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Abstract

The emergence of unwanted variation resulting from batch processing is a well-
researched challenge in next-generation sequencing data. While appropriate mea-
sures during the planning and execution of an experiment can limit the emergence
and magnitude of batch effects, they are not entirely preventable and thus need to be
accounted for before statistical analyses. Despite the availability of batch effect cor-
recting algorithms (BECA), no comprehensive tool that combines batch correction
and evaluation of the results exists for microbiome datasets. This work outlines the
Microbiome Batch Effects Correction Suite (MBECS) development that integrates
several BECAs and evaluation metrics into a software package for the statistical

computation framework R.
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Kurzzusammenfassung

Das Auftreten unerwiinschter Variationen, die sich aus der Stapelverarbeitung ergeben,
ist eine gut erforschte Herausforderung bei Sequenzierungsdaten der nichsten Gener-
ation. Geeignete Malnahmen wéhrend der Planung und Durchfiihrung eines Exper-
iments konnen zwar das Auftreten und Ausmafl von Batch-Effekten begrenzen, sind
jedoch nicht vollstdndig vermeidbar und miissen daher vor statistischen Analysen
berticksichtigt werden. Trotz der Verfiigbarkeit von Batch-Effekt-Korrekturalgorithmen
(BECA) existiert fiir Mikrobiom-Datenséitze kein umfassendes Tool, das Batch-
Korrektur und Auswertung der Ergebnisse kombiniert. Diese Arbeit skizziert die
Entwicklung der Microbiome Batch Effects Correction Suite (MBECS), die mehrere
BECAs und Bewertungsmetriken in ein Softwarepaket fiir das statistische Berech-

nungsframework R integriert.
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1 Introduction

The term microbiome (MB) was used as early as 1952 by J.L. Mohr to refer to
the microorganisms found in a particular environment [101]. The most current
definition was developed and published by a panel of experts in 2020 and described
the microbiome as a distinctive community of microbial species with innate physio-
chemical features that inhabit a specific environment [84, 149].

Thus the term microbiome refers to the genome of all the microorganisms that oc-
cupy a defined biological habitat. The interplay of microbial communities, including
bacteriome, mycobiome, and virome, with their host in symbiotic and pathogenic
relationships is significant for comprehending living organisms. Characterization of
microbial genomes opened up a new branch of research, making it feasible to char-
acterize microbial species at the functional level and generate snapshots of microbial
communities from different environments, e.g., from the gut or the skin microbiome.

As with all signal capturing processes, it is necessary to account for technical
variability. This applies to the inherent technical noise of the process, which is
commonly modeled with a normally distributed error term and variation that gets
introduced through processing in different batches. The batch effect (BE) denotes
a class of technical artifacts that emerge from collecting and processing samples in
distinct groups.

In 2014 Yue et al. published the results of a comparative analysis of gene ex-
pression between human and murine tissues. They reported significant differences
in gene expression according to organism rather than tissue type, which would chal-
lenge the applicability of murine models as a substitute for human research. An
effort to re-analyze the data by Gilad et al. uncovered that the reported signifi-
cant biological differences were the consequence of batch effects that resulted from
processing the samples in batches that reflected the host organisms [61]. This exam-
ple is a cautionary tale of the significant detrimental ramifications of disregarding

potential batch effects.
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1.1 Motivation

Bigger cohorts improve statistical power and facilitate the discovery of compara-
tively small biological effects. However, next-generation sequencing machines are
limited by the capacity of samples that can be processed in a single run. Hence,
large sample sizes usually result in a batch effect because the samples need to be
processed in multiple subsequent runs or on different machines simultaneously. As
both the availability of datasets and the cohort sizes grow in correspondence to tech-
nological development and cost reduction, the correction of Batch Effects (BE) or,

at a minimum, accounting for them in statistical analyses becomes imperative.

In next-generation sequencing applications such as whole-genome sequencing (WGS)
or whole-exome sequencing (WES), the development of batch effect correcting algo-
rithms (BECAs) has been a field of research for more than 20 years. Consequently,
a wide variety of approaches has been developed over the years, the most promi-
nent of which are 'removeBatchEffects’ and the 'ComBat’ algorithm incorporated
in the limma and sva software packages, respectively [86, 127]. As is the gen-
eral case in data analysis, the data characteristics justify the choice of processing
method to some degree, i.e., non-normal distributed data can be transformed via
log transformation to satisfy the requirements of a statistical tool. Similarly, these
characteristics modulate the results of batch correction procedures. The compo-
sitional nature of microbiome datasets limits the applicability and effectiveness of
methods due to the sparsity in the counts. As batch effect correcting algorithms
(BECA), for the most part, have been designed for micro-array experiments, their
usability for compositional data can be limited [92]. Although technically, all NGS
data is compositional, the characteristics are more prevalent in MB data. Other
factors like study design, gathered covariate data, or library sizes generate further
restrictions and opportunities for BECAs. This results in a wide variety of methods
to choose from, requirements and characteristics to consider, and the need to as-
sess the effectiveness of a method concerning the reduction of BE and preservation
of the biological effect. The motivation of this work is thus to provide the reader
with an in-depth understanding of BE generation and how to limit their emergence
during study design and execution and a toolkit, in the form of an R-package, that

facilitates the mitigation of BE.



1.2 Scientific Question

1.2 Scientific Question

The compositional nature of microbiome datasets limits the applicability and effec-
tiveness of methods due to the sparsity in the counts. As batch effect correcting
algorithms (BECA), for the most part, have been designed for micro-array experi-
ments, their usability for compositional data can be limited [92], i.e., optimization
procedures might not converge on sparse data matrices or exhibit reduced effec-
tiveness. Therefore, the research objective is twofold: first, to investigate and un-
derstand existing BECAs, and second, to find appropriate metrics to measure each

method’s improvement on particular datasets.

1.3 Previous Works

BE mitigation is an established part of bio-informatic data analysis, and a lot of re-
search effort went into developing and implementing computational methods. With
the growing accessibility and importance of layers of OMICS, e.g., microbiomics, pro-
teomics, mycobiomics, or metabolomics, the research spread from the classic tran-
scriptome and genome datasets to this new field of investigation as well. Algorithms
such as Percentile Normalization [59] have been explicitly developed for microbiome
case/control studies. In addition, several software packages and applications imple-
ment BEC workflows or incorporate a correction step in their processing pipelines.
One example is the BatchQC software that offers an interactive interface for BEC
in genomic data [94]. In addition, workflow guides such as [83] provide a valuable
resource to learn about BEs, correction methods, and a step-by-step approach to
correction and evaluation methods.

There is no comprehensive software tool concerning BE mitigation to the author’s

knowledge.

1.4 Thesis QOutline

This work aims to provide an in-depth understanding of batch effect formation and
consequences for analysis in microbiome data sets. To that end, the subsequent
Chapter 2 will present basic information on biological and technical concepts. This

comprises a discussion of biological and technical aspects of the microbiome followed
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by a short overview of developments in NGS technology and their inherent character-
istics and an outline of the required software processing steps in MB data analyses.
The chapter will close with a comprehensive description of batch effects. The con-
secutive Chapter 3 is concerned with the used materials and methods chapter will
detail the datasets used for the development of the MBECS package, introduce the
employed software and explain the respective BECAs and delve into the metrics
used for the assessment of BEs. Chapter 4 presents the developmental process and
the features of the microbiome batch effect correction suite. It can be considered
an extensive user manual. Finally, Chapter 5 will summarize the efforts made and

deliberate possible challenges and future improvements.



2 Background on Biology and Technology

In 1665, Robert Hooke improved upon the design of the microscope and was the first
to observe cells that are otherwise invisible to the naked eye. He examined a piece of
cork and found a porous structure that reminded him of ’cells’ in a monastery [70].
This achievement represents an enormous gain in the comprehension of life. It would
not have been possible without the progress in the field of optics that ultimately led
to the development of the microscope. Similarly, the accumulation of knowledge led
to the formulation of the theory of natural selection. Although in one form or an-
other, the concept of heredity was applied throughout human history, e.g., selective
breeding was used long before Hooke observed the first cells. Almost 200 years later,
Charles Darwin raised the concept of evolution to the state of a theory with his book
’On the Origin of Species’ [38]. A significant drawback of Darwinism was the lack
of an explanation for the fundamental biologic mechanism that governs heredity.
His experiments on inheritance by Mendel did not gain broad attention when he
published his findings in the book "Experiments on Plant Hybridization" in 1865
[1]. Mendel bred pea plants, observed and documented inheritance patterns, and
was able to formulate mathematical rules that describe the behavior of the observed
traits. His results implied that heredity is not acquired but a particulate mechanism
in which the parent generation passes on its traits to the children. Deoxyribonucleic
Acid, a large molecule in the nucleus of cells, was discovered by Friedrich Miescher in
1869 [35]. Albrecht Kossel managed to isolate the non-protein component of DNA,
the nucleic acid, in 1878. Chromosomes were identified as central to the hereditary
process in 1880 by Walter Sutton and Theodor Boveri [13]. It was not known yet
that DNA carries the genetic information in the form of discrete units, i.e., genes,
but this represents the advent of cytology, an effort to link cell theory and genet-
ics together. With the rediscovery of Mendel’s work in 1900, scientists focused on
establishing the biological process governing inheritance, making him the parent of
modern genetics. In 1928 Frederick Griffith published a report that detailed his dis-
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covery of a transforming principle in what is now known as Griffith’s Experiment.
He observed the transformation of a harmless bacterial strain into a pathogenic one
by incorporating cellular material of a heat-killed deadly strain into themselves [65].
This observation was the first piece of knowledge that implied DNA as the carrier
for genetic information. Although, by now, building blocks of the DNA molecule
had been identified, i.e., the nucleic acids, it was not obvious which structure the
molecule had or which, if either, part was responsible for carrying the genetic infor-
mation. Further developments in scientific methods and optical technology led to
the capture of famous photo 51, an x-ray diffraction image of highly hydrated DNA
[42, 160]. It turned out to be essential for the efforts of Francis Crick and James
Watson in establishing the first correct structural model of the DNA molecule in
1953 [148]. The molecule comprises the nitrogenous nucleobases Adenine, Thymine,
Guanine, and Cytosine, a monosaccharide called desoxyribose, and a phosphate
group. In an alternating fashion, the phosphate group forms the literal backbone of
the polynucleotide chains of the molecule together with the desoxyribose.
Deoxyribonucleic acid is a molecule that exists in every cell. In its natural form,
DNA has a double helix structure that was put into the focus of the public by Odile
Crick’s famous drawing after its discovery in 1952 [111]. In eukaryotic organisms,
the genetic information separates into chromosomes; these long strands of DNA coil
around so-called histones and are encapsulated into the cell’s core to preserve its
integrity. When James Watson and Francis Crick published their findings on the
structure of DNA in an issue of the journal Nature in 1953, they already acknowl-

edged a possible mechanism for replication.

It has not escaped our notice that the specific pairing we have postu-
lated immediately suggests a possible copying mechanism for the genetic
material [137].

They were referring to the double helix structure of two strains of nucleobases that
form covalent bonds, i.e., Adenine can only bind to Thymine and Guanine binds
exclusively to Cytosine, thus joining both sides of the double helix. Because the
binding partner of any base is restricted to a single option, both separate strains of
DNA contain the same information in reverse complement order.

This restriction means that any of the two half-strains can be used to reconstitute a

complete DNA molecule by incrementally attaching complementary deoxynucleoside



triphosphate (ANTP) molecules [144]. For cell division, all the chromosomes undergo
this process to duplicate the set of genetic information, one set for each cell created.
This process of DNA synthesis is called replication and forms the basis for cell
division during growth, aging, and the repair of damaged tissues [24].

The sequence of nucleobases on a strand of DNA carries the actual genetic code.
Functional units called genes contain the information to generate gene products
through gene expression, i.e., the translation of the genetic code into operative
products such as proteins. The set of genetic instructions is called the genome.
In human beings, the genome consists of the host DNA packaged in 23 chromosome
pairs in the center of cell nuclei and an additional chromosome that belongs to cells’
mitochondria. Human DNA consists of 3 billion base pairs and, based on current
knowledge, less than 2% contain information for generating gene products. To that
end, three successive bases form a codon which results in 64 distinct combinations.
Of the possible combinations, 60 refer to the 20 standard amino acids (AA) that
construct proteins in humans. A complex interplay of the signal encodes the 21st
AA during translation. A single codon encodes the starting point of transcription,
and the remaining three codons indicate the stopping position for an ongoing tran-
scription. The sequence of base pairs, or codons, determines the sequence of amino
acids constructed by a protein [131]. The intricacies of the relationship between AA
sequence, three-dimensional structure, and protein function are out of the scope of
this work.

An intermediary between DNA and protein synthesis is ribonucleic acid; it is
similar to DNA in that it has an alternating sugar-phosphate backbone with bases
attached to it. Other than DNA, it consists of a single strand instead of two; the
desoxyribose sugar in the backbone is substituted by ribose, and the nucleobase
thymine is replaced by uracil. A particular form, the messenger RNA (mRNA),
carries the information to the translational apparatus. The term denotes the whole
of molecules associated with biological protein synthesis. Part of the translational
apparatus is the ribosome, a macromolecular machine that forms polypeptide chains
by linking amino acids in the sequence given by a fragment of mRNA. The ribosome
is comprised of a small and a large ribosomal subunit. Both subunits are made up
of one (large) or multiple (small) ribosomal RNA (rRNA) molecules and a variety of
ribosomal proteins (r-protein). Conceptually, the ribosome is a macromolecular ma-

chine that synthesizes proteins from protein-coding sequences called genes. Transfer
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RNA (tRNA) is the third primary type and links RNA transcription, and protein
synthesis [119].

