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Summary

Early diagnosis and personalized treatment of diseases cannot be achieved without

biomarkers that can objectively assess disease outcome. Most of the biomarkers cur-

rently used in the clinic, evaluate the concentration of a single analyte, which is not

suf�cient to accurately predict the outcome of complex multifactorial diseases perturb-

ing multiple pathways. The status of these pathways can be assessed with multiplexed

biomarker signatures. High-throughput molecular technologies allow systematic pro-

�ling of molecular pathways at the genome scale. Therefore, the pro�ling of patient

cohorts with these technologies is expected to lead to the development of new biomarker

signatures.

Proteomics holds the greatest promise for the development of novel biomarkers,

as proteins carry out most functions in the cell. Recent technical advances in mass-

spectrometry based proteomics have signi�cantly increased robustness, sample through-

put, and sample to sample reproducibility to a degree that large-scale studies pro�ling

hundreds of samples are becoming routine.

However, the dimensionality of "omics" datasets prevents manual mining of the data

and mandates the development of computational analysis procedures. With the growing

body of proteomic data, new computational challenges have emerged. Speci�cally,

tools for batch correction and selection of reproducible biomarkers are required. Both

problems have been intensively explored in genomics, but the applicability of the existing

tools to proteomic data needs to be veri�ed. Another problem is the inappropriate

application of existing tools, leading to irreproducible results. The development of the

work�ow, combining the tools into a clear sequence of steps can alleviate this problem.

In this thesis, I address computational challenges in biomarker discovery from large-

scale proteomic datasets, speci�cally batch effect correction and reproducible biomarker

identi�cation problems. I build the work�ows that facilitate application of developed tools

in large-scale proteomic data analysis.

vii



Summary

In the �rst part of the thesis, I address the batch effect problem in proteomics. For this

purpose, I use three large-scale datasets pro�led with SWATH-MS. These datasets suffer

from common sources of technical variance in MS-based proteomics and represent

different applications of large-scale pro�ling. I present the work�ow that allows to

diagnose and correct the batch effects, and, most importantly, to assess the quality

of the correction procedure. This work�ow combines novel procedures, targeted for

mass-spectrometry proteomics data, with the tools developed earlier for microarray data.

The work�ow is implemented as an R package "proBatch".

In the second part of the thesis, I focus on a reproducible biomarker signature identi-

�cation procedure from proteomic data. I augment the feature selection work�ow by

a new metric called stability. This metric assesses the reproducibility of the selected

signature. I demonstrate that this work�ow can guide the choice of the feature selec-

tion algorithm by comparing Random Forest and LASSO. I benchmark the work�ow on

the metabolic pro�le of the BXD genomic reference panel. I show that application of

this pipeline produces high-quality results: identi�ed signatures represent molecular

processes, highly relevant for each of the metabolic phenotypes and the predictive perfor-

mance of these signatures is in good agreement with mouse physiology. I show that this

pipeline can also be used for power estimates if the existing cohort size is not suf�cient

for accurate prediction of the outcome. To assist biomarker signature identi�cation in

the new datasets, this work�ow is implemented as an R package "stableBiomarker".

In conclusion, this thesis presents a computational framework for biomarker iden-

ti�cation from high-throughput proteomic data. The methods developed have shown

utility in batch correction and biomarker selection problems for real-world data. The

tools developed will facilitate the identi�cation of reproducible biomarker signatures

from large-scale datasets.
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Zusammenfassung

Die frühzeitige Diagnose und personalisierte Behandlung von Krankheiten benötigt Bio-

marker zur objektiven Prognose des Krankheitsverlaufs. Die meisten klinischen Biomarker

betrachten die Konzentration eines einzelnen Analyten. Da komplexe und multifaktori-

elle Krankheiten, wie zum Beispiel Krebs, mehrere molekulare Mechanismen betreffen,

reichen diese Biomarker in der Regel nicht aus um den Verlauf solcher Krankheiten vor-

herzusagen. Überlagernde Biomarker Signaturen, die diverse molekulare Mechanismen

widerspiegeln, sind angebrachter. Analysemethoden mit hoher Durchsatzrate erlauben

die genomweite Abbildung dieser molekularen Mechanismen. Entsprechend ist zu er-

warten, dass die Analyse von Patienten Kohorten mit diesen Methoden zur Entdeckung

von neuen Biomarker Signaturen führen wird.

Da Proteine den grössten Teil der zellulären Funktionen ausführen, ist die Proteomik

die vielversprechendste Disziplin in der Suche nach neuen Biomarkern. Technischer

Fortschritt in der auf Massenspektrometrie basierenden Proteomik, vor allem SWATH-

MS, haben die Zuverlässigkeit, die Durchsatzrate sowie die Reproduzierbarkeit signi�kant

gesteigert. Dadurch werden grossangelegte Biomarker Studien, welche hunderte von

Proben analysieren, immer mehr zur Routine.

Die hohe Dimensionalität, die aus solchen �Omics�-Studien entsteht, verhindert eine

manuelle Auswertung der Resultate. Stattdessen benötigt man innovative Ansätze für

die maschinelle Datenverarbeitung. Mit steigender Datenmenge in der Proteomik steigen

aber auch die Anforderungen an diese Ansätze. Insbesondere braucht es Werkzeuge für

die Korrektur vom technischen Bias, so genannte Batch Effekte, und zur reproduzierbaren

Auswahl von Biomarkern. Beide Probleme wurden in der Genomik schon ausführlich

betrachtet, aber es fehlt die Diskussion zur Anwendbarkeit von existierenden Werkzeugen

auf proteomische Daten. Ein weiteres Problem ist die unsachgemässe Nutzung der

existierenden Werkzeuge, welche zu irreproduzierbaren Resultaten führt. Die Entwicklung

eines Arbeitsablaufs, der die Werkzeuge in einer klaren Abfolge organisiert, würde dieses
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Zusammenfassung

Problem beheben.

In dieser Dissertation behandle ich maschinelle Verfahren zur Entdeckung von Biomar-

kern in grossangelegten Proteomik Studien. Dabei fokussiere ich mich auf den Umgang

mit Batch Effekten sowie die Reproduzierbarkeit der Biomarker Identi�kation. Ich entwickle

Arbeitsabläufe, welche die Anwendung der bestehenden Werkezeuge auf proteomische

Datensätze unterstützen.

Im ersten Teil meiner Dissertation diskutiere ich die Problematik der Batch Effekte

in der Proteomik. Dabei betrachte ich die Daten dreier grossangelegter, mit SWATH-MS

akquirierten, Proteomik Studien. Die technische Variation, und somit die Batch Effekte,

der drei Datensätzen ist auf typische und weitverbreitete Faktoren der massenspektro-

metrischen Datenakquisition zurückzuführen. Ich präsentiere einen Arbeitsablauf, der

die Diagnose, Korrektur und vor allem auch die Qualitätskontrolle der Korrektur erlaubt.

Dieser Ablauf kombiniert neue, für die Proteomik massgeschneiderte Vorgehensweisen

mit Werkzeugen, die bereits zur Analyse von Daten von Microarrays entwickelt wurden.

Der Arbeitsablauf ist im R-basierten `proBatch' implementiert.

Im zweiten Teil meiner Dissertation bespreche ich reproduzierbare Identi�kation von

Biomarker Signaturen in proteomischen Datensätzen. Ich erweitere die Feature Selektion

um die neue Kennzahl 'Stability'. Diese bewertet die Reproduzierbarkeit einer Signatur.

Ich zeige auf, dass die Erweiterung des Arbeitsablaufs um 'Stability' die Auswahl von

Signaturen beein�usst. Ich demonstriere die Potenz dieses Arbeitsablaufs indem ich

metabolische Phänotypen einer Mauspopulation durch das Proteom vorhersage. Die

identi�zierten Biomarker Signaturen entsprechen molekularen Prozessen, die relevant

für die verschiedenen Phänotypen sind. Abschliessend zeige ich, dass dieser Arbeits-

ablauf für das Abschätzen der statistischen Power genutzt werden kann. Also für die

Vorhersage des benötigten Stichprobenumfangs für Validationsstudien. Um die Identi�-

kation von Biomarkern zu vereinfachen, ist dieser Arbeitsablauf in das R-basierte Paket

'stableBiomarker' integriert.

Diese Dissertation präsentiert einen rechnergestützten Rahmen für die Identi�kation

von Biomarkern in proteomischen Datensätzen mit hoher Durchsatzrate. Die entwickelten

Methoden haben ihren Nutzen in der Korrektur von Batch Effekten sowie in der Auswahl

von Biomarkern in realen Datensäten bewiesen. Diese Werkzeuge werden die Biomarker

Suche vereinfachen und erhöhen die Reproduzierbarkeit von Biomarker Signaturen aus

umfassenden Datensätzen der Proteomik und anderen �Omics�-Disziplinen.
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Part I.

Introduction and Background





1 Motivation and outline of the thesis

1.1 Motivation

Biomarkers required for early diagnostics and personalized treatment choice are

not available for many diseases, including complex diseases like cancer. Omics

have proved to be a rich resource of biomarkers. As most functions in the cell

are carried out by proteins, it is expected that proteomic data has the highest

potential to for new biomarker discovery.

Over the past few years, mass-spectrometry based proteomics has made

signi�cant progress in proteome pro�ling depth, robustness, and throughput.

This enabled precise quanti�cation of several thousand proteins over hundreds

of samples. Thus, proteomics has started operating with �large n, large p� data,

where n is the number of samples and p is the number of proteins pro�led.

The problems associated with large n and large p are new for proteomics and

are associated with novel computational challenges. These challenges can be

attributed to each of the dimensions, large n and large p.

Large n, or the high number of samples, is required to achieve suf�cient statis-

tical power for biomarker signature identi�cation. Large n datasets commonly

suffer from technical biases known as batch effects. Some of these biases are

unique for mass-spectrometry proteomics and thus require the development of

new algorithms for their correction, others are similar to biases characteristic for

genomics but require adaptation of existing tools.

Large p, or many proteins identi�ed, allows assessing the status of the whole

molecular network of the cell. It is, however, likely that only a few pathways are
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implicated in the disease. These pathways are represented by a few proteins

that constitute the biomarker signature, that should be predictive of the disease

outcome. Feature selection approaches can be used to identify the biomarker

signature that is then veri�ed in the independent cohort. Current approaches,

however, assess the predictive performance of the proposed signature, but not

their potential to be replicated on independent data.

Thus, this thesis aims to:

1. analyze sources of batch effects in proteomics and develop tools to diag-

nose and correct for them;

2. analyze the reproducibility of biomarker signatures, identi�ed with feature

selection methods;

3. develop the tools that would facilitate analysis of large-scale studies in

proteomics.

1.2 Outline

Part I of this thesis contains �Motivation and outline� (Chapter 1) and �Intro-

duction� (Chapter 2), where background is provided: biomarker development

pipeline, the role of high-throughput data in biomarker discovery, advances in

mass-spectrometry based proteomics, existing approaches to batch effect anal-

ysis and correction and, �nally, brief overview of machine learning approaches

and challenges, related to biomarker discovery.

In Part II, the results are described. Chapters 3 and 4 address batch effect

problem in proteomics. In Chapter 3, analysis of batch effects in three representa-

tive datasets is described. We describe the pipeline for batch effect diagnostics,

correction and quality control of the correction procedure. We demonstrate how

diagnostic tools can be used to test data quality and assess the batch effect

size. We test, which tools, originally developed for microarray data can be ap-

plied to proteomic data, and also show which patterns in the data require the

development of proteomic-speci�c correction procedure. To facilitate pipeline
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application to new datasets, we have implemented the work�ow as an R package

�proBatch�, described in Chapter 4.

In Chapters 5 and 6, we describe feature selection approach to biomarker

discovery. In Chapter 5, we describe machine learning work�ow application for

biomarker selection and augment it by a new metric called stability. We use the

benchmarking dataset of inbred mouse population to mimic identi�cation of

molecular signature from proteomic data. We demonstrate, how two popular

algorithms, namely Random Forest and LASSO, perform in biomarker signature

identi�cation task. Corresponding tools are summarized in a package called

�stableBiomarker� described in Chapter 6.

In Part III, the results and their implications are summarized in �Discussion�

(Chapter 7).

Finally, in Part IV, the reader can �nd Acknowledgments (Chapter 8) and Cur-

riculum Vitae (Chapter 9).
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2 Introduction

In this chapter, I provide an overview of biomarker discovery problem and the role

of high-throughput technologies in biomarker discovery. I describe the advances

in proteomics, speci�cally in mass-spectrometry, that enabled acquisition of

large scale data. Then I review the computational challenges, associated with

analysis of large-scale proteomics data. Finally, I specify the gaps that exist in

batch effect problem and for machine learning methods for biomarker selection.
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2.1 Biomarkers for personalized medicine

Signi�cant advances in medicine cannot be achieved without making the ap-

proach to patients more differentiated. This implicates that diagnostic proce-

dures need to yield results that will provide the speci�c prognosis or suggest

personalized treatment option. By de�nition, a biomarker is �a characteristic

that is objectively measured and evaluated as an indicator of normal biological

processes, pathogenic processes, or pharmacologic responses to a therapeutic

intervention.� [1]. In most cases, biomarkers are measurable analytes: DNA vari-

ants (mutations, translocations, and copy number variations) or biomolecules

such as transcripts, proteins or metabolites. To be practical in the clinical setting,

biomarker measurement technology needs to be quantitatively precise and allow

high sample throughput.

Depending on the application, biomarkers can be further divided into diagnostic,

prognostic and drug sensitivity biomarkers. Biomarkers are useful for all types of

diseases, from mental to metabolic disorders and in particular for heterogeneous

diseases such as cancers [2]. Biomarkers such as ALAT (alanine transaminase)

and ASAT (aspartate aminotransferase) used for liver injury diagnosis, cardiac

troponins, which help to diagnose acute coronary syndrome, C-reactive protein, a

marker of in�ammation, and PSA (Prostate Speci�c Antigen), a widely applied

marker for prostate cancer, are examples of biomarkers that have been used in

clinical practice for decades.

While clinical utility of established biomarkers is indisputable, there is still an

acute need for new biomarker development. There are biomarkers, like troponin I,

whose clinical sensitivity and speci�city is outstanding [3]. Other biomarkers

perform not as well: for example, prostate speci�c antigen (PSA), however useful

for prostate cancer diagnosis [4], produces a lot of false positive results, leading

to serious overdiagnosis and overtreatment and thus not recommended for

screening purposes anymore [5]. Consequently, better biomarkers are required

for diseases as prostate cancer.

For complex, multifactorial diseases, of which cancer is most prominent rep-

resentative, single-biomarker assays is rarely suf�cient as they affect multiple
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pathways that a single biomarker cannot capture. This is why, development of

multi-biomarker assays or biomarker signatures is expected to signi�cantly im-

prove predictive performance of biomarkers and ultimately the patient treatment.

Most of the well established biomarkers have been discovered serendipitously.

Technologies that allow systematic search of biomarkers are thus expected to

speed up biomarker discovery. With the advent of high-throughput molecular

pro�ling, multiplex measurement of biological molecules has become routine

and thus opened new opportunities for biomarker development.

2.1.1 High-throughput technologies in biomarker development

High-throughput technologies, also known as �omics� enable highly multiplexed

molecular pro�ling of the whole cellular network. Now, these technologies allow

measuring thousands of genes at a time, reaching genome-scale that promoted

a collective name "omics" for this type of technologies. Pro�ling of such depth en-

ables systematic, hypothesis-free approach to unraveling disease mechanism [6].

These advances in high-throughput technologies have brought dozens of

biomarker signature candidates for various diseases [7�9], most notably can-

cers [10]. Recently signatures predictive of multiple cancer types have been

published [11, 12]. Several of these signatures, for example, MammaPrint [13] and

OncotypeDX [14] could withstand multiple validation studies [15, 16], have been

approved by FDA and are now used in clinical practice [17, 18]. Biomarkers have

thus become a critical link between fundamental and clinical research which is

now known as translational medicine [19].

Although most of the guidelines for disease diagnosis are still based on single-

gene or single-protein biomarker assays, it is expected that multiplexed molecular

measurements will contribute to better, more personalized disease diagnostics

and treatment choice. One prominent example is breast cancer diagnostics.

Breast cancer is assessed using immunoassays, measuring hormone receptors

and HER2. Resulting histopathological subtypes � HR-positive, HER2-positive

and triple-negative � de�ne three major breast cancer types. However, it is widely
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Figure 2.1: Biomarker development pipeline

accepted, that these three subtypes are not exhaustive and histopathologically

identical tumors have different molecular pro�les [20]. Thus, HR-positive can be

further divided into Luminal A and Luminal B subtypes, and the subset of triple-

negative cancer has basal-like features, indicating speci�c treatment options and

different survival prognosis. While it is agreed that biomarker assays, probing

certain gene expression, help to determine the subtype, speci�c guidelines for

breast cancer diagnostics, that would take molecular subtyping into account, are

still debated [21].

Despite multiple reports of candidate biomarker signatures, their implementa-

tion in clinical practice is slow [22�24]. Partially this is determined by lack of re-

producibility of proposed biomarker panels in independent cohorts: exaggerated

effect sizes (e.g. fold change) [25] and overoptimistic predictive performance

being particularly heavy criticized [26]. Among the reasons of poor reproducibility

researchers often name unreliable data or experimental setups, poorly re�ecting

clinically relevant population [27].

Dif�culties in the translation of biomarker signatures from bench to bedside

prompted the de�nition of biomarker development pipeline [23, 28]. This pipeline
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is re�ected in biomarker study guidelines, namely REMARK [29] and STARD [30].

According to this suggestion, biomarker development is separated in at least

several phases: discovery, veri�cation and validation(see Fig. 2.1). In the discov-

ery phase, biomarker candidates are selected using data analysis procedures,

that are further validated in independent cohorts for reproducibility and clinical

utility. Veri�cation phase is required primarily to assess analytical properties

of the biomarker panel [23, 31], i.e. how reliably and accurately can candidate

biomarkers be measured in the patient samples with the same or independent

technology. Some researchers describe the main purpose of veri�cation phase

as the elimination of false positives from candidate biomarker list, typically by

measuring in a larger cohort [23, 31]. After analytical validity is con�rmed and list

of biomarker candidates is narrowed even further, the resulting biomarker signa-

ture has to be validated in independent cohort. Finally, the validated biomarker

signature is prepared for clinical implementation. At this stage, biomarker signa-

ture needs demonstrate clinical utility and robustness of measurements. After

to the regulatory approval, the new signature can be incorporated into clinical

guidelines [32].

High-throughput technology is primarily used in the discovery phase: high

dimensionality of the data allows to discover molecular pathways previously

unknown to be associated with disease. Big datasets, acquired with these tech-

nologies, however, require multi-step computational analysis, including data

pre-processing and model development steps [33, 34]. Importantly, many steps

of data analysis are technology-dependent. The example of such work�ow for pro-

teomic data is shown in 2.2. Correct application of computational tools for data

analysis require solid expertise in statistics and programming. Interdisciplinary

teams are thus still on steep learning curve [24] and key steps in data analysis

work�ow are often not followed, leading to anecdotal predictions [35]. Despite

gigabytes of data acquired and hundreds of published papers, computational

analysis of molecular data is still considered to be in its infancy [32].
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Figure 2.2: Mass-spectrometry data analysis work�ow. Image adapted from [34]

2.1.2 Proteomics in biomarker discovery

Proteins are the main actors in cellular machinery, conducting most of the func-

tions. Protein abundances dynamically change in response to internal and exter-

nal factors such as disease progression and thus provide real-time information on

the physiological state of the organism. Importantly, proteins are the endpoints

of molecular information �ow, re�ecting mutations in DNA and changes in RNA

expression. It is well known, that proteins degrade much slower than RNA (Shao,

in preparation) and this feature has practical implications both for retrospective

discovery studies operating with archived samples such as FFPE tissue slices,

but also for the routine clinical practice. Together, these factors make proteins

particularly attractive biomarkers.

The technology, used to determine protein abundance in discovery, veri�cation

and validation stage, needs to be quantitatively robust and high-throughput. Until

recently, feasibility and cost-effectiveness of protein biomarker development

was questioned, since the performance of two main approaches for protein mea-

surement - immunoassays and mass-spectrometry � has been suboptimal [23,

36].
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2.1.3 Immunoassays for protein biomarker measurement

Many of molecular biomarkers currently in clinical use � PSA, HER2/neu, ER, PR,

CA125 � are measured with antibody-based technologies or immunoassays. For

about half a century immunoassays, most notable ELISA, have been dominating

technology for measurement of protein abundances. Immunoassays are the

workhorse of biomarker measurement due to their sensitivity, precision, and high

throughput [37]. However, for the majority of proteins and especially proteoforms

assays are not available. Another problem, associated with immunoassay is their

cross-reactivity for multiplexed assays, i.e. combined measurements of several

proteins. Thus de novo assay development often is the only option, which is

costly and laborious and thus often prohibitively expensive [22, 38]. Multiplexing

of immunoassay-mediated protein measurement improved with the introduction

of Reverse-Phase Protein Assays or RPPA [39], and capacity of such assay now

allows to measure 150-300 proteins [40]. This technology provides accurate

quanti�cation of proteins over several hundred of samples [40] and hence are

applied with large-scale projects such as TCGA [41].

Limitations of immunoassays are considered to be one of the major reasons

for slow transition of protein biomarker signatures into clinical practice [22,

23]. Precision and high sample throughput of immunoassay results in their

wide application for biomarker validation, however, for the discovery phase, the

technology, that would allow better multiplexing is required.

