability and validity of the study’s findings [22].

The concept of statistical power is only relevant in the context of hypothesis testing since

the very definition of power is the probability of rejecting the null hypothesis in favor of an

alternative hypothesis when the alternative hypothesis is true [23, 26]. A high power (Power

≥ 80%) indicates that there is convincing evidence to reject the null hypothesis [29]. In a

context of hypothesis free models, such as the ML models, we propose a methodology to

evaluate the reliability of their predictive performances based on the power of such anal-

ysis. This approach anchored on recent research advocating a target accuracy of 85% as

a benchmark for model evaluation [15]. Aiming for this value of accuracy it is possible to

construct a general study design to evaluate the power, where the null hypothesis defends

that he accuracy of our model equals the target accuracy and the alternative hypothesis

states otherwise. Then by assessing the departure of our models’ accuracy to this target ac-

curacy (ES) through a proportion analysis, stipulating the significance level (α = 0.05) and

the sample size (n) we are inherently able to calculate the statistical power of our model’s

performances regarding the target 85%. Here, given that only the 7:3 (accuracy = 0.8) and

5:5 (accuracy = 0.78)) splits were unable to achieve a test set accuracy of 85% our analy-

sis was restricted to the same. The power values obtained were 0.170 and 0.356 for the 7:3

and 5:5 split ratios respectively, indicating the test set’s accuracies in both cases didn’t sig-

nificantly depart from the target 0.85. This results, however, highlighted the low statistical

power of our analysis caused primarily by the low sample size, which was further denoted

by calculated the necessary sample size to have a significant departure from the target 0.85,

which came out as 0.70. Such disparity from the target accuracy represents an immense dif-

ference in accuracy, thus one should stipulate a smaller difference between the target and

the obtained value to stipulate a significant difference. Other way these results become
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non-representative. One way to this is by increasing the sample size. Larger sample sizes

constrict the distribution of the test statistic, leading to a decrease in the standard error

of the distribution and a reduction of the acceptance region, which, in turn, increases the

power [15]. Furthermore, to obtain more reliable results we stipulated a 5% difference be-

tween the target value and the accuracy obtain. In this sense we decide to calculate the re-

quired sample size to obtain significant statistical power in our analysis when the obtained

accuracy equalled 80%. According to such minimum accuracy value, our results demon-

strate that a total of 710 samples for the test set would be required for us to have convincing

evidence that model with accuracies lower that that threshold would not be generalized as

having 85% with a 95% certainty. Consequently, this denotes that in the best-case scenario,

a dataset with total of 1420 samples would be needed to have such power (5:5 split). In the

worst-case scenario, 9:1, a total of 7100 samples would be necessary to achieve statistical

significance. These numbers however, greatly surpass the common sample size found in

traditional malaria studies aiming at identifying antibodies against the disease, highlight-

ing the limited reliability of such approaches [1, 2, 3, 4, 14]. Exceptions to this, however,

can be seen in the literature. Two primary examples are the papers by Chotirat et al. [51]

and Longley et al.50 [50]. In the first the authors analyzed a total of 4,255 plasma samples

from a cross-sectional survey conducted in 2012 on endemic areas in the Kanchanaburi

and Ratchaburi to assess the ability of P.vivax serological exposure markers to detect resid-

ual transmission “hot spots” in Western Thailand. Although such paper doesn’t introduce

a train/test splitting procedure during the predictive stage, one might be less defensive and

accept that with this many observations the models’ predictions are highly generalizable

[51]. Nonetheless as a note of recommendation, we would propose the implementation of

a data partitioning procedure to obtain more reliable and realistic results. Longley on the

other hand, while aiming to identify P.vivax proteins with the ability to detect recent in-

fections and validated their use in the malaria-endemic regions of Thailand, Brazil and the

Solomon Islands, has split the analysis into 2 phases: an antigen detection phase a and a

validation phase [50]. For the first phase a relatively low number of samples (∼ 30 samples)

were used for each region. Meanwhile, during validation, the number of samples ranged

from over 700 to above 900, depending on the region [50]. While these types of examples

should prevail, allowing for sturdy results to be obtained, this however it is not the case, and

thus one may speculate that most of the results obtained using ML-based models in lower

datasets may be questionable. This, in turn, may be another factor that has hampered sci-

entists to identify the leading antigens protecting against clinical malaria.