To that end, tRNA comprises an anticodon, i.e., a sequence of three nucleobases
that complement a codon that specifies a particular amino acid and an adapter
sequence that can bind to an amino acid. After transcription, the mRNA essentially
presents a series of codons that determine the order in that AAs need to be linked.
Every molecule of tRNA is specific to one type of amino acid. It can attach to the
codon that matches their anticodon, which, piece by piece, synthesizes a protein
molecule. There are many more different types of RNA, all with varying domains
and or functions, e.g., small nuclear RNA (snRNA), small nucleolar RNA (snoRNA),
microRNAs (miRNAs), or long non-coding RNA (IncRNA). The synthesis of RNA
molecules from DNA is called transcription. The mRNA serves as the template
for protein synthesis as the amino acids are aligned in the sequence of the codons
of RNA fragments. Only part of all genes is translated into proteins, in any case.
For one, part of a gene serves as an instruction set that modulates the translation,
e.g., start and stop regions that indicate the beginning and end of the sequences to
be translated. Alternatively, transcription factors that mediate the number of gene
products produced [4].

This abridged description of the evolution of biology into molecular biology in-
troduced basic concepts and terms that will be fundamental in subsequent sections.
It also illuminates a common theme in scientific progress, the relationship between
technological progress and fellow scientists’ achievements. Advancements in optical
technology facilitated the discovery of the cell. For example, the experiments on the
inheritance of a monk inspired a whole new generation of scientists more than 30
years after their completion. Furthermore, the inception of X-ray crystallography
[8] allowed for determining the actual structure of DNA. The collaborative effort
of various technological and scientific domains facilitates progress and increases the
resolution of observations. For example, biology developed sub-domains, e.g., mi-
crobiology or molecular biology, that opened up whole new fields of investigation
and radically transformed the understanding of life.

This chapter will lay out the foundation for the reader by introducing and ex-
plaining concepts and ideas concerning the main fields of biology, technology, and
computation. Section 2.1 introduces ecological microbiology as field of interest. It

will establish heritage, level of organization, and the essential vocabulary. The subse-
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quent section outlines the technological aspects of omics data, i.e., the development
and characteristics of next-generation sequencing technologies (NGS) in ecological
microbiology. Finally, these aspects will be conceptually integrated into the outline

of computational procedures required to analyze microbial data.

2.1 Microbiome

The microbiome is defined as a group of microscopic organisms that populate and
interact within a specified habitat, creating a microscopic ecosystem [84]. Because
microbes are too small to be observed by the naked eye, it required the development
of the microscope to catalyze the scientific study of these organisms. Microbiome
research developed from microbial biology due to advances in understanding the

significance of microscopic organisms.

2.1.1 Microbial biology

Micro-organism encompasses unicellular and multicellular entities in all three do-
mains of life. The domain of eukaryotes contains larger-scale multicellular organisms
such as mammals. Bacteria, and Archaea, consist exclusively of micro-organisms.
While this definition is relatively new, the idea of minuscule organisms can be traced
back to the fifth century BC, when the so-called nigodas were first mentioned in a
religious text. Still lacking the technology to observe them, the microbes were im-
plied in spreading disease by the Roman scholar Marcus Terentius Varro in the first
century BC [122]. Throughout the centuries, many more speculations were made
about tiny, living, disease-causing, and disseminating particles. Finally, in the 17th
century, in parallel to the previously outlined evolution of molecular biology, the
discovery of lenses and the resulting microscope development also facilitated the
emergence of microbial biology.

With a passion for scientific investigation, the Dutch merchant Antonie van Leeuwen-
hoek developed an interest in lens grinding and started designing and constructing
his microscopes. His inventions allowed him to observe the microscopic organisms
inhabiting mud, water, and dental plaque samples. A series of letters to the British
Royal Society meticulously details his study of the animalcules. Today, van Leeuwen-

hoek is universally accepted as the father of microbiology for discovering bacteria
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[45]. The flowering structures of molds were observed under a microscope by Robert
Hooke in 1665 and described as microscopical mushrooms.

Like any other scientific endeavor, biology requires a standardized system that
facilitates the stringent description and classification of entities based on shared
characteristics and traits to ensure stringent and repeatable experimentation and
recording. For example, the Swedish botanist Carl Linnaeus developed the binomial
nomenclature in conjunction with the Linnaean taxonomy to classify and name living
organisms [21].

A taxonomy is a set of hierarchical taxonomic ranks organized as nested categories
with increasing specificity. The categorization begins with selecting an appropriate
domain or super-kingdom, i.e., one of the three domains of the tree of life: Archaea,
Bacteria, and Eukarya, followed by the more specific kingdom. For all intents and
purposes in this work, the three previously introduced micro-organisms categories
will be considered kingdoms, i.e., bacteria, fungi, and viruses can be placed in their
respective kingdoms. Subsequent taxonomic categories are phylum, class, order,
and family; they allow more specific agglomeration and distinction of entities in a
specific kingdom. The final levels are genus and species used for naming in the
Linnaean binomial nomenclature. This naming scheme uses predominantly Latin
grammar and is composed of two parts. The first part identifies the genus, and the
second denotes the particular species. In its first iteration, the Linnaean system
only discriminated between plant and animal kingdoms. The phylogeny, i.e., the
relationship between different taxa, was inferred based on observable taxonomic
attributes that served as evidence. At the time of inception, no scientifically accepted
theory of heredity or evolution existed. Hence, these attributes were limited to
morphology, behavior, geography, and ecology. Moreover, the concept of grouping
organisms by traits and nesting them within higher-order categorization began to
produce patterns resembling the modern dendrograms of evolutionary taxonomy
[97].

With scientific progress such as the publication and wide acceptance of an evolu-
tionary theory in ’On the Origin of Species’ [38] it became necessary to specialize
these categories and expand the set of utilized characteristics. While, at the time,
the development of culturing and cloning approaches had been a huge step forward,
there remained significant limitations. They are highly labor-intensive and not re-

markably accurate identification methods [80, 82]. Technological progress in molec-

10
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ular biology facilitated further refinement due to the newfound access to metabolic
processes, immunologic setup, or DNA and RNA sequences. The discovery of the
16S rRNA gene by Carl Woese in 1977 enabled a more straightforward classification
of bacterial species and phylogenetic relatedness [52].

Ribosomal ribonucleic acid (rRNA), a form of non-coding RNA, i.e., it will not
be translated into a protein that is essential in protein synthesis [30]. The ribosome
is present in all organisms and usually organized into a small (SSU) and a large
(LSU) ribosomal subunit. In bacterial genomes, these subunits are made up of a
single rRNA molecule of roughly 1500 nucleotides in the SSU, the 16S rRNA, and
two molecules for the LSU, the 5S rRNA, and the 23S rRNA. Because the ribosome
has to fulfill the same tasks, a part of it is highly conserved, i.e., precisely the same
regardless of the bacterial species. Figure 2.1 shows a schematic depiction of the
different regions in the 16s rRNA gene. The conserved regions shown in blue are
intermingled with variable regions depicted in light blue. These variable regions

allow for phylogenetic assessments and thus facilitate taxonomic classification.

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 bp
Vi v2 V3 v4 V5 Vé v7 v8 V9

Conserved Regions: unspecific applications

Variable Regions: group or species-specific applications

Figure 2.1: Small sub-unit of the 16S rRNA gene showing intermixed conserved and
variable regions. The conserved regions can be targeted with primer
sequences in order to extract and amplify the variable regions they are
bordering. The variable regions allow for taxonomic classification up to
species level.

The 16S rRNA gene is used when sequencing bacteria and archaea [72]. Fun-
gal micro-organisms possess a region with similar characteristics, the internal tran-
scribed spacer (ITS) region located between the large and small subunits of ribo-
somal RNA genes [136]. They also occur in bacterial species but are generally not
used for identification. As with the 16S region of bacterial species, the ITS regions
serve as phylogenetic DNA markers that allow the classification of fungal taxonomy.

These approaches facilitate the identification and characterization of low abundant

11
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and non-cultivable microbial organisms among hundreds of organisms within a sin-
gle analysis, enabling the faster and more accurate study of complex microbiomes
than traditional cloning and culturing approaches. Sample multiplexing allows the
processing of multiple samples in a single run, and the semi quantification of abun-
dances enables insights into microbial ecology. Although the processing steps differ
slightly between 16S and ITS sequencing approaches, they are similar enough for
this work to focus on 16S rRNA sequencing.

The ongoing effort to improve the classification system is perhaps most apparent in
fungal taxonomy, as DN A-based investigations tend to overturn classifications based
on purely morphological features. However, genetic features conveniently integrate
into the existing classification scheme, and the Linnaean approach has proved to be
such an elegant solution to the categorization of organisms that it has become well
established in science [116]. Microbiology has developed into a large field. By now, it
could already be separated by the taxonomic kingdom of the investigated organisms,
effectively creating the fields of bacteriology, mycology (fungi), or virology. However,
historical development has shown that there will always be an overlap between this

categorization and other biological and technical sciences.

2.1.2 Applied Microbiology

Thus far, the main driving factors were medical research and food processing to a
lesser degree. Furthermore, microbes were considered singular, unsocial agents with
detrimental or beneficial effects in these contexts.

It took until the advent of the 19th century for the new scientific field to pick up
the pace. At first, the inquiries focused on single organisms’ structure and working
principles in a medical and food-related context. Historically, human populations
have used microbial organisms long before the advent of microbiology. Fermentation,
for example, denotes a biochemical process in which enzymes facilitate a chemical
change of organic substrates in an anaerobic environment. Microbes use this natu-
rally occurring procedure to produce energy in the form of adenosine triphosphate
(ATP). In food production, this characteristic is used to produce alcohol out of
sugars in the manufacturing of wine or beer. Other examples of fermented foods
include kimchi, sauerkraut, or yogurt [95]. By linking yeasts to the process of fer-

mentation [5], Louis Pasteur founded the science of studying the mechanics and

12
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applications of fermentation called zymology. The heat treatment used in the food
industry to preserve food is named after him. Pasteurization is a thermal processing
technique for food in which undesirable micro-organisms and their secreted enzymes
are deactivated to prevent or delay spoilage.

In a medical context, the prevailing concept was that of pathogenicity, i.e., specific
organisms are responsible for causing and spreading disease [23]. Medical microbiol-
ogy led to identifying several disease-causing microbial organisms, treatment options,
and revolutionary hygiene concepts.

Martinus Beijerinck investigated a contagion of tobacco plants that causes dis-
coloration of the leaves in a mosaic-like pattern. While Dimitri Ivanovsky had at-
tributed the failure to isolate the pathogen to faulty equipment, Beijerinck suggested
that it was merely too small to be captured by filtration methods commonly used to
capture bacterial species. He called it a contagious living fluid (Contagium vivum
fluidum) due to its seemingly liquid properties and is considered the discoverer of
viruses [29].

By 1884 Robert Koch had gathered tremendous insights into the development
and spread of infectious diseases and is credited as the primary contributor to germ
theory and thus the field of medical microbiology. His so-called Koch postulates
are a set of criteria based on the principle that a single micro-organism can cause
and disseminate a particular disease [146]. In addition, Koch was one of the first
scientists to grow bacterial species in a medium of nutrients [81].

Anthrax is a bacterial infection that can occur on the skin, in the lungs, in the
intestinal tract, or in the bloodstream through an injection. The symptoms are se-
vere and can lead to the patient’s death. Robert Koch was the first to identify the
bacterium Bacillus anthracis as the causal organism, and Louis Pasteur managed
to develop an effective vaccine that enabled the immunization and thus prevented
contracting the disease [17, 145]. However, in case of an existing infection, the dis-
ease can be treated with antibacterial agents called antibiotics. Incidentally, the
development of antibiotic treatments was a welcome side effect of bacterial research.
First, Paul Ehrlich identified the synthetic arsenic-derived compound salvarsan that
would bind to and destroy exclusively bacterial micro-organisms [57]. Natural reme-
dies of this type were recorded in ancient times as well. For instance, the Greeks
documented that the topic application of moldy bread can have beneficial effects

on the healing progress of wounds [28]. However, it is unlikely that the responsible
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organisms or exact mechanics were understood at the time. A lucky accident led
Sir Alexander Flemming to discover the antibacterial properties of the green mold
Penicillium chrysogenum [14, 124]. He observed how spores of the mold prevented
disease-causing bacteria in one of his culture plates from growing and postulated
that it secreted an organic antibacterial compound called penicillin. In the field of
virology, Edward Jenner managed to immunize a child against smallpox by using
inoculations of the cowpox virus [47]. This practice allowed Louis Pasteur to de-
velop a rabies vaccine [33] although, at the time, the knowledge of the structure and
operating principles of viruses was still narrow.

Considering the multitude of beneficial developments, it stands to reason that the
concept of singular microbial agents was not wrong but merely part of the picture.
For example, the conception of chemolithotrophy by Sergei Winogradsky signifi-
cantly broadened the common understanding of the role of microbes. Chemolithotro-
phy denotes a metabolic process of micro-organisms in which inorganic chemicals
are oxidized to produce energy, which is essential for soil formation of biochemical
cycling. This finding raised the question of how microbes react to their environment,
and the relationship between structure and function, i.e., microbial physiology, be-

came an increasingly important research subject [43].

2.1.3 Microbial Ecology

With the accumulation of knowledge, it became apparent that micro-organisms ex-
isted in every conceivable environment. The understanding shifted from singular
unconnected entities to interconnected networks of various microbial organisms [15].
This shift marks the advent of Microbial Ecology (ME), a field of study concerned
with the composition of microbial communities and the interactions with living and
non-living factors in the environments they inhabit [74].