Another class of af�nity-based agents that addresses the problem of multi-

plexing is an aptamer technology named SOMAmers (Slow Off-rate Modi�ed Ap-

tamers) [Gold2010]. The latest assay named SOMAscan allows to quantify >1000

proteins simultaneously in a wide dynamic range. The technology claims high

quantitative precision [ Billing2017], however, protein quantities measured by both

SOMAscan and antibody-based Eve Technologies Discovery assay show limited

correlation, presumably, due to differences in speci�city and the dynamic range

of protein detection [42]. Importantly, SOMAscan measures pre-de�ned set of

proteins, thus, cannot be used for untargeted biomarker discovery [ Billing2017].

An attractive alternative to immunoassays and SOMA technology is mass-
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spectrometry based proteomics. In comparison to immunoassays, mass-spectrometry

is void of cross-reactivity issue and thus is better at multiplexed measurements.

As opposed to SOMA, mass-spectrometry can be used for hypothesis-free biomarker

discovery. Remarkable advances of mass-spectrometry in last two decades made

it a technology of choice for biomarker development.

2.2 Methodological advances in mass-spectrometry

based proteomics

Mass spectrometry measures analyte quantities by determining their mass-to-

charge ratio. Proteome of biological samples is very challenging to measure due

to mixture complexity, fragility of protein molecules and high molecular weight

of protein molecule itself.

Protein mixture complexity can be ef�ciently reduced by protein separation

with liquid chromatography (LC). Reverse-phase liquid chromatography separates

analytes by polarity and thus improves resolution of ions of similar mass, but dif-

ferent polarity. Thus reverse-phase liquid chromatography became a technology

of choice for proteomics [43]. Sample throughput of liquid chromatography can

be improved by high pressure, hence High Pressure Liquid Chromatography is

currently the default separation technology in proteomics.

Fragile aminoacid chains of proteins require �soft� ionization methods. In

the late 1980s such methods, namely MALDI and ESI became available [44,

45]. Matrix-assisted laser desorption ionization (MALDI) uses laser pulses to

evaporate and ionize analytes from solid state matrix. Electrospray ionization

uses high voltage to charge droplets of liquid and thus can be directly coupled

with HPLC, enabling analysis of complex samples. For this reason, ESI has been

adopted as the main ionization methods in MS-based proteomics [46].

There are two approaches for protein measurement with mass-spectrometry.

One approach, known as top-down proteomics, measures whole proteins. How-

ever, required discrimination of protein masses is possible only for low complexity
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samples [47]. Thus, an alternative approach, called bottom-up proteomics, has

gained more popularity. In bottom-up proteomics, proteins are enzymatically

digested to peptides prior to measurement with mass-spectrometer. As masses

of different peptides can be exactly the same, single mass-to-charge measure-

ment is not enough to identify the peptides in complex backgrounds, typical for

biological samples. To distinguish peptides with same m/z, peptide ions are

fragmented and m/z of the resulting pieces is measured. This approach is called

tandem mass-spectrometry, or MS/MS, and together with HPLC separation and

ionization by ESI has become a standard work�ow for MS-based proteomics

[46].

2.2.1 Mass-spectrometry proteome acquisition strategies

Peptide mixtures are very complex and even after separation by HPLC represent a

major hurdle for accurate peptide identi�cation and quanti�cation. In LC-MS/MS

both MS1 (peptide ion m/z before fragmentation, also termed precursor) and MS2

(peptide ion fragment m/z) need to be measured. In early ages of LC-MS/MS, the

fragments were hand-picked by instrument operators [48]. This strategy was not

scalable and prevented high-throughput pro�ling. Later, algorithms that allow real-

time choice of peptides at MS1 levels were developed. Such algorithms iterate

over peptides and pick several most abundant peptides at MS1 levels, which are

then fragmented [49]. At the next iteration, these peptides are suppressed so

that other peptides can be chosen for fragmentation, thus increasing the total

number of identi�ed peptides. This strategy depends on data acquired on MS1

level, and is therefore called data dependent acquisition or DDA. With advances in

instrumentation, particularly, improved mass resolution, current implementation

of approach allows to catalog several thousand proteins, closely comparable

to the number of genes that can be measured by RNA-seq and other genomic

technologies [50�52]. However, poor reproducibility and limited quantitative

accuracy stimulated the search for other solutions [53].

Proteome pro�ling with DDA mass-spectrometry allows only crude assessment

of protein quantities and the candidate biomarker signatures identi�ed require
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additional step of veri�cation, which became a standard recommendation for

protein-based biomarker signatures [23, 31]. Veri�cation step further limits the

list of candidates to save costs for immunoassay development [54]. Veri�cation

step also establishes the analytical robustness of candidate biomarkers. Devel-

opment of selected reaction monitoring (SRM), also known as Multiple Reaction

Monitoring (MRM) enabled quantitatively robust protein quanti�cation and hence

veri�cation of candidate protein biomarkers [55]. The main bottleneck of DDA

measurement, preventing consistent quanti�cation is a stochastic selection of

ions at MS1 level. To solve this problem, peptide list can be limited in advance

and these peptides then can be traced over the whole range if chromatogra-

phy retention time [56]. Thus, instead of stochastic snapshots, precise elution

peak shape could be determined and thus, total abundance of the peptide in

the sample determined with high precision. Thus, pre-selection of ions by SRM

enables highly sensitive and quantitatively accurate quanti�cation over multiple

samples [57], which is particularly important for complex sample pro�ling, with

most prominent example being blood plasma, with dynamic range of protein

abundances spanning several orders of magnitude [31, 36, 58, 59]. Robustness

of SRM allowed to propose several biomarker signatures [60, 61], with several

signatures � OVA1, PreTRM, Xpresys Lung - ultimately approved by FDA [62�

64]. Although SRM is still competing with immunoassays for the veri�cation of

candidate biomarkers [65], approval of SRM-based biomarker signatures demon-

strates that mass-spectrometry reached the maturity for clinical applications

[66] and has potential to be used for the close cycle of biomarker development

with mass-spectrometry technologies alone.

Although SRM is an excellent technology for biomarker veri�cation and, as

latest developmentd show, also for validation of biomarkers, its multiplexing

capacity is limited to several dozens of proteins [53]. Pre-selection of peptides,

either stochastic, as in DDA, or background knowledge based, as in SRM, pre-

vents unbiased measurement of peptides. Fragmentation of multiple precursors,

measured at MS1 step, so that a single multiplexed, chimeric spectrum is created

at the MS2 level, is called Data Independent Acquisition or DIA [67]. The name of

the technology re�ects the fact that all ions detected at MS1 level are fragmented,
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and thus the MS2 spectra acquisition is data independent. First implementations

of this idea have been proposed more than a decade ago [68, 69], while other,

using improved instrumentation and protocols, were reported in the early 2010s

[70�75]. The proposed implementations differ in con�gurations, such as size

precursor isolation windows, dwell time of each scan and the instrumentation;

also, recently variable isolation windows have been proposed [76]. In different

implementations, isolation windows range from 2.5 � 100 Da to full precursor

m/z range. Bigger windows allow to increase dwell time, and hence the number

of ions to be detected. This can potentially improve quanti�cation. However,

big windows result in more convoluted MS2 spectra, as more different peptide

precursors from MS1 are directed for fragmentation. Thus, the sensitivity of

and instrument and its scan speed determine the resolution and it was the im-

provement in these properties of the instrumentation that were prerequisites for

untargeted measurement [71, 72]. A key for the success of DIA is the meth-

ods for deconvoluting the combined spectra post-acquisition during targeted

data extraction [77]. The technology is still evolving and improvements, such as

coupling with ion mobility are suggested [78] and more are to be expected.

It was shown that such DIA-based approaches as SWATH-MS, can characterize

proteome with quantitative accuracy and reproducibility comparable to SRM [73,

75, 79]. The sensitivity of SWATH-MS is also outstanding and can reach the

concentration of 0.05 fmol [80], which is particularly important for the quanti�-

cation of with dynamic range spanning several orders of magnitude [81]. The

technology has been shown to deliver robust and linear quanti�cation even when

the measurements were performed on different machines located at multiple

sites all over the world [82].

2.2.2 Processing of raw data: from spectra to data matrices

The key product of mass-spectrometry experiment is a data matrix. However,

mass-spectra measured in every sample need to be transformed into protein

quantities, measured in every sample.

In bottom-up LC-MS/MS, proteins are digested into peptides, for which m/z are
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measured at MS1 and MS2 level. Thus the connection between protein quantities

and measured spectra is lost and has to be re-established computationally. Data

processing varies for each data acquisition strategy. Here we will focus mainly

on computational tools, required for DIA data processing and tools, that enabled

their development.

2.2.2.1 Peptide-spectrum matching and error rate control

The most critical task of bottom-up proteomics is the matching of spectra and

peptides they originate from. The main breakthrough in peptide-spectrum match-

ing has been achieved for DDA data with tools called search engines. Search

engines match theoretical spectra to measured MS1 and MS2 patterns. Multiple

approaches to peptide-spectrum matching exist and only several, for exam-

ple Mascot [83], Comet [84], X!Tandem [85], OMSSA [86], MyriMatch [87] have

achieved wide recognition. The procedure of peptide-spectrum matching can

produce false positive matches for peptides, that are not present in the data, that

this phenomenon has to be accounted for. This is achieved error rate control

models. Most successful approach to error rate control was the introduction of

decoy peptides � peptides with shuf�ed or inverted aminoacid sequence. For

each peptide, a decoy peptide is added to the list of peptides used for search.

The resulting distribution of scores for decoy peptide is used to de�ne an error

model, which allows setting the FDR-based threshold for peptides derived from

proteins encoded in genome [88]. As errors from spectral matching propagate

further � from proteoforms to peptides to proteins, a whole array of error rate

control tools has been developed [88].

In DIA, peptide-spectrum matching is more challenging as several peptide

precursor are fragmented at once and thus MS2 spectra are highly convoluted.

However, the important advantage of DIA measurement is acquisition of the

whole chromatographic peak � trace of the peptide quantity across the whole

liquid chromatography elution time. Provided fragment spectrum in complex

background has been measured before, such traces of combination of fragments,

corresponding to one peptide, can be identi�ed in the data. This approach has
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been implemented in OpenSWATH work�ow [77]. This work�ow, however, re-

quires a pre-de�ned set of spectra to be matched to the data. Set of such spectra

is known as a library, that can be acquired from DDA data [89, 90]. Thus, in prac-

tice, DDA measurement of same or similar proteome sample is required to form

a library of high-quality spectra for mining DIA data later on. Same library can

be used for mining new DIA data. This prompted a massive effort for pro�ling a

range of human tissues and cell lines in various conditions, known as Pan Human

Library [91]. This library can be used for newly acquired DIA data, thus eliminating

the need for DDA pro�ling for conditions, similar to those represented in the

library. Recently, it was suggested to extract the library from DIA data itself using

the tool called DIA-Umpire [92], thus even for cases, not represented in published

peptide-spectra libraries DDA pro�ling can be avoided or used to supplement the

existing library.

Library spectra matching to DIA chromatograms can lead to errors as well,

thus corresponding tools for error control in DIA data were developed [93, 94].

These tools follow the logic of mProphet algorithm for SRM data [95], as DIA,

similarly to SRM measures chromatograms rather than single spectral snapshots.

DIA data makes use of peptide retention time � time it takes for a peptide to

elute from the column, which is a distribution of times rather than a �xed point.

Speci�c retention time of given peptide varies from run to run. However, the

retention time of several runs can be aligned using synthetic peptides called iRT

peptides [96], and it has been shown, that run alignment improves identi�cation

and quanti�cation of peptide traces, leading to more complete and quantitatively

accurate data matrices [97].

2.2.2.2 Peptide quanti�cation

In bottom-up proteomics, proteins are digested into peptides prior to measure-

ments, thus protein quantities need to be inferred from quantities of correspond-

ing peptide and peptidoform quantities. It is still debated, which approach to

quanti�cation, such as top-3 abundant peptides of most correlated peptides are

better for quanti�cation. Thus, many tools are suggested for protein quanti�ca-
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Figure 2.3: Improved work�ow for mass-spectrometry data analysis. Image
adapted from [34]

tion � aLFQ [98], MSstats [99]and mapDIA [100] being most used ones.

2.2.2.3 Other tools for MS-proteomic data processing and quality control

The complexity of DIA data requires tight quality control of the data and multiple

data conversion steps associated with speci�c analysis procedure. Also, missing

values are not uncommon in DIA data, especially in studies with high sample

heterogeneity. Thus, tools that �ll this gap and facilitate MS-data processing

have been developed. Examples of these tools are MSstats [99], SWATH2stats

[101] and ROPECA [102] among others.

Thus, latest advances indicate that the quality of the peptide and protein

matrices can be improved if information from all samples is taken into account.

Thus, the work�ow described above, needs to be modi�ed, as certain components

of peptide identi�cation and protein quanti�cation operate in inter-map analysis

mode (Fig. 2.3).
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2.3 Computational challenges in large-scale

proteomic data analysis

With increasing size of data grows importance of data analysis procedures. In

this thesis, I focus on the computational procedures, speci�cally associated

with the analysis of large-scale datasets, that follow peptide identi�cation and

quanti�cation and thus start from peptide matrices. Most important steps of

such analysis are batch correction (and associated procedure of normalization)

and biological signal extraction, which in the scope of this thesis is biomarker

signature selection. Both problems are new to proteomics and require the de-

velopment of corresponding tools. First I will provide the background on batch

effects in high-throughput data and then review signature selection approaches

using machine learning tools.

2.3.1 Batch effect correction: prevention, diagnostics and

correction

Until recently, large-scale datasets pro�ling more than a couple dozen of samples

have been rare in proteomics. Thus computational challenges, characteristic

for large-scale omics were out of the spotlight. However, increased sample

throughput made large-scale cohort pro�ling a new routine. Increasing sample

sizes require more complex logistics as sample preparation and pro�ling in

one batch becomes unfeasible. Change of the personnel, reagents or mass-

spectrometer introduce technical bias in the data known as batch effects.

If the experiment is properly designed, these effects can be adjusted for with

normalization and batch correction tools. Thus, we will �rst provide an overview

of experiment design and then review the approaches for batch effect correction.

Since this problem has been discussed for a long time in the genomics community,

we will �rst describe the approaches for technical bias correction in genomics

and then review the emerging solutions for mass-spectrometry data.
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2.3.1.1 Experimental design

Experimental design can be de�ned as "a protocol that de�nes the population of

interest, selects the individuals for the study and/or allocates them to treatment

groups, and arranges the experimental material in space and time" [103]. Experi-

mental design determines whether the data can be used to answer the questions

or the study. Good designs mitigate experimental error and impact of technical

artifacts [104], but bad designs obscure the signal and can make the data biased

beyond repair [105, 106]. Results, obtained from such data potentially lead to

erroneous conclusions and �ndings that cannot be replicated [107]. Good design

also maximizes cost-effect ratio, as selecting the right population and number

of subjects to be pro�led also determines whether the study will have suf�cient

statistical power to detect the effect of interest.

To ensure reproducibility of measurements, experimental design should take

into account not only biological covariates, whose effect is studied but also the

technical covariates affecting measurement error and introducing bias to the

data. Technical covariates, sometimes called nuisance variables [104] are mostly

known and thus can be addressed with appropriate planning. In proteomics,

there are three levels of technical noise: 1) Biomaterial acquisition; 2) Sample

preparation; 3) Mass-spectrometry pro�ling, as shown in Figure 2.4.

It should be noted, that while biomaterial acquisition and sample prepara-

tion can be planned exactly, it is harder to predict the blocks of samples, de-

�ned by interruptions of mass-spectrometry pro�ling. These interruptions are

caused by degrading performance of liquid chromatography and the drift of mass-

spectrometry signal. If the performance of the mass-spectrometer reaches an

unacceptable level, data acquisition is interrupted to exchange LC column and/or

tune the machine. In any case, careful annotation of samples, recording all known

technical covariates, is a critical prerequisite for following statistical analysis

and correction procedures.

It is unfortunately not uncommon that technical and biological covariates

are confounded. This happens, when the biological group or condition exactly

coincides with the technical covariate. Most often, this happens, when distinct
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Figure 2.4: Batch effect sources in proteomics
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groups of samples are handled by different people or even processed in different

centers. This should be carefully monitored for large-scale cancer projects, in

which multiple hospitals are involved, or inter-species studies, as they typically

involve different research teams. A possible solution for unavoidable confounding

of cancer tissue origin and the clinical team can be mitigated by the acquisition of

an independent set of samples pro�ling the same tissue/animal from a different

hospital or laboratory. These samples can either be processed together with the

majority of data or used later for validation of acquired results.

Confounding of the result by technical covariates can be prevented by sample

randomization and blocking. Randomization of samples prevents bias by break-

ing the connection between technical and biological covariates. In large-scale

studies, randomization is an important prerequisite for statistical inference meth-

ods that rely on assumptions of sample independence [103]. Randomization is

helpful both when technical covariates represent groups of variables known in

advance (such as hospitals, sample preparation batches), and when technical

covariates are stochastic or continuous and thus cannot be planned in advance.

Examples of stochastic variables are humidity in the room, mass-spectrometer

interruptions, or reagent exchange (when one lot of reagents is used for several,

but not all digestion batches). The continuous effect in proteomics is typically

associated with instrument performance drift, and thus keeping track of sample

running order is of utmost importance.

Randomization of samples, however, can result in unbalanced designs. For

example, for case-control studies, it can happen that certain digestion batches

contain mostly controls, and thus are not suf�ciently balanced by case samples.

Failure to randomize samples among groups, de�ned by technical covariates,

makes the correction impossible and results jeopardized [108]. Unbalanced

batches add to nominal sample size, but not the effective sample size [109].

Thus, unbalanced design results in additional costs, determined by nominal

sample size but does not contribute to signal detection sensitivity, that is de�ned

by effective sample size.

Unbalanced designs can be effectively mitigated by blocking. Blocks are pre-

de�ned experimental units that contain a balanced number of samples from
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each group [103]. Here it should be stressed, that blocks and batches are used

interchangeably in the literature. Thus, allocating treatment groups in a balanced

way by batches, created by cell plates or protein digestion days, will ensure that

resulting biases can be corrected for. Order of samples within the block, however,

is not restricted [103]. For large-scale studies, the chance of stochastic biases

increases. Stochastic variables typically affect groups of variables, but these

groups cannot be known in advance. Examples of such variables are changes in

room temperature or humidity or interruption in mass-spectra acquisition due to

deteriorating performance of liquid chromatography column. Majority of these

events are order-associated, thus, proper balancing could be ensured by testing

biological groups fraction in a sliding window, so that every 20-30 consecutive

samples represent balanced "blocks".

An important consideration at the stage of experimental design is replication.

Although biological replication, i.e. increasing the number of subjects, is rarely

questioned in biomarker studies, it is still debated, how to determine the sample

size to ensure the required power of studies [110]. It should be noted, that higher

complexity of the model, i.e. more biological and technical covariates, increase

the total number of samples. However, total variance consists of at least two

components: biological and technical variance. The latter is strong in proteomic

data. It should be noted, that technical replication does not improve the sensitivity

of statistical inference and thus it is often suggested to omit the replication [111].

However, when the technical variance is a major noise factor and cost of technical

replication is low, technical replication might be justi�ed [103, 104, 111]. It should

be noted, that technical replicates are useful as for control of correction procedure

and are required for certain data analysis approaches. As many analyses require

measurement variance, it should be noted, that running a small subset of samples

in triplicates is generally preferred to duplication of the whole dataset. For large-

scale datasets, where instrument drift is expected, it might be useful to run

selected sample every 7-15 runs. Such sample should be suf�ciently similar to

the rest of the samples so that peptide identi�cation and run alignment are not

affected. A good option is a pooled mix of several samples. More than one

control sample of this type might help to combat certain biology-related issues,
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as variance of certain protein, characteristic of only speci�c mixture, but not

observed in other samples.

Experimental design is essentially the �rst step in data analysis, as the design

of the experiment determines, which approaches can be used for signal extraction

from a given dataset. Experimental design should be carefully thought through

since sample confounding or unbalanced design can undermine the power of

predictive models [112], whereas careful sample randomization, blocking and

tracking of all technical factors can ensure that the unavoidable biases can be

corrected and the biological information preserved. It is particularly important

to record all technical covariates, such as reagent and personnel changes or

machine interruptions in the sample annotation. This then ensures that the effect

of each factor is assessed and adjusted for, if necessary.

2.3.1.2 Approaches to batch effect correction

The technical bias of the data has been recognized almost immediately after wide

acceptance of microarray technology and several approaches for data normaliza-

tion have been proposed [113, 114]. Early normalization methods addressed the

bias in the data by pairwise LOWESS curve �tting, but with growing number of

samples this approach becomes less practical [115] and hence computationally

more practical approaches, aligning the sample distributions globally have been

proposed and gained wide acceptance [116]. New methods for data normal-

ization are being constantly proposed despite two decades of research [117�

121]. Normalization methods can be technology motivated technology-motivated

[122�124] or generic, such as quantile normalization [116].

However, not all bias can be corrected by normalization. Normalization makes

the samples more comparable by aligning major patterns of distributions [108,

125], however cannot correct for the bias, affecting distinct groups of genes in

a different way [108, 126]. This bias is commonly known as batch effects. This

bias then requires correction, that can be addressed with several approaches.

Batch effect correction approaches can be divided by underlying mathematical
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apparatus into location-scale adjustment and matrix factorization based meth-

ods [127]. Location-scale methods rely on the observation that the gene mean

and variance are batch-dependent and thus the alignment of location (mean)

and scale (variance) will make the samples more comparable. These include

methods like batch mean centering [128], distant-weighted discrimination [129]

or Empirical Bayes tool named ComBat [130]. Matrix factorization methods,

however, aim to identify leading "components" of variation and associate them

with known or unknown sources of technical variance [131, 132]. These methods

are typically used to obtain "batch-free" data matrix, which is criticized [109]

and thus methods, incorporating batches in the predictive model are preferred.