Linking the statistical power of our results with the selection of the the best or optimal

split ratio, one can see that the lower the split ratio used, which leads to poorer general-

ization and lower test set performances, the higher the power concerning of such perfor-

mance. In this sense it seems that there is a trade-off between generalizability and the

models’ test performance. In this sense finding an optimal balance between maximizing
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performance and the reliability of the results seems to be, in our opinion, the best way to se-

lect the optimal split ratio. Nevertheless, as highlighted by our results in lower sample size

settings, regardless of the split ratio used, results will hold vary little value. As a comment,

we think that proper sample planning should be conducted to ensure the robustness of the

results and we strongly advocate that future studies that wish to implement this ML-based

approach should start using significantly larger samples than the ones that have tradition-

ally been used to date [1, 2, 3, 4, 14]. Although this would certainly increase the cost of

such studies, it would be a step in the right direction to increase the chance of conducting

reliable analysis and reliable analysis ultimately improving the chance of identifying the

antibodies that confer protection against clinical malaria.

Finally, concerning the antibodies that comprised the classifiers, here we were able to

identify a few antibodies that have been described in the literature to be associated with

protection against malaria. The first example is the antibody against the PFB0305c antigen

located in the MSP5 protein. The MSP proteins are expressed at the parasite surface when

the parasite is in the bloodstream, thus, providing promising targets for malaria immu-

nity as they are repeatedly and directly exposed to the host humoral immune system [69].

The ability of antibodies against the MSP5 protein has been widely described in the litera-

ture [40, 41, 42, 70]. Besides the antibodies against MSP5, Mederos also reported the pro-

tective ability of high antibody levels against the EBA-175 to protect from clinical malaria

[70]. Moreover, EBA-175 is associated with protection from symptomatic malaria elsewhere

[1, 39, 71]. The EBA-175 is the best-characterized member of the EBL family of proteins, a

group of ligands involved in invasion of the parasite into the red blood cells (RBCs) and

that constitute important vaccine candidates [38]. Finally, the ability of antibodies against

the CSP protein to induce protection against symptomatic malaria is well established in

the literature, with the only available vaccine against malaria, the RTS’S/ AS01 being con-

structed using CSP [35, 36, 37, 72]These findings agree with the literature suggesting the

reliability of our methodology to identify relevant antibodies associated with protection to

malaria. Nonetheless, most of the antibodies identified in these classifiers had not been

previously described in the literature. This evidence suggests that there are antibodies as-

sociated with protection against clinical malaria that have not yet been identified, which

has been already previously highlighted elsewhere [19]. Nevertheless, further studies are

necessary to validate our findings.

9.6 Conclusion

Overall, this paper offers a comprehensive exploration of the intricate relationship be-

tween train-test split proportions and the models’ performances, while introducing a prac-

tical framework for assessing the reliability of such model through a target accuracy bench-

mark. Here we delved on the search for the optimal split ratio that could not only maxi-
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mize the performance but also the reliability of the results obtained. We then introduced

the concept of statistical power to assess the trustworthiness of machine learning models

by comparing their performance with the target accuracy of 85%. Our results highlight the

limitations of implementing ML-based models in low sample contexts and exploit the need

for much higher sample sizes than the ones traditionally used in studies of this kind. Fi-

nally, we suggest that the optimal split ratio should not only maximize the performance but

also the statistical power of the obtained performances. All around, we hope this pilot study

may help researchers to establish more reliable and reproducible machine learning prac-

tices paving the way for more transparent and comparable results in the field, ultimately

aiding in the identification of the antibodies that confer protection against malaria.
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Chapter 10 - General Discussion

In this thesis, I have developed new pipelines for the analysis of antibody data aiming

at identifying biomarkers for outcomes related to Malaria and CFS. Initially, I set to analyze

low-dimensional antibody data with the aim of laying the groundwork for such statistical

pipelines. At this point, three statistical pipelines were developed for the identification

of IgG antibody data against the 36 P. faclciparum parasite aimed identifying biomarkers

for clinical protection against disease. I then moved to the analysis of high-dimensional

data. Driven by the SARS-CoV-2 breakout which left a trail of struggling suffering from with

long-COVID, whose symptoms akin to those of ME/CFS, we set to study the latter. In this

context two distinct methodologies were implemented of the analysis of a datasets with

more than 3,000 antibodies with the goal of identifying antibody biomarkers against the

EBV in ME/CFS patients using public data. Finally we set to understand the influence of

sample size on the performance and the generalization ability of the ML-based, addressing

some corners raised by the implementation of such approaches on limited samples sizes,

which is usually the case for high-throughput antibody studies.

Here we will recapitulate and discuss the main results of the thesis. Furthermore we

extend the discussion on some topics that weren’t fully addressed throughout the thesis

content. Some issues will be excluded because they appear to us small details of the overall

picture. The interested reader in such detail should read the specific discussions in each

chapter.