The focus of research broadened from health and food-related topics. For example,
soil and water samples showed an abundance of different microbial species that
form symbiotic communities. Interestingly, the organisms did not only exist in
antagonistic relationships but also engaged in commensalism, i.e., the end-products
of a species’ metabolic process are nutrition for another group of micro-organisms
[15]. So far, the research was generally concerned with environmental samples, e.g.,

water from lakes, rivers, swamps, or soil samples. The investigations pushed the
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development of culturing techniques and research approaches as usual. However, it
turned out that micro-organisms also exist in symbiotic relationships with larger host
organisms [77]. For example, the term microbiome (MB) was first used to describe
the group of microbes found in any specified environment. Over the years, it has
also changed to encompass their metabolic processes and interactions. The most
current definition has been developed and published by a panel of experts in 2020 and
describes the microbiome as a distinctive community of microbial species with innate
physio-chemical features that inhabit a specific environment [84]. The composition
of communities in terms of present and absent species is dynamic regarding the
environmental conditions of the habitat. As a demarcation, the term microbiota
encompasses all living organisms that form the microbiome, which in itself is a
difficult distinction to make. It is commonly agreed that bacteria, archaea, fungi,
and small protists are to be considered part of the microbiome [118]. The placement
is more difficult with algae considering that this informal group contains unicellular
and large multicellular organisms. Another controversial topic is the integration of
viruses, plasmids, or other free genetic elements. Considering that bacteriophages
are essentially an environmental factor that modulates the population of bacterial
species, it seems reasonable to include viruses in microbiome studies [89].

The advent of Omics technologies has been essential in understanding the sig-
nificance of microbial organisms to life in general [50]. Genomic technologies allow
for an assembly of whole genomes, which consecutively enables the investigation
of familial relationships on a genetic level. The identification of single genes gives
insight into cellular processes. Transcriptomics makes it possible to examine the
actual composition of gene products in a sample and infer gene function [39]. More-
over, proteomics enables the study of metabolic processes through the expression
of proteins. Metabolomics allows the investigation of even smaller products in the
metabolome [41, 126]. Culturomics approaches’ ability to culture and identify var-
ious strains and species provides the knowledge necessary to distinguish bacterial
species in high throughput experiments [79].

Genome assemblies and investigation of metabolic features also allow for better
taxonomic classification and thus the distinction of species. The distinction between
entities became more specific as scientists could rely on similarities in genetic struc-
ture and metabolic pathways alike, which transformed the Linnaean system into a

reflection of evolutionary relationships among organisms [116].
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It was discovered that humans come into contact with a wide variety of micro-
organisms on a daily basis, and most of them are not disease-causing. In fact, bodies
are host to a wide variety of organisms that inhabit the different habitats our body
offers, e.g., the skin, as the largest organ, offers dry, sebaceous, and moist sites that
facilitate the growth of distinct microbial communities due to their characteristics.
For example, the mucosal microbiome is distinct in composition compared to the
microbial communities that inhabit a dry area like the skin on the elbow.

Moreover, the microbiome exists in symbiosis with the inhabited organism. For
example, the composition of bacterial, fungal, and viral species occupying the gut
help with the digestion of food and is modulated by the nutritional content [18, 107].
High sugar intake selects for different species than a high fiber diet [34].

The convolution of humans with their microbial inhabitants is so close that a
highly complex nerve cluster evolved in the gut, the vagus nerve, which coordinates
the digestion in collaboration with the microbial communities and communicates
directly with the brain [53]. The inoculation with microbial communities during
vaginal birth is of such high importance to the development of the immune system
that the differences due to caesarian section can be tracked over a lifetime [125].

Microbial communities that inhabit the skin enhance its barrier function and
prevent pathogenic organisms from colonizing the skin [20].

Concerning abundance, human cells actually make up less than half the cells in
the human body; the rest are trillions of bacteria, fungi, and viruses that are spread
throughout all tissues. Understanding this relationship gave rise to the holobiont
concept, i.e., the understanding that an organism such as a human being or a tree is
not only the composition of its inherent genetic composition but also encompasses
all the species that live within or around it. The holobiont can be considered in
terms of the meta-genome that includes all the genes that are part of this discrete
ecological unit [69, 143].

2.2 Data Generation

The ability to capture the base sequences in Deoxyribonucleic Acid (DNA) signif-
icantly impacted comprehending biological processes that govern life. The advent
of sequencing technologies unleashed a large-scale multidisciplinary effort to decode

the human genome with the promise of understanding the code of life. The Human
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Genome Project (HGP) was an international research project that set out to map all
the base pairs that make up human DNA and ultimately identify and characterize
the encoded genes in a functional context [60]. This effort took 13 years to complete
and cost about 4.6 billion dollars (value adjusted for 2022) [133].

While the project fell short - in some sense - of its initial goal to attain a complete
understanding of the processes that govern life, it yielded the first-ever produced
human genome, a reference to compare by, and the first available genotype. The
mutual effort spearheaded the development of faster, more reliable, and cheaper
methods for sequencing [135]. To understand the significance of technological devel-
opment, the reader can imagine the hardships of the first sequencing technologies.
For example, the wandering spot analysis of Gilbert and Maxam is a painstaking
and error-prone first method of sequencing that resulted in the mapping of a 24
base pair sequence [68]. A project on the human genome scale would not have been
feasible without the development of Sanger sequencing [132]. The advances also fur-
thered the development of computational approaches in genetics by necessity. The
amount of base pairs in the human genome makes analysis without the computa-
tional prowess of microprocessors infeasible. Just storing the 3billion base pairs of
the genome is challenging in any material form, not to mention actual analyses.
Therefore, the processing that is required to produce reliable results comprises error
correction methods as well.

The advent of next-generation sequencing technology opened up a new dimen-
sion in the investigation and understanding of microbial communities. The high-
throughput nature of these new technologies also reinforced the emphasis on strin-
gent experimental procedures. Although the work required to process a single sample
had been reduced significantly, the larger number of samples that could be processed
now introduced new challenges. This section is concerned with the steps that pre-
cede the analysis of microbial communities. The subsequent paragraphs will outline
the main aspects that lead to the generation of quantifiable data, from the study’s

design to the application of modern sequencing technology.
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Figure 2.2: The diagram shows the processing steps in microbiome research. After
collection, the samples are processed in the laboratory to extract the
DNA sequences and prepare for the sequencing procedure. Before the
statistical analyses, the resulting raw-data files need to undergo pre-
processing for quality control and taxonomic assignment.

2.2.1 Sampling

In a research context, the term sampling refers to the selection of a sample from
an individual as well as the collection of multiple samples that are representative of
a whole population that is of interest to the particular research effort [16]. Hence
the term sample is utilized ambiguously and can either denote a single specimen
or a sample of a larger population comprised of many specimens depending on the

context.

Sampling a subset of a population makes it feasible in terms of time and money
expenditure to perform research assuming that the procedure avoids the introduction
of biases and the sample remains representative of the underlying population. Thus
it is essential to specify the population that is supposed to be sampled in terms
of criteria relevant to the context of the research, e.g., sex, age, nutrition, lifestyle
choices, pets, alcohol consumption, and many more. An extreme example of such a
sampling bias would be a case-control study in which the diseased group comprises

male individuals, and the healthy group is made up predominantly of female subjects.
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A variety of strategies that address this issue are available and have been summarized
by Elfil et al., or Bhardwaj et al. [16, 46] among others.

The aspects of sampling that relate to this work are of a technical nature. For ex-
ample, the quality of a particular sample is affected by the environmental conditions
at the time of extraction, the used protocol, and the experience of the implementing
personnel. The amount of time that passes between extraction and further process-

ing steps or storage of samples will also influence the quality of samples [134].

2.2.2 Extraction

The collected samples need to be processed by a lab technician to prepare the tar-
geted sequencing of variable regions within the 16S ribosomal RNA gene.

The first step in sample processing is homogenization. Just like the homogeniza-
tion process in food processing, e.g., killing micro-organisms in milk to prevent it
from spoiling, one goal of these steps is to kill everything in the sample and stop it
from changing from the current state [40]. Furthermore, the particle size of the sam-
ple will be reduced and thoroughly mixed so that the content is equally distributed
within the sample [2]. This ensures that there will be no heterogeneity if the sample
is used for multiple types of analyses. Finally, in the context of molecular biology,
homogenization aims to lyse cells, i.e., break down the cell walls and membranes to
make the intracellular content accessible to the subsequent processing steps. After
this step, samples can be frozen in -80°C freezer to prevent degradation until further
processing [51].

The DNA fragments need to be separated from the fecal content, and other cellular
debris that is of no use to the analyses [49, 138]. To that end, the laboratory
uses standardized protocols and commercial kits for DNA extraction from microbial
samples. An extraction kit comprises several reagents used in a workflow of specific
processing steps and yields a cleaned-up solution of a samples’ DNA content. There
are a wide variety of these extraction kits available, and laboratories might also
implement their own protocols to achieve this task.

Adapter sequences specifically designed to attach to the conserved parts of the 165
gene, so-called primers, are added to the purified solution. Primers can be designed
and manufactured as part of the local laboratory effort, but they are also available

for purchase from commercial manufacturers. These primers are combined with
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additional barcode sequences specific to each processed sample and enable the unique
identification of each sample. The subsequent step multiplies the sequences that the
primers have tagged to create enough genetic material for the sequencing step. This
step is called amplification and employs polymerase chain reaction (PCR)[108]. A
single PCR cycle duplicates every sequence within the solution tagged with a primer,
and after multiple runs, there is enough material to continue with the sequencing
procedure. Finally, gel quantification can be used to determine whether or not

enough material has been produced [120, 138].

2.2.3 Sequencing

The previously outlined method of sample preparation refers to NGS amplicon se-
quencing. It remains to acknowledge the other two standard methods for microbiome
sequencing for completeness. For one, there is Sanger sequencing which offers pre-
cise and accurate sequencing. Due to the labor-intensive process, it is only feasible
for a small number of samples. It is a targeted sequencing method that employs
the chain termination method to determine sequences. That makes it highly sen-
sitive and comparatively simple to use but also laborious. Hence it is mainly used
to identify and confirm variants found with other less reliable methods. Amnother
approach to microbiome research is metagenome sequencing. This is an untargeted
NGS approach in which all the genetic material of a sample is sequenced. Sub-
sequent processing steps require separation from host sequences and reassembly of
genomes from the massive amount of gene fragments. In principle, this approach
provides a better overview of communal structures because it is not limited to a
particular type of organism, i.e., bacterial, fungal, or viral, but it will capture ev-
erything. Naturally, the generated amount of data is significantly larger than other
methods, and thus the processing effort is much greater. Moreover, it might be less
effective in detecting rare species and has a questionable impact on final analyses

for low abundance rare genera.

The different available technologies of NGS amplicon sequencing, how they work,
and which advantages and disadvantages they have are out of the scope of this work.
The goal is to provide the reader with a general understanding of the technical

principles behind the technology.
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Frederick Sanger first modified the mechanism facilitating DNA replication during
mitosis to enable sequencing [132]. The challenge in the replication process was to
determine which bases were attached to the template strand because the process was
too fast for any measurement method to produce accurate results. Sanger resolved
this issue by modifying the dNTPs to terminate the synthesis process. These so-
called dideoxynucleotide triphosphates (ddNTPs) would attach to a sequence but
not allow the attachment of further bases, which effectively stops the replication
process.

Assuming that a sequence of interest has already been isolated and amplified,
i.e., replicated many times by employing polymerase chain reaction (PCR), and
the strands have been broken apart. By adding a primer sequence to the mix,
it is possible to select the desired strand and enable the replication process [108].
Now create a solution of free-floating dNTPs and about 1% of dANTPs and let
the replication process commence. Next, filter out the sequences that end in a
ddNTP by using gel electrophoresis and measure the weight of these fragments. The
weight translates into the length. If this is done multiple times with four solutions
containing each type of ddNTP respectively, it is possible to reassemble the template
strand sequence.

This measuring method is highly accurate, so much in fact that it will be used to-
day to confirm sequences that have been identified with high throughput approaches.
Nevertheless, it is very time-consuming as it only allows to process approximately
3,000 bases per week, which would mean roughly 21K years to sequence the entire
human genome for a single research unit. Another limiting approach is the length of
sequences that can be processed. Because the method relies on measuring the weight
of the molecule in order to infer its length, it becomes unrelieved, i.e., produces too
many errors after a certain length. Measuring the weight difference between 1000
and 1001 bases on a molecular level is affected more by the tolerance of measuring
tools than the actual difference in weight.

The subsequently developed Next Generation Sequencing methods modified Sangers’
approach and thus achieved a much larger throughput [115]. The ddNTPs are now
tagged with fluorescent molecules that can emit light according to their type when
excited. Hence, after each synthesis cycle, the molecules are stimulated, and the
machine will take a picture that can be analyzed to identify the newly attached

bases [108]. Secondly, the termination process is reversible, which means that the
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attached sequences can be measured in one cycle, and then in the next, the repli-
cation process can continue to attach a new base. And third, the process can run
a massive amount of template sequences in parallel, which reduces both time and
cost of the sequencing process. These approaches can also process sequences from
many different samples by attaching primers with barcodes to identify and assign

sequences to their respective origin samples.

2.2.4 Sequencing Output

A sequencing run will generate a record of all measured sequences in a data file,
usually in FASTQ format. The term FASTQ denotes a text-based file format used
to store nucleotide sequences and the quality scores that correspond to each base
call. It is the format in which raw data from 16S microbiome sequencing is commonly
delivered. Each sequence is represented with four lines; the sequence header in the
first line, the sequence of base calls in the second line, a separating third line that
usually only includes a plus sign and a fourth line that contains the quality scores

corresponding to each base call.