Such methods are typically implemented as variations of linear models and can

be found in packages such as 'limma' [133] or 'MSstats' [99]. These models,

however, can not be used in situations requiring other analysis methods, such as

machine learning or network inference. This fact explains the wide popularity of

"correction" methods that can be used sequentially with multiple downstream

analysis approaches. Among these methods, ComBat consistently performs

well in comparative studies [125, 134], which, combined with clear underlying

assumptions, explains its popularity as batch effect correction method.

Evaluating the effect of batch effect correction methods is perhaps more

challenging than the correction itself [127]. Commonly, batch effect removal is

evaluated visually, by comparing diagnostic plots before and after correction.

Commonly, batch effects are visualized by boxplots, hierarchical clustering den-

drograms and principal components biplots [108, 127]. These plots, however,

provide only visual inspection of the severity of batch effects, which is subjec-

tive. Batch effects, however, can be quanti�ed by approaches such as Principal

Variance Component Analysis [135]. New methods such as '�ndBatch' have been

proposed recently [136], but their practical utility has yet to be tested. Tools for

visualization of technical biases have been proposed [137�139], which facilitate

certain steps of batch effect correction pipeline. Most of these methods are

targeted for batch effect diagnosis and judge the correction only by "removal"

of the confounding, however, the true improvement of the data is much harder

to assess and the positive controls approaches for batch effect correction are
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missing.

Batch effect correction is thus a work�ow consisting of several steps. Although

step-by-step descriptions have been published before [108] they miss important

steps of the procedure, such as normalization, that should precede the correction

by some methods [130]. These descriptions also ignore the fact that evaluation

of batch effects in raw, non-normalized data is not informative, as both sample

clustering and principal components of the data might change dramatically. Very

few publications address the quality control of the data after correction [127] and,

even if mentioned [138] are not highlighted as an essential, distinct step of the

work�ow. Thus, correction of batch effects in high-throughput data would greatly

bene�t from better de�ned work�ows.

Publications, addressing batch effect problem in mass-spectrometry are not as

common. Several publications address batch effects in metabolomics [140�142],

others state that batch effect correction improves the quality of the proteomic

signal [143, 144]. Tools facilitating normalization in proteomics have been de-

veloped [138] and benchmarked [145], however, as stated above, normalization

does not resolve the batch effect problem completely. Mostly, the methods from

microarray �eld are used to adjust for batch effects in proteomic data, however,

their systematic review and tools for correction of mass-spectrometry speci�c

issues like signal drift are missing.

2.3.2 Machine learning approaches in biomarker discovery

In clinical practice, biomarkers serve as quantitative criteria for the choice of

treatment options. For a single biomarker, such criterion is typically a threshold

value. For instance, in order to diagnose potential diabetes, one would need to

measure the blood glucose level at fasting. In this example, blood glucose is a

biomarker and speci�c cut off levels guide treatment choice. For a biomarker

panel, however, measuring the value for each individual analyte is not suf�cient.

It requires a mathematical model that would combine all measurements into a

single score, interpretable by medical personnel 2.5. This is a shift in paradigm,

highlighting the role of modeling in biomarker development [146].
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Figure 2.5: New biomarker paradigm, adapted from [146]

Thus, in biomarker discovery, two goals can be de�ned: 1) Identifying the list

of analytes, such as proteins, associated with the clinical outcome in question;

2) Building a model that summarizes the quantitative measurements of those

analytes into a single score or probability.

Statistical inference methods, or hypothesis testing, such as ANOVA, are used

to identify lists of candidate biomarkers, signi�cantly associated with the out-

come of interest and t-test is just a speci�c case of ANOVA model applied to

two-class (�disease�/ �normal�) problems. These approaches are computation-

ally simple, and their output is easily interpretable by biologists and clinicians.

However, they highlight very a speci�c class of variables � the ones that are

signi�cantly associated with the outcome in isolation from other variables. Al-

though, such a list is often called �biomarker signature� [147], it doesn't provide a

straightforward way to use a combined value of its members. Combining features

into a single predictor is in essence, mathematical modeling.

Also, univariate tests ignore complex relationships between these variables.

Most prominent examples of such relationships are correlation and joint predic-
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Figure 2.6: Non-interacting vs interacting proteins for class separation. A. Two
differentially abundant proteins proteins = biomarker candidates, discoverable
with univariate statistical tests; B. Interacting proteins: neither of proteins alone
is differentially expressed, but jointly they separate two classes almost perfectly
Image adapted from lecture by O. Vitek

tive power. High correlation of two genes makes them redundant in terms of

prediction � picking one, better correlated with the outcome would be enough.

Joint predictive power, on the contrary, highlights the mutual dependence of two

or more genes, neither of which is suf�ciently predictive of the outcome on its

own. Simulated example of such case is shown in Figure 2.6.

Both drawbacks of statistical inference � failure to model and failure to take

relationships into account, can be addressed with machine learning approaches,

speci�cally, with supervised learning models.

Supervised learning aims to predict the response by building a model based

on independent variables or features. In biomedical studies, the response is the

disease outcome (progression probability, drug sensitivity etc.) and features are

mutations or transcript, protein and metabolite abundances. In biomarker dis-

covery, building a model from molecular data is not enough. To make biomarker

signature practical in the clinical setting, it needs to be small, as the development

of clinical assays, such as immunoassays, is costly [22]. This small set has to
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Figure 2.7: Types of the feature selection algorithms

be selected from thousands of genes, pro�led with �omics� technologies. In

machine learning, such problem is known as feature selection problem.

2.3.2.1 Approaches to feature selection

The aim of feature selection is to identify a small subset of features that together

are predictive of the response. Thus, the selection process is tightly coupled

with the construction of a predictive model. Different approaches to achieve

feature selection have already been introduced since 1997 and can be broadly

classi�ed in three types: 1) Filter; 2) Wrapper; 3) Embedded methods, �rst intro-

duced in 1997 [148, 149].

The main tasks of all methods is the selection of the features, the training of
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the model and the evaluation of the model, but they differ in the way they combine

these tasks.

In �lter methods , the selection task is performed �rst and when this is set,

the model is built on these features. Thus, the feature set is not in�uenced

by the performance of the model. This results in a model which in principle is

independent of the type of �ltering.

In wrapper methods , the selection process is wrapped around the model learn-

ing process. The method starts with an initial set of features and evaluates this

set by the predictive performance of the model. Then, the feature set is updated

and the process is iterated until the model converges to an optimal performance.

There are many ways to update the features, including but not limited to greedy

forward and backward propagation approaches where features are added or

removed respectively from the list. A prominent example of wrapper approaches

is genetic algorithms.

In embedded methods , feature selection is an integral part of the learning

process. In contrast to the wrapper methods, the model itself decides which

features to keep by optimizing a speci�c function and adjusting the feature set

that is included int the model. Best known examples of embedded methods are

Classi�cation and Regression Trees (CART) [150] and LASSO � regularized linear

regression model with L1 regularization [151].

In some cases, the distinction between these approaches is not very clear, for

example, Recursive Feature Elimination with SVM [152] can be classi�ed to any of

�lter, wrapper, and embedded approaches. This method uses �lter-like approach

to rank features by SVM weights, eliminates the least predictive and then uses

SVM to build the model, but it iterates recursively over subsets of features as

wrapper methods, and eventually, the �nal set of features is used to build a model

itself, thus, selection is embedded into the model learning which prompts some

authors to classify it as the embedded approach [153].

The number of methods for feature selection and model building might seem

daunting. There are numerous popular packages such as the R library �caret�

[154] providing a uni�ed interface to the most popular methods and operate with
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several hundred approaches for the model building alone. On the positive side,

for most datasets, distinction between the performances of various methods is

small [155].

2.3.2.2 Machine learning approaches in �omics� studies.

A major concern in �omics� datasets is the high number of features � genes or

proteins � that, when they approach a genome-wide scale, they are in the order of

thousands. Even more worrisome is that the other dimension of the data matrix

� the number of samples - is typically at least an order of magnitude smaller

and rarely exceeds a hundred samples. Thus, the number of features p is almost

always much less than the number of features n. This problem, known as the

"curse of dimensionality", is a big challenge of large-scale "omic" data analysis

[156].

First of all, this problem is not solvable by most of the model learning ap-

proaches, such as interpretable linear regression and linear discrimination anal-

ysis models. Second of all, for many approaches, such as genetic algorithms,

enumeration of all required combinations becomes computationally infeasible.

Finally, many methods will use spurious correlation in addition to meaningful

and thus make the model that will not generalize and thus won't reproduce on

independent datasets.

These limitations complicate the choice of learning algorithms. To be appli-

cable to the biomarker discovery task, an algorithm needs to be fast, provide a

way to limit the number of features and offer an interpretation of that selection.

This makes two algorithms, LASSO and Random Forest, popular in biomedical

studies.

LASSO LASSO is a regularized version of common linear regression [151].

Classic linear regression solves the problem by minimizing the mean squared

error of prediction. This problem has a closed-form solution when the number of

samples exceeds the number of predictive features. LASSO limits the number of
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features in the model via a regularization parameter � (formula):

�̂ LASSO = arg min
� 2R

jjy � X� j j 2
2 + �

pX

j =1

j� j j (2.1)

Parameter � effectively shrinks the features' coef�cients to zero, thus eliminat-

ing them from the model. Importantly, this approach works also for the cases

when the number of features exceeds the number of samples.

Random Forest Random Forest builds a predictive model by combining several

decision trees using a subset of data selected by bootstrapping [157]. Bootstrap-

ping is a resampling method, which forms a training set based on sampling from

the original set of samples with repetition until the number of samples equal to

original sample size [158]. It has been estimated, that on average, bootstrapping

selects 63.2% of the samples from the original dataset, while multiple samples

are selected more than once [159]. Since the tree that is built on bootstrapped

data does not use all the samples, it can also avoid over�tting. The ensemble of

such trees is an even more robust predictor since it is an average of the models

of several trees.

In terms of �lter-wrapper-embedded scheme, Random Forest can be viewed

as either embedded method, as it builds on the embedded method of decision

trees, or can be factored as a �lter method, since it can rank the features with a

metric called feature importance. Thresholding this list provides a useful �lter

that later can be coupled with any other learning model.

2.3.2.3 Reproducibility of biomarker signatures

A major concern of the biomarker discovery community is reproducibility of

biomarker signatures [26]. Although differences in measurements and pre-

processing might contribute to poor reproducibility [27], the main reason for

this is methodologically �awed data analysis.

Most common problems in biomedical data analysis include over�tting and
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Figure 2.8: Machine learning work�ow for biomarker signature selection

selection bias. Over�tting model perform well on one dataset, this performance

cannot be validated on independent data. This is especially common, if the

performance of the algorithm was assessed using the data is was trained on.

This also applies to feature selection, as it also aims to optimize the performance

of the model based on a subset of features. Selection bias occurs, when the

same sample set is used to select biomarker signature and build a model using

this signature [160].

These problems can be effectively mitigated by applying proper machine learn-

ing work�ows, the key component of which is resampling, or repeated splitting

the data into train and test sets, as shown in Figure 2.8.

The total dataset is split into training and testing sets. Then, the training set

is split internally to select features for the biomarker signature. Signature is
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Figure 2.9: Resampling the data to create different dataset results in different
signatures

evaluated on the internal testing set, and the process is repeated with a different

split of the external training set into internal training and testing sets. Signatures,

created by repeated resampling are aggregated and used to build the �nal predic-

tive model. The �nal model is evaluated on a test set. This work�ow is growing

in popularity in biomarker studies [161].

2.3.2.4 Stability as a new metric of biomarker signature reproducibility

Another concern of the biomarker community is that different studies, address-

ing the same clinical question, produce different lists and models of potential

biomarkers (see Fig. 2.9). This results in confusion over whether this discrep-

ancy is beyond repair and is due to �aws in experimental design or differences

in underlying populations. However, it is hypothesized that the sheer number of

features to select from is what makes biomarker signatures unstable.

Stability of the signature can be characterized by a set of similarity metrics

[162]. An ideal stable signature will contain many features, found with another

approach and thus set overlap will be big. In a perfect scenario, signature stability

is evaluated by an independent study that would replicate the exact same data

processing and signature identi�cation approach. In practice this is unfeasible
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but can be mimicked by resampling techniques: resampling will create differ-

ent training sets for biomarker signature selection, and comparison of these

signatures will characterize signature stability. Feature stability is thus a useful

auxiliary metric for biomarker signature characterization. When the predictive

performance of the models is similar, the stability of the signature can also serve

as a decisive factor.

This metric, however, is rarely used to evaluate the performance of feature se-

lection algorithm: two publications, providing the most comprehensive overview

of metrics that can be used for stability estimates [162, 163], escaped the atten-

tion of the biomedical community and were mostly cited by researchers from

the �eld of machine learning. Its introduction into biomarker signature selection

pipeline, however, is required to realistically assess the replication potential of the

signature which will allow prioritizing the proteins for veri�cation and validation.
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3.1 Introduction

Recent advances in mass-spectrometry enabled fast and near-exhaustive identi-

�cation and quanti�cation of proteins in complex biological samples [1]. Quanti-

tative robustness and sample throughput of techniques such as DIA/SWATH-MS

allow to pro�le large sample cohorts with high quantitative accuracy [2�5].

Consistent and accurate proteome pro�ling for large-scale studies, especially

pro�ling patient cohorts, is particularly challenging. Obtaining suf�ciently large

dataset is associated with considerable logistic efforts: typically, multiple bio-

material handlers are involved, protein extraction and digestion is performed

in batches that use different reagent lots, and the whole procedure takes a lot

of time, as sample preparation cannot be completed in one day, and also the

mass-spectrometric measurement requires days or weeks of instrument time.

This introduces systematic technical variation known as the batch effect.

Batch effects can alter or obscure the biological signal in the data [6, 7]. It is

widely acknowledged that experimental design needs to take known sources of

technical variation into consideration [8], as otherwise, the data can be biased

beyond repair [9, 10]. Batch effects are pervasive to all high-throughput technolo-

gies, including next generation sequencing technologies and microarrays [11, 12].

A number of approaches for batch effect correction has been proposed [13�16]

and their performance thoroughly evaluated [12, 17].

The fundamental objective of the batch effect adjustment procedure is to

make all measurements of samples comparable for a meaningful biological

analysis. Also, normalization aims to remove variance of non-biological origin

[18]. Normalization adjusts only global properties of the measurements [6], while

the batch effects, might affect speci�c groups of genes in different ways might

persist even after normalization and require additional correction procedures.

Thus, normalization is only the �rst step in technical biases correction work�ow.

Normalization of proteomics data has been explored lately in several studies

[19�21], but the batch effects in proteomics have been addressed much less [22].

As the number of large-scale proteomics datasets increases, more systematic
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review of batch effect problem in proteomics is required. Also, proteomic-speci�c

biases, such as mass-spectrometry signal drift requires the development of new

tools.

In this study, we provide a systematic analysis of batch effect in proteomics.

We review best practices in batch effect correction using two published datasets

and demonstrate the novel approach for correction of mass-spectrometry drift

affecting the third dataset, that has not been published before. We describe the

pipeline as a clear sequence of steps that allow to choose the correction strategy

and evaluate the performance of the correction procedure.

3.2 Work�ow overview

Most of the data, acquired with high-throughput technologies, including MS-

proteomics, can not be used in statistical analysis or model learning directly.

The procedure ensuring comparability of the samples is know as batch correc-

tion. This procedure can be separated into the sequence of steps, as shown in

Figure 3.1 and explained in more detail below.
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Figure 3.1: Batch effect correction work�ow
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3.2.1 Data preprocessing

This work�ow focuses on batch effect diagnostic and correction. Thus, it is

assumed that the work�ow starts with the proteome map, for which initial steps

of pre-processing, such as peptide-spectrum matching, quanti�cation, and FDR

control are completed. We strongly suggest to perform the protein quanti�cation

after the batch effect correction, as this procedure alters the abundances of

transition and peptide, and these abundances are critical for the protein quantity

inference [23, 24].

Also, we suggest to keep all detected peptides, also non-proteotypic and the

ones with multiple missing values. Keeping all measurements allows to better

evaluate the distribution within each sample, which is critical for subsequent

normalization and batch adjustment steps.

Data is assumed to be log-transformed, unless the variance stabilizing trans-

formation [25] is used, as this normalization method has log-like transformation

integrated into the normalization procedure.

3.2.2 Diagnostics of the raw data

In most cases, global quantitative properties such as sample medians or standard

deviations don't match. This can be diagnosed by plotting the sample average or

median, or, to capture the information on the whole distribution, with boxplots.

These plots will indicate, whether the global patterns are associated with a

speci�c technical variable, such as MS instrument, and thus indicating that batch

effects are to be expected.

3.2.3 Normalization

In the vast majority of cases, the global patterns will differ for the samples of one

study. These patterns are equalized with normalization, which makes the samples

more comparable. Many normalization techniques have been developed for

48



Chapter 3. Systematic overview of batch effects in proteomics

genomic data, in particular, microarray data [18]. These techniques are generally

applicable for label-free proteomic data [20, 21]. When choosing the normalization

method one should re�ect on the heterogeneity of the given dataset. In most

cases, the bulk of the proteome is not expected to change and thus techniques

such as quantile normalization [18] can be used. However, in some datasets, the

protein distributions are fundamentally different. For these cases, one should

choose the different methods [26].

3.2.4 Post-normalization batch correction diagnostics

Normalization makes the samples more comparable and it is possible that most

of the bias is removed by it and no further processing is required. However,

normalization aligns only the global patterns in the samples, while batch effects,

affecting speci�c genes or groups of genes might still represent a major source of

variance. Thus, diagnostic of batch effects is most informative for the normalized

data.

The diagnostic approaches can be divided in proteome-wide and peptide-level

approaches. The main approaches for proteome-wide diagnostics are:

1. Hierarchical clustering is an algorithm that groups similar samples into a

tree-like structure called dendrogram. Similar samples cluster together and

the driving cause of this similarity can be visualized by coloring the leaves

of the dendrogram by technical and biological variables. Hierarchical clus-

tering is often combined with the heatmap, that facilitates the assessment

of patterns in the dataset.

2. Principal Component Analysis is a technique that emphasizes the strong

patterns of variation in the dataset. It identi�es the leading directions of

variation, known as principal components. The projection of data on two

principal components allows to visualize sample proximity. This technique

is particularly convenient to assess replicate similarity.

3. Principal Variance Component Analysis The main advantage of this ap-

proach is the quanti�cation of the variance, associated with each covariate,
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both technical and biological. Brie�y, principal variance component analysis

uses a linear model to match each principal component to the sources of

variation and weighs the variance of each covariate by the eigenvalue of

the PC. Thus, the resulting value re�ects the variance explained by that

covariate.

In proteomics, peptide-level diagnostics is particularly useful. In mass-spectro-

metry, the samples are ordered naturally by the sequence of mass-spectrometry

runs. Thus, the trends associated with this order can be assessed. The researcher

can visualize the quantities of the peptides that are expected to be constant -

primarily spike-in peptides. In most DIA datasets iRT peptides [27] are added in

controlled quantities and can be used for this purpose.

3.2.5 Batch effect correction

Diagnostic plots allow to assess whether batch effects represent a major source

of variance and thus need to be adjusted for. The way the batch effects are

adjusted depends on the type of downstream analysis. If the next step of the

analysis is statistical signi�cance testing such as ANOVA, batch variables should

be included in this model. If the downstream analysis cannot be adjusted by

including the batch variable, the data needs to be corrected for batch effect

prior to the analysis. In proteomics, most sources of batch effects are discrete

variables or factors such as digestion batches or the different instruments. For

these cases, the approaches, equalizing per-batch patterns are required. The

approaches such as median centering or ComBat [28] can be used in these

cases. However, the drift of the signal, or continuous batch effect, requires the

development of the new methods that will be described below.

3.2.6 Quality control of batch effect correction

The quality control of the batch effect is often evaluated by diagnostic plots

such as hierarchical clustering or PCA. The results are often evaluated visually
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as "the clustering by biological condition improved". This judgment, however, is

subjective as clustering by the biological group is a hypothesis that the acquired

data is supposed to validate. Thus, objective metrics for quality control of the

correction procedure are required. Since this question is often neglected in the

literature, we devote a section in a manuscript to overview the methods that can

be used for quality control and demonstrate their performance on real data.

3.3 Data description

To illustrate the application of the work�ow described above, we use three large-

scale proteomic datasets, described in the Table 3.1.

Two of these datasets are published. The �rst study, called here "InterLab

study", assessed the robustness of SWATH-MS in multi-lab setting [29]. A set

of 30 of stable isotope labeled standard (SIS) peptides [30], partitioned in �ve

groups, was diluted in the HEK293 cell lysate . The background of HEK293 pro-

teome was constant, but groups of different SIS peptides were diluted serially

to cover a dynamic range from a concentration range from 12 amol to 10 pmol.

This created a set of �ve samples that were distributed to 11 participating labora-

tories worldwide for measurement by SWATH-MS. according to a predetermined

schedule: each of the samples was run on 3 separate days, with the exception of

the 4th sample that was run three times on each day. Thus technical covariates

whose effect needed to be assessed were data acquisition site and day. No bio-

logical signal needed to be identi�ed in this data. For the purpose of the work�ow

illustration, we examine only the effect of the acquisition site. As all changes

in proteome in these data are attributed to technical covariates, all samples in

this study can be treated as replicates, as only a small number of SIS peptide is

different. Totally, 229 samples have been pro�led.

The second study, named here "PanCancer study" [4], pro�led the blood pro-

teome of the cohort of patients with �ve solid carcinomas and matched controls.