10.1 Data dichotomizarion: issues and concerns

One of the main drawbacks when dealing with high-dimensional data is the struggle

of identifying the relevant features, since most of the screened antibodies will be irrele-

vant or redundant for the task at hand [1]. To overcome these limitations, feature selection

strategies have been proposed [2]. Thus, in chapter 2 and later extended in chapter 3, we

introduced the first developed pipeline, in which the feature selection strategy step relied

on dichotomization of the antibody data according to the cut-off value that mazimized

the separability between the seropositive and the seronegative populations. Altough data

dichotomization is a very common practice due to its simplicity, with some of the most

advanced ML techniques employng this stragetgy (i.e, Random forest, Extreme Gradient

Boosting) [3, 4, 5], great discussion around the negative consequences on dichotizing con-

tinuous predictor variables can be found in the literature [6, 7, 8]. Here we will explore what

concerns are raised by some of the articles that address this issue. Although most, if not all

of the conclusions drawn from these articles were produced upon regression analysis, such

findings can be translated to the classification realm. While one of these concerns was al-

ready briefly addressed in section 3, we now open the floor to a broader discussion.
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One of the main issues recurrently raised in the literature is the loss of information,

caused by dichotomizing data. The conversion of a continuous variable into just two cat-

egories, in effect, discards information about individual differences as individuals within

a subgroup will be treated as if they were identical with respect to the attribute in ques-

tion [7]. Furthermore if there are threshold effects in the continuous variable (where the

relationship with the outcome changes abruptly at a certain point), dichotomizing may

not capture this nuance and can result in the loss of valuable information. Oppositely, di-

chotomization may also create artificial boundaries that do not accurately represent the

underlying nature of the variable. This can oversimplify complex relationships and dis-

tort the true patterns in the data as brought up by Robert MacCallum and colleagues [4].

Adding to this, data dichotomization entails another problem, in which, data dichotomiza-

tion reduces the chance of finding statistical significant results by underestimaing the mag-

nitude of bivariate relationships. This is clearly highlighted by Peters and Van Voorhis [9]

which showed that under a bivariate normal distribution, the dichotomization of one of

the variables at its mean reduces the population correlation coefficient from p to 0.798 of

p . In the same study, dichotomizing of both variables at their mean decreased the corre-

lation even further. A similar finding is illustrated by Julie Irwinn and Gary McLelland [6],

where dichotomization of a single variable at its mean, within the scope of bivariate analy-

sis, decreased the squared correlation between both variables to approximately 0.63 of the

original squared correlation, reducing the relationship between both variables from a sig-

nificant value (p-value=0.02) to a non-significant value(p-value=0.07). Similar findings, in

which dichotomiziation of one or both variables significantly undermines the magnitude

of bivariate correlations can be found in several other studies [4, 10, 11, 12]. As a result of

the reduced ability to detect effects or relationships, the statistical power of an analysis is

also compromised, since true existing effects may no longer be detected and thus type II

errors (failing to find a significant result even when the effect is present) are more likely to

occur [6, 13, 14]. However, if in bivariate analysis lower estimates of effect size and lower

power are observed, in multivariate cases, data dichotomization may in fact lead to over-

estimates of strength of relationship accompanied by an increase in Type I errors, that is,

to results that are spuriously statistically significant [7]. Vargha and colleagues [14] also

raised this issue, showing that after dichotomization, predictor variables appeared signif-

icant when they are not in the original data. This findings may partially explain why this

approach excelled across all techniques implemented in section 3.

Patrick Royston and colleagues, [8]whilst addressing the issues of dichotomization in

their paper, specifically raised concerns regarding the strategy we used to identify the "op-

timal" cutpoint. The authors state that because of the multiple testing the overall type I

error rate will be very high, being around 25–50%, rather than the nominal 5%. Aligned

with this statement, our viewpoint on the topic led us to include the Benjamini-Yekutieli

test on the improved iteration of the pipelines shown in section 3, aimed at preventing the
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propagation of the FDR rate. Besides, the authors further argue that the cut-off (cut-point)

chosen will have a wide confidence interval and will not be clinically meaningful [8]. Al-

though this was observed in our data, where the uncertainty varied substantially among

the different antibodies, going as far a saying that such optimal values will not be clinically

meaningful might be an overstatement. Nonetheless we reckon that these cut-offs should

be used with caution. Finally, the authors finish by highlighting that all studies using opti-

mal outpoints derive such point using univariate analysis and then use the resulting binary

variable in multivariable analysis which can lead to results being seriously misleading, un-

less adjusted, advocating for these data-dependent approach to analysis to be avoided. To

overcome this issue, however techniques such as the ones proposed by Mazumdar and col-

leagues [15] can be used, which allow to search the optimal cutpoint for a specic predictor

by adjusting in a multivariable model for other predictors known to be important. Although

not implemented here, we leave this reference as recommendation for future work.