Box 2.2.0 ASCII Code

The American Standard Code for Information Interchange (ASCII) is a bitwise
representation of characters. Initially, it was designed to use 7 bits for encoding
and the eighth one for error correction. Thus, the standard could represent
128 different states. The first 32 codes are reserved for control characters, and
the remaining ones represent printable characters, including numbers (0-9) and
the alphabet in lower- and upper-case. The extended ASCII code also uses the
eighth bit for encoding, which expands the number of characters to 256. Because
the standardized format uniquely represents characters in a single byte, it is
helpful to exchange data between different file formats, programs, and operating

systems [91].

The sequence ID in the first line is a combination of characters (string) that
uniquely identifies every sequence in the file. Everything up to the first space is
considered the sequence ID. More information can be incorporated into the first

line after the sequence ID, and the concrete format has changed with development
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Header 1 Header 2 Meaning
MO00967 M00967 Instrument ID
43 43 Run ID
000000000-A3JHG  000000000-A3JHG Flowecell 1D
1 1 Flowcell lane
1101 1101 Tile within flowcell
18327 18954 X-coordinate within tile
1699 2112 Y-coordinate within tile
1 1 Pair ID
N N Filter status
0 0 Control bits
188 189 Sample ID

Table 2.1: The table lists the meaning of positions in a FASTQ sequence header
comparing two samples that were processed in the same sequencing run.

versions. It will generally contain information about the internal filtering steps of
the sequencer as well as the multiplex code or sample IDs. Table 2.1 shows the
structure of the sequence ID.

Phred score is an estimate for base calling quality. It is encoded in a single
ASCII character and available for every base in a sequence [3, 91, 141]. The metric
represents the probability of an incorrect base call on a logarithmic scale. Phred
scores range from 0 to 93, i.e., a definitive calling error with a probability of 1 to the
improbable event of a single wrong call in more than one billion bases, but commonly

do not exceed 60.

Q =-10 loglo P

) (2.1)
P =107
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Phred ASCII Error probability Accuracy

60

10 IF 1in 10 90.0%

20 5 1 in 100 99.0%

30 ? 1 in 1,000 99.9%

40 I 1 in 10,000 99.99%

20 S 1 in 100,000 99.999%
]

1 in 1,000,000  99.9999%

Table 2.2: According to the Sanger scheme, the table shows an example of Phred
scores encoded as ASCII characters. Higher Phred values indicate a re-
duced probability for an erroneous base call at a sequence position.

2.2.5 Preprocessing

Perhaps the most critical step regarding the quality and replicability of downstream
analyses is confirming the correct assignments of sample IDs and the completeness
of the data set. The demultiplexed data, i.e., separated by sample ID after the
sequencing procedure, will be available in the form of single files. The naming
scheme of these files is dependent on the sequencing service provider and the tools
that were employed. For example, for paired-end sequencing without replications,
two files can be identified by sample ID and some binary marker related to forward
and reverse reads, e.g., R1 and R2 for forward and reverse reads, respectively. This
information needs to be matched to the sample sheet to determine whether or not
the data is complete. This step also includes checking file integrity, i.e., the gold
standard is to calculate md5 checksums and compare them to the ones that the
service provider usually provides [128]. Depending on the result, this procedure
may make it necessary to require some files or exclude specific samples from the

analyses. Once this step is concluded, the actual processing of files can begin [22].

Box 2.2.0 FASTQ file infos

Technically, it is possible to contain the complete output of any NGS sequenc-
ing run in a single file. Since every sequence can be uniquely identified by its
sequence ID, they could be extracted according to sample, lane, or flowcell.

However, due to advances in storage and processing memory, the previously
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limiting technical factors are also negligible in the modern computational envi-
ronment. Therefore, it is essentially more convenient to handle multiple single

files and deal with errors that might occur during transmission.

Pre-processing steps aim to create a set of consensus sequences in the form of
operational taxonomic units (OTUs) or amplicon sequence variants (ASVs), i.e.,
cleaned up sequences that can undergo taxonomic assignment. To that end, the

following steps need to be performed.

Quality Control

Quality control comprises the Phred score-based trimming and filtering of sequences
and the removal of chimeric sequences. Several user-defined parameters determine
whether a particular sequence remains part of the data set or will be excluded.
Stringent protocols will remove sequences containing unidentified bases, i.e., posi-
tions with an N instead of a character that refers to a nucleotide. A maximum
value for accumulated error probability may be set. For example, in the process-
ing pipeline DADA2, the sum of error probabilities needs to be smaller than the
maximally allowed error. Falling below a set minimal length can be an additional
exclusion criterion for reads.

The quality profile of a sequence, i.e., the value of Phred scores, deteriorates
with reading length. Base-calling becomes less reliable the more sequencing cycles
are performed. Hence, the confidence in the correct assignment of bases drops for
longer sequences. Therefore, reducing noise for downstream procedures is essential to
ensure reliable information, i.e., uncertainty, in the data. Sequences can be trimmed
by setting a specific cutoff for forward and reverse reads, respectively. Additionally,
it might be advisable to activate automatic truncation if the quality scores drop
below a set value for the first time.

An essential consideration for paired-end reads is the required overlap for the
merging procedure. For example, depending on the employed primer set, i.e., which
region in the 16S rRNA gene has been selected for sequencing, it might be necessary

to soften the QC parameters to retain enough sequences to merge the reads.

Eman < 1070 (2.2)
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Chimeras are erroneous sequences that are created during PCR amplification. The
artifacts are formed when an incomplete reaction allows for a free-floating fragment
instead of a single ANTP base to be attached to a partial strand. Subsequent cycles
will amplify these sequences, which can compose more than 40% of all sequences in

a mixed template environmental sample, according to NCBI [121].

Read Merging

An additional merging step is required for paired-end reads to produce a contig that
can be used in subsequent steps. It is not helpful to retain both strands of DNA
sequence since either can be inferred from the other. Hence, a contig is a consensus
sequence that results from merging both read pairs. To that end, a forward read
and the reverse complement of its’ corresponding reverse read are aligned and then
merged. The reverse complement of the reverse read is calculated because it needs to
continue the sequence of the forward read [56, 96]. Aligning means that both reads
are justified so that the bases in the overlapping part are at equal positions. There
are several advantages to paired reads. First, the resulting contig sequences can be
longer than the single reads in either direction. Secondly, the merging procedure
constitutes an additional filtering step. For the overlapping part, the base-calling
quality is calculated twice. In case of diverging calls, the strategy is to either select
the better quality or discard both reads. Thus, it is an additional level of filtering
for all pairs that can not be matched [104].

Unique Sequence ldentification

Considering all the remaining sequences as distinct species contains the risk of falsely
identifying sequencing errors as new entities. Clustering approaches were developed
to ease this potential by grouping similar sequences and selecting a consensus se-
quence. The assumption is that closely related species will have similar sequences
in targeted genes, and relative specificity can be maintained despite clustering them
together. On the other hand, agglomerating these similar sequences to find a consen-
sus sequence will mitigate the effect of sequencing errors because they represent an
insignificant amount of bases in these clusters. The resulting reference sequences are
operational taxonomic units and can be computed following three different strategies
[100].
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The de novo clustering approach computes OTUs by aligning and scoring all iden-
tified sequences. This operation is computationally expensive, creating potentially
long execution times depending on the dataset size. Because all the sequences are
part of the clustering model, the model is prone to change once the dataset has
been modified. Thus, it is necessary to repeat this step if samples are added or
removed or in case multiple sets are to be compared [12, 106]. In reference-based
clustering approaches, a database of known taxa is used as a source of targeted
gene sequences. The sequences in the data set will be compared to this reference
to generate new clusters based on the similarity threshold. The computationally
most efficient method, closed-reference clustering, will discard reads that can not be
aligned due to errors or because a matching gene sequence is not part of the refer-
ence. It is the computationally most efficient method. The unmatched reads will be
clustered with a subsequent de novo clustering step when using an open-reference
strategy. Hence, this strategy is a trade-off between the computational requirements
of de novo clustering and the mapping quality imposed by the comprehensiveness
of the reference database [27]. An issue common to all three strategies is the choice
of an appropriate threshold for sequence similarity. Using a low cutoff increases
the possibility of grouping similar species and losing the individual signals. A high
threshold can falsely identify sequencing errors as separate organisms and inflate

diversity. A commonly employed threshold for similarity is 97%.

Amplicon sequence variant (ASV) analysis is a relatively new approach that cal-
culates an error model based on all available sequences and associated reads to filter
out erroneous sequences based on significance values. Sequences are retained accord-
ing to the statistical confidence in their correctness. This approach does not require
a reference database or repeated computation due to changes in the dataset. Hence,
ASV analysis is significantly faster than OTU clustering and enables straightforward
comparison of data sets. While the choice for confidence value cutoff in this approach
still potentially risks dismissing organisms or inflating diversity, the employed sta-
tistical model does not rely on biological assumptions about sequence similarity due
to species relatedness. Thus, the ASV approach offers an advantage for the precise
characterization of microbiome samples. Regardless of the chosen approach, OTUs
and ASV alike will be compared to reference databases in order to assign a taxonomy

to the final set of sequences [2, 7].
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2.2.6 Analysis

Once the preprocessing procedure is completed, the data can be imported into the
framework for statistical analysis. In an initial exploratory step, the dataset will
undergo further quality control measures that control for unwanted variation at
the analyst’s discretion. This usually involves investigating the library sizes of the
remaining samples and removing low abundance samples. Furthermore, the data
should be tested for potential contaminants. Singleton removal is a measure to re-
duce noise by removing all features that are not present with minimal abundance
in a set number of samples. The assumption is that these sequences have no rela-
tion to the biological factor of interest and can be considered artifacts due to their
insignificant amount. Thus, these features contribute no helpful information to the
subsequent analysis steps, and their removal will reduce random noise. Part of this
process should be the assessment of potential batch effects to decide if it is necessary
to account for these factors in the subsequent analysis steps [134]. The particulars

of this procedure will be outlined subsequently in Section 2.3.

On average, human tissues express about 12000 different gene products simulta-
neously, including roughly 8000 ubiquitously found products, i.e., they are expressed
in every tissue. In statistical analyses on abundance values for gene products, the
underlying assumption is that most features will not be significantly different be-
tween groups, and only a tiny amount reflects the biological factor of interest. This
means that a subset of genes can not be found in either group. Hence the data will
contain a broadly similar abundance for all samples. This assumption is not neces-
sarily valid for microbiome data sets. Certain micro-organisms have been associated
with the distinct biomes of the human body, i.e., they are reliably found in similar
samples, but generally, there exists a higher variability in the actual composition
of communities. This is connected to host disease, nutritional and sanitary habits,
pets, age, sex, living situation, and environment. This circumstance introduces the
challenge of compositionality [92]. Let twenty genera be identified in samples A and
B, respectively. Only 10 of those genera match between these two samples, i.e., 10
out of twenty are equal while 20 distinct genera are distributed over two samples.
This circumstance creates a 30 by two matrix where one-third of the values are zero

because these entities were not found in a sample.
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The sparse compositional nature of microbiome data [117] represents a challenge
for the analysis of microbiome data. The term compositional data describes a multi-
variate dataset whose components capture an estimate of some whole. As such, the
values are constrained to be positive (including 0) and generally sum up to a fixed
value, i.e., the library size for an individual sample. This can also be conceptualized
as ratios; by dividing all values by the sum of all values, the sum constraint will
be set to 1, and values represent percentages of abundance. Additionally, it means
that the values can not vary freely. They are constrained to be positive because
something is either part of the whole or not; it cannot be represented negatively.
Secondly, this implies at least one correlation coefficient between elements to be
negative because the total sum is constrained. For example, in a two-part compo-
sition, the correlation between these two elements has to be -1 because a change in
one implicitly affects the other in the opposing direction. Essentially, every sample
cohort selected to represent a specified population is a composition. Because exper-
iments can never include every existing individual, the goal is to select a group of
individuals representing the whole population concerning any conceivable variable.
In transcriptomic datasets, each individual sample can be considered an estimate of
mRNA composition in the host’s tissue at the sampling point. The assumption is
that it is an accurate estimate of the actual composition. Naturally, the number of
possible transcripts is limited by the number of genes and respective iso-forms they
can produce. Another limiting factor is the type of tissue the sample was taken from;
the functional pathways determine the genes expressed here. With microbiome data,

this characteristic is just more pronounced [62].

2.3 Batch Effects

In electrical engineering, a signal is delineated as a quantity observable in single or
multiple dimensions. An intuitive example of a two-dimensional signal is a digital
black and white photo. The image represents an observable scene from the real
world that has been broken down into a discrete matrix of numerical values. These
values correspond to the brightness at the positions within the captured scene when
the image was taken. The image results from a signal capturing process and enables

storage, reproduction, sharing, and analysis of this scenery at a particular moment
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in time. This is commonly referred to as signal processing or, more specifically,
image processing.

Sequencing samples to determine the presence and abundance of microbial species
at the time of sampling, i.e., taking a snapshot of the microbiome’s communal com-
position, is essentially a signal capturing process. As stated in the previous sections,
it is literally an image capturing approach within the sequencing machines. After
the necessary pre-processing steps have been performed, the results that undergo
statistical analyses are conceptually very similar to a digital image. The data has
two dimensions, i.e., the feature space consisting of OTUs (or ASVs) and the sample
space made up of all the individual entities that have been sequenced. Moreover,
like an image, the sequencing data is subject to unwanted signal modification during
capture, storage, conversion, and processing. These undesired alterations of the data
are commonly referred to as noise, and since its emergence is an inherent quality of

any signal capturing process, there is a long history of dealing with it.