In this project, 155 blood plasma samples were collected. Protein digestion

and glycopeptide enrichment have been performed in 4 batches, several weeks
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apart. To ensure control of the reproducibility of the samples, 7 biospecimens

were replicated and allocated to a different batch to control for measurement

reproducibility. To control for intra-sample variation, bovine fetuin-B was spiked

in equal amount into each plasma sample. Total of 162 samples was collected

(this excludes samples from the validation cohort in the original study).

The third dataset called here "Aging mouse study" , has not been published

before. In this study, liver proteome of mouse from BXD reference mouse popu-

lation [31] have been pro�led to identify proteome changes associated with age.

The experimental setup, however, was similar to previous BXD mice metabolic

pro�ling experiments [2]: animals of each strain were subjected to Chow and

High-Fat Diet. Samples were randomized with respect to biological covariates

(age, diet, sex) and two samples were injected every 10-15 samples to control

for signal consistency. Samples were digested in four batches. Mass-spectra

acquisition was deteriorating and this is why data acquisition was interrupted

for machine cleaning and tuning six times, resulting in 7 mass-spectrometry

batches. To allow for evaluation of mass-spectrometry batch effect, 10 samples

pro�led at the end of batch 3, were pro�led again after machine tuning. Totally,

371 samples were used for the analysis. Details about the experimental condition

and proteomic pro�ling can be found below in section 3.7.1.

Thus, these datasets re�ect various applications of large-scale proteomic

studies: they operate with cell cultures, patient and mice samples. Importantly,

these three cases represent also major types of sample-to-sample heterogeneity:

while the InterLab study is very homogeneous and the samples are essentially

technical replicates, the PanCancer dataset is highly heterogeneous, since as

little as 295 proteins have been identi�ed in samples originating from different

hospitals and cancer localizations. Mice dataset represent an intermediate case:

on one hand, these samples are genetically very similar, since mice originate

from two parental mouse strains and were grown in the controlled environment.

On the other hand, these are still tissue samples, that might have differences due

to tissue heterogeneity.
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Table 3.1: Dataset description. For aging study: number of proteins and peptides before �ltering for completeness

Sample Organism
Sample
source

Sample-to-sample het-
erogeneity

Technical fac-
tors

Biological fac-
tors

Protein
(peak
group)
number

Number
of sam-
ples

InterLab
study

human
cell
culture

very low: samples come
from the same tissue cul-
tures and differ by few
spike-in peptides

- data acquisi-
tion sites

- pro�ling
days

�
4077
(31886)

229

PanCancer
study

human
blood
samples

high: sample come
from cancer patients
and matched controls
with different cancer
localization

- protein
digestion
batch

- case / con-
trol

- cancer local-
ization

203
(1360)

171

Aging mice
project

mice
liver tis-
sue

medium: samples come
from population of inbred
samples originating from
two parental strains

- protein
digestion
batch

- MS batch
- MS drift

- Strain
- Diet
- Age

5436*
(33157*)

371
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3.4 Case studies: adjusting for batch effects in

proteomics data

3.4.1 InterLab study: adjusting for the batch associated with

sample collection site

In this study, 229 samples have been pro�led in 11 labs. The aim of the study

was to characterize the reproducibility of SWATH-MS measurements. The quanti-

tative performance of SWATH-MS was evaluated by comparing the measured

abundances of synthetic peptides, spiked in known concentrations, representing

a wide dynamic range.

Before proceeding with the analysis of the data, one needs to ensure that

the samples are comparable. Boxplots capture information on medians and

the scatter of the signal. In this study, the boxplots of transition intensities are

shifted across each other, and more importantly, this shift is associated with

batch (Figure 3.2A).

Normalization of the data by median centering of transition intensities, however,

�xed the shift of the signal on proteome-wide level (Figure 3.2B) and made the

quanti�cation of the speci�c peptides more comparable (Figures 3.2C-D).

The result of this correction assessed as be satisfactory as the abundance

of spike-in peptide now re�ected the original concentration, but not the site of

the sample measurement. Thus, no batch correction was further attempted.

The quality of the correction procedure, however, was additionally evaluated by

comparison of the coef�cients of variation for the HEK 293 cell lysate proteins.

We address this quality control in the section 3.4.6.

3.4.2 PanCancer study: adjusting for the digestion batch

PanCancer study pro�led 171 sample digested in four batches. The diagnostics

of raw data with the boxplots indicates, that although the signal varies from
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Figure 3.2: InterLab study: batch effects diagnostics and correction : (A) Protein-
level sample distribution before the normalization; (B) Protein-level sample dis-
tribution after per-sample median centering. (C) Spiked-in and measured con-
centration of peptide APAELEVECATQLR before and after normalization; (D)
Spiked-in and measured concentration of peptide SGGLLQLWK before and after
normalization
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sample to sample, there is no apparent batch-associated pattern (Figure 3.3A).

Quantile normalization is then used to align the distributions on transition

level. However, diagnostic plots show that the normalization was not suf�cient

to make the samples comparable, as both hierarchical clustering and the pro�les

of spike-in Bovine proteins are dominated by the digestion batch (Figure 3.3B,

D). The effect of digestion batch is then corrected by batch-median centering of

each transition. Thus, the patterns associated with technical bias disappeared

(Figure 3.3C,E).

However, the key indicator of the successful correction is improved replicate

clustering (3.13): out of 7 replicated samples, 3 are directly adjacent in the

resulting dendrogram, 2 additional are very close after the correction.

3.4.3 Aging mouse experiment: Correcting for drift in

mass-spectrometry signal

Aging mouse study initially pro�led more than 400 samples, the number that

dropped to 371 after the initial quality control. The measurement took several

weeks of machine time. During the data acquisition, mass-spectrometer had to be

interrupted several times for tuning or liquid chromatography column exchange

as the signal was decreasing. This has also affected the detected intensity - the

total signal of the peptides with the spectral match exceeding the FDR threshold

(see Fig. 3.4A). This also disrupted the biological signal: quantitative trait loci,

that are clearly separate, can not be distinguished by statistical methods (see

Figure 3.4B). Also, principal components analysis shows that the samples cluster

by batch or running date rather than by diet, also the replicates seem to be

scattered randomly (See Figure 3.9). Thus, diagnostics of the raw data indicates

that the raw samples are not comparable and need to be normalized.

This data was then normalized using quantile normalization. Although nor-

malization improved the global patterns (the distributions are not equalized, see

Figure 3.10), hierarchical clustering is dominated by mass-spectrometry and

digestion batches (Figure 3.4C), which is supported by Principal Variance Com-
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Figure 3.3: PanCancer study: diagnostics of batch effects : (A) Distribution of
protein unnormalized abundances shown as boxplots colored by batch. (B)
Hierarchical clustering of normalized data before and after batch correction.
Before correction, the samples cluster by digestion batch and after correction
this pattern is destroyed. (C) Abundances of peptides of spike-in bovine proteins
(in rows), before and after correction. Batch-associated shifts were adjusted by
batch correction. For all panels, digestion batches are shown in red (batch A),
blue (batch S), green (batch Y) and purple (batch B).
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Figure 3.4: Aging mouse study: batch effect diagnostics : (A) Average log-
intensity shows within-batch drift (batches separated by vertical dashed lines).
(B) Log-intensity of GCLM protein prevents separation by allele (shown in blue and
red). (C) Hierarchical clustering of data is dominated by MS batch and digestion
batch (two lowest rows); (C) Principal Variance Component Analysis quanti�es
contribution of biological and technical covariates: normalized data is dominated
by technical covariates. (E) Normalized intensity of iRT peptides is biased by
order-related drift.
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Figure 3.5:Non-linear LOESS model �t, correcting the MS signal drift : As shown
for two iRT peptides, LFLQFGAQGSPFLK and DGLDAASYYAPVR, for each peptide
LOESS curve (red) is �t to each batch. The signal is then adjusted by this �t,
resulting in a batch-corrected data. MS batches are separated by dashed vertical
lines.

ponents Analysis (Figure 3.4D). Also, peptide-level patterns, that are expected

to be constant, as for iRT peptides spiked in pre-determined quantities, demon-

strate a clear trend (Figure 3.4E). Together, this means that normalization was

not suf�cient to remove technical bias in the data and that batch correction is

required.
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3.4.4 New method for mass-spectrometer drift correction

This data, however, cannot be corrected with conventional batch correction

procedures, as they are tailored for discrete batch sources. We developed a

new procedure, based on LOESS �tting (see Figure 3.5). For each peptide and

each batch, a non-linear trend is �tted to the normalized data. Then this trend is

subtracted. The resulting data, however, is not batch-free as within-batch means

and variances are batch dependent for each protein. However, now the batches

are discrete and thus can be corrected by ComBat 3.11. Thus, to make the data

comparable, raw data is �rst normalized using quantile normalization [18], then

batch effects are adjusted in two-step procedure (LOESS + ComBat). The whole

sequence of steps is shown in Figure 3.11. It should be noted, that normalization

step is required, as the trends in normalized data are much less pronounced and

thus the non-linear trend �tting is more precise.

In summary, LOESS successfully removes the trend effect from the model

(Fig. 3.5, reduces the sample clustering per batch (see Figure 3.12A-D), and

variance due to technical artifacts becomes negligible (PVCA plot on Figure 3.12 E-

F).
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Missing value problem in batch effect diagnostics and cor-
rection
Proteomics experiment now routinely pro�les hundreds or thousands of proteins,

however this detection is still limited by instrument precision. Thus, even for very

similar samples, the list of the peptides identi�ed is never identical. The more

samples are pro�led, the smaller the chance that the peptide matrix will be com-

plete. In practice, this means that large-scale dataset is bound to have widespread

missing values. However, patterns of "missingness" are often associated with

batch (see Fig. 3.6). This can seriously affect the diagnostics of batch effects

by distorting distances between samples, as hierarchical clustering and Principal

Component Analysis (Fig. 3.6B-C). This phenomenon can affect sample normal-

ization and batch effect correction, such as trend �tting described above. Missing

value imputation alters the results of statistical analysis, and thus can lead to

erroneous conclusions and therefore should be approached with extreme caution.

Figure��3.6:��The��problem��of��missing��values��in��batch��effect��diagnosis ��and��
correction

(A)��Hierarchical��clustering��of��normalized��peptide��abundance��data;��Missing��values��are��
shown��in��black.��The��missing��values��are��non-randomly��associated��with��the��batch;��(B)
Principal��Components��Analysis.��The��projection��of��data��on��principal��components��is
affected��by��imputation��of��missing��values:��the��sample��clustering��is��different ��when��
peptides��with��missing��values��are��eliminated��(top)��or��imputed��with��zero��(bottom).
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3.4.5 Improvement of biological signal after batch effect

correction

Quantile normalization and batch correction by LOESS+ComBat equalizes the

quantitative properties of data across batches, making the in�uence of the run-

ning order negligible (Figures 3.5, 3.11 and 3.12). As the ultimate goal of the

correction is to improve the power for biological signal detection, we evaluated

this for Aging mouse study. The detailed methods describing the biological signal

analysis can be found below, in section 3.7.2.

The mice in this study were subjected to either Chow or High-Fat diet, that in the

previous study has shown to affect 408 proteins [2]. We decided to compare

the differentially expressed proteins between the two experiments. To make the

experiments more comparable, we limited differential expression analysis of this

data to young animals (below 29 weeks) as in the experiment done by Williams,

Wu et al. [2] the animals were sacri�ced at the age of 29 weeks. In raw data, we

identi�ed 92 proteins differentially expressed (66 of these are also differentially

expressed in the previous experiment). After normalization and batch effect

correction, this number increased to 256 differentially expressed protein (with

the overlap of 172 proteins). Thus, while the total number of hits increased, the

overlap with the previous study did not. Although the increase in the sensitivity

is more likely, moderate intersection, that does not improve after the correction

prevents us from drawing de�nite conclusions. This also shows, that evaluation

of the signal by "improved differential expression" is hard to evaluate objectively.

For this speci�c dataset, however, an objective biological signal can be evaluated.

Mice used in this study represent reference strain population and thus allelic

variants are mapped with high accuracy. If the variant is functional, the abundance

of the corresponding protein is associated with the allele and can be detected

as cis-QTL. Thus, allele-associated abundance changes separate much better

after the correction (see Figure 3.7A-D). This is a proteome-wide effect: while

with raw data 33 cis-QTLs are retrieved, 39 additional can be identi�ed after the

quantile normalization and 17 more are added by batch correction (see Figure

3.7). Importantly, not only the number of hits increases but the signal itself gets
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Figure 3.7: Improvement of the signal after batch effect correction : (A) Log-
intensity of two proteins before and after correction (colored by allele). Separation
of alleles is obscured by MS signal drift in raw data, but not in corrected data.
(B) Logarithm of the odds (LOD) for ACADS protein. LOD score grows with each
correction step (shown by the color of the line). (C) Venn diagram of cis-QTLs
at each step. In raw (logged) data there are 33 QTLs, 39 are added by quantile
normalization (qNorm), LOESS eliminated 2 QTLs and ComBat rescued 17 QTLs.
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stronger, as shown in Figure 3.7E.

3.4.6 New step in batch correction pipeline: quality control of

batch effect diagnostics

In most cases, the batch effect correction method is evaluated by its ability

to remove technical confounding, visible on hierarchical clustering or PCA (as

shown in Figures 3.3 and 3.12). However, it is rarely shown whether the relevant

signal is not destroyed, or, better even, improved. Often, increased number of

differentially expressed genes is presented as an improvement. For example, if

the original effect was small, the increased number of hits might be due to false

positives.

However, every reasonably designed experiment has replicates, that can serve

as an excellent control. For example, in mice aging experiment, 10 samples were

run in the same order before and after the tuning of mass-spectrometer, which

marks the boundary between batches 3 and 4. The correlation of these samples

is shown in Figure 3.8A before and after correction. It is clear that before the

correction, samples from one batch correlate much better, then the replicates

of the same sample (Figure 3.8A). However, after the correction, the correlation

between replicates becomes higher than the correlation between non-related

samples regardless of the batch (Figure 3.8A right, note the diagonals off the main

"identity" diagonal). Such patterns can be evaluated for the whole experiments.

For this data, experiment-wide distribution of samples has been calculated. Then,

between batch, within batch and sample correlation was assessed (Figure 3.8B).

Before correction, within-batch correction is the same or even higher than within-

replicate correlation. After correction, overall correlation of samples increases.

However, although the difference between mean within-replicate correlation and

mean within-batch correlation is small (.93 and .94) it is statistically signi�cant (as

evaluated by t-test). More importantly, within-batch correction is now distributed

the same as between-batch correlation. Together, this means that the corrected

data re�ects the similarity between the samples more adequately.

64



Chapter 3. Systematic overview of batch effects in proteomics

Figure 3.8: Quality Control of batch effects correction : Batch effects correction
removes technical variation and thus improves correlation between replicates
(A-B) and coef�cient of variation of the proteins (C). The increased similarity
between replicates compared to similarity between non-related samples, either
from the same batch or different batches, can be used as quality control. (A)
Correlation coef�cient heatmaps of 16 samples run back-to-back in the end
of batch 2 (red) and batch 3 (blue) of Aging mouse study. (B) Distribution of
correlation coef�cients before and after batch effect correction. (C) Coef�cient
of variation of protein abundances for HEK293 proteins detected in InterLab
study.
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It should be noted, however, that the comparison of sample correlation should be

approached with the comparison of distributions, rather than by evaluating the

individual examples of within-replicate vs within-batch corrections. The former

is often used to prove the quality of the measurement, as it is typically very

high (examples of the replicate correlation above .95 are common for mass-

spectrometry). However, unless these examples are shown in the context of the

whole correlation structure, it can lead to erroneous conclusions.

Alternatively to the sample correlation, the replicate proximity can be evaluated

with coef�cient variation (CV) of the samples or by improved clustering of the

samples. CV can be used for evaluation when the number of replicates is high,

as in the InterLab study, where all 229 samples are essentially replicates of

the same biological sample. As we see the CV decreases after the correction.

Clustering, however, on the contrary, is easier with smaller datasets and becomes

less practical when the number of samples exceeds 200 (compare clustering of

PanCancer data before and after in Figure 3.13 and the clustering of EarTags in

3.12).

3.5 Discussion

In this study, we presented a work�ow for batch effect correction. Using three

large-scale datasets, we demonstrated the utility of this pipeline. We show, that

methods as simple as global median centering or peptide-wise batch mean

centering can be used to adjust for batch effects in proteomics. However, when

data is affected by signal drift, more sophisticated procedures are necessary. We

developed a procedure for correction of this drift. This correction successfully

restored biological signal. As biological signal improvement typically is not an

objective metric, we suggested new metrics for quality control of batch correction

procedures.

The main contribution of the developed pipeline is a clearly de�ned sequence of

steps. First, we suggest to evaluate global quantitative patterns with boxplots. In

many cases, batch effect is manifested as a shift of total distribution, as observed
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for InterLab and Aging mouse study. The difference between distribution was

less pronounced for PanCancer study. We hypothesize that this difference can

be attributed to different sources in batch effects: in InterLab and Aging mouse

studies the main source of batch effect was mass-spectrometer, but in the

PanCancer study, the difference was mainly caused by digestion, which affects

ratio of peptide abundances, but has much less effect on a total signal strength.

Second step the work�ow is normalization, which is sometimes not acknowl-

edged as a separate batch correction procedure. For certain cases, as InterLab

study, normalization is suf�cient. Normalization can restore a large portion of the

signal, as indicated by the increased number of identi�ed QTLs in Aging mouse

study. In this manuscript, our goal was to review commonly applied methods

of normalization. We demonstrate the utility of median centering and quantile

normalization. However, many more methods for normalization exist and have

been recently assessed by Valikangas et al. [21]. However, the difference be-

tween compared methods was rather small, and thus we reasoned that quantile

normalization as well established and interpretable method might be a good

�rst choice. We acknowledge, that application of quantile normalization has its

limitations: it assumes that the bulk of the proteome remains the same and even

if abundance changes, it is still in line with the general distribution of the typical

sample. However, this is not the case for samples with high heterogeneity, and

in these, it should be used with caution. The case of PanCancer study is likely

to be borderline for application of quantile normalization and might pro�t from

another normalization approach, that would take heterogeneity into account.

The positive effect of normalization is sometimes not suf�cient to correct for

peptide and protein-speci�c biases associated with a certain batch source. These

biases can be identi�ed with a variety of diagnostic plots. Approaches, such as

hierarchical clustering or PCA are well-recognized components of batch correc-

tion toolbox, that were successfully used to visualize batches in PanCancer and

Aging mouse study. It should be noted, however, that these plots are likely to be

dramatically different before and after normalization, especially when the main

effect of the batch is a shift of the whole distribution of the sample. This is why

principal components analysis should be repeated for Aging mouse study.

67



Chapter 3. Systematic overview of batch effects in proteomics

Application of both PCA and hierarchical clustering in their classical implemen-

tation is not possible if missing values are present in the matrix. It has been

noticed previously, that missing values can be associated with technical bias [19].

However, most commonly, it is suggested that missing values need to be imputed

[19, 32]. We would like to suggest to use missing value imputation with extreme

caution. First of all, missing value imputation alters the sample proximity as

indicated in PCA and hierarchical clustering in Aging mouse study. Additionally,

imputed missing values, that can be obtained for SWATH data, can alter the

correction of the batches. Finally, missing values might affect the identi�cation

of biological signal, so if the analysis method can be applied without value impu-

tation, as can, for example, Random Forest, in our view missing value imputation

should be avoided.

Most of the diagnostic approaches allow to visualize batch effects. We, however,

suggest to include Principal Variance Component Analysis, or PVCA [33] into

the essential toolbox of batch effect diagnostic approaches. PVCA allows to

quantify the effect of batch variables as well as of biological variables. This

allows to identify the primary source of batch effect and adjust the correction

procedure. Also, it allows to assess, if any biological signal is identi�ed, also

before correction, as it might indicate that the data is biased beyond repair,

especially when the batch is highly confounded with the biological condition.

For batch effect correction, we use mean centering and a new procedure, based

on LOESS �t and ComBat [13]. We show, that this procedure improves both

biological signal even further, as indicated by the number of additional QTLs

identi�ed, but does not �atten the distinction between samples completely: the

replicate correlation after this correction becomes higher than the correlation

between non-related samples. In our implementation, individual LOESS curve

is �t for every peptide to correct for within-batch bias. This procedure, however,

should be used with caution, as it might over�t. Two extensions of the current

pipeline can alleviate the risk of over�tting: �rst, the peptides can be grouped

and a joined curve can be �t to correct all of them. This approach is conceptually

similar to empirical Bayes framework used in ComBat, which also �borrows�

the information across peptides. Another remedy would be to use ensemble �t,
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which would be the average of 5 cross-validation models, each using a subset of

samples. With this adjustment, LOESS �tting for batch effect correction is likely

to become more robust.

LOESS over�tting is a particularly challenging problem for small batches (we

assess that 20 samples are the borderline). In these cases, ensemble �t error

might be too big. Then should be assessed whether the elimination of the whole

batch is an option, as samples from these batch might not increase the effective

sample size, but on the contrary, add to measurement noise. We have recently

discovered, that similar procedures have been developed earlier [34�36]. The

comparison of suggested approaches to LOESS �t was beyond the scope of this

study, that aimed to review most common practices for normalization and batch

correction rather than perform an exhaustive comparison of approaches.

To evaluate the correction procedure we propose to introduce a distinct step

of quality control. We advocate metrics such as CV or replicate correlation to

assess the improvement of the data quality. These metrics were mentioned

earlier in similar context [20, 37, 38], but are still not standard in batch correction

pipelines. We suggest to use these methods as they are objective, while visual

assessments like "clustering biological groups improved" that are essentially

hypotheses that need to be validated.