Despite all of the these evidence refuting the use of dichotomized data, Robert Mac-

Callum and colleagues [4] advocate that in very rare ocasions data dichotomization may

be justified. One of such occasion is when where the distribution of a count variable is

extremely highly skewed, to the extent that there is a large number of observations at the

most extreme score on the distribution. As an example, the authors provide the following

illustration "suppose research participants were asked how many cigarettes they smoked

per day. A large number of people would give a response of zero, and the remainder of the

sample would show a distribution of nonzero values. Such a distribution indicates the pres-

ence of two groups of people, smokers and nonsmokers. Corresponding dichotomization

of the measured variable would yield a dichotomous indicator of smoking status, which

may be useful for subsequent analyses". Contextualizing this example to our analysis, one

can establish a parallel, where individuals not exposed to a pathogen, that will show basal

antibody levels (noise) are classified as seronegative. On the other hand, exposed individ-

uals with higher levels of antibody due to a genuine antibody response to a given antigen

can be classified as seropositive. In such case, once may conceive that distribution entails

the presence of two subpopulations, a seronegative and a seropositive and therefore data

dichotomization represents a natural way to eliminate the effect of noise during data anal-

ysis. One should also highlight that the above cited findings that suggest refraining from

data dichotomization, were not drawn on antibody data, which has its own subtleties. Fur-

thermore, the ideia of stratifying patients, into seronegative and seropositive responders

according to their antibody levels, is not new. In fact, this idea is the backbone for the mix-

ture models applied in chapter 3, which were introduced in section 4.1.

Overall, we defend the implementation of this type of approach, nonetheless we reckon

that caution should be taken, specially when it comes to selecting and reporting the cut-

offs used for data dichotomization.
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10.2 Predictive analysis: the logic behind using multiple algorithms

Following the selection of the antibodies that demonstrated a meaningful correlation

with the outcome variable, we implemented distinct algorithms to conduct our predictive

analyzes. The underlying logic for this routine lays on the fact that there is no prior knowl-

edge on what model will perform best for a given dataset [16]. Although experience and

expertise might help narrowing down the selection of models to use in each context, un-

til different models are implemented and compared, there is no concrete way of knowning

the best performing one. This stems from the fact that each model is sustained on different

statistical assumptions as we have detailed in the Predictive Algortims section of the Intro-

duction chapter. As such, each model may perform better on specific type of data or under

certain circumstances and worst upon others [17, 18]. Several characteristics of the data

may contribute to algorithms producing varying results. Here, we will briefly discuss some

of them:

Multicolinearity: Multicollinearity is a condition where there is an approximately linear re-

lationship between two or more independent variables [19]. As a result of multicollinear-

ity, several issues arise such as increase estimates of the standard error of the regression

coefficients, causing wider confidence intervals [20], imprecise estimates of regression co-

efficients with wrong signs and an implausible magnitude of some regressors an an effect

of these variables being mixed together [21]. Furthermore, the marginal impact of a vari-

able is hard to measure eroding model interpretability [20]. Due to this, models will have

poor generalization ability and overfit the data, performing poorly on new data it has never

seen [19]. Evidently, linear models (i.e.,logistic regression), are the ones that suffer most

with collinearity among variables. Alternatively, however, sepwise selection and LASSO are

some of the models that offer a way to circumvent these issues[20].

Noisy data: An important characteristic of real-world problems is that the data frequently

contains noise [22]. That is, the quality of the data may be decreased by errors, or deviations

produced in the data collection phase, as a consequence of either human error in translat-

ing information or due to limitations in the tolerance of the measurement equipment [22].

As such noisy data is a general term to describe incomplete, inconsistent, corrupted, wrong

or distorted data [23]. In general, noisy data may bias the learning process, increasing the

learning time and degrading the performance of learning algorithms [23, 24]. Highly flex-

ible, complex models are generally more susceptible to the negative effects of noise[22].

Because of their flexibility (variance), they will end up fitting the noise present within the

train data. As a result, they may overfit, meaning they perform well on the training data but

generalize poorly to new, unseen data [22]. However, more bias models (i,e., linear models,

may handle better noise in the data.

Outliers: Outliers are defined as data points that significantly deviate from the overall pat-
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tern or distribution of a dataset, indicating rare events or potentially anomalies/errors [25,

26]. As such, just like noisy data, outliers may deteriorate the performance of algorithms[27,

28]. Nonetheless, linear models are the most sensitive to outliers compared to more flexi-

ble models. In models with higher variance, outliers can disproportionately influence the

parameter estimates in linear models, leading to biased results and reduced predictive ac-

curacy. Indeed the impact of outliers on such models is well described [29, 30]. In contrast,

more flexible models with higher variance, such as decision trees or random forests, may

be able to accommodate outliers, to some extent, due to their capacity to capture complex

relationships [31].