A particular form of noise that is more pertinent to OMICS data is the Batch
Effect (BE), a cumulative systemic error that is introduced by processing samples in
different batches. The subsequent section will elaborate on the nature and sources
of BEs and the problems they raise. Furthermore, it will outline ways to prevent

the emergence of BEs or correct the resulting variation if they are present.

In the subsequent chapters, the terms noise, error, and batch effect will be used
somewhat interchangeably, and all refer to unwanted variability as a confounding

factor that results from processing in distinct batches.

2.3.1 Sources

The notion of processing in different batches virtually extends to every conceivable
way of grouping samples and performing one or more steps of the sequencing pipeline
in separate groups. Hence the sources that introduce this particular form of noise do
not differ from any common source. An example is the technical variation introduced
by a particular sequencing machine. Every signal capturing process has an inherent
amount of uncertainty that is added to the captured signal. The manufacturers
aim to reduce this technical variation to a minimum and guarantee that it will stay

under a given threshold for every machine they produce. This variation is assumed
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exposure of the samples to sunlight [114].

Figure 2.3: The figure shows potential sources of batch effects for the previously
outlined data generation steps.

to affect all the samples homogeneously and can thus be represented with a uniform

However, the variation added to a data set will vary in different runs on the same
machine, and it will be different between groups of samples that were processed on
different machines of the same type and model. This is a technical factor that will
introduce batch effects [147]. However, the amount of variation can be exacerbated

by environmental factors at the time of processing, e.g., temperature, humidity, or
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The extraction procedure also relies on a variety of reagents for processing. For
example, it is conceivable that changing reagent batches due to empty bottles will

also introduce differences.

Some amount of variation can also be attributed to the human factor within the
processing pipeline. It is a reasonable statement that a lab technician with ten years

of work experience delivers work with higher speed and quality than an apprentice.

When implementing a new protocol for the first time, the processing time will
presumably increase with every sample. Furthermore, it is also known that the
quality of work will decline over the course of a day due to exhaustion. In the same
way, it is understood that there will be a difference in quality between two different
people that process the same type of samples with the same protocol at the same

time.

This factor relates to all processing steps starting with the harvesting of tissues.
Technical variation is introduced by a different execution of the sampling protocol,
the amount of time the samples are subject to environmental conditions or freeze and
thaw cycles for storage and processing [114]. In addition, there might be considerable

periods between the acquisition of several samples, e.g., in a time-series study.

All these factors introduce minor variations in the data, and although they are

small, they will add up and could obfuscate biological effects.

2.3.2 Challenges

Concerning the biological effect of interest, batch effects have roughly two influences
on data sets, masking and modulation. The latter occurs if the biological group,
e.g., case and control or wild-type and genetically altered mice, are processed and
sequenced separately in their respective groups. The variability that is introduced
between the biological groups will be added or subtracted from the actual biological
effect. Thus, a statistical analysis can produce over-/under-estimated values for the
significance of the examined data, which generates false positives and negatives.
Batch Effects are a confounding factor in balanced experiment designs that adds
additional noise to the data. This variability can obscure the biological difference
between groups and reduce the reproducibility as the discovered effects might result

from accumulated technical variability [48].
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Similarly, it is a limiting factor for comparing different study results. Integrating
multiple studies to gather larger data sets that offer more statistical power is a BE
problem. For example, two equivalent studies with the same design that used the
same protocols and sequencing technologies are essentially two batches that require
adjustment to present a coherent picture of the underlying biology.

For sub-populations, e.g., a proportion of either experimental group with slightly
aberrant behavior compared to the rest of the group, the BE can conceivably mask
their existence by introducing enough variability to hide them. Classification meth-
ods commonly used to identify biological markers are also affected by batch effects, as
they introduce a bias that prevents correct classification and model cross-validation

efforts.

2.3.3 Rectification

Batch Effects can be categorized into two classes, systematic and non-systematic
batch effects. Systematic BEs affect all features (OTUs) in a batch similarly, i.e.,
the variability introduced by the sequencing machine is likely to be systematic as it
relates to the technical process that does not rely on biological interactions. There-
fore, it is not as easy as adding a fixed offset to every feature in a batch, in any case.
The systematic BE can be conceptualized as a set of values that have been drawn
from similar normal distributions so that the values differ for particular features and
samples within a batch, but on average, they are comparable.

Non-systematic BEs have a heterogeneous effect on the OTUs. That means that
they do not affect all features in the same way. Moreover, some features might remain
unaffected by the batches. Others will be affected by BEs to a different degree.
Whereas systematic BEs are considered to be drawn from roughly the same uniform
distribution, the mean values for non-systematic BEs can be very different [19]. One
example of non-systematic variability is the amplification bias introduced in the
PCR step. The idea is that the present genetic material in a sample is multiplied
for the sequencing step. In principle, this can be conceptualized as increasing every
distinct sequence by some factor. In practice, a bias will be introduced throughout
multiple PCR steps because more prevalent sequences will react more often while
less abundant ones will not. This results in higher proliferation rates for already

more abundant sequences, i.e., an effect that is more prevalent in some sequences
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than others [19]. Concerning the previously outlined sources of batch effect, e.g.,
environmental conditions and reagent batches, this can introduce a non-systematic
batch effect when samples are processed some time apart or by different personnel.

Independent from the nature of Batch Effects, they need to be controlled and
accounted for to facilitate meaningful, reliable, and reproducible scientific results.
The two major approaches to mitigate batch effects are prevention and correction.

They can be considered complementary tools since neither can remove batch effects.

Prevention

It has been shown in section 2.3.1 that noise is an inherent factor in any signal
processing approach. Batch effects differ from common noise only because they
correlate with samples processing in particular sub-groups, i.e., processing batches.
Unwanted variation will inevitably be created, and therefore two pathways are es-
sential to alleviate the severity.

First is a stringent experimental protocol that minimizes the generation of un-
wanted variability. This approach relies mainly on instructing and training the
personnel at the respective sample processing steps. Instruction means cultivating
an appreciation for the detrimental effects of unwanted variation on the utility of
the generated data in general. In particular, it means educating about the factors
that lead to the emergence of batch effects. It is one thing to be well trained and
able to produce qualitative work by strictly adhering to the methods. It is another
also to be well informed about the impact of additional factors and make conscious,
considerate decisions. This aspect starts with collecting samples and might mean
that only a single person is tasked with this step. Furthermore, it holds for the rest
of the processing pipeline [134].

It is, for example, not feasible to control and document all environmental variables
for all samples. First of all, the overhead for documentation would be enormous,
and secondly, it is questionable that this information is helpful in statistical analy-
ses. Every documented environmental variable, e.g., temperature, processing time,
humidity, persons who collected the samples, and researchers who worked in the lab,
presents a new covariate in the statistical analysis and a potential new batch. Some
of these covariates can be combined to reduce the overall number, e.g., personnel

responsible for sampling and lab work can be combined into a single variable. Fi-
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nally, the newly created covariate will fractionate the data into new batches. This
combination can be performed with categorical data but is not suited for continu-
ous numerical data like temperature or humidity. The other limiting factor is that
at some point, the newly generated batches will contain very small sample sizes or
even fractionate the study into single sample batches. At that point, the collected
data becomes useless because it essentially represents that every sample is a distinct
entity.

These circumstances led to the second option for BE prevention and informed
statistical experimental design [134].

A strategy that needs to be studiously avoided is to confound batches with study
groups. From an organizational point of view, it might seem convenient to process
the samples in blocks that relate to the experimental grouping, i.e., all the case
samples are processed and sequenced in a single run and then follow the healthy
controls or other groupings that are part of an experiment. However, in this case,
the differences between the means of the groupings are entirely confounded with
their batch. Furthermore, since all the samples of one study group are aggregated
in their respective batches, there is no approach to include the batches in a mod-
eling approach that aims to control this effect. A severe example of this issue is
a published study of the Mouse Encode Consortium [168]. After sequencing and
analyzing the expression data of 10 matched tissue types from human and mouse
samples, the authors proclaimed that gene expression is more similar among tissues
within a species than between corresponding tissues of two species. This finding has
significant implications, considering the overwhelming use of mice as model organ-
isms in experimentation because it means that results from this type of experiment
are in no way transferable to humans. A re-analysis of the same data-set ascertained
that most of the tissues that belong to a particular organism had been processed
and sequenced in blocks with only some exceptions in which both species were put
into identical batches. It was, however, enough to account for these batches in the
statistical modeling and reveal that tissues of the same type are similar to each other
regardless of the species in which they originated [87].

One approach is to perform the entire experiment in a single batch. Assuming
that that entire experiment can be performed without disruption in a single day
and also processed on a single machine in one run, it would be optimal to do so

in order to reduce batch effects. However, the differences between the group mean,
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i.e., case versus controls or treatments against diseased subjects, will not be affected
by batch effects. Concerning reproducibility and comparisons between studies, it
has to be noted that the batch-treatment interaction that relates to the performing
investigator can neither be eliminated nor calculated in this design. Consequently,
the same investigator can reproduce the experiment while another person cannot do
so [87].

Another approach is to replicate the complete experimental setup with the batch.
Assuming that it is not feasible to process the complete experiment in a single batch
due to a large number of samples or some other constraint, it would be best to aim
for a balanced distribution of samples from every group under investigation in every
batch.

Correction

For existing data sets, the previously presented strategies are unavailable. In these
cases, the severity of the batch effect needs to be evaluated and accounted for if
necessary. In addition, several factors are likely to affect computational approaches
to batch effect correction.

The first factor is whether or not there is knowledge about batches, i.e., does the
covariate data include factors that account for the distribution of samples regard-
ing processing in batches. If no such information is provided, does it mean that
the samples were not processed in batches, or were batches not within the scope of
attention of the executive researchers? In the latter case, is it possible to recover
this information? For example, when dealing with raw data, it is feasible to retrieve
information about sequencing machines, their lanes, and in which runs the samples
were processed. Other factors such as environmental variables, which lab technician
processed which sample or freeze-thaw cycles are commonly not recorded and are
virtually irretrievable with an acceptable level of certainty. This ties into the next
important factor, the number, and fragmentation of batch factors. Even if it was
feasible to collect and document all variables related to the formation of batch ef-
fects, e.g., environmental variables, reagents, and personnel, it does not necessarily
mean that this would lead to a better ability to correct for bath effects. For one, the
model becomes more complex with every new variable, and it would be necessary

to evaluate and control for the impact of every single variable, which in itself pro-
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duces uncertainty. Secondly, assuming that the various collect batch factor does not
miraculously describe the same separation of samples into batches, i.e., considering
sequencing runs and processing days as separate batches, could lead to this particu-
lar situation as it is probable that there exists a strong correlation between the time
samples were processed and scheduled for sequencing. Assume three batch factors,
wet-lab staff, processing day, and reagent batches, each with two categories, i.e., two
lab technicians, T1 and T2, two days D1 and D2, and two batches of reagent Bl
and B2. There are already eight possible combinations (batches) of circumstances
that potentially introduce variability into the data for these three variables. Each
new variable potentially leads to an exponential growth in the number of batches
which also implies that the number of samples in a data set is a limiting factor in
correcting batch effects.

Next is the degree to which batch effects are confounded with the class effect. The
class effect denotes the biological effect of interest, e.g., case and control groups or
wild-type and genetically modified mice. For a well-balanced design where samples
of both groups are equally distributed over two or more batches, the impact of BEs
can be estimated for each batch. Due to the subtraction principle, the batch effect
is removed when calculating the differences between groups, i.e., differential abun-
dance. Notably, the complete symmetry of study designs is generally not commensal
with reality. Due to lack of quality, missing covariate information, or patient drop-
out, samples may be excluded. However, even a somewhat imbalanced design is
preferable to complete confounding between class and batch factor, i.e., the groups
that are implied by class and batch factor consist of precisely the same samples. In
this case, there is no way to distinguish the impact of the biological class effect from
that of the batch in any significant results [62].

The choice of upstream normalization procedure affects both the need and the
type of BECA as well. Compared to complex computational correction methods,
less severe BEs can be dealt with by variance stabilizing transformations.

Finally, the type and severity of the BEs are essential factors. However good
an algorithm performs in estimating and removing the noise attributed to batches,
it will remain an estimate with some degree of uncertainty. Systematic BEs are
somewhat insignificant in balanced designs as they cancel each other out within
batch comparisons and could, if required, be represented with a high degree of

accuracy by a uniform distributed error term in the case of less balanced designs.
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Non-systematic BEs are more complex to evaluate, i.e., which features did they
impact, are the same features impacted in the same way across all samples, is the
magnitude comparable between affected features. For lower magnitudes of impact,
it might be appropriate to apply a variance stabilizing transformation and account
for the batch by including an additive effect in the model if appropriate. Otherwise,
the error that will be introduced into the data by correcting for an uncertain model
of weak noise might be more severe than the actual batch effect [25, 110]. This can
then mask the class effect when it otherwise would have been measurable or, even
worse, exaggerate it and produce false significance.

The following challenges that need to be taken into account are concerned with
the characterization of the data set. As for statistical analyses, the dataset size
significantly impacts computational methods that aim to correct batch effects. This
relates to the number of samples and the number of features to examine. It is gener-
ally better to have a large samples-size while investigating as few distinct measured
parameters as possible. Furthermore, it increases the statistical power. The same
remains true for BE correction. A large sample size implies a large amount of infor-
mation that can be leveraged to evaluate the severity of batch effects. It probably
also indicates the presence of multiple batches seeing that, at the very least, the
sequencing machines are somewhat of a bottleneck with their limited array sizes.
However, if everything else is stringently controlled for, then it is feasible to handle
this systematic bias). Moreover, a small feature space means that only a few vari-
ables could have been affected by batch-processing; thus, the confidence in correction
methods will be higher.