It should be noted, that for certain research problems, batch effect adjustment can

be incorporated directly into differential expression analysis. The typical example

of such problem is differential expression analysis in case of discrete batches (e.g.

different protein digestion days). Then, batch should be introduced in the ANOVA-

like model as an independent covariate to obtain accurate signi�cance estimates

for biological factors. However, in more complex situations, such as LC-MS drifts

associated biases or in applications such as network inference, adjustment of

batch effect should be preferably done separately from downstream analysis.

Our results indicate that the biological signal after such procedure is trustworthy.

In most cases, however, normalization and batch effects correction is only the �rst

step of data processing, preceding downstream analysis such as classi�cation

model inference. To build the classi�cation, the original dataset is split into
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training and testing sets to approximate the scenario of validation of the classi�er

on independent dataset. Sometimes, independently acquired data is used for

validation. In both cases � internal and independent validation � there is a

problem of data normalization. Often, researchers would normalize and correct

batch effects jointly � for training and testing data together, aiming to make them

more comparable. This approach, however, may lead to over�tting classi�ers,

which will not perform as well when additional data becomes available. This

biased behavior can be prevented if the training and testing data is normalized

and adjusted for batch effects independently. Minimal scaling, bringing training

and validation sets to the same scale, is still acceptable and even required. Thus,

normalization of data should be approached with caution when data is used to

build classi�cation and regression models.

In summary, using representative datasets, we demonstrate how batch effect

problem can be addressed in proteomics. Batch effect correction is an impor-

tant part of data-preprocessing. We recommend to perform batch diagnostics,

normalization and adjustment right after peptide identi�cation and FDR control,

without additional �ltering. We advocate for batch effect correction prior to pro-

tein quanti�cation, as adjusting peptide quantities are likely to change inferred

protein abundances. We recommend to use objective readouts such as replicate

correlation, spike-in peptide CV, and peptide correlation.

To facilitate application of this pipeline, we have developed an R package sum-

marizing diagnostic and correction procedures used in this study. While some

are more proteomics-speci�c (e.g. plotting of spike-in peptides vs running order),

most of them are equally applicable to any large-scale study. This pipeline is thus

a �rst post-identi�cation step in proteomic data pre-processing, required to create

quantitatively accurate protein matrices that can further be used in differential

expression analyses, network inference and other biological applications.
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3.6 Contributions

J. ƒ and P. P. designed the analysis work�ow and wrote the manuscript. J. ƒ., E. W.
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functionality. E. W., T. S. and B. C. provided proteomic data. E. W. contributed to

the code testing. M. R.-M. provided critical input on the project and assisted in

analysis pipeline design. P. P. and R. A. supervised the study.
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3.7 Supplementary Materials

3.7.1 Mouse proteome acquisition

3.7.1.1 Mouse handling

Animals were raised at the University of Tennessee Health Science Center (UTHSC)

with conditions approved by the UTHSC Animal Care and Use Committee. The

facility is Speci�c Pathogen-Free (SPF) and on a 12-hour day/night cycle at a

constant ± 24°C. Animals were raised on a Harlan Teklad 2018 (�Chow Diet� CD;

18.6% protein, 6.2% fat, 75.2% carbohydrates) and then at approximately 3 months

of age (but somewhat variable) half of the animals switched to Harlan Teklad

06414 (�High Fat Diet� HFD; 18.4% protein, 60.3% fat, 21.3% carbohydrates) to

test the effects of dietary changes. Animals which switched to HFD remained

on HFD throughout the experiment. Food and water were available ad libitum.

Animals were checked daily for signs of moribundity and if necessary euthanized

according to the point system criteria determined by the NIH's Guidelines for the

Care and Use of Laboratory Animals. However, most animals were sacri�ced

for tissue collection. Mice for tissue collection were injected with the anesthetic

avertin and when mice were unconscious, the animals were perfused with ice-

cold phosphate-buffered saline (PBS). The livers were then collected, weighed,

and frozen in liquid nitrogen.

3.7.1.2 SWATH-MS Pro�ling

Protein isolation and peptide preparation are described in a recent protocol from

our laboratory [39]. In brief, approximately 100 µg of protein are digested with

trypsin, then cleaned up with C18 96-well MACROSpin plates (Nest Group). 1µg

of the resulting peptide are then separated with an Eksigent LC coupled to an AB

Sciex 6600 TripleTOF mass spectrometer in data-independent acquisition mode.

A 60 minute gradient was used with 100 windows.
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3.7.1.3 OpenSWATH work�ow

Data were acquired from the 6600 TripleTOF in .wiff format and then converted

to mzXML using Proteowizard 3.0.5533. The mzXML �les were then run through

OpenSWATH [40] using OpenMS version 2.1.0. The �PanMouse� library was used,

including all peptides previously identi�ed in our murine studies [41] together

with peptides identi�ed in the PanHuman study ([42] which were re-BLASTed

and peptides which were found to be sequence-identical in the reference mouse

genome were retained, if they were not already in the mouse library. After the

OpenSWATH work�ow, �les were processed with PyProphet [43]. Data were

�ltered at peptide FDR of < 0.01. After PyProphet, all of the �les were aligned

with TRIC [44] using a max retention time difference of 60 seconds and a target

FDR of 0.01. The output TSV �le from TRIC was then used as the input for the

normalization process.

3.7.2 Analysis of biological signal

3.7.2.1 QTL Analysis

QTL analysis was performed using the r/qtl package v1.42-8 (2018-02-19) using

the 2017 genotype �le available on GeneNetwork:

www.genenetwork.org/genotypes/BXD.geno.

QTLs were performed on the peptide-level data of every step of the normaliza-

tion process, starting from the raw TSV output from TRIC, then the �standard�

log2 quantile normalization output, then the output after log2-quantile+LOESS

normalization, and then the �nal log2-quantile+LOESS+ComBat normalization.

Only cis-QTLs were calculated as these serve as a positive control, both because

false positive cis-QTLs are at the high cutoffs used (LOD � 5) by chance and

because we know from previous studies [2, 45] several dozen proteins which are

known to map strongly to cis-QTLs in different mouse populations but made up

of the same inbred strains. Consequently, the latter�i.e. correspondence with

literature�was used to ensure that the mapped QTLs broadly matched those
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expected, while the former�i.e. that false positive cis-QTLs are rare�was used

to examine which normalization method performed the best in practical terms.

3.7.2.2 Differential Expression Analysis

In addition to the QTL analysis, we examined the effects of chow (CD) and high

fat (HFD) on protein expression. To reduce the probability of over�tting data,

we compared the results of each normalization step to the previously-published

data on CD vs HFD that we examined in a similar BXD study [2]. Between the two

studies, 1648 proteins were quanti�ed at very high stringency (e.g. less than 10%

NAs or requants in both studies, FDR < 0.01). Furthermore, the sample size was

restricted to the same n for CD (38) and HFD (35) for both studies, and effort was

made to use the exact same strains (28 overlapped) and roughly the same age

(� 7 months). Consequently, 73 animals were selected for differential analysis

in the two studies for all 1648 proteins, with the aim of keeping p-values and

study power directly comparable. Note that the higher prevalence of signi�cant

effects in the previous study than this one (408 versus 285) is expected, as the

previous study was speci�cally designed for studying the effects of diet, and

some different parameters were �xed, e.g. all animals were fasted at exactly

the same time of day and sacri�ced at the same age, whereas this study had

somewhat looser conditions in order to increase the experimental throughput

(�400 animals were analyzed in this study, compared to �80 in the other).

3.7.3 Supplementary Figures
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Figure 3.9: Aging mouse dataset: Principal Component Analysis of technical
and biological sources of variation : Coloring samples by biological and technical
covariates in principal components biplot allows to evaluate the covariates on
the sample clustering. (A) Colored by EarTag (animal ID). Animals with replicated
measurements shown in color, animals with single measurement shown in grey
('other'); (B) Colored by Diet; (C) Colored by MS data acquisition date (RunDate);
(D) Colored by MS batch.
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Figure 3.10:Aging mouse: the effect of normalization : (A) boxplots are shifted
in raw data and show batch-speci�c patterns; (B) after normalization the distri-
butions are identical.
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Figure 3.11:Aging mice: Correction of the signal drift step-by-step : Individual
panels demonstrate signal intensity versus running order; MS batches are sep-
arated by vertical dashed lines and indicated by colors of a �tting curve. Each
column represents data at a different correction step.
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Chapter 3. Systematic overview of batch effects in proteomics

Figure 3.12:Aging mice: global patterns of technical bias disappear after the
correction : After correction, MS batch is not a major source of variance anymore.
(A) Hierarchical clustering of aging mouse data before (B) Hierarchical clustering
after batch correction. (C) Principle Variance Component Analysis (PVCA) before
correction; (D) PVCA after batch effects correction.
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Chapter 3. Systematic overview of batch effects in proteomics

Figure 3.13:PanCancer: Improved replicate clustering : (A) Replicated samples
(shown with colored arrows) did not cluster in raw data (B) Most of the replicates
cluster together after batch effects correction.
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4 Tools for batch effects diagnostics

and correction

Jelena ƒuklina, Chloe Lee, María Rodríguez-Martínez, Patrick Pedrioli, Ruedi

Aebersold

Highlights

1. The 'proBatch' package combines tools for batch effect diagnostics and

correction

2. Diagnostics tools have united interface and color scheme, facilitating prepa-

ration of publication-quality plots

3. Quality control metrics for assessment of the correction are provided

4. The code available at: https://github.com/symbioticMe/proBatch

Manuscript in preparation
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Chapter 4. Tools for batch effects diagnostics and correction

4.1 Abstract

Motivation: More and more proteomics experiments have grown to a size requir-

ing careful consideration of their associated batch effects. However, software

packages providing simple and uni�ed access to diagnostic and correction tools

are still missing. Additionally, most existing tools were developed for genomics

datasets and fail to take into consideration some nuances of mass-spectrometry

based proteomics datasets.

Results: We present proBatch, an R package providing a one stop solution for ad-

dressing batch effects in mass-spectrometry based proteomics. First, diagnostic

plots can be generated and used to select the appropriate batch effect correction

tools to be applied next. Although proBatch was created for mass-spectrometry

based proteomics, it is equally applicable to other �omics� datasets.

Availability: proBatch is available at Github and is being prepared for submission

to Bioconductor.

4.2 Introduction

It is widely accepted that a higher number of samples increases the power of

biological signal identi�cation [1]. However, a high sample size often results in

technical biases, also known as batch effects [2]. In proteomics, large-scale

studies have only recently become feasible, especially with the development of

DIA/SWATH-MS technologies [3]. Thus, the associated tools for batch effect

diagnosis and correction are still largely missing.

Although multiple approaches for batch effect identi�cation and correction have

been developed for the genomic �eld [4�6] and tools for normalization of pro-

teomic data became available [7], a single software package, combining a wide

range of batch effect diagnostic and correction tools for mass-spectrometry

based proteomics remains unavailable.
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4.3 The proBatch package

4.3.1 Batch effect diagnostics: universal function

Batch effects can be diagnosed on a proteome level by comparing sample-wise

quantitative patterns. We have developed an interface for plotting with a joined

color theme, making boxplots, PCA biplots, hierarchical clustering plots look

uniform and ready for publication. Additionally, we provide functionality for batch

effect quanti�cation, using the PCVA approach [8, 9]. As some of the batch

effects are better seen on a single-feature level, we also provide the opportunity

to check these distributions. Finally, we also provide functionality to check batch

effect severity and effectiveness of correction procedure by comparing replicate

correlation to within-batch sample correlation.

4.3.2 Proteomics speci�c diagnostic functions

In proteomics, samples are analyzed sequentially, rather than in parallel as in

genomics. This results in effects that depend on sample running order [10].

Thus, for several diagnostic approaches, we included sample plotting according

to sample order. The user can evaluate trends for each sample average and

distribution (with boxplots) as well as single-feature level trends. Such trends

are particularly important for spike-in peptides, as their quantities are known and

thus can be used for assessment of the trend.

4.3.3 Batch effect correction

The results of batch effect diagnostics guide the choice of batch correction

approach. More speci�cally, proBatch users can choose between 1) batch-wise

median centering of each peptide; 2) ComBat, one of the best performing algo-

rithms for batch effects [11]; 3) non-linear order trend �tting. Furthermore, since

most algorithms assume the data have been normalized prior to batch correction,
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we included in proBatch a number of data normalization approaches: 1) median

centering; 2) quantile normalization [12].

4.3.4 Quality control of batch effect correction

Quality control procedures are required to demonstrate that normalization and

batch effect correction procedure has improved the quality of the data. For

this, we begin quality control by repeating diagnostics, in particular hierarchical

clustering and principal component analysis to check that sample preparation

batches or other technical covariates don't drive sample proximity. It is important

to keep in mind that success of the correction procedure cannot be judged by

improved clustering of samples from the same biological group, since such

clustering is a hypothesis, and real similarity within the group can be small and

it is perfectly normal that certain samples cluster with "wrong" group by pure

chance.

Instead, to demonstrate improvement of the data, we suggest to use objective

criteria such as comparison of replicate correlation. In practice, before the cor-

rection, within-batch correlation is often higher than within-replicate correlation.

If within-batch correlation distribution becomes the same as the correlation of

non-related samples from different batches, while replicate correlation increases,

one can conclude that the batch effect correction procedure was successful.

The same effect can be evaluated by within-replicate and across-replicate coef�-

cient of variation: variation within replicates should decrease, while the variation

between samples should be retained to allow the detection of the biological

signal.

4.3.5 Additional functionality

In practice, data needs to be prepared for diagnostic and downstream processing.

Since batches are mostly date-associated, we included the functionality to derive

batches from dates, associated with sample preparation or acquisition. Some

84



Chapter 4. Tools for batch effects diagnostics and correction

batch correction tools cannot adjust features, for which quantitative data is

missing in the whole batch.

Also, to facilitate production of publication-quality plots, we have developed

functionality for mapping samples to colors.

Finally, proBatch can also facilitate analysis of very large datasets by random

feature sampling for later feature-wide diagnostics.

4.4 Conclusions

We have developed an R package named proBatch. This package addresses

batch effect diagnostics and correction in mass-spectrometry based proteomics.

It provides uni�ed interface for publication-quality diagnostic plots. The variety

of included diagnostic approaches allows to inspect batch effects from different

angles and choose the appropriate correction strategy. Although the pipeline

was initially developed for DIA-proteomic data, it can generalize to other omics

technologies.

4.5 Contributions

J. ƒ. and P. P. designed the package and wrote the manuscript. J. ƒ., C. L. and

P. P. implemented and tested the package code. M. R.-M. provided critical input

on the project. P. P. and R. A. supervised the study.
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5 Variation of the training set

explains poor reproducibility of

selected biomarker signatures

Jelena ƒuklina, Evan G. Williams, María Rodríguez-Martínez, Ruedi Aebersold

Highlights

1. Stability metric is introduced to assess the potential of the signature to be

replicated

2. Parameters of feature selection algorithms are analyzed

3. High-quality signatures predictive of metabolic traits have been selected

4. Variation of training set size allows to predict number of samples required

for optimal prediction, providing a new method for study power analysis
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5.1 Introduction

Personalized medicine is based on a differentiated approach towards disease

diagnostics and treatment assignments. Biomarkers, attributing a patient to a dis-

ease subtype, are thus essential components of personalized medicine. Existing

biomarkers, however, are not always suf�cient to produce accurate predictions.

The most prominent example is PSA, used as the biomarker for prostate cancer

[1], whose utility for cancer screening is debated due to its insuf�cient speci�city

[2]. It is expected, that multiplexed biomarker panels will improve the precision of

clinical tests and ultimately patient care [3]. �Omics� technologies represent rich

resources of biomarkers, pro�ling patient samples in an unbiased, systematic

way. Moreover, proteomics is considered to be a particularly promising source of

biomarker candidates; protein abundances change dynamically in response to

external changes of environment and internal changes of upstream DNA and RNA

molecules. Recent advances in proteomics, particularly in mass-spectrometry,

enabled quantitatively robust and high-throughput pro�ling of large cohorts that

are ideal for candidate biomarker selection.

Omics technologies have been used in biomarker discovery for almost two

decades [4]. Due to the large sizes of measurements generated though, manual

mining of data is infeasible and special computational analysis is required to

identify biomarker signatures. For this purpose, the state of the art in biomarker

signature identi�cation exploits two main approaches. A common practice is

to use statistical inference, such as t-test or its more generic extension ANOVA,

to identify the list of candidates based on statistically signi�cant associations

with the disease. This approach is useful to identify univariate associations

between gene or protein abundance and the disease status, however, it fails to

identify interactions between several variables, that could have an impact on the

prediction. A different approach uses machine learning techniques, speci�cally

feature selection algorithms, to identify the small set of variables predictive of

the clinical endpoint. This practice has the important advantage of not only

allowing to identify a list of biomarker candidates but also providing a model

that combines individual analyte measurements into a single score, which is
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interpretable for clinical personnel.

Despite the large amount of data acquired and dozens of candidate biomarker

signatures suggested [5], disappointingly few of them have been approved for

clinical applications [6]. Poor reproducibility of those reported biomarkers is

usually the key obstacle to their utilization [5, 7]. For a biomarker signature to

satisfy high-quality standards, it has to also perform well in independent cohorts.

In real-life, however, independent cohorts are rarely available at the biomarker

discovery stage. To overcome this limitation, testing biomarker signatures in

independent cohorts can be mimicked computationally by splitting the available

cohort into a training set, used for signature selection and model development,

and a testing set, used for signature performance evaluation. In practice, this is

rarely done and thus signatures that use the same data for signature identi�cation

and performance assessment, suffer from a phenomenon called selection bias

[8]. Consequently, signature performance is overoptimistic and thus cannot be

reproduced.

Dataset can be split into training and testing sets in many ways. Speci�cally, for

a �xed training set size, the composition of this set depends on a randomized

sub-sampling from the original dataset. It is recommended to balance this sub-

sampling by ensuring that all classes or the whole range of response values

is represented in both training and test sets. The splitting into training and

testing sets can be repeated many times and each time it produces a different

biomarker signature. Additionally, the composition and predictive performance

of that signature are affected by the size of the training set. Larger training set

generally allows to develop a better model. However, the bigger testing set allows

to evaluate the performance better. This trade-off is particularly challenging for

biomedical studies, as the sample sizes there are relatively small.

Repeating training set resampling allows to evaluate the composition and per-

formance of the �nal signature with a metric called stability [9, 10]. A biomarker

signature is called stable if many of its components are repeatedly picked in

different splitting repetitions. This can be expressed quantitatively with set-based
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metrics such as the Jaccard index:

Jaccard index =
r
m

(5.1)

In case of two signatures, r is the number of features that appear in both signa-

tures (intersection of sets) and m is the total number of features that appear in

any of the signatures (union of sets). Using this metric to compare the biomarker

signatures from different splitting schemes of the same data, can indicate the

probability of deriving the same signature from an independent cohort.

It is debated, whether there is a single best algorithm for biomarker identi�cation.

Some studies report that certain approaches are superior to others in speci�c

datasets [11], however, the difference is typically very small [12]. Two machine

learning approaches, Random Forest and LASSO, are often used in biomedical

studies. Both algorithms have gained recognition in biomarker identi�cation

primarily due to their interpretability and ability to work with n � p datasets, n

representing the number of samples and p number of features. High-throughput

molecular data are typical representatives of n � p datasets as a number of

samples, n, is in the order of dozens, rarely hundreds and thus is much smaller

than p, number of features � proteins or genes - which are usually in the order of

thousands.

Random Forest ranks features by importance. To evaluate this importance, the

feature values are permuted across the samples in the model and the prediction

error resulting from this permutation is compared to the error from the original

model:

Importance_feature =
X

trees

(MSE permutation � MSEoriginal ) (5.2)

Thus, features relevant to the predictive phenotype will have higher importance

as the permutation error will be signi�cantly higher than the original error. On the

other hand, the error of the permuted feature vector from non-relevant features

will be more similar or even smaller than the original error. As a result, important

features should be included in a signature, while features of low importance

90



Chapter 5. Variation of the training set explains poor reproducibility of selected
biomarker signatures

should be eliminated.

LASSO is based on a linear regression model, but adds a penalty equivalent to

the absolute value of feature weights (5.3), thus effectively eliminating features

by forcing their weight to zero.

�̂ LASSO = arg min
� 2R

jjy � X� jj 2
2 + �

pX

j =1

j� j j (5.3)

The resulting model thus includes only features with non-zero weights and is

typically quite small.

Additionally, both Random Forest and LASSO can be used to produce a model,

that combines the selected signature together in response prediction that can

be compared to original measurement.

It is clear that biomarker identi�cation is a multi-step procedure which can often

be daunting for biomedical research teams. The aim of this study is to show that

biomarker selection based on machine learning can be represented as an easy to

follow pipeline where the analysis can be broken into a series of straightforward

steps. We benchmark the pipeline on mouse metabolic pro�ling data published

previously in the context of QTL analysis [13]. Here, we use the pipeline to estimate

the predictive performance and the stability of the signatures.

5.2 Dataset description

5.2.1 The animal model: BXD reference mouse population

For benchmarking we use the metabolic pro�le of the BXD reference mouse panel

[14]. Reference strain panels are developed by crossing two inbred parental strains

repeatedly by mating the siblings until the animals are at least 99% inbred [15].

Reference inbred strains are used to elucidate the molecular basis of complex

phenotypes. That is possible because they allow to pro�le as many animals

per genotype as required and offer the option to repeat the experiments since
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new animals with the same genotype can be produced again. BXD reference

population is one of the biggest and best studied mouse reference panels [14,

16].