Non-linearity: Linear algorithms which assume a linear relation between the predictor

variables and the outcome, will tend perform poorly on datasets with complex, non-linear

relationships[32]. In such cases using more flexible, complex models will therefore lead to

better performances. Nonetheless, in cases where data does display a linear relation, linear

models will often outperform more complex models[32].

Class-imbalance: Class imbalance refers to a situation where the number of instances in

different classes is significantly uneven [33, 34]. In such cases models might be biased to-

ward the majority class, since they will tend to achieve high accuracy by simply predicting

the majority class for most instances. Therefore, imbalanced datasets can lead to poor gen-

eralization to the minority class, making it challenging for the model to accurately predict

instances belonging to these underrepresented class [33, 35, 36]. As a consequence accu-

racy, a commonly used evaluation metric, may not be a reliable measure of model per-

formance in imbalanced settings, since a high accuracy can be achieved by predicting the

majority class, even if the minority class is misclassified frequently [36, 33]. Therefore, often

other evaluation metrics such as precision, recall or F1-score are used instead [37]. Some

algorithms are more sensitive to class imbalance than others. For example, decision trees

and XGBoost tend to handle imbalance better than logistic regression and random forest

[36, 38, 39, 40].

High-dimensionality: High-dimensional refers to an instance where the number of features

p, are close or larger to the number of observations n [32, 41]. Data with high dimension-

ality inherently presents numerous challenges, so much that a termed called the "course

of dimensionality" was coined to illustrate the hurdle involved in working with this data

[42, 43]. The term "course" was not chosen arbitrarily, as there are numerous challenges in

handling this type of data. Here now open the floor ot discuss a few of them.

One of the main issues associated with high-dimensionality is te increased chance of

overfitting. Given that in most cases, the vast majority of the variables in the data provide

little or no explanation of the outcome, data will contain high noise [44, 45]. Therefore,

high-dimensionallity leads to overffiting due to the increased risk of fitting the noise in
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the data, capturing spurious patterns in the training data rather than the true underlying

patterns. This leads models to struggle in generalizing to new, unseen data [44]. Flexible

models, such as ensemble methods, that have a high capacity to fit intricate patterns and

relationships in the data often suffer the highest impact with increased dimensional, as

they will more likely overfit, compared to more strict models [22]. As a result the model’s

generalization ability decreases, specially of more flexible models, which will lead to poor

model, performances. As such, high-dimensional data often leads to a decrease in model

accuracy [46].

High-dimensional data will also tend to decrease model interpretability. Given that a

large amount of variables will hold no association with the outcome variable (generating

noise in the data) models will also struggle in identifying the effective information, this is ,

the key features that explain the outcome, as they will be submerged within the data. Ul-

timately, this will result in too many variables being included int he final model causing a

decrease in model interpretability [47]. Not only that, but managing such data will increase

computational complexity. As the number of features increases, the number of parame-

ters or coefficients to be estimated by the model also increases. This results in a larger pa-

rameter space, which requires more computational resources for optimization during the

training process, affecting its efficiency and increasing the time required to complete the

task [45, 46]. Besides, storing and manipulating high-dimensional data requires also more

memory. A larger memory requirement can lead to increased storage costs and slower pro-

cessing times. Training machine learning models on high-dimensional data typically re-

quires more iterations extending the overall training time. Therefore, techniques such as

cross-validation, commonly used for model evaluation, becomes more computationally

intensive with high-dimensional data. [48]. Not only that, but some algorithms are inher-

ently sensitive to the dimensionality of the input data. High-dimensional data can lead to

slower convergence or increased iteration counts for algorithms, amplifying their compu-

tational complexity. In some cases, when high-diemntionality can render model’s usage

unreasonable. An example of such instance was evidenced by Peduzzi and colleagues [49]

whom demonstrated that in cases where the ratio of predictors per event (each class of

the outcome) is larger than 10, logistic regression coefficients may become highly bias. Al-

though these rule was later relaxed by Charles and colleagues [50] to a ratio of about 5 to

9 variables per event, this would still indicate that for a total of 20 variables a minimum of

100 to 180 cases per event to obtain reliable coefficients. This constraint inherently led to

the exclusion of logistic regression from the models used in our predictive analysis when

analyzing high-dimensional data such as described in chapters 6 and 7.

Therefore, usually a number of algorithms are applied to a dataset and the quality of

the resulting models is evaluated using an appropriate measure, most commonly classi-

fication accuracy and the model that provides the most accurate and reliable predictions
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for such datasets is chosen [16]. This strategy brings forth several advantages. The first is

increased robustness of the analysis conducted. If a single algorithm is implemented and

it performs poorly (underfits the data) either because it isn’t complex (flexible) enough to

cope with the data at hand or its not suitable for that specific data (as we have just seen

above), the implementation of alternative models, which may be more suitable to the data

at hand, will help to obtain a more reliable result [32]. On the opposing a hand, compar-

ing different models may also help to identify whether a model has overfitted the data.