The importance of good experimental design has been outlined in the previous
sections. It is worth reiterating that a good thought-out experimental design is the
most critical factor in avoiding batch effects. It is possible to prevent the emergence
of batch effects or reduce their impact by blocking nuisance variables accordingly.
Equally, the choices made while designing an experiment can make it virtually im-
possible to retrieve any meaningful results.

Another challenge is the availability of batch factors at the time of computation.
While raw data files can be investigated for information about sequencing runs,
it is almost impossible to retrieve information about nuisance variables such as
temperature, processing researcher, or processing time if these were not documented.

Although BEs can be inferred computationally, there remains an inherent biological
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heterogeneity that leads to uncertainty. This can result in masking actual biological
effects that are mistakenly removed [36]. The final challenge in dealing with BEs is
the desired goal, e.g., in integrating multiple studies, each study represents a batch.
If the goal is to train classification models, it might be more practical to train on

either batch and test on another instead of combining them.
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This chapter is concerned with the computational framework of this work. It has
been shown that the conception and implementation of experiments is a significant
contributor to the mitigation of batch effects [87]. The aim is to provide a tool
to treat datasets that contain batch effects. Naturally, the basis for this process
is formed by an analytical conception of the problem. This chapter starts with an
introduction to the modeling of data sets and the mathematical concept of variability.
Building on this foundation, the subsequent section will outline the used Batch Effect
Correcting Algorithms (BECAs) and expand on their underlying assumptions to
explain how they work. Following this, the framework for the software development
portion of this work is outlined. Finally, the chapter concludes with an introduction
to the utilized datasets.

3.1 Representing Variability

The previous chapter discussed the biological characteristics of microbiome samples,
how NGS technology can capture this signal, and the pre-processing steps required
to create a dataset of feature abundance table and covariate information that reflects
a biological system. So far, variability has been considered either as the presumed
consequence of the investigated biological factor or as a confounding technical ar-
tifact that affects the measured values. In order to allow statistical analyses and
computational processing, an analytical framework that describes datasets and the

inherent variability is required [98].

3.1.1 Model

In order to explain the system’s characteristics and study the effects of different

components, a mathematical representation, in other words, a model, is required.
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This work will employ linear modeling as it is a standard method and the basis
for most of the subsequently explained concepts. Linear models can be considered
simple equations; both sides of the equation represent different entities but have
equal value. Representing the outlined minimal data set in as a linear model results

in the following Equation 3.1.

men = /80 + /BmXpoXn + Emxn (31)

Let matrix Y represent the abundance table with |m|-rows for features in |n|-
columns corresponding to samples. This matrix contains the observed responses,
i.e., abundances as captured by the NGS procedure, presumed to result from the
equations right-hand side. The matrix X denotes the observed predictive variables
that are the factors of interest. The number of rows relates to the number of factors.
Hence, in this example, X is a one-dimensional row vector of length |n|. The actual
relation between Y and X is contained in the coefficients denoted by 3. The first
coefficient [y essentially contains the average abundance for all |m| features, i.e., a
baseline value. The second coefficient 3,,x, measures the impact of the |p| indepen-
dent variables in X on the observed abundances in Y. Finally, € is a term used to
denote normally distributed noise with zero-mean, i.e., the homogeneous variation
inherent to all signal processing procedures. In other words, describing an exper-
imental microbiome dataset as a linear model means creating an equation where
measured dependent variables on the left side of the equation result from an aver-
age abundance and the effect of a measured independent variable on the right side.
The noise term captures any additional unaccounted variability. In this framework,
matrix Y is the dependent or response variable, and matrix X is the independent or
predictive variable. This naming scheme is appreciable since the differences within
the abundance table are considered to be dependent on the effect of the factor of
interest within the sample table. Hence the assumption is that the factor of interest
can be used to predict the differences in Y. This way of modeling the data lends

itself to linear regression, where the goal is to estimate the coefficients.

This matrix notation can be easily extended to incorporate more than one ob-
served factor of interest, i.e., several biological factors that are to be investigated
by the particular study because the notation still works for values of p larger than

1. In Section 2.3 the distinction was made between variables of interest and nui-
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sance variables. The idea between this distinction is that although these variables
might be easy to capture and can have a significant impact on the observed data,
e.g., differences in sex or ethnicity are well documented to have a significant impact
in biological studies, it is not obvious which of those variables need to be part of
the final model. However, conceptually the class of nuisance variables contains all
observed additional information that is not the focus of a particular investigation.
For example, an observed batch factor will be considered a nuisance variable that

might need to be included and accounted for in the final model.

The final distinction relates to observed and unobserved factors. All the variation
in a data set that the observed independent factors can not explain is related to
one or more unobserved factors. This uncertainty can be captured by the error
term € to some degree, although the goal is to minimize this term as a considerable
degree of uncertainty implies unreliable or even faulty models. Moreover, as some
of the subsequently described algorithms aim to infer these factors from the data,
this outline will contain a specific term related to unobserved sources of unwanted
variation. These points result in the extended linear model representation shown in

Equation 3.2.

Yixn = Bo + BmXpoXn + 'YquZan + Wk Whxn + Emxn (32)

Additionally, observed covariates or nuisance variables, e.g., sex, age, gender, com-
prise the matrix Z. The unobserved factors that correspond to unwanted variation
are part of matrix W. The distinction between observed and unobserved factors is
an important one. If all the matrices were observed, this problem could be consid-
ered a standard linear regression that aims to estimate the coefficients 3, v, and
«. However, in this case, both W and « are unknown and only specified to the
point that their product should create a matrix Wan that has the exact dimen-
sions as Y and contains an offset for every feature in every sample that corresponds
to undesirable variation. The size of k, i.e., the number of unobserved factors that
correspond to the unwanted variation, is unknown as well and must be determined

before estimating W.
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3.1.2 Metrics

So far, this work referred to noise as unwanted variation that is an inevitable conse-
quence of signal capturing procedures. More specifically, in the context of molecular
biology, it is the result of the processing steps in NGS technology. The term vari-
ation is a common concept in daily life, e.g., the variability in types of cars on the
road, haircuts of co-workers, or types of flowers, and can be understood intuitively.
A more refined understanding of variation concerning data sets is presented in the

subsequent sections.

Variability

Two concepts facilitate the characterization of data sets, central tendency and vari-
ability [129]. First, let the data set contain the number of minutes spent with phys-
ical fitness activities per week for n university post-doctoral employees. Assuming
that the data represents an appropriate population sample, there will be differences
between individuals. A metric of central tendency, such as the mean (Equation 3.3),
measures how much time on average is spent on fitness by this particular sample of
individuals by summing up all data points and dividing by n. Technically, a distinc-
tion between sample- and population mean can be made. Since working with a whole
population is generally unfeasible, this work will discuss sample-related metrics.

1 n

= Z X (3.3)

n—1:*
=

Another measure of central tendency is the median shown in Equation 3.4. For an
ordered list of values X, the median will return the value in the middle of the list.
In the case of an even amount of numbers, the median is calculated as the mean of
the two most center values. This approach makes the median a more robust metric
to outliers than the mean.

= if n is odd

Med(X) = (3.4)

+X[241 . .
% if n is even

Variability measures how far the data points diverge from the central tendency of

the dataset, i.e., variance measures their dispersion around the mean of all values.
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While the central tendency can be considered a baseline value for a sample, the
variability can be thought of as an indicator of the reliability of a sample, i.e., low

variability means less uncertainty when making predictions based on the data.

Metrics for variability relevant to this work include the interquartile range (IQR)
as shown in Equation 3.5. For an ordered list, the term quartile denotes one of four
sequential blocks that contain 25% of values each. The IQR describes the spread
of values as the difference between the maximum in @3 and the minimal value in
@2. In other words, the IQR is the difference between the medians of the upper and

lower half of values.

IQR=Q3— Q1 (3.5)

The next metric is the variance which indicates the degree of spread within the
data. Computation of the variance comprises calculating the sum of the squared
distance to the mean for all values divided by the number of values as shown in
Equation 3.6. Hence, the measure of variance is expressed on a different scale than
the underlying data and is, therefore, less intuitive to interpret. However, the vari-
ance is the basis for statistical inference as it facilitates the comparison of different
groups in terms of dispersion.

2 (X —p)?

§== (3.6)

The final metric is the standard deviation (sd) which indicates how far, on average,
each value is away from the mean. Equation 3.7 shows that it is essentially the square
root of the variance and is thus given in the same units as the underlying data. The
standard deviation is consequently more intuitively interpretable than the measure

of variance.

5 — Z(Xn_/‘)z (3.7)

The previously introduced metrics are a measure for the amount of spread in a
single set of observations, i.e., one variable with multiple measurements. Let x and
y denote two vectors of |n| measurements for two distinct variables, e.g., height and

weight. The variance will quantify the degree to which either variable deviates from
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its mean value. The covariance described in Equation 3.8 is a quantitative measure

of the relationship of these changes between the two variables.

1
n—1

oley) = —— 3w — D)~ B) (3.5
=1

The covariance contains information about the linear relationship of the variables.
It is reasonable to assume a positive covariance value for the two variables, height and
weight, because a taller body relates to more bodyweight. The covariance will have
a negative value if the variables are inversely related, i.e., if x gets larger, then y will
get smaller. Moreover, in the case of absolutely no linear relationship, the covariance
between the two variables will remain at 0. This metric can be computed as a single
value for two variables or in the form of a covariance matrix for multidimensional
data. The following Equation 3.9 will calculate the square covariance matrix C' for

the mxn matrix X.

Yo (X = X) (X - X)T (3.9)

This formula will also compute the covariance between x; and itself, which default

to the variance. Thus, the matrix C is also called the variance-covariance matrix.

Principal Components Analysis

One of the significant challenges in NGS data sets is the extensive feature space,
consisting of several hundred to thousands of operational taxonomic units or ASVs,
compared to a relatively small amount of samples. A large number of data points for
each sample limits statistical power and representability. Fortunately, the concepts
that have been introduced so far give rise to a data-driven approach that can be
used to reduce the dimension of a data set while conserving most of the contained
information. The Principal Components Analysis (PCA) is an established tool in
most computational and statistical fields of study because of this property. The
procedure computes a new hierarchical coordinate system by creating new variables
through independent linear combinations of existing features in the direction of the
most extensive variation in the data. The four consecutive computational steps of

Principal Components Analysis are shown in Equation 3.10.
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Mean center:

B=X-X
Covariance:
C = Cov(B)
(3.10)
Eigendecomposition:
CV=VD

Principal Components:

T =BV

Centering each variable on its mean value is a standardization procedure that
makes the variables comparable, and the covariance matrix is a square nxn matrix
that makes the subsequent eigendecomposition possible. The eigendecomposition is
a matrix factorization that creates the matrix V of eigenvectors and vector D with
corresponding eigenvalues. The specific mathematical properties of each component
are out of the scope of this work, but they possess characteristics that are of interest

in the context of unwanted variation.

1. The eigenvectors are linear combinations of the original variables and form a
new coordinate system, i.e., they form a new variable and reduce the number

of variables required to represent the data.

2. The eigenvectors are ordered by the amount of variability in the original data
they represent, i.e., the first principal component accounts for most of the

variability, followed by the second PC, and so on.

3. The corresponding eigenvalues are proportional to the variability captured in
their respective eigenvectors. Hence, the eigenvectors represent the principal
variance components present in the data. For |n| number of features exactly

|n — 1| non-zero eigenvectors, that can form principal components, exist.
In summary, PCA transforms a set of correlated features by representing them in

the form of orthogonal unit vectors that correspond to best-fitting regression lines.

Thus, the method facilitates feature selection and dimensionality reduction.
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Singular Value Decomposition

The singular value decomposition (SVD) is the generalized form of the eigendecom-
position introduced with PCA. The general idea behind SVD is that any set of
vectors, e.g., a matrix, can be expressed in terms of the lengths of their projections
onto orthogonal axes. In contrast to the eigendecomposition, the SVD can be cal-
culated for any mxn matrix and will result in the factorization shown in Equation
3.11.

Xm><n . Van — Omxn (311)

In this representation, the data matrix X is multiplied by matrix V' of decom-
position axes, i.e., an alternative coordinate system to display X in, and S is the
projection of X in this new coordinate system. Normalizing the matrix S by dividing
the columns by their magnitude will create the following representation of Equation
3.12.

Smxn - UmeDan (312)

Here, the matrix U still contains the projection lengths onto V' but is scaled to unit
vectors, and matrix D is a diagonal matrix containing the scaling factors. With this
concept in mind, it is possible to construct the iconic representation of the singular
value decomposition as depicted in Equation 3.13.

(3.13)

_ T
Xm><n - meDanVan

This representation matrix U comprises hierarchically ordered columns called left
singular vectors. These correspond to the singular values in the diagonal matrix
D and the right singular vectors that combine into matrix V. The ordering of
these elements relates to their ability to represent the variance contained in the
original data matrix X. Three characteristics of the singular value decomposition
are relevant to this work.

The complete matrix X can be reconstructed with the product of the SVD. How-
ever, when the matrices in the SVD are truncated, i.e., only r < n columns or rows
from the respective matrices are taken, the product will compute an approxima-

tion of the original data matrix. Because the elements are ordered hierarchically
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regarding the amount of variability in X that they correspond to, this will remove
some amounts of variance depending on the value of r. It will also create the best
approximation of rank r for X, stated in the Eckard-Young theorem [44, 64].

It is also possible to set any of the column vectors of matrix U to zero and
effectively remove the associated variability in the reconstructed matrix.

Finally, the principal components analysis can be thought of as the statistical
interpretation of SVD. For example, when computing the decomposition of the mean-
centered matrix B, the principal components T' = BV are the same asT = UD. The

implementation of 'prcomp’ in R uses SVD to compute the principal components.