5.2.2 Metabolic pro�le of BXD population

Here we use the metabolic pro�le of BXD reference mouse population, previously

used in the genetic analysis of metabolic phenotypes, liver transcript, protein

and metabolite variation in response to variance in diet [13, 17, 18]. 10 animals

per strain were used in the experiment, and each strain had 5 animals on Chow

diet and 5 animals on High Fat Diet. Here, the diet serves as environmental

perturbation, effectively increasing variance in phenotypes, such as weight of

blood glucose concentration. The diet change also affects the energy metabolism,

thus increasing variation of metabolism-associated proteome in certain tissues

such as liver, for which energy metabolism is a primary molecular function. The

phenotypic variation has been assessed by a battery of metabolic tests, such as

running-wheel exercise, oral glucose tolerance test (OGTT), blood glucose and

insulin levels, Cold Test, assessing adaptation of body temperature to cold stress.

Additionally, lean mass and fat depot masses have been recorded, and total body

weight has been measured weekly (see Figure 5.1). This experimental setup

allowed to identify underlying genetic variants, known as Quantitative Trait Loci

(QTL). However, the direct link between the phenotype and molecular pro�les,

such as proteome, has not yet been established.

5.2.3 BXD metabolic pro�les in biomarker selection

Biomarker signatures offers the direct link between phenotype and molecular

pro�les. This is accomplished by building a model of the response, here the

metabolic phenotype, in association to a small selected subset of features, here

selected from the liver proteome. During signature selection, the key features,

which are most predictive of the response, are identi�ed and expected to charac-

terize the molecular mechanisms that underlie the variance in the phenotype.
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Figure 5.1:Metabolic phenotyping program

Current study should not be treated as a biomarker discovery project since the

phenotypes in question do not represent clinical endpoints. This study represents

a well-studied model dataset and is used for benchmarking purpose. Decades

of studies of metabolic disorders in mouse and human provide a lot of data on

both the responses (metabolic phenotypes) and the predictors (liver proteome)

and thus the quality of the signature is easy to assess.

Speci�cally, it is known that the liver is a central metabolic organ, strongly impli-

cated in glucose, fat metabolism and homeostasis, which are in turn associated

with overweight, diabetes, and exercise capacity [19�21]. Although liver is impli-

cated in diabetes through the control of blood glucose level, it is not the organ that

controls the insulin, but merely responds to it [21]. Similarly, body temperature

during the cold stress is primarily controlled by brown adipose tissue [22]. Also

lean mass, or cumulative non-fat mass, re�ecting primarily muscle and bone

mass, has a very indirect link to liver metabolism.

5.2.4 Feature set and the response for prediction

Two key components of the data for model learning are feature set and the

response to predict using these features. Here feature set is represented by 2100

liver proteins, quanti�ed with SWATH-MS technology [23] as described in the

original publication [13]. The proteome has been measured for 35 murine BXD
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strains on two diets, Chow and High-Fat, resulting in 70 strain-diet combinations

further referred to as samples.

As responses, we use metabolic phenotype measurements for the same mice.

For each phenotypic trait, 5 animals per strain-diet combination were pro�led.

Metabolic phenotypic pro�ling has been conducted as described previously [13,

17]. Measurements of 117 phenotypic traits are available. Full list of traits can

be found in the table 5.2 in the Supplementary materials (Section 5.7). Many

of the phenotypic traits are redundant (such as Body Weight, highly correlating

between each other for consecutive weeks), other traits serve primarily technical

purposes (e.g. weight of the liver). This prompted for the development of a

selection procedure of the metabolic phenotypes that would adequately represent

modeling conditions, typical for biomarker discovery projects.

5.3 Results

5.3.1 Selection of phenotypic traits for benchmarking

For the selection of the metabolic trait in the benchmark dataset, we used a

�ve-step procedure. First, we averaged the measurements of all 5 animals of

strain-diet combination for each of 117 traits, listed in the table 5.2. Second, we

excluded technical traits, such as Food Intake. Third, we excluded traits with

missing values. Fourth, we excluded the traits that had high within-condition

variance, comparable to overall trait variance (See Figure 5.12 in supplementary

materials section 5.7). Finally, we assessed trait similarity to identify the groups of

traits with distinct quantitative properties and relevance for the liver biochemistry.

At the last step, in order to group the traits, we used two approaches. First,

we analyzed traits with principal component analysis (Figure 5.2A). Then, we

correlated each trait measurement with protein abundance (see the matrix of

protein-trait correlation in Figure 5.13 in supplementary materials section 5.7 for

a few representative traits). The resulting pairwise trait-protein correlation matrix

was analyzed with principal component analysis (Figure 5.2B) and hierarchical
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Figure 5.2: Metabolic trait pro�ling : (A) Principal component analysis of the trait
vs sample matrix; (B) Principal component analysis of the protein-trait correla-
tion matrix; (C) correlation matrix of traits; (D) correlation matrix of protein-trait
correlations.
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clustering (Figure 5.2C-D).

This analysis veri�ed the intuition behind the trait grouping and quanti�ed it.

For example, �rst measurements of the body weight � the weight at week 8

and 9 � are more similar to lean mass, while weight at last weeks has more

similarities with fat mass. This pattern is similar in raw trait space as well as on

the molecular level of trait-protein correlation (Fig. 5.2). However, the glucose-

insulin relationship differs between trait space and protein-trait correlation space.

More speci�cally, in raw trait space, both glucose and insulin are moderately

positively correlated with body weight and fat mass. In protein-trait correlation

space, however, glucose is more similar to body weight, which is as similar as

body fat. This discrepancy can also be visualized by the pairwise correlation of

traits themselves and the pairwise correlation of trait-protein correlation vectors

(Fig. 5.2 C-D).

As a result of this analysis we de�ned 7 distinct trait groups: 1) Body Weight; 2)

Fat mass; 3) Lean mass; 4) Glucose; 5) Insulin; 6) Respiration; 7) Cold test. The

speci�c measurements, selected to represent each group are listed in the table

5.1. Note, that the "relevant" traits like Body Weight, Fat and Glucose have wider

protein-trait correlation distributions, while the less relevant ones have much

fewer proteins with high protein-trait correlation (Figure 5.14)

Table 5.1: List of the phenotypic traits, representing trait groups

Trait group Phenotype measurement
Body_Weight BW_Week22_[g]

Fat Organ_pWAT_[g]
Lean_mass CLAMS_Lean_[g]

Glucose OGTT_AUC_Glucose
Insulin OGTT_AUC_Insulin_[AUC]

Cold_Test ColdTest_5h [grad_C]
Respiration VO2_Sprint_PostWheel_[m]
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Figure 5.3: Machine learning work�ow for biomarker signature selection : (A)
Classic Machine Learning Work�ow; (B) Augmented work�ow using repeated
training set sampling to assess signature reproducibility.

5.3.2 Machine learning work�ow optimization

Here we present a work�ow for biomarker signature identi�cation (Fig. 5.3). In

a standard feature selection work�ow (Fig. 5.3A), the dataset is �rst split into

training and testing sets. Then the training set is fed into a prediction algorithm

that performs feature selection and learns the predictive model. If required, the

algorithm parameters are also optimized, which requires further splitting the

training set into internal training-testing sets. The output of the feature selection

procedure is a set of selected features or a �biomarker signature�, and a model,

combining selected features into a single predictive score. This model is then
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evaluated on the testing set of the original data. The main quality metric of the

procedure thus is the predictive performance of the signature and corresponding

model on the testing data.

We suggest to extend this work�ow, (Fig. 5.3B): in addition to predictive per-

formance assessment, we evaluate the selected signature with a metric called

stability. Stability evaluates the signature sensitivity to the training set variation.

The training set differs due to resampling � the randomized training set selection

process. Each training set produces a different model that is based on a different

set of selected features (the signature). Comparing these sets with similarity

metrics such as Jaccard index, indicates signature stability. Thus, if the signature

is not reproduced for different resampling repetitions, it cannot be expected to

be reproduced in an independent cohort.

5.3.2.1 Transforming Random Forest into feature selection algorithm

While LASSO is a feature selection method itself, Random Forest is not, as it

builds a method using all features, even if the effect of some of them is negligible.

Thus, to be used for feature selection, it needs to be transformed.

We suggest transforming it into the most straightforward type of feature selection

algorithms, namely, into a �lter method. Filter methods, as described by Hilario

and Kalousis [10] and implemented in 'caret' R package [24], require the following

components:

1. �lter function, that will de�ne the list of selected features (the signature);

2. modeling algorithm , that builds the model, which can predict the response

from the signature.

In addition, a �lter function needs the following components to be con�gured:

1. ranking algorithm , that will rank the feature list by their relevance for the

prediction;

2. cutoff principle , that will de�ne the way the features are selected from the

list, ranked by the ranking function.
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3. cutoff value , the value of the cutoff that separates the selected features

from the rest.

Here we use the following con�guration:

1. ranking algorithm: Random Forest Importance (formula 5.2);

2. cutoff principle: Top N most important features.

3. cutoff value: cutoff N varies from 10 to 500 highest-ranking features.

We further refer to this �lter-modeling combination as �RandomForest_TopN� .

Following this principle, one can easily construct other feature selection algo-

rithms by combining �lters based on the statistical test with signi�cance cutoff

with any modeling algorithm, like for example, linear regression.

5.3.2.2 Work�ow implementation

We apply the work�ow, described in 5.3.2, to the metabolic pro�le of BXD mouse

population. We use LASSO and RandomForest_TopN as feature selection algo-

rithms.

Data resampling Splitting the data into training and testing sets is the core of

our work�ow. This process is known as resampling, as the data is repeatedly

"sampled" to construct the training set, while the rest of the samples are left for

testing. The most common approaches to resampling are cross-validation and

bootstrapping. Here we use a modi�cation of cross-validation named grouped

cross-validation as de�ned in R package 'caret' [24]. This approach �xes a frac-

tion of samples in a training set, which does not require an integer number of

folds, allowing for more �exible resampling. Importantly, this implementation

of grouped cross validation produces training and testing sets, balanced for the

whole range of response values. To achieve this, the response value is split into

5 bins, and the de�ned fraction of samples is sampled from each bin. Thus,

for every repetition, both low and high values of the response are used both in

training and testing data, preventing bias.
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We repeat resampling by grouped cross-validation 100 times. We vary the training

set fraction from 60% to 90% (with 10% step).

Metrics for signature assessment. To assess the quality of the selected sig-

nature we used two metrics: predictive performance and stability. Predictive

performance was assessed with pseudoR2 further referred to as R2:

R2 = 1 �
MSE
Var (y)

(5.4)

R2 can be interpreted as fraction of variance explained. Thus, R2 equal to zero

represents the model that is not predictive and 1 means perfect prediction.

Stability is calculated as an average of Jaccard index (formula 5.1), measured

for all pairs of signatures obtained in repeated resampling. The Jaccard index

ranges from zero to one, where zero means completely unrelated signatures and

one means identical signatures, hence, our stability index varies in the same

range of values.

5.3.3 Parameter in�uence on prediction and stability

5.3.3.1 Random forest without feature selection

We use Random Forest algorithm twice in the pipeline: in a ranking function (de-

�ned as Random Forest Importance) and as modeling algorithm. Random Forest

itself depends on two parameters: number of features available for splitting at

each tree node (mtry ) and number of trees to grow in the forest ( ntree).

First, we analyzed the random forest modeling algorithm without feature selection.

We varied both mtry and ntree. Default value of mtry for regression model is p=3.

We varied this value by multiplying it by a range of factors: from 1/4 to 2 (varying

power of 2 from -2 to 1 with a step of 0.25). Default value of ntree is 500 trees

(as de�ned in `randomForest' package [25]). We additionally tested the values of

1000, 2000, 5000, 10000, 20000, 40000 trees.
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The analysis showed that average prediction of random forest does not show

any apparent improvement in prediction with the increased number of trees, the

variation upon resampling is decreasing 5.15. Value of mtry had no apparent

in�uence on performance (data not shown).

Also, the number of trees affected feature importance: for small trees, importance

vector was highly unstable, and stability improved substantially with larger forests

of 20000 trees and more. Here, stability was evaluated by correlation of top-100

important features for Fat.

More importantly, we noticed that the correlation of feature importance vectors

dramatically changes with response to both parameters. It is evident, that cor-

relation of features is low with the default value of ntree of 500 trees, as set

up in 'randomForest' R package [25]. Correlation of feature importance vectors

dramatically improved when the number of trees was increased. It should also

be noted that feature ranking is most stable (the correlation is highest) when

mtry value is close to the value recommended in original publication [26].

5.3.3.2 RandomForest_TopN �lter: Variation of ntree and TopN

To reduce the number of algorithm parameters, we use the same mtry and ntree

values for Random Forest both in the �lter function (de�ned by Random Forest

Importance) and in the modeling part of the algorithm.

For the N in TopN cutoff of the �lter we used the top 10, 20, 50, 100, 200 and 500

features ranked highest by importance de�ned as 5.2.

We examined, how variation of ntree and TopN affected predictive performance

(R2, formula 5.4) and stability (Jaccard index, formula 5.1), when the training set

size is �xed at 90% of the total sample. The results for Fat are shown in Figure 5.4

and for other traits in Figure 5.17 in Supplementary material. Similar to Random

Forest without feature selection, variation in tree number has very little in�uence

on prediction, however, has the signi�cant in�uence on stability: with growing

number of trees, stability grows too (See Figure 5.4). For all cases, saturation

was achieved at ntree of 10 000 or more. Thus, for further analysis, we used

101



Chapter 5. Variation of the training set explains poor reproducibility of selected
biomarker signatures

�7�R�S���1

����

����

����

������

������

������

�Q�W�U�H�H
�>�Q�X�P�E�H�U���R�I���W�U�H�H�V���L�Q���5�D�Q�G�R�P �)�R�U�H�V�W�@

�� ���������� ���������� ���������� ����������

��������

��������

��������

��������

��������

�3
�H

�U
�I�

R
�U

�P
�D

�Q
�F

�H
(�5

�� )

�3�H�U�I�R�U�P�D�Q�F�H(�5��)

�Q�W�U�H�H
�>�Q�X�P�E�H�U���R�I���W�U�H�H�V���L�Q���5�D�Q�G�R�P���)�R�U�H�V�W�@

�� ���������� ���������� ���������� ����������

��������

��������

��������

��������

��������

�6
�W

�D
�E

�L
�O

�L
�W

�\�
���

�-�
D

�F
�F

�D
�U

�G
���

L�
Q

�G
�H

�[�
�

�6�W�D�E�L�O�L�W�\�����-�D�F�F�D�U�G���L�Q�G�H�[��
A B

Figure 5.4:RandomForest - TopN: sensitivity to ntree and TopN parameters: (A)
Performance vs number of trees ( ntree) in Random Forest; (B) Stability vs number
of trees (ntree) in Random Forest.
Both performance and stability are shown for the prediction of the Fat mass.
Results are shown for several values of TopN (number of features selected,
shown with color). Note that the TopN values maximizing Performance and
Stability are different. This effect is trait-speci�c, see Supplementary Figure 5.17
and 5.20

Random Forest of 20 000 trees.

Saturation rate, however, is affected by the TopN value. This saturation rate

differs for each trait. We hypothesize, that this difference is an indication of the

number of most informative features for each trait, however, our dataset was too

small to perform independent unbiased testing.

TopN affects not only stability but predictive performance too. Similarly to

stability, the best-performing value of TopN seems to be trait-speci�c. There

doesn't seem to be "the best" number of features that would apply to all traits,

TopN cannot be optimized beforehand. It seems that mid-size signatures of

50-100 features include all predictive features, but don't pick too much noise.

Thus, for proteins selected for signatures, we �xed TopN at 50 features.
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Figure 5.5:Random forest dependence on fraction of the samples in the training
set: (A) Performance on test set (solid lines) and training set (dashed lines) vs
fraction of samples in the training set. (B) Stability vs fraction of samples in the
training set.
For both performance and stability TopN (number of features selected) is shown
with color. Note number of features selected for the signature is a trade-off be-
tween performance and stability. Exact TopN, optimal for stability/performance
is trait-speci�c, see Supplementary �gure 5.20 and 5.21.

5.3.3.3 RandomForest_TopN: Variation of fraction of samples in the training

set

We examined, how predictive performance (R2, formula 5.4) and stability (Jaccard

index, formula 5.1) change in response to growing training set size (ranging from

60% to 90% of total sample). The results are shown in 5.5.

Figure 5.5A shows performance change vs increasing fraction of samples for

fat (results for other traits are shown in 5.18 and 5.18 of the Supplementary �le,

section 5.7). Increasing fraction of samples improves the prediction of the model

dramatically, from 0.24 to 0.58 for Fat or from 0.05 to 0.42 for Lean Mass, and

this trend is universal for all predicted traits.
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Figure 5.6:LASSO dependence on fraction of the samples in the training set : (A)
Performance on test set (solid lines) and training set (dashed lines) vs fraction of
samples in the training set. (B) Stability vs fraction of samples in the training set.
Internal fraction - fraction of samples in internal training set for optimizing � is
shown with color.

5.3.3.4 LASSO: optimizing � and varying the size of internal and external

training sets

LASSO requires optimization of its regularization parameter � , which is highly

data-dependent. We determined� using internal round of grouped cross-validation:

we split the training set one more time, varying internal fraction of samples from

60% to 90% to construct the internal training set. Variation of internal fraction had

no apparent in�uence on performance of the resulting algorithm, but increased

fraction of samples in external data improved the prediction dramatically 5.6

(see Figures 5.23 and 5.24 in Supplementary materials - Section 5.7).

5.3.3.5 Variation of training set size for diagnostics of the selection bias

Increased fraction of samples in the training set, or, essentially, increased size of

training set positively affects the predictive performance of the model measured

as R2 for testing set. However, we also assessed the R2 for testing set. Our results
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show, that both for Random Forest and LASSO the performance on the training

set is dramatically higher, as seen in Figures 5.5 and 5.6 as well as Supplementary

Figures 5.20 and 5.23. The training performance of Random for all traits varies

very little: lowest mean value for Fat is 0:954� 0:002and highest is for Respiration

(0:974� 0:001). This value also has different parameter dependence: R2 for

training set grows with TopN (See �gure 5.18). This discrepancy indicates, that

adding more features to the model leads to over�tting: better prediction for

training, but not test data.

The striking difference between predictive performance on training and testing

data is a sign of selection bias: if one judged the model performance on the

data, as used for feature selection and model developed - the training set, the

predictive performance would be signi�cantly overestimated [8]. The difference

between R2 that gets smaller with the growing size of the training data indicates

that our study is likely to be underpowered.

5.3.3.6 Extrapolating performance and stability trends to assess optimal

sample size

The tendency of both stability and performance to grow with increasing size

of the training set prompted us to use these trends to determine the number

of samples, required for perfect stability and predictive performance. We used

stability and performance curves for Fat and extrapolated them till intersection

with the value of 1, which is the maximal value of both the Jaccard index and

R2. Two regression functions were �tted: �optimistic� prognosis used TopN

curve with the highest predictive performance ( TopN of 50) and �pessimistic�

prognosis used the curve with the lowest R2 values (TopN of 500). Extrapolation

of both stability and performance curves yield an estimate of 100-200 samples

5.7. This is a number, feasible for analysis of clinical samples and is much smaller

than other estimates of in the order of thousands, published in previous studies

[27].
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Figure 5.7:Extrapolation of signature performance to estimate required sample
size: (A) Extrapolation of curve, showing the dependence between predictive
performance and number of samples. (B) Extrapolation of curve, showing the
dependence between stability and number of samples.
"Pessimistic" and "optimistic" evaluation are shown with dash-dotted and dashed
lines correspondingly. Evaluations are extrapolated up to intersection with best
possible performance of value 1 (horizontal dotted line) and corresponding sam-
ple numbers are indicated as vertical lines (dashed for "optimistic" estimate and
dash-dotted for "pessimistic" estimate).

5.3.4 Performance and stability of Random Forest and LASSO

To compare the performance and stability across phenotypic traits, we �xed the

parameters: for both algorithms, the fraction of samples was �xed at 90%, for

RandomForest_TopNntree was �xed at 20 000 and TopN at 50 most important

features. For the LASSO, the fraction was �xed at 0.8. The results are shown in

Figure 5.8.

The results mostly agree with our expectations: for the phenotypes with high

relevance to liver metabolism, both prediction and stability are higher. Thus, for

the predictive performance of the model, built by RandomForest_TopN algorithm,

Body Weight and Fat reachedR2 of 0.602 and 0.577 correspondingly, meaning

106



Chapter 5. Variation of the training set explains poor reproducibility of selected
biomarker signatures

Figure 5.8: Random Forest and LASSO Signature performance comparison for
different traits : (A) Predictive performance of the signatures acquired by Random
Forest - Top 50 (blue) and LASSO (red) for all traits. Error bars show +/- SD. (B)
Stability of the signatures acquired by Random Forest - Top 50 (blue) and LASSO
(red) for all traits.
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that about 60% of variance is explained, Glucose had R2 of 0.479, while for

Lean Mass and Cold Test R2 reaches only 0.421 and 0.340 correspondingly.

Performance of LASSO signatures shows a similar trend: R2 for Body Weight, Fat

and Glucose are 0.504, 0.456 and 0.592 correspondingly and lower for Lean mass

and Cold Test (0.373 and 0.407). The only trait that was predicted somewhat

lower than expected was Insulin ( R2 of 0.343 for Random Forest and 0.263). We

hypothesize, that Insulin mostly changes the signaling in the cell and thus affects

mostly protein phosphorylation but not their abundances, thus the number of

proteins that were predictive of Insulin is rather low.