Furthermore, given that each algorithm may uncover different patterns and relationships

within the data, by comparing the results from various algorithms, one can gain a more

comprehensive understanding of the underlying data structure [32]. Finally, one can also

combine predictions from multiple algorithms through ensemble methods, such as bag-

ging or boosting, which often results in improved performance compared to using a single

algorithm. This because, combing predictions from multiple algorithms through ensem-

ble methods can mitigate individual algorithm weaknesses and enhance overall predictive

power [51]. This fundamental logic was what motivated us to chance from implementing

each model separately to using the Super-Learner, to conduct our predictive analyzes [52]

which has demonstrated that an ensemble of the algorithms in the collection can outper-

form a single algorithm.

10.3 Hybrid approach : a comprehensive analysis of the data

Notwithstanding its predictive performance, the accuracy of the previous developed

pipeline could be dependent on the uncertainty around the optimal cut-off for each an-

tibody. As demonstrated by our analysis, this uncertainty varied substantially from one

antibody to another. Not only that, but this simplistic approach neglect the distinct data

distributions that can emerge within the antibody data, which could compromise the re-

sults obtained. As such in chapter 3 we aimed at developing a more tailored approach for

the analysis of antibody data.

The same relied on an hybrid parametric/non-parametric pipeline that integrated Box-

Cox transformation followed by a t-test, together with the use of finite mixture models and

the Mann–Whitney-Wilcoxon test as a last resort. In this approach, feature selection re-

lied on data transformation and dichotomization via mixture modeling, thus accommo-

dating different data patterns providing a more thorough analysis to the data. Paramet-

ric testing assumes a normal distribution of the data values, or a “bell-shaped curve”, of-

ten, called a Gaussian distribution [53]. Checking the normality assumption is key when

implementing parametric tests, such as t-tests, that assume such a distribution, which, if

not met, may lead to unreliable results [54]. However, when the distribution is not normal

(i.e., the distribution is skewed), the distribution is not known, or the sample size is too

small (<30) to assume a normal distribution, often one must rely on non-parametric tests
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[53, 55]. In general, parametric tests, are more powerful, meaning they have a higher ability

to detect significant effects or differences when they truly exist in the population, therefore,

often requiring a smaller sample size than non-parametric tests [53]. In this sense, para-

metric testing is strongly advocated over non-parametric testing in cases where the data

is normally distributed. As such, non-parametric tests should only be considered when

the distribution is highly skewed and proper transformation cannot change it to normal

distribution[55]. For this reason, this second pipeline started with the implementing of

the Box-Cox transformation for each antibody, which sough the optimal transformation to

the data. This technique applies a deterministic power function to the data using the es-

timate of the power transformation parameter (λ)[56] approximating the data to a normal

distribution. After this transformation, the Shapiro-Wilk normality test was then imple-

mented to assess whether the transformed antibody data followed a normal distribution.

Here, we specifically relied on the Shapiro-Wilk test because it has been shown to be a pow-

erful method that performs particularly well [57, 58]. In cases where normality was met,

a two sample t-test was implemented, as commonly described in th literature, otherwise

we resorted to the use of mixing models [59, 60, 61]. Otherwise, we returned to the use of

finite mixture models. Mixture models are a tool often used in seroepidemioligc studies

analysis in order to help classifying individuals into either antibody-positive or antibody-

negative [62, 63, 64, 65, 66]. Thus we decided to invoke this well-established tool in our

serological analysis which allowed us to identify distinct sub populations of individuals

concerning their antibody levels within the data. Selection of the best fitting model was

done prioritizing the simplicity of the model (lowest AIC) while providing a good fit to the

data (p-value>0.5). For antibodies whose data provided evidence of two latent serological

populations, we divided the individuals into two latent serological groups using the opti-

mal cut-off by maximization of the χ2 statistic. In situations where the models were not fit

by a mixture of two models but there was evidence for a single latent population we imple-

mented two linear regression models using the antibody values as the response variable.

The first model comprised only the intercept (i.e., not including any covariate), while the

second model comprised the malaria protection status as the single covariate. We then

computed the p-value of the Wilks likelihood ratio test to compare the two models. This

approach allowed us to determine weather there as an association between antibody val-

ues and the outcome of the patient (the same technique was used in section 4). Finally as a

last resort for antibodies where there was no evidence of a single or two latent populations

the χ2 test was implemented. Lastly, due to the multiple testing nature of this pipeline all

p-values obtained were adjusted via the Benjamini-Yekutieli test to ensure a global FDR of

5% and the Super Lerner was used to conduct our predictive analysis.