3.1.3 Assessment

The previously outlined metrics and procedures form the basis for ascertaining and
quantifying variation in a dataset. However, they are not suitable for distinguishing
between the biological variation associated with a factor of interest and unwanted
variation resulting from other factors. For example, when investigating the presence
of BEs or the success of batch effect correction methods, these metrics do not allow
quantifying whether the biological signal was removed as well. This limitation means
that these methods can provide strong evidence for the failure of a method but only
weak evidence for its success, i.e., in the sense that some amount of variation has
been removed.

Therefore more sophisticated approaches that can quantify and distinguish be-
tween wanted and unwanted variation are required to evaluate the quality of batch
effect correction procedures. In statistics, the coefficient of determination denoted
R? ("R squared") is the proportion of the variation in the dependent variable that

is predictable from the independent variable.

ANOVA

Analysis Of Variance (ANOVA or AOV) is a linear statistical model that allows
estimating the amount of variability attributed to known batch effects. The cate-
gorical covariates that are incorporated into the model are denoted as factors and
their categories as groups or levels. The number of factors used denominates the
type of analysis, e.g., a 1-way ANOVA uses a single factor, two factors make a 2-

way ANOVA, and so on. For a given model, the approach calculates the ratio of
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between-group variability (BGV) and within-group variability (WGV) to generate
the F-statistic that facilitates calculating significance values for the factor levels. The
employed numerical metric is the sum of squares (Equation 3.14) that will sum the
squared distances of each data-point from the groups’ mean value §g,oup for WGV
and similarly calculate the distance to the data-mean 4,4, for the BGV. Because
this method also accounts for the residual variance, i.e., the remaining variability in
the data that can not be attributed to any of the variables, the approach enables to
compute the ratio of variation that can be attributed to the used factors by scaling

each value by the total amount of variation present.

55=3 (i~ ) (3.14)
=1

If a batch factor is known, this concept makes it possible to create a linear model
of all relevant factors and estimate the percentage of variance attributable to batch
processing under the given model. For a linear model, this means fitting the factors
of interest as fixed additive effects and calculating the explained variance ratio for
each factor. This method works particularly well if the groups implied by the batch
factor are similar in size so that the estimates are reliably comparable. Contrary, if
the batch factor contains multiple levels (> 3), i.e., resulting in a smaller number of
observations per level, or the observations are disproportionately distributed between
levels, the variability estimates can become unreliable when calculated by pooling the
levels respectively [66]. A variance estimate based on two data points is potentially
not a good representation for a group as it is either an over or under-representation of
the actual value. In this situation, it can be helpful to employ a linear mixed model
that treats the batch factor as a random effect. In contrast to fixed effects, the
assumption of independence between the different levels of a factor is now replaced
by presuming that although the levels have distinct effects, they are drawn from the
same distribution of levels. This presumption enables a partial pooling or shrinkage
approach that combines the mean values for respective levels with the overall mean
for the factors. Levels that only contain a small number of observations are affected
to a more considerable degree by the overall mean, whereas more extensive groups
are less affected. These smaller groups are effectively shrunken towards the factors
mean by lending some information from the whole, which is possible due to the

assumption that the random effect has a specific but similar impact for every level.
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Because the random effects overall variance is calculated as the distance between
the level means to the factor means, as opposed to calculating the sum of squares
for every single observation, the golden rule is to have at least 5 distinct levels in a
random effect factor to produce reliable results [66].

In summary, the linear modeling approach can be used to calculate the proportion
of variance that can be attributed to covariates of interest. Based on the number
of distinct covariate levels and the distribution of observations on these levels, em-
ploying a mixed-effects model that considers some factors as random effects can be

beneficial.

Redundancy Analysis

The Redundancy Analysis (RDA), also called PCA with instrumental variables [161],
can be used to assess the amount of variation in a set of response variables Y
that can be explained by a corresponding set of explanatory variables X. As an
extension of multiple linear regression (MLR), the approach performs multiple linear
regressions for every response variable y in Y, i.e., for every feature, a model will
be fitted to the explanatory variables that can be described as § = § % X. These
vectors can be combined into a single fitted matrix Y that effectively describes the
relationship between the features in Y and the covariates in X, i.e., the amount of
variability that can be explained is constrained by the explanatory variables. The
remaining unexplained variation is contained in Y,.s = Y — Y. The second step
comprises principal components analysis on Y to reduce dimensionality and procure
an ordination in the space of the explanatory variables.

An extension to this approach is the partial RDA. The basic concept is to remove,
i.e., partial out, the effects of one or more explanatory variables from the data to
retrieve an adjusted estimate for the explained variability for the factors of interest.
The procedure compares the full model Y X + W with the matrix W containing
explanatory variables to be accounted for to the reduced model YW and considers
the difference as the model Y X cleansed from the impact of W. This method can
be utilized to extract variance components for specific variables of interest, i.e.,
variance partitioning. However, if the variables in X and W interact with each
other, i.e., they are strongly correlated, this will bias the results and might produce

untrustworthy variance components.
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Principal Variance Component Analysis

Principal Variance Components Analysis can be used to quantify batch effects. The
hybrid approach incorporates PCA and variance components analysis to assess the
magnitude of variability that each source introduces. Therefore it is a valuable tool
both prior to, and post-batch-correction procedure [88].

The basic procedure uses PCA to reduce the abundance matrix Y dimensionality
while preserving most of the contained variability. In order to compute the amount
of variability in the expression matrix that can be attributed to factors of interest,
e.g., group and batch, the procedure will fit mixed models to each PC respectively
and extract the variance components for each factor. The eigenvalues of the PCs
scale these variance components the model was fitted to, i.e., the eigenvalues denote
how much their respective principal components account for variability in Y, so they
serve as weights for the associated variance components. Finally, a ratio of explained

variance can be obtained by averaging the respective variance components.
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Preprocessed and
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Obtain the covariance/correlation matrix, and
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Figure 3.1: The PVCA workflow diagram depicts the computational steps required
to estimate variance components via principal variance components anal-
ysis. The figure is a reproduction from the book "Batch Effect and Ex-
perimental Noise in Microarray Studies" [88].
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Silhouette Coefficient

The Silhouette Coefficient (SC) is a metric that allows estimating how well a clus-
tering technique has performed [75]. For n data points that have been assigned to k
clusters by, for example, a k-means clustering approach [67, 90], the SC provides a
single numerical qualitative score in the interval I € [—1,1]. A positive value close
to one indicates a good fit of data points to the cluster, and negative values mean
that the data points have been assigned to the wrong cluster. Coeflicient values
close to zero imply overlapping clusters.

The computation of silhouette scores requires two metrics, the average within-
cluster distance shown in equation 3.15 that calculates the average distance of a

datapoint ¢ to all other points in its assigned cluster C7.

. 1 .
a(z):|01|7_1 Z d(i, j) (3.15)

JECTI#]
Equation 3.16 shows the between cluster distance for data point ¢, i.e., the dis-
similarity to other clusters in the data is defined as the distance to the center of the

nearest cluster other than C7.

. ‘ 1 .
b(i) = mmj;,g]@ Z d(i,7) (3.16)
JjeCy

These two equations can be used to compute the silhouette score for any given

point ¢ as shown in Equation 3.17.

1—ali)/b(i) if a(i) < b(s)
s(i) =40 if a(i) = b(i) (3.17)
b(i)/a(i) — 1 if a(i) > b(i)

Thus, the average silhouette score in a cluster indicates the goodness of fit for this
particular cluster, and taking the average scores for all clusters provides a metric
that helps assess the goodness of fit for the whole data set.

This approach can also be utilized to assess the relationship between independent
and explanatory variables. The assumption is that categorical factors of interest,
e.g., batch, treatment, or sex, are responsible for some amount of variability in the

data that can be observed in similar responses in samples that belong to the same
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category. Hence, each factor and its levels can be considered as clusters assigned to
the data, and silhouette scores can be computed to assess how well this clustering
fits the data.

3.2 Batch Effect Correcting Algorithms

The algorithms explained in the subsequent sections are divided into two categories,
Assessment and Correction. The algorithms in the former category are used to
estimate the significance of known batch effects for every feature in the data set and
provide significance values for downstream analyses. The latter group will compute

the impact of BEs and correct the variance directly within the abundance matrices.

3.2.1 BECA LM

The previously outlined concept for modeling a data set describes a linear modeling
approach for microbiome data. In linear models, the response variable, e.g., feature
abundance, is described as a linear combination of predictor variables, e.g., study
grouping and batch. Let X contain the factor of interest denoted by group, i.e.,
study grouping in terms of case and control group membership, and a batch vector
that denotes affiliation of samples to processing batches. The resulting naive linear

model is represented in Equation 3.18.

Y;’ = ﬁO + ﬂgroupXi,group + /BbatchXi,batch + € (318>

Where 5y denotes the intercept of the model. It can be seen as the mean value,
i.e., the average expression value for a particular gene, that would occur if there
is no input from the independent variables. The coefficient (4,0, in this example
quantifies the impact of the factor of interest, i.e., the study grouping that, in theory,
is connected to the biological effect. In the same way, Bpatcn, quantifies the impact of
batch-processing on the resulting expression. The error term g; essentially absorbs
the remaining uncertainty in this model.

This model can now be fitted to every measured gene separately to estimate the
coefficients and thereby the magnitude of impact that the modeled factors have on
the measured abundance. Every fitted model can undergo hypothesis testing to

determine the statistical significance of the factors for each feature. Because this is
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done repeatedly for many different features, the resulting values need to be adjusted
for multiple testing to prevent exaggeration of significance by testing everything
[109]. For this approach to be feasible, the batch factor is required, i.e., a covariate
that describes how samples have been processed together in distinct groups needs
to be present. If this factor is unknown, it is impossible to attribute any variation

to any particular batch.

3.2.2 Surrogate Variable Analysis

Surrogate Variable Analysis is an algorithmic approach to estimating unknown
sources of variation from the expression data. The authors [85] of the algorithm
denote the challenge of unwanted variation as expression heterogeneity and define
its characteristic as affecting subsets of features, i.e., gene expression values, in dif-
ferent ways. This definition is equal to non-systematic batch effects, as introduced
previously.

The procedure of SVA is to remove the biological factor of interest from the orig-
inal data to retrieve the residual matrix that is considered to contain the unwanted
variation. A matrix factorization of the residual matrix allows determining the axes,
i.e., the signatures of expression heterogeneity, that account for a significant propor-
tion of variability. Because the eigenvectors are constructed as linear combinations
of residual gene expression values, it is feasible to calculate the subset of driver genes.
For each of the estimated gene subsets, the algorithm will create a new covariate in
the original data space. Hence, the subsequent regression analysis can account for
the newfound sources of variability and produce cleaned-up statistical values for the

biological factors of interest.

3.2.3 Remove Unwanted Variation Il

Remove Unwanted variation 2-step (RUV-2) was developed to address the problem
of noise in microarray expression studies [54]. This approach does not require the
specification of a batch factor, i.e., an observed grouping for processing in batches.
Instead, the algorithm requires a set of negative control genes (NCG), i.e., genes
that are known to be unaffected by the biological factors of interest, to enable the
estimation of unwanted variation. The assumption is that any variation in NCGs

can be considered unwanted because it is not related to biological factors. Hence the
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algorithm uses these genes to estimate noise and incorporate it into the model. An
approach to RUV-2 in the absence of negative control variables is the estimation of
pseudo-negative controls. To that end, an L(M)M containing the factor of interest
is fitted to each feature, and the significance is calculated. Finally, the features that
are not significantly affected by treatment are considered pseudo-negative control
variables.

The underlying model of the data is identical to the previously shown model used
in SVA. For |m| samples and |n| features, the matrix Y;,x, contains the observed

abundances and is modeled as shown in Equation 3.19.

Ym><n = mXp/Ban + Zqu’Yan + mekakxn + Emxn (319>

The matrix X, corresponds to |p| observed factors of interest, i.e., one or more
biological factors that are to be investigated by the particular study. Further ob-
served covariates or nuisance variables, e.g., sex, age, gender, comprise the optional
matrix Z,,xq. The unobserved factors that correspond to unwanted variation are
contained in matrix W,, «x. Finally, €,,xn denotes the common term used to account
for remaining normally distributed noise.

In order to estimate W, the algorithm uses the established non-association of
NGCs and biological factors in X by performing calculations on a subset of the
data. Let ¢ denote the number of NGCs in the data and consequently Y.,5¢,7¢,0c, €c
describe a reduced dataset. Because the NGCs are not associated with the biological
factors in X, this means that 8. = 0, hence the model may be reduced to the

following Equation 3.20.

Y. = Zove + Weae + & (3.20)

The developers of the algorithm take care of eventual covariates in Z. by multi-
plying the equation with the residual operator Rz shown in Equation 3.21. This
approach results in Equation 3.22 that allows producing an estimate W with factor
analysis and substitute for W in the original model, which in turn allows to regress
Y and calculate a ﬁ for a model that takes the estimates for unwanted variation into

account.

Rz=1-2(Z2'2)" (3.21)
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Ryz=1-2(Z'2)" (3.22)

The unknown number of latent variation factors, i.e., k-dimension in W, remains
to be addressed. In practice, the algorithm should be executed with different choices
for k to compare the quality of the output and decide which value to choose. A more
detailed explanation of the algorithm can be found in section D of the supplementary

material to the corresponding publication [54].

3.2.4 Remove Unwanted Variation IV

Remove Unwanted Variation 4 is a refined version of RUV-2 that addresses two
problems with this original approach [54]. For one, the RUV-2 algorithm is sensitive
to the choice of k, i.e., the number of unknown factors to estimate, which warrants
an iterative approach to evaluate the algorithm’s performance for different values of
k for a particular dataset.