Stability also re�ected the relevance of predictors (liver proteome) to the corre-

sponding phenotypic trait. Thus, the stability of Random Forest ranges between

0.604 and 0.407 for Body Weight and Cold Test. For LASSO the stability is lower:

it ranges between 0.496 for Body Weight and 0.249 for Lean Mass. We hypothe-

size, that the regularization parameter � is forcing the feature coef�cients to zero

rather stochastically by randomly selecting one of a group of highly intercorre-

lated features. Consequently, the resulting signatures are dramatically different

in composition, while, possibly, similar in practice. Generally the stability was sur-

prisingly low: most stable signatures had Jaccard index of 0.604, which means

that about 60% of proteins are shared between two repetitions of resampling,

which is striking, as these signatures are selected from training sets, constituting

90% of the total dataset and thus overlap of the samples is very high. Thus, in

practice, when comparing two independent studies, one should expect much

lower stability values.

5.3.5 Analysis of metabolic signatures

We aggregated version of the signature for each trait and algorithm to use in fur-

ther analysis. For RandomForest_TopN we �xed the parameters that performed

well for all traits: Top-50 cutoff and 20 000 trees in the forest. In the aggregated

signature, we selected proteins that were represented in at least 50 repetitions

out of 100. Resulting signatures were quite similar in size: the smallest signature

for Respiration contained 38 proteins and the biggest signature for Body Weight
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had 44 proteins.

Signatures for LASSO were much more variable, in particular, the size of the

signature varied a lot (see the Figure 5.22). This is why for LASSO we used a

lower threshold: we selected proteins that were represented in 20 repetitions

out of 100. The aggregated signatures, however, were very different in size: they

ranged from 9 proteins (Body Weight) to 74 proteins (Glucose).

5.3.5.1 Comparison of signatures for different traits

First, we assessed similarity of signatures, identi�ed for different traits (see

Figure 5.9A-B). We assessed similarity with the Jaccard index (formula 5.3).

Most proteins were shared between the signatures for Fat and Body Weight

(Jaccard index of .4 for Random Forest and .161 for LASSO). This difference

between two algorithms is universal: LASSO signatures in generally have very

few shared proteins (maximal of 9 proteins are shared between Fat and Glucose,

the respective aggregated signatures contain 24 and 74 proteins). Random Forest

signatures showed more similarity: 27 proteins were shared between Fat and

Body Weight (and 10 between Body Weight and Insulin). For Random Forest

signature, shared proteins were also observed between Glucose and Fat, Glucose

and Body Weight (Jaccard index 0.117, 9 shared proteins). This is why for further

analysis we focused on signatures, identi�ed by the Random Forest algorithm.

Typically, similar signatures were identi�ed for highly correlated traits (compare

Figure 5.9A and Figure 5.9C). To visualize this better, we plotted all 221 pro-

teins that were detected in a signature for any of the traits as a 'present/absent'

heatmap, as shown in Figure 5.9D. It shows, that Fat and Body Weight share

a "core" of 27 proteins in their signatures. 8 of these proteins are also shared

with Glucose, and 10 are shared with Insulin (4 are shared by all four). Although

Respiration showed the strong correlation with Body Weight, Fat and Insulin, very

few proteins were shared. We hypothesized that although exact overlap is low,

the correlation of the proteins forming the signatures might be high, which is why

we plotted correlation matrix for proteins from the signature (Figure 5.9E). Indeed,

many of the proteins although not included in both signatures, had proteins with
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Figure 5.9: Signature similarity for different traits : (A) Similarity (Jaccard index)
of RandomForest-Top50 signatures; (B) Similarity (Jaccard index) of LASSO
signatures; (C) Correlation between traits; (D) "Supersignature": Proteins selected
for all traits (in columns: red - selected for speci�c trait, blue - not selected); (E)
Correlation of proteins, selected in the signatures (Dark - selected, light - not
selected for a speci�c trait).
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high correlation.

5.3.5.2 Pathway analysis of metabolic signatures

Protein module de�nition and pathway mapping The high correlation of fea-

tures within and between signatures prompted us to explore, whether selected

proteins represent bigger modules of intercorrelated proteins and whether these

modules can be attributed to known molecular pathways. Such framework called

Weighted correlation network analysis (WGCNA) is described in [28] and imple-

mented in WGCNA package [29].

Brie�y, a protein correlation matrix is computed �rst using Pearson correlation.

This correlation is then transformed, using a power function (here we used the

power of 6, using thresholding criteria described in [28]). This results in the protein

adjacency matrix as de�ned by adjacency function aij = jcor(x i ; x j )j6. This matrix

is then used to identify protein modules by partitioning the hierarchical clustering

dendrogram of the matrix. Here, modules are de�ned as "groups of genes (here:

proteins) with similar connection strengths with all other genes of the network"

[30], or genes (proteins) with "high topological overlap" [28]. Topological overlap

of two proteins is calculated as:

! ij =
l ij + aij

minfk i ; kj g + 1 � aij
(5.5)

where l ij =
P

u6=i;j aiu auj denotes the number of common neighbors between i

and j nodes, i.e. proteins, in the network.

Topological overlap is symmetric and ranges from 0 to 1, where 0 denotes no

overlap and 1 - perfect overlap of two proteins. The similarity of two proteins,

de�ned by topological overlap, is used in conjunction with average linkage to

build the hierarchical clustering dendrogram. Finally, modules are de�ned by

cutting the dendrogram using the 'DynamicTreeCut' algorithm. This algorithm

is based on the adaptive process of cluster decomposition and combination,

iterating until the clustering process converges [31]. The adjacency matrix and
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the resulting modules are shown in Figure 5.10A.

The modules were then mapped to Reactome pathway database [32] using

'ReactomePA' [33] and 'clusterPro�ler' [34] R packages. Resulting modules are

shown in Figure 5.10B.

Out of 14 modules, only one was not signi�cantly enriched in genes representing

Reactome pathways. Majority of pathways mapped to the modules are related

to energy metabolism. We hypothesize this result can be explained by the main

source of variation in the proteome which is the diet. This affects mostly the

fat metabolism and energy-related pathways and thus proteins from the same

pathway are likely to go up or down in a coordinated way.

Pathway mapping allows to interpret the signatures 5.11. For example, "coral"

module, up to half of which was represented in signatures for Body Weight, Fat,

Glucose and Insulin is implicated in Ketone body metabolism, which is a pathway

bridging glucose and fatty acid metabolism and regulated by insulin. Perturbation

of this pathway is characteristic of diabetes [35]. Signatures for Glucose and

Insulin contain proteins from "yellow" cluster, which contain proteins, implicated

in fatty acid metabolism and lipoprotein assembly, however not beta-oxidation of

fatty acid. Beta-oxidation of fatty acids was enriched in "blue" cluster, particularly

prominent for Glucose and also for Insulin.

Most notably, although Respiration and Cold test don't correlate on trait level,

and share only two proteins, but are both are enriched for "black" cluster. All 19

proteins of this cluster represent Respiratory Chain Complex I. Identi�cation of

this pathway from a tissue with fairly distant biochemical relationship to both

traits is encouraging, as it means that both the proteomic pro�le and the applied

method provide remarkable sensitivity for changes in the proteome, that are

implicated in complex metabolic phenotypes. This also indicates that some

changes in proteome are likely to be universal for different tissue types: it seems

plausible that the respiratory chain, one of the core pathways in the organism,

is altered in the majority of the cells, that jointly determine the predisposition to

increased respiration or thermogenic activity.
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Figure 5.10:Protein module de�nition and interpretation with Reactome : (A):
Heatmap of protein adjacency matrix, adjacency function calculated as correla-
tion to the power of 6. Module, shown in color bars on top and left are de�ned with
WGCNA pipeline described in the main text. (B): Module enrichment analysis by
mapping to Reactome pathway database. Pathways with signi�cant enrichment
of q-value < 0.05 are shown in rows. Size of the circle is proportional to the ratio
of Genes of the module, contained in the pathway, color of the circle is mapped
to q-value.
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Figure 5.11:Module representation for proteins from aggregated signatures : Bar
height is equal to the fraction of the module, that is represented in the signature
for the speci�c trait.

5.4 Discussion

We have presented an exhaustive evaluation of the feature selection work�ow

for biomarker discovery from the large-scale dataset. We have shown that this

pipeline is able to produce high-quality predictions for real-world mouse metabolic

pro�le data and to select proteins, representing pathways relevant to the predicted

response. We have shown that the novel metric for signature assessment, namely,

stability assessed with Jaccard index explains low reproducibility of biomarker

signatures derived from "omic" datasets. Additionally, this pipeline allows to

perform power estimates of machine learning algorithms, predicting the number

of samples, required for the perfect prediction.

We evaluated our pipeline by predicting seven metabolic phenotypes. We show

that for phenotypes relevant to the molecular data used for prediction, the amount
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of variance explained can reach X%. This might seem substantially lower than per-

fect prediction, where 100% of variance explained, however, this is in agreement

with previous studies, predicting complex traits from molecular data. Ehsani et

al [36] used mouse SNPs and liver gene expression data to predict Body Weight,

Feed Intake, and Feed Ef�ciency. In this study, the results were evaluated by

correlation of prediction and measurement, and thus should be squared to be

comparable to R2 metric used in this study. This means that 0.87 correlation for

Body Weight, achieved by Ehsani et al. is roughly equivalent to 0.76, while we

reached R2 of 0.62 with our method. We hypothesize that the main source of

such discrepancy is the sample size: Ehsani used the cohort of 440 mice while

we had only 70 samples. Our extrapolation estimates suggest that quality of the

prediction with R2 above 0.9 would require 100-200 samples.

Furthermore, we suggested a new metric, stability, for biomarker signature as-

sessment. The signatures, selected by RandomForest_TopN and LASSO, applied

to metabolic trait prediction have shown stability lower than we expected: for

the best-performing signature of Body Weight, the stability was only 0.6, roughly

corresponding to 60% overlap in proteins constituting the signature. This means

that the exact overlap of signatures selected from an independent study should

not be expected. These values of stability generally agree with estimates by

Kalousis et al [37]. Such low replication of signatures has been observed before:

overlap of signatures, suggested by two prominent breast cancer survival studies,

by van 't Veer [38] and Wanget al. [39], had overlap of three genes only, leading

to a heated debate about poor reproducibility in biomarker studies in general [5].

Stability can also be used for feature selection method comparison. Our results

indicate, that LASSO produces consistently less stable signatures than Random

Forest algorithm. Thus, despite comparable performance, LASSO is less suitable

for biomarker identi�cation from the dataset with similar feature-sample number

ratio.

One reason for the low stability of selected signatures is a high number of cor-

related predictors. It has been observed that LASSO tends to select only one

representative feature among a set of correlated predictors [40]. Random forest,

in fact, suffers from the same problem [41] and adaptations of the algorithm have
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been developed to alleviate this issue [42, 43], but their performance, stability,

and interpretability in application to high-throughput molecular data needs to be

validated.

It should be noted, that application of stability for method benchmarking is

becoming increasingly common [44, 45] and thus is likely to become a required

component of biomarker signature selection work�ow.

By varying the fraction of samples in the training set, we estimate the number

of samples, required for perfect predictive power and stability, essentially sug-

gesting an approach to power estimates in machine learning. We estimate the

required sample size of few hundred samples, which is an achievable goal for

biomedical projects, and much lower than prior estimates in the order of thou-

sands, suggested by [27]. Our approach can be thus used for power estimates,

complementary to those suggested by Skates et al. [46].

We also provide a thorough analysis of identi�ed signatures. First, we show

that a likely reason for poor signature reproducibility could be its redundancy or

correlation of the proteins selected for the signature. However, we show that the

correlation of multiple signature components facilitates the interpretation of the

signature, as correlated proteins can be combined into modules of size, suf�cient

for pathway enrichment analysis. The pathways identi�ed with such analysis

have shown to be relevant even for the phenotypes, for which the performance

of the signatures was fairly low: thus, for Cold Test, several components of

Complex I of respiratory chain have been identi�ed, which is highly relevant for

non-shivering thermogenesis, that produces heat by the "leak" in respiratory chain.

This shows that even a weak signature might re�ect the pathways implicated in

the phenotypic response.

We used Top-50 best signatures for most of our analysis. This size of the sig-

nature is fairly large for clinical application. However, we believe that larger

signatures are generally preferred at biomarker discovery stage, as it allows more

freedom at biomarker veri�cation stage [6]. Our work�ow, however, clearly marks

which proteins are redundant due to their assignment to correlated modules.

Therefore, at the veri�cation stage, one needs to choose a few proteins per mod-
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ule. This choice can be guided by other analytical properties of the proteins

since the predictive value of those arising from the same module is most likely

the same. Larger signatures also prevent interpretation bias as "biologist can

always �nd why this protein is relevant for this disease". In contrast, attributing

proteins to modules allows to perform pathway enrichment and reduces the

chance of false-positive discoveries. Also, it is more feasible that pathways will

be replicated in independent cohorts, while the chance of replicating speci�c

proteins from the signature is low.

We used the aggregated signature only for pathway analysis. However, if a

larger dataset was available, we would suggest to separate a validation set in

the beginning of the analysis, so that the aggregated signature could be tested

for predictive performance. Work�ows, using aggregated signatures to ensure

predictor stability, are gaining acceptance in biomarker studies [47].

The work�ow, proposed here, has proven its utility for biomarker discovery. We

assume that the accessibility of the computational procedures constituting this

work�ow would �nd many applications in biomedical studies. Thus, we have

compiled the code, used for this analysis into an R package 'stableBiomarker'.

Parts of this work�ow can be found in packages "caret" and "OmicsMarkeR"

published earlier [24, 48]. Our work�ow, however, has functionality that is missing

from both "caret" and "OmicsMarkeR". Although "OmicsMarkeR" implements

multiple stability metrics, following the review by He et al. [9], the code allows

application of four hard-coded machine learning approaches and is applicable

to classi�cation problems only. We have chosen to extend 'caret' package, as it

implements a uni�ed interface to more than 200 machine learning approaches

applicable to both regression and classi�cation problems. We extend 'caret' by

adding the resampling at feature selection step, so that selection bias can be

avoided. We also unify the interface to �lter method de�nition, extending it from

statistical test �lters to any type of ranking functions.

Our study shows, that variation of composition and size of the training set can

generate multiple insights into the quality of signature, selected by machine

learning approaches. The resulting work�ow, implemented as open-source 'R

package' can largely facilitate benchmarking of machine learning methods and
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speed biomarker identi�cation from omics data.

5.5 Software

All simulations and analyses were carried out with R 3.1.0. For heatmap visual-

ization, we used package `pheatmap' [49], other plots have been visualized using

`ggplot2' package [50]. Machine learning procedures: resampling, model building

and prediction on test data was done using functions from `caret' package [24].

5.6 Contributions

J. ƒ. and M. R.-M. designed the study. J. ƒ. wrote the manuscript. J. ƒ. performed

data analysis. E. W. provided the data and contributed to data analysis. M. R.-M.

and R. A. supervised the study.
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Table 5.2: Total list of the phenotypic traits

Blood_ALAT_[u/L] Blood_ALPL_[u/L]

Blood_Amylase_[U/L] Blood_ASAT_[U/L]

Blood_BileAcids_[micromol/L] Blood_CreatineKinase_[U/L]

Blood_Creatinine_[micromol/L] Blood_FreeFattyAcids_[mmol/L]

Blood_Glucose_[mmol/L] Blood_HDL_[mmol/L]

Blood_Iron_[umol/L] Blood_Lactate_[mmol/L]

Blood_LDH_[U/L] Blood_LDL_[mmol/L]

Blood_Protein_[g/L] Blood_TotalCholesterol_[mmol/L]

Blood_Triglycerides_[mmol/L] BW_CLAMS

BW_Cold_Test_[g] BW_NIBP_[g]

BW_OGTT [g] BW_PostWheel_[g]

BW_PreSacri�ce_[g] BW_PreWheel_[g]

BW_Sacri�ce_[g] BW_TSE_[g]

BW_Week10_[g] BW_Week11_[g]

BW_Week12_[g] BW_Week13_[g]

BW_Week14_[g] BW_Week15_[g]

BW_Week16_[g] BW_Week17_[g]

BW_Week18_[g] BW_Week19_[g]

BW_Week20_[g] BW_Week21_[g]

BW_Week22_[g] BW_Week23_[g]

BW_Week24_[g] BW_Week25_[g]

BW_Week26_[g] BW_Week27_[g]

BW_Week28_[g] BW_Week8_[g]

BW_Week9_[g] CLAMS_Fat_[g]

CLAMS_FoodIntake_[g/day] CLAMS_Lean_[g]

CLAMS_RER_Day CLAMS_RER_Night

CLAMS_VO2TotalBWCor_Day CLAMS_VO2TotalBWCor_Night

ColdTest_0h [grad_C] ColdTest_1h [grad_C]

ColdTest_2h [grad_C] ColdTest_3h [grad_C]

ColdTest_4h [grad_C] ColdTest_5h [grad_C]
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ColdTest_6h [grad_C] Cytokine_IFNgamma_[pg/mL]

Cytokine_IL-18_[pg/mL] Cytokine_IL-6_[pg/mL]

Cytokine_IL10_[pg/mL] Cytokine_IL15_[pg/mL]

Cytokine_MCP1_[pg/mL] Cytokine_MIP1alpha_[pg/mL]

Cytokine_MIP1beta_[pg/mL] Cytokine_RANTES_[pg/mL]

Cytokine_TNFalpha_[pg/mL] Hemato_Hematocrit_[%]

Hemato_RBC_[106/microL] NIBP_Diastolic_[mmHg]

NIBP_HeartRate NIBP_Systolic_[mmHg]

OGTT_120m_[mg/dL] OGTT_150m_[mg/dL]

OGTT_15m_[mg/dL] OGTT_15minOGTT_Insulin_[microg/l]

OGTT_180m_[mg/dL] OGTT_30m_[mg/dL]

OGTT_30minOGTT_Insulin_[microg/l] OGTT_45m_[mg/dL]

OGTT_60m_[mg/dL] OGTT_90m_[mg/dL]

OGTT_AUC_Glucose OGTT_AUC_Insulin_[AUC]

OGTT_Fasted_Glucose_[mg/dL] OGTT_Fasted_Insulin_[microg/l]

Organ_eWAT_[g] Organ_Gastroc_[g]

Organ_Heart_[g] Organ_Kidney_[g]

Organ_Liver_[g] Organ_pWAT_[g]

Organ_scWAT_[g] Organ_Soleus_[g]

PostWheel_Fat_[g] PostWheel_Lean_[g]

PreWheel_Fat_[g] PreWheel_Lean_[g]

RER_Basal_PostWheel RER_Basal_PreWheel

RER_Max_PostWheel RER_Max_PreWheel

TSE_FoodIntake_[g/day] TSE_NightXY_[Counts/Hr]

TSE_NightZ_[Counts/Hr] VO2_Basal_PostWheel

VO2_Basal_PreWheel VO2_Max_PostWheel

VO2_Max_PreWheel VO2_Sprint_PostWheel_[m]

VO2_Sprint_PreWheel_[m] Wheel_24hSum_[km]

Wheel_AvgMaxSpeed_[rpm] ���
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Figure 5.12:Analysis of missing values and within-strain variation of traits : Ex-
amples of analysis for three phenotypic traits: for each trait, strain-average value
is plotted and the SD is shown as an error bar. Values for diets are shown in
colors. Clearly, that for some traits, certain strains or animals on speci�c diets
have not been pro�led. SD within the strait-diet combination sometimes is very
large in comparison to overall variance.
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Figure 5.13:Protein-trait correlation heatmap : Heatmap of correlation coef�-
cients between proteins (columns) and phenotypic traits (rows). This matrix is
later used in PCA analysis and correlation analysis of trait proximity based on
the patterns of trait-protein correlations.

125



Chapter 5. Variation of the training set explains poor reproducibility of selected
biomarker signatures

Figure 5.14:Distribution of protein-trait correlations : Distribution correlation
coef�cients is wider relevant to the molecular data (liver proteome), compare,
for example, Lean_mass and Body_Weight. The value of highest protein-trait
correlation coef�cient sets an expectation of predictive performance of the multi-
protein signature.

126



Chapter 5. Variation of the training set explains poor reproducibility of selected
biomarker signatures

Figure 5.15: Increasing number of trees stabilizes the prediction by Random
Forest model
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Figure 5.16:Heatmap of correlation of Importance value for top 100 features for
Fat mass: ntree and mtry values are shown in color bars on top of the heatmap.
Importance Value varies a lot for small forests (see ntree = 500 vs ntree > 5000),
for large forests, Importance ranking stabilizes at mtry 728 - 1588, which is 1/3 to
3/4 of all features, which includes default mtry factor of 1/3.
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Figure 5.17:Performance of Random forest vs number of trees ( ntree) for all
traits : Increased number of trees has moderate effect on performance, however,
for different traits different TopN leads to best-performing model ( TopN shown
in color)
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Figure 5.18:Performance of Random forest on training data vs number of trees
(ntree) for all traits : Both increased number of trees improves performance on
the training data and increased fraction of samples (shown in character shape)
improves the model performance. For different traits different TopN leads to
best-performing model ( TopN shown in color). Note that the performance on
training data is much higher than that on test data, shown in previous �gure.