All around this pipeline resorted to several distinct filter methods, specifically imple-

mented to deal with the data distributions at hand, thus providing a tailored approach for

antibody selection. Nonetheless, this comprehensive data approach carries a higher com-
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plexity cost than the data dichotomization strategy. Indeed, this approach is expected to

increase the computational time dramatically as the number of antibodies under analysis

increases. Furthermore, due to its statistical complexity, this strategy may be less appealing

to the malaria research community where the availability of qualified staff with statistical

skills remains scarce. Thus, a simpler alternative such as data dichotomization seems a

more viable solution at the moment, especially, when it comes to analyzing data featur-

ing thousands of antibodies as it was not much simpler to implement but also performed

better, contradicting our previous expectations. Although overestimation of the strength

of the relationship between variables (as explained in section 10.1 may aid to explain the

increase performance of the data dichotomization pipeline over this antibody tailored ap-

proach, we doubt that such contribution would be so significant as to lead this pipeline to

be the best performing, and thus one must recognize the suitability of such an approach.

In fact, both pipelines performed fairly similar, reaching a predictive performance of close

to 80%, however at the expense of a considerable number of covariantes.

10.4 Random Forest: a sturdy algortihm

Due to the increased interest in ME/CFS because of its significant overlap with the

post-COVID syndrome (long COVID or post-acute sequel of COVID) here I transition efforts

to the analysis of ME/CFS data in order to understand if ME/CFS patietns were at increased

risk of developing COVID-19. Thus, in section 4 analysis of ME/CFS gene expression and

methylation data were conducted. Driven by this primary analysis we migrated efforts to

implement the previously developed pipelines to high-dimensional antibody data against

EBV antigens in ME/CFS patients. The feature selection strategies used in the previous

sections however, relied on univariate methods, which often fail to fully account for in-

tricate interactions within the data an thus may lead to suboptimal results [67, 68]. Not

only that but the implementation of statistical tests to so many covariates would tremen-

dously increase the chance of committing type I errors. Furthermore the time complexity

to he implementation of such approaches, specially of the hybrid approach would become

a burden. Thus, embedded feature selection strategies relying on ML methods, on the other

hand, may provide a better option, fully exploiting the conditionality and richness of the

data in a reliable time frame [32, 69]. In this sense, in section 6 we provided a feature selec-

tion strategy relying on a machine learning approach. Among the several machine learning

techniques currently available, here we decide to use the random forest. The reasoning for

this selection was-folded. First, Random Forest is a highly robust model that is able to per-

form remarkably well with very little tuning required [32]. This was proved by our prelim-

inary analysis to the data, where other ML-based approaches such as the elasitc-net and

XGBoost were implemented to the data (results not shown). Even though boosting meth-

ods may outperform Random Forest on most problems, these will require a more strenuous
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tuning procedure which will required longer time periods to conduct the analysis, other-

wise their performance may take a toll [32]. Secondly, given that in boosting, each tree is

grown subsequently, where each tree in particular takes into account the other trees that

have already been grown, it becomes very difficult to parallelize the implementation of the

algorithm. In Random Forest however, given that each tree is grown individually, this pro-

cess can be easily parallelized, being much faster to implement than boosting algorithms

[32, 70]. R particularly, has the ranger package that renders the parallelized implementation

of Random Forests to be highly efficient. These two factors were the main reason why we

decided to use Random Forest for our feature selection analysis and may be the underlying

reason to explain why in section Section 1.3, a great amount of the cited literature has re-

sorted to the use of the Random Forest to conduct their analysis. Overall this approach was

able to provide highly accurate prediction, surpassing the target 85% accuracy in both the

train and test sets relying on a 26-antibody signature when implemented on the ME/CFS

data.

10.5 Machine Leaning: powerful tools on large datasets

As we have mentioned towards this work, ML-based algorithms tend to perform greatly

on high-dimensional data. Nonetheless, such performance may come at the cost of over-

fitting the data, which may be overlooked, when train and validation/test splitting is ne-

glected [32]. This problem becomes even more worrying in the context of microarray data,

where usually the number of samples is relatively small as highlithed by the studies por-

trayed in [71]. Using a sample size that is too small when developing a prediction model

leads to imprecise parameter estimates and increases the risk of overfitting, which can yield

inaccurate and unstable predictions leading to poor model performance when evaluated

in ‘new’ individuals from the same population, ultimately limiting the generalization abil-

ity of the model [72]. Thus, while on the dataset used to develop the analysis, model may

render extremely accurate results, if implemented on a slightly different dataset, the model

performance may decay significantly. Prediction models are often developed with no sam-

ple size calculation and as a consequence many are too small to provide precise estimates

[73]. Indeed reviews have found that inadequate sample sizes are a key contributor to high

risk of bias (inaccuracy) in prediction model studies [74, 75]. As an example Wynants et al.

found that 67% of studies were at high risk of bias due to inadequate sample sizes [74]. This

could be a contributing factor for the inconsistencies found in malaria specifically, where

antibodies such as the MSP1 and AMA1 have been described as diagnostic biomarkers in

some studies, and not in others [76].

Althought the rule of thumb of 10 outcome events per variable (EPV) have typically

been used to guide the calculation and justification of the sample size for developing a

prediction model, this rule of thumb has been shown to have no rationale, especially in
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prediction model research, as its evidence base is mainly informed by simulation studies

that investigate the performance of estimating covariate-outcome relationships [74, 77, 78].

Thus, given that sample size is a crucial design consideration for any research study, in our

last work, we sought out to analyze the impact of sample size on the performance and the

statistical power of the model estimates. For this, we conducted an analysis using differ-

ent train-test splits and implemented a Machine Learning model to the data. Finally, we

determined the sample size necessary to reach a statistical power of 80% certainty of the

obtained performances. This analysis revealed that most studies in the literature, have an

insufficient sample size to claim the results published with enough statistical power.

10.6 Antibodies: Unraveling potential new biomarkers against disease

The implementation of our pipelines lead to the identification of distinct antibody

panels with protective potential for outcome. Although antibody biomarkers have been

proposed for both diseases, the literature for malaria is far more vast. Indeed a vast array of

studies have been developed for the sole purpose of identifying biomarkers against disease.

Examples of such studies include [76, 79, 80, 81, 82, 83] in which several antibody biomark-

ers have been proposed. Among the antibodies identified in these studies, several were also

found as potential biomarkers in our analyzes such as pf113,eba-175 and the antibodies be-

longing to th MSP family (msp2, msp3, msp4 and msp7) [84, 85, 86, 87, 88, 89, 90, 91, 92].

Nonetheless, msp1 and ama1, immune responses commonly associated with protection

to clinical malaria and often referred to as potential vaccine candidates, were not found

among the signatures that conferred protection against clinical malaria [93, 84, 94, 95]. Sim-

ilar findings have also been reported elsewhere [76, 93, 96, 97], which highlighting the need

for sturdier pipelines that may help to increase the reproducibility. among studies. Prevail-

ing consensus however, seems to appear concerning msp1and ama1’s potential to serve as

serological exposure biomarkers [98, 99, 100, 101, 102]. More interestingly however, in this

work we have identified novel potential biomarkers against clinical malaria, were not de-

scribed in the literature. This was particularly the case for the analysis conducted in Chap-

ter 9, where most of the antibodies identified had not even been categorized/defined. This

results suggests that there may be potential biomarkers for clinical malaria that have not yet

been studied. One of the reason for this may be attributed to the just recent introduction

of high-throughput technology which has just now allowed us to screen the full antibody

repertoire against he parasite’s antigens.

Concerning ME/CFS, the literature on antibody biomarkers is far more scarce. Indeed

until recently,ME/CFS flew under the radar for most of the scientific community becoming

more renowned after the SARS- coV-2 pandemic due to its symptomatic similarities with

long-COVID. However, a few papers have been able to identify some antibody biomark-

ers against EBV and HHV [103, 104, 105], indicating a considerable pathway forward for
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the identification of diagnostic biomarkers against disease. One consideration, however,

that could shorten this path, would be the consensus of the diagnostic criteria to define

ME/CFS patients, which would certainly reduce the heterogeneity between patients and

conceivably increase the replicability of findings across studies.

10.7 Concluding remarks

With the ever growing availability of high-throughput antibody data, novel method-

ologies better capable to cope with such data are key for advancing the identification of di-

agnostic and treatment biomarkers against diseases. Due to their incredible performances,

ML’s use has spread to the most diverse corner of our daily lives and in he immunological

filed the story is no different. However ML-base antibody data analysis are still in an in-

fant stage and thus there is considerable work to be done to fully explore the potential of

these methods in the identification of antibody signatures against disease. Nonetheless we

believe that, integrated within robust pipelines such as the ones here implemented, can se-

riously drive such research. Indeed, we are convinced that pipelines such as the ones here

suggested may help tp increase the reproducibility of the findings among studies, increas-

ing the chance of unveiling new biomarkers against disease. However, the limited cohort

size in high dimensional studies poses a significance hindrance to such analyses. There-

fore great efforts by the scientific community should be redirected into creating reliable

datasets that would provide those analyzing them with sturdy and accuracte result.
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