130



Chapter 5. Variation of the training set explains poor reproducibility of selected
biomarker signatures

Figure 5.19:Stability of Random forest vs number of trees (ntree) for all traits :
For different traits different TopN leads to the most stable signature (TopN shown
in color).
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Figure 5.20: Predictive performance of Random forest vs fraction of the sam-
ples in the training set for all traits
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Figure 5.21:Stability of Random forest vs fraction of the samples in the training
set for all traits.
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Figure 5.22: Highly varying size of signatures selected by LASSO: example of
Fat mass. Size of signature selected by LASSO varies from one to 60 proteins for
Fat mass: distribution of signature sizes for 100 repetitions of signature selection
procedure.
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Figure 5.23:Predictive performance of LASSO vs fraction of the samples in the
training set for all traits : Performance on test set (solid line) and training set
(dashed line) vs fraction of samples in the training set.
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Figure 5.24: Stability of LASSO vs fraction of samples in the training set for all
traits.
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6 Tools for stable biomarker

signature identi�cation

Jelena ƒuklina, María Rodríguez-Martínez, Ruedi Aebersold

Highlights

1. The work�ow for signature selection is implemented

2. Multiple stability metrics are implemented to assess the reproducibility of

the signature

3. Framework for �lter method de�nition is provided

4. The code available at: https://github.com/symbioticMe/stableBiomarker

Manuscript in preparation
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6.1 Background

Biomarker selection from high-throughput datasets can be formalized as a fea-

ture selection task. When building a predictive model, in order to estimate the

prediction performance (usually as a prediction error) data is split into a train-

ing set, on which the model is built and a testing set for the evaluation of the

model. However, if the model has internal parameters that can vary from dataset

to dataset, it is possible that the training set will be split again into internal

training-test subsets. The typical model inference pipeline is shown in Figure 2.8.

Poor reproducibility of reported markers remains one of the major obstacles

to clinical applications. As feature selection is conducted in the train-test-set

paradigm, the data is resampled (split into training and testing set) multiple times.

Each resampling results in a different signature feature set (as illustrated in Figure

1). When these sets are dramatically different, it is also hard to aggregate the

results of such procedure into a consensus signature and determine which is the

biomarker signature corresponding to the given dataset.

Here we provide an R package "stableBiomarker" that addresses this problem.

6.2 The stableBiomarker package

6.2.1 stability metrics

The following pairwise stability metrics, as suggested in [1], are implemented in

�stableBiomarker� package:

1. Set-based indices:

a) Jaccard index

b) Kuncheva index

c) Sorensen index

d) Ochiai index
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2. Ranked list comparison indices:

a) Pearson correlation

b) Spearman correlation

c) Canberra distance

To assess the reproducibility of the signature, pairwise stability estimates are

averaged.

6.2.2 Data resampling methods

The data splitting in training and testing set (resampling) is implemented in

`caret' package. In our package we have implemented the following resampling

schemes:

ˆ Bootstrapping

ˆ K-fold cross-validation

ˆ Leave-one-out cross-validation

ˆ Group-based cross-validation (when the user speci�es the fraction of sam-

ples to be kept in the training set)

If resampling does not adequately represent the whole range of samples but

skews it towards one class or high/low values of response in the regression task,

the error estimate will not be adequate. Thus, �rst the data is split into 5 quantile

response bins, and only then the corresponding resampling scheme is applied to

each bin.

6.2.3 Pipeline con�guration

During pipeline con�guration, the following aspects of feature selection can be

speci�ed or left at default values:

ˆ Resampling technique and its speci�cations (as described above)
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ˆ Number of resampling repeats (default is 100)

ˆ Modeling algorithm and its parameters (parameters are checked)

ˆ Feature selection algorithm (default � �lter based on feature-response cor-

relation with signi�cance threshold of 0.05). A warning will be raised if the

modeling algorithm belongs to embedded methods and feature selection

parameters are speci�ed, as these algorithms combine feature selection

modeling in one algorithm and are already de�ned with modeling parame-

ters.

ˆ Performance metric (default � mean squared error (MSE))

ˆ Stability metric (default � Jaccard index)

6.2.4 Filtering methods implemented

Our pipeline adds a uni�ed framework for �lter method de�nition and implements

a few commonly used �lter approaches:

ˆ Spearman correlation

ˆ Pearson correlation

ˆ Generalized additive method (GAM) score

ˆ Random Forest Importance

Each of the scoring methods can be coupled with a Top N threshold or a signi�-

cance cut-off, if the latter is applicable.

6.3 Novelty and application

This pipeline, implemented as an R package, �stableBiomarker�, was designed

as an extension of the R package �caret�, which provides the common interface

for several hundred machine learning methods. Our pipeline aims to extend the

package by providing a uni�ed framework for feature selection. Following the phi-
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losophy of �caret�, �stableBiomarker� provides a uni�ed interface and a number of

con�guration checks for feature selection methods (currently �lter and embedded

methods con�guration is implemented). Also, to avoid selection bias (select-

ing features that are able to predict well only training data), �stableBiomarker�

provides a resampling interface for splitting the data into training and testing

set. This is offered not only at the stage of modeling algorithm parameter op-

timization, but at feature selection stage too. Sometimes splitting the training

data for internal cross-validation for modeling algorithm parameter optimiza-

tion is possible or even required, depending on the feature selection/modeling

algorithm.

Stability metric, implemented in this package, should be a more commonly used

metric in multivariate biomarker identi�cation in omics datasets. During the

development of the current pipeline, a similar package, "OmicMarkeR" has been

found [2]. It also introduces stability as a metric in the feature selection process.

However, this package is designed for two-class problems only and hard-codes

6 of them. Our pipeline, however, although initiated as an approach to solve

regression problems, by design is problem agnostic and thus with minimal efforts

can be adapted to classi�cation and survival prediction tasks. Additionally, it

does not hard code speci�c algorithms, but rather provides a framework for

con�guration and launch of feature selection and corresponding prediction tasks.

Some of the functions, implemented in "OmicMarkeR" are used with appropriate

reference in our package too.

The pipeline, although designed with high-throughput biological data in mind, is

not limited to it but can be used in any feature selection application.

6.4 Outlook

Training several models and retrieving multiple signatures allows to aggregate

them into a single, more robust signature. However, this signature needs to be

validated on data that has not been used for selection of any of the signatures,

used for aggregation. In practice, implementation of this approach requires
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de�nition of aggregation method and its parameters. Additionally, validation

dataset has to be set aside before proceeding with feature selection itself, which

makes this method applicable only to large datasets.

6.5 Contributions

J.ƒ. designed and implemented the package code. J.ƒ. wrote the manuscript.

M.R.M and R.A. supervised the study.
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Despite great advances in biomedical research, biomarker development remains

challenging. The amount of molecular pro�les, obtained with high-throughput

technologies is growing, producing new biomarker candidates. Protein biomarker

research has been boosted by recent advances in mass-spectrometry based

proteomics, especially by targeted proteomics work�ows such as SRM and

DIA/SWATH [1].

SWATH-MS allowed almost exhaustive proteome pro�ling in several dozens and

sometimes hundreds of samples and was successfully applied in variety of bio-

logical problems ranging from QTL identi�cation in fruit �y and mice to biomarker

identi�cation in human blood samples [2�6]. Datasets of this size prevent man-

ual analysis of the data and require the development of novel computational

procedures.

One problem of large-scale datasets is batch effects. Acquisition of mass-spectra

for the large-scale dataset in uniform experimental conditions is challenging.

Typically, protein digestion requires several days and also the consistent uninter-

rupted performance of mass-spectrometer cannot be guaranteed. These factors

introduce bias, known as batch effects. However, batch effects in proteomics

have not been systematically analyzed yet. Speci�cally, the applicability of cor-

rection procedures from genomics �eld needs to be tested, and new procedures,

correcting for proteomic-speci�c biases such as mass-spectrometry signal drift,

need to be developed.

Another problem in biomarker discovery studies is the selection of biomarker

signature itself. The goal of biomarker research is to establish an accurate

prediction rule on basis of the minimal number of genes or proteins, thus, this

task can be approached with feature selection algorithms from machine learning

�eld. Despite two decades of genomics research, the optimal work�ow for

reproducible biomarker signature selection is still not de�ned [7�9]. It has often

been reported, that the list of proteins constituting the signature is almost never

replicated [10]. The potential of the signature to be reproduced can be assessed

with a metric called stability [11, 12]. However, this metric is novel and not a

standard component of biomarker selection work�ow, thus its utility in proteomic

data needed to be established.
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Thus, the overarching goal of the thesis was to develop the computational tools

that would facilitate biomarker discovery work�ow. Two critical components

of this work�ow, batch effect correction and biomarker selection procedures,

required veri�cation of existing approaches, development of proteomic-speci�c

problems and testing of new metrics for their assessment.

7.1 Batch effect analysis in proteomics

In the �rst part of this thesis, I performed a systematic analysis of batch effect in

DIA proteomics.

I analyzed the tools developed for genomic data and summarized them into a

work�ow of �ve steps: 1) Diagnosis of raw data; 2) Normalization; 3) Diagnosis

of batch effects in normalized data; 4) Batch effect correction; 5) Quality control

of the correction procedure. This pipeline was then demonstrated on real data,

as described below. This work�ow improves the pre-processing of the data by a

few important amendments. First, the existing literature on batch effects rarely

stresses that data should be normalized prior to correction of batch effects. Nor-

malization, however, aligns sample distribution, which in many cases is suf�cient

for signal improvement [2]. Second, we suggest separating the diagnostics into

pre-normalization and post-normalization. Certain diagnostics, such as principal

component biplots and hierarchical clustering dendrograms are likely to change

after normalization, especially common when the batch affects the whole dis-

tribution. Thus, plotting them before normalization does provide only moderate

bene�t and should be repeated after the normalization.

The utility of this work�ow is demonstrated with three large-scale datasets, two of

which are published. The �rst study aimed to assess the robustness of SWATH-

MS in the multi-lab setting. The second study pro�led proteome in of blood

samples from patients with �ve solid carcinomas and matched controls. The

proteomic signal in both datasets was affected by technical bias, associated

with data collection site and protein digestion batch respectively. I align the

approaches for batch effect diagnostics and correction used in corresponding
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publications with the work�ow described above.

The third dataset, aiming to identify proteins, associated with aging in the refer-

ence population of mice, is currently being prepared for publication. This dataset

pro�les 371 mice. The key source of technical bias in this experiment was the

drift of mass-spectrometry signal. We developed a procedure, combining LOESS

�t with location-scaling adjustment by ComBat [13]. This approach, however, has

little in common with LOESS normalization used in microarray experiments, as

the latter was utilized for pairwise intensity adjustment across the whole sample

[] while our method �ts LOESS curve across all samples of one batch for each

peptide individually. This approach improved the sensitivity of QTL identi�cation

and replicate correlation. This approach is extremely similar to the correction

suggested by Kultima et al. [14], but was unfortunately unnoticed at the time of

model development. Other approaches for drift correction with Random Forest

was suggested, however, the comparison of its performance to LOESS �t was

beyond the scope of this study, that aimed to review most common practices for

normalization and batch correction rather than perform exhaustive comparison

of approaches.

In both publications, ad-hoc approaches for quality control of the correction

procedures were used. These approaches, namely decrease of the coef�cient of

variation between the replicates and improved clustering of replicated samples,

are valuable as the positive control of the correction procedure. In the third

dataset, we evaluate the correction by assessing sample correlation before

and after correction. Similar approaches have been mentioned before [15, 16],

however, listing them under a separate step of the work�ow is likely to make

their application more common. These approaches for positive control are

more objective than the clustering of biological conditions, commonly used

as a metric in comparison of normalization and batch correction methods [17].

We advocate, however, that effect of biological covariates generally cannot be

predicted in advance and should not be used to as criterion for the correction

procedure choice. We believe that enumerating correction procedures until one

that produces "optimal" clustering might in practice result in data "twisting".

To facilitate the application of the work�ow in further large-scale studies, we
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developed an R package called 'proBatch'. In this package, we combined common

approaches to batch effect diagnostics, normalization and batch effect correction.

We unify the data input for common implementations of these procedures and

provide the functionality to de�ne the joint color scheme, to make the plots

easily comparable and ready for publication with minor adjustments. We also

implemented the quality control procedures and a few pre-processing tools that

improve dataframe cleaning process. This tool thus extends the functionality of

R packages 'Normalyzer' [15] and BatchQC [18] as it implements the approaches

related to each step of the analysis, while previous packages provide functionality

for only a part of the work�ow.

7.2 Selection of reproducible biomarker signature

In the second part of my thesis, I describe the work�ow, allowing to assess

biomarker signature by two parameters: predictive performance and stability.

Both of these metrics need to be used to ensure reproducibility of selected

signature: predictive performance of the model on testing data mimics the

performance of the signature on the independent dataset; stability indicates, the

potential to identify similar signature derived from a different data if the same

feature selection algorithm is used.

We benchmark this work�ow by predicting metabolic traits from liver proteome.

We chose seven traits for work�ow benchmarking.

First, we evaluated the performance and stability of the prediction in response to

parameter variance. We show, that standard parameters or approaches for their

estimation can be used for proteomic data, with the only exception being the

number of trees in Random Forest, which should be increased from the default

value of 500 to several thousand of trees to ensure the stability of the signature.

This estimate agrees with the suggestions in other publications [19].

More importantly, both stability and performance grow in response to increased

fraction of samples in the training set. Increase of stability is expected, as growing

fraction of samples in the training set also increases the overlap of samples
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in resampled training sets, although the values of the Jaccard index even for

best signatures are somewhat disappointing: the most stable signature, selected

for prediction of Body Weight by RandomForest_Top50 algorithm, has average

overlap of 0.6, which roughly corresponds to 60% protein overlap in each pair

of signatures. This means that poor overlap of candidate biomarker lists is

to be expected and that much larger sample sizes are required to produce a

really stable signature. This �nding is in line with previous research [20]. For

performance, however, the growth is less trivial and generally means that the

signal is there, but its identi�cation is hampered and is likely to be improved by

the increased number of samples as well.

To assess, how many samples are required to achieve the "perfect" prediction and

stability, we extrapolated the trends for R2 and Jaccard index, which indicated,

that 100-200 samples could be enough to achieve the desired result. Finally, we

compared the performance of the algorithm on training and test sets. For all

traits analyzed, the performance on the testing data was very high and reached

more than 0.9 or 90% of R2. However, the performance on testing data was

much lower and trait-speci�c: higher for traits with the known relationship to

liver metabolism and lower for non-related traits. Additionally, performance on

testing data was higher when more features were included in the signature, but

the biggest signature was never optimal for the testing dataset. Together, this

means that the signature is prone to selected bias: it over�ts the data used for its

selection. Performance on the testing data, however, is more realistic and re�ects

the result to be expected when applying the model to the independent dataset.

Thus, when the biomarker signature is reported, it should be tested on data that

was not used for signature selection, otherwise, the reported performance is

likely to be overoptimistic and will not be reproduced in independent studies.

Next, we analyzed the performance of the work�ow for prediction of selected

metabolic traits. For the traits such as Fat or Glucose, directly affected by liver

metabolism, the results achieved were higher than the results for Cold Test, that

has more distant connection to liver proteome (as the adaptation to Cold Test

is mostly associated with Brown Adipose Tissue). Additionally, the signatures

selected for different traits had overlapping components, re�ecting shared mech-
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anisms, underlying their variance. These results have important implications

regarding biomarker identi�cation in the future:

1. All signatures capture the substantial portion of variance, meaning that

standard algorithms Random Forest and LASSO can be used directly and

deliver the signatures that have predictive value. Although more sophis-

ticated algorithms might improve the predictive power of the signature,

these classic approaches deserve to be tested to assess the baseline of

the prediction.

2. The signatures adequately re�ect the relationship between the predictors

and the response. When designing the study, the traits were deliberately

chosen as presumably "predictable" and "unpredictable". The result con-

�rmed this assumption and show, that such result is useful for method

assessment, as the biased model would perform equally well in predicting

the meaningful result that can be explained by the molecular pro�le and in

predicting random response that is not related. This could be tested more

rigorously in our setting by permuting the values for each trait and using

them as the response for which a signature is selected. This approach can

be used to test an algorithm for feature selection to evaluate its propensity

to over�tting.

3. Identi�cation of pathways relevant for the phenotypes that were expected

to be "unpredictable" might mean that certain pathways in proteome seem

to vary naturally across many tissues and this variation is enough to explain

some variance of the phenotypes. Thus, components of the respiratory

chain represented enough variation to capture a small, but substantial

fraction of variance in body temperature during the cold test. This might

mean, that core proteome is likely to re�ect the predisposition to certain

phenotypic responses. If this is the case, identi�cation of such pathways

can be used for early detection of diseases. However, more research needs

to be done to con�rm or reject this hypothesis.

4. Substantial overlap in signature components, and in particular the overlap

in pathways, such as Ketone body metabolism for Fat, Glucose, Insulin and
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Body Weight means that same features can be used to predict the response

of related, but distinct phenotypes. This means that a single dataset can be

used to predict more than one type clinical endpoint if clinical responses

are associated with the same pathways. The joint list of biomarkers can be

used to build two distinct models for each response.

The analysis of signature selection for metabolic trait prediction is arti�cial

and does not represent many challenges characteristic for biomarker discovery

in patient cohorts. Speci�cally, the genetic heterogeneity of the population is

extremely low and the environment is too controlled. However, the sample size

is characteristic of biomarker studies. Also, the fact that the phenotypes are

extremely well studied allows to set a "ground truth" for expected predictive power

and thus benchmark the methods. This dataset represents one of the rare cases

when "bad" performance can serve as a positive control when comparing existing

or benchmarking new methods for biomarker discovery from high-throughput

datasets.

7.3 Work�ow implementation

For both problems, batch effects and stable biomarker identi�cation, we have

developed the tools that can be applied in future studies. We implemented the

work�ows as R packages 'proBatch' and 'stableBiomarker'. Both packages are be-

ing prepared for Bioconductor repository and the transparency of the procedures

is ensured by opening the source code. The main purpose of both packages was

to unify the input interface for existing tools. Thus, in 'proBatch' same format of

protein matrix and color scheme is de�ned, so that almost identical commands

can be used to produce different diagnostic plots or run different correction

procedures. For 'stableBiomarker' we developed a con�guration �le, that allows

de�ning all components of feature selection algorithm once instead of assem-

bling the work�ow component by component. Potentially, this will allow to use

more than 200 algorithms for machine learning and 5 resampling methods, as

de�ned in 'caret' package, but also easily adapt new algorithms for testing with
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our work�ow.

7.4 Outlook

Establishment of SWATH-MS allowed shifting from laborious multi-step discovery-

veri�cation-validation strategy, which operates with increasing samples sizes

and decreasing list of biomarker candidates and thus is referred to as �triangular

strategy�. As the technology keeps advancing, it is suggested that the commu-

nity should shift to "rectangular strategy", where the discovery phase already

starts with a relatively big cohort in which the whole proteome serves as initial

biomarker list. The validation cohort pro�les the proteome at the similar depth

and the subset of biomarker list, replicated in both cohorts thus serves as the

�nal version of biomarker signature [9]. However attractive such perspective

might seem, our analysis shows that neither high number of samples nor the

high number of proteins is a magic bullet. On the contrary, the high number of

samples is associated with batch effects and high number of proteins makes it

challenging to identify the optimal biomarker list (Huang et al., in preparation).

Thus, with the growing body of data, batch effects in proteomics will need to

be re-evaluated. First, the technology is constantly changing and biases that

are characteristic of modern instruments and sample preparation approaches

might be alleviated by improved instrument robustness or automation of prepa-

ration procedures. Second, more approaches for batch correction are being

developed and many of them are essentially combinations of approaches, which

increases the comparison space dramatically. Additionally, novel data, often

with high sample-to-sample heterogeneity is appearing. Such data requires the

development of special normalization and batch effect correction procedures.

As mass-spectrometry approaches routine clinical application, it is conceivable

that samples will be pro�led "at patient convenience" rather than assembled in

a big batch and pro�led together. Methods that could adjust for batches in an

adaptive manner, by learning from a range of previously pro�led samples, will

thus be required. Ultimately, it would be bene�cial to develop machine learning
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methods that could combine model learning with batch correction.

Bridging model learning and batch correction is especially important for repro-

ducibility of classi�cation and regression models. Predictive model requires

validation data. In most cases, this is internal validation, when part of the data is

left-out, although sometimes independent samples are available for validation.

As omics data requires normalization, one should be careful, how validation data

is normalized. To ensure independence of training and validation data, normal-

ization should be done in parallel to prevent over�tting. Essentially this means

that in most studies, separation of data into training and testing sets should

be done before normalization. This means that unless teams performing data

preprocessing and downstream analysis such as biomarker selection work in

close collaboration, the results of the analysis pipeline might be �awed and fail

to reproduce on independent datasets.

Biomarker signature approaches also need to be improved. Mass-spectrometry

based proteomics is often criticized for incomplete coverage of proteome, en-

coded in DNA. However, increasing proteome pro�ling depth is not likely to be

the key to improved prediction (Huang et al., in preparation). Previous studies

indicate, that reproducibility of biomarkers is already common on pathway level

[21, 22], but not to be expected on the level of individual proteins [20]. Thus,

to advance biomarker signature identi�cation, methods that condense single

protein measurements into pathway aggregated pathway feature, implemented

as "eigenvector" as suggested by Langfelder et al.[23] or clustering as suggested

by Buhlman et al. [24], could lead to more rapid advance in development of new

biomarker signatures. This approach, however, requires methods for comparison

of protein modules and their reproducibility. However, proteins, that are repeatedly

identi�ed in such modules could be prioritized for biomarker veri�cation.

Regardless of the speci�c approach for biomarker development, the stability of

proposed signature needs to be assessed. If approached with protein-centric

feature selection method, the stability metric that takes into account the corre-

lation structure of two signatures would be bene�cial. Some researchers have

proposed metrics like "percentage of overlapping genes" [25], but they are not

symmetric and operate with pairwise protein correlation hits, whereas correlation
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structure of signatures is likely to be more complex. Development of such metrics

would facilitate the assessment of proposed signatures and their comparison

between cohorts.

In conclusion, this theses presents new methods that can advance biomarker

discovery from proteomic data. The tools developed within this thesis can be

extended by new methods, but, most notably, need to be integrated with other

tools for proteomic data analysis, to prevent data analysis being a bottleneck for

biomarker discovery. The bene�t of these tools has been demonstrated using

unadapted large-scale proteomic datasets. The described approaches represent

a valuable resource for future researchers.
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