The new implementation provides a function that can estimate k directly from
the data. However, this function is not proven to produce optimal results. For the
second challenge, the authors borrow from the SVA algorithm proposed by Leek
and Storey [85] and remove the biological factor of interest from the model before
starting to estimate the matrix of unwanted residual factors Wy with factor analysis.
Subsequently, the algorithm will employ negative control genes to compute an esti-
mate for the remaining unwanted variation that is confounded with the biological
factor of interest and was removed in the first step. According to the authors, the
newly proposed algorithm is less sensitive to the choice of k and to violations of the
assumptions regarding negative control genes. The last aspect makes the algorithm
more applicable to data sets that can only provide pseudo-negative control genes.
The output is the same as with RUV-2.

3.2.5 Remove Unwanted Variation 11l

Remove Unwanted Variation 3 (RUV-3) is an extension of the previously outlined
versions RUV-2/4. In contrast to the other implementations, this algorithm will
return an abundance matrix that has been corrected for unwanted variation. The

procedure requires negative control features, which the developers define as a subset
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of features that is not affected by the biological effect of interest, e.g., treatment,
disease, or heritage. In the context of microbiome datasets, this requirement can be
satisfied by employing well-defined mock communities [26] as part of every batch.
The second requirement is the availability of technical replicates, i.e., a single
sample that has been processed twice, as they should, in theory, be the same, and
investigation of their dissimilarity helps estimate unwanted variation. Knowledge of
batch effects is not a requirement of this algorithm. Instead, the algorithm represents

data similar to the previously outlined linear modeling as shown in Equation 3.23.

Ym><n = mxpoXn + mekakxn + Emxn (323)

The difference in the underlying assumptions is that W corresponds to all sources
of unwanted variation, but it is unobserved, and k is unknown, as is «. This results
in a three-step approach as follows.

First, the residuals between replicate measures can be used to estimate one aspect
of unwanted variation. Second, taken in combination with the expression values of
negative controls, i.e., supposedly only affected by some degree of variation that is
not biological, this serves as the basis to estimate another component of unwanted
variation. Third, combine these estimates and subtract them from the original data.

In this approach, the user must specify the number of factors k that should be
considered sources of unwanted variation. According to the authors, the only valid
strategy to do so is to run multiple analyses with different & and determine the best
choice based on the results [102].

3.2.6 Batch Mean Centering

Batch Mean Centering (BMC) calculates the mean values for all features j according
to the respective batches k as shown in Equation 3.24 and then adjusts the data by

subtracting this value from the respective features (Equation 3.25).

1 &

Consequently, the subgroups corresponding to batches are centered on their re-
spective mean value. This procedure supposedly reduces the variation between dif-

ferent batches, but maintains the intra-batch variation, i.e., the effect of interest.
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T = Tijk — Tjk (3.25)

In the case of balanced group designs, this strategy of zero-centering will eliminate
a large proportion of the variability associated with the batch factor while keeping
the variability between groups of interest intact. However, for unbalanced designs,
the batch effects will be influenced by the uneven distribution of samples, i.e., the
group of interest introduces a bias because some predominate the composition of
samples within batches. BMC will also lower group differences and reduce statistical
power in this situation. The higher the imbalance in the dataset, the higher the
chance that the correction method will introduce spurious differences because group
and batch factors are too confounded to remove one without affecting the other.

The method has been proven to help integrate NGS gene expression data sets
from multiple studies [140]. However, in addition to the short-coming concerning
design balance and univariate estimates for variability, this method also presumes

uniformly distributed data which is rarely the case for microbiome data [110].

3.2.7 ComBat

The ComBat algorithm was initially developed for microarray expression data and
was adopted for other data types due to its ability to handle large feature spaces
in studies of small sample size [73]. The procedure employs a maximum marginal
likelihood estimator, i.e., Empirical Bayes, that leverages the information of the
complete dataset to shrink the parameter estimate for the batch factor in the direc-
tion of the overall estimated mean. This method specifically incorporates systematic

batch effects, as the underlying assumption is that all features are affected similarly.

3.2.8 Remove Batch Effects

This method was designed to remove BEs from microarray data as part of the 1imma
package. The algorithm fits the full model to the data, i.e., all relevant covariates
whose effect should not be removed and a model containing only the known BEs.
The difference between these models produces a residual matrix that presumably
contains only the full-model-effect, e.g., treatment. As of now, the mbecs-correction

only uses the first input for batch-effect grouping.
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3.2.9 Percentile Normalization

This method was developed specifically to facilitate the integration of microbiome
data from different studies/experimental set-ups. This problem is similar to the
mitigation of BEs, i.e., when collectively analyzing two or more data sets, every
study is effectively a batch on its own. The algorithm iterates over the unique batches
and converts the relative abundance of control samples into their percentiles. The
relative abundance of case samples within the respective batches is then transformed
into percentiles of the associated control distribution. The procedure assumes that
the control group is unaffected by any effect of interest, e.g., treatment or sickness,
but both groups within a batch are affected by that BE. The switch to percentiles
flattens the effective difference in count values due to batch compared to the other
batches. This also introduces the two limiting aspects of percentile normalization.
It can only be applied to case/control designs because it requires a reference group.

In addition, the transformation into percentiles removes information from the data.

3.2.10 Singular Value Decomposition

The underlying assumption of employing SVD to remove batch effects is that they
present the most prominent form of variability in the data set. This implies that
the first column of the left singular eigenvector matrix U represents the variance in
the original data matrix that can be attributed to sources of unwanted variation.
Hence, the algorithm computes the decomposition and deflates this vector before
reconstructing the cleaned-up matrix. The method does not require knowledge of
existing batch effects; it just implements the underlying assumption. It is, however,
liable to remove biological variation if not used carefully. In particular, data sets

that exhibit minimal technical variation can be negatively affected by this procedure.

3.3 R Framework

R is a framework for statistical computations and analyses that facilitates the fast
and coherent translation of ideas into usable software [123]. The framework is com-
posed of the programming language R, a runtime environment, debugging function-
ality, and the ability to access the functionality of the underlying operating system.

The interpreted language does not require a compiler to run. R is the consolidation
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of features from two programming languages, S by John Chambers and Scheme by
Gerald Sussman [71]. While the resulting language is very similar in appearance
and syntax to S, the underlying semantics is based on Scheme.

The name is derived from its creators, Ross Thaka and Robert Gentleman, who
started the project in 1991 and publicized the first version in 1993. The framework is
written in C, Fortran, and R itself. It is possible to incorporate a variety of program-
ming languages and execute them at runtime, i.e., extensions may be written in C,
C++, and Fortran; furthermore, Java, Python, or .Net can access and manipulate
R-objects.

R is no longer developed and maintained by its creators. In 1997 the R Core Group
was formed. This group of people has access to the R source code and is responsible
for the advancement, documentation, and bug fixes in R. Many contributions, e.g.,
donating code, helping in creating ports to other systems, or providing expertise
in planning further developments, have been made by community members outside
the Core Group. A point of access for these individuals or institutions is the R-
Foundation, a non-profit organization that members of the core group founded. In
addition, the foundation holds the copyright for R and supports innovations in the
framework and the field of statistical computing in general. With RStudio, a free
and open-source integrated development environment (IDE) is also provided. Over
time, the language and RStudio developed and got more functional.

Today, R is widely used, and the fast adaptation in the scientific community,
finance applications, and production environments can be attributed to several ad-
vantageous qualities of the framework. In contrast to S-Plus, R has been distributed
under a GNU license and free to use since 1995. Since it is an interpreted language,
R does not require a compiler and is cross-platform compatible, i.e., scripts written
on a Windows system can be transferred and used on Unix-like systems without

extensive modification of either code or programming environment.

Packages

An additional contributor to its success is the availability of packages that provide
a wide variety of single functions, algorithms, and complete workflows to the users.
They facilitate the ability to share functionality and data with the respective com-

munity within a standardized environment, i.e., package structure needs to follow
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specific requirements towards documentation along with directory and code struc-
ture. This requirement ensures qualitative implementations and the longevity of the
packages.

The elementary functionality of R that enables the essential programming support,
IO functionality, arithmetic, and statistical computations is contained in the base
packages, e.g., methods, stats, and utils. This group of packages is distributed
along with the R installation, and its functions are available in any R environment.
Because R is constantly maintained and further developed, well-implemented al-
gorithms ubiquitously used by the community can be incorporated into the base
packages in new versions.

Specialized software repositories provide access to additional packages. These
centralized and regulated systems can store and distribute software and additional
information, e.g., dependencies, Readme, man-pages, and enforce standards for im-
plementation. They are commonly controlled by Package-/Repository-Managers
that keep track of correct software versions and allow users to install or update
software. The official repository for R is the Comprehensive R Archive Network
(CRAN), which the developers initiated. Over 10,000 packages are stored and main-
tained here, and the R core developer group hosts it. Installing packages from this
source is one of R’s base functionalities, and it is usually the point of access for
new users. In turn, this fosters a vast community, very active in providing and
improving packages, i.e., packages provide functionality from data wrangling over
graphical representations to the implementations of established and newly developed
algorithms.

A variety of other public and private repositories exist. It is, for example, possible
to set up local servers in a production environment or intranet to limit access to a
curated list of packages. In the context of this work, of particular interest is the
Bioconductor open-source network focused on bioinformatics and omics-data anal-
yses. GitHub is not strictly a package repository for R but rather a provider of
project hosting and distributed version control functionality for every conceivable
programming language. It is a commonly used platform for collaborative software
development projects. Additionally, GitHub can be used as a source for implemen-
tations in R, i.e., single functions, workflows, and whole R packages can be made
available to end-users and complemented with additional explanations and tutorials

with github.io web-hosting.
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Programming Essentials

This work is based on the object-oriented programming (OOP) paradigm that cen-
ters software design on the representation of data rather than the implementation of
functions and logic. For example, an object can contain fields for data and is com-
monly associated with one or more functions that perform computational operations
on these fields. The fields and functions that are part of an object are specified in
a so-called class that serves as a blueprint for creating data objects. In the context
of this work, a class would define the data fields and operations that a required to

store and process the information that is part of a microbiome experiment.

Box 3.3.1 Function Example

#’ Calculate Mean of two variables

#)

#’ For two input parameters a and b, this function will
#’ return the average of both values.

#)

#’ Q@param a A numerical value.

#’ G@param b A numerical value.

#’ Q@return mean The average of input parameters a and b.
#’ Qexport

calculateMean <- function(a, b) {
mean <- (a + b) / 2

return (mean)

}

Codebox 1 shows an example for the function calculateMean(a, b) that calcu-
lates and returns the average of two input parameters a and b. The example shows
the three blocks common in the declaration of a function. First is the description
of the function that explains what it will do and also employs tags to specify input
parameters (@param), what value will be returned by the function (Qreturn), and
if this function will be visible to a potential user (Qexport). The function header,

calculateMean <- function(a, b) defines the name of the function, i.e., what
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needs to be written in order to execute it, as well as the name of the input parame-
ters for the function body. The body contains code that will be executed once the

function is called.

3.4 Data-sets

Three microbiome datasets are utilized in the subsequent chapter to outline the

functionality of the created software package.

Sponge Data

The sponge species Aplysina aerophoba produces varying amounts of brominated
alkaloids through biosynthesis in its’ tissues [130]. Sacristdn-Soriano et al. inves-
tigated the bacterial community composition in ectosome and choanosome tissues
to determine a possible association with the produced amount. They targeted the
16S rRNA gene in two types of gel in denaturing gradient gel electrophoresis, which
constitutes two batches. The authors acknowledge a batch effect between both
gel-types in the publication, with a significance value of p = 0.004 determined via
PERMANOVA. The 32 samples are distributed evenly across the sampled tissues
and over both batches, and the dataset contains 24 operational taxonomic units.
The batch effect is apparent in this data; hence it is used to visualize the package

workflow in Chapter 4.

Mouse Data

The mouse dataset was produced specifically for this project by incorporating a
deliberate batch factor into the sequencing procedure. The dataset comprises nine
unique stool samples of four female and five male B6 mice that were replicated and
sequenced at two different laboratories. The samples were taken at the animal facil-
ities in Liibeck, and the material was distributed to the sequencing facilities located
in Ploén and Liibeck. Both laboratories employed the same protocols and created
16S amplicon datasets of the targetted V3 and V4 regions. After preprocessing and
filtering steps as outlined in Section 3.4, the data includes 651 amplicon sequence

variants in 18 samples. For the purpose of this work, the sampling locations will be
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considered the batch factor, and the sex difference will serve as a biological factor

of interest.

Dog Data

The dog dataset comprises 8,390 taxa in 588 amplicon sequenced 16S samples. The
samples were taken from 46 dogs and included stool as well as 12 distinct locations
on the skin. The skin samples were processed in three batches, and the stool samples
were processed in an additional batch. This data set was kindly provided by Dr.
Axel Kuenstner and is the basis of an actual publication. The batches result from

the large number of processed samples that had to be sequenced in separate runs.

66



4 Microbiome Batch Effect Correction
Suite

The Microbiome Batch Effect Correction Suite (MBECS) was conceptualized as a
software toolbox that enables batch effect correction as well as the evaluation of the
success of correction efforts. The guiding principle for creating the software was to
make it as accessible as possible, which imposed several requirements. First of all, it
should provide access to a variety of BECAs. Secondly, the assessment of correction
success should be integrated into the package’s workflow. The last requirement
concerns the ease of use facilitated by the convenient import and export of data and
largely automated procedures.

The subsequent sections will start with an outline of the general package devel-
opment procedure, followed by a description of incorporated software packages and
their function. This information prepares the delineation of the package’s internal
structure and functioning before providing an example of the implemented work-
flow. Finally, the chapter closes with an application of the MBECS package to the

previously introduced datasets.

4.1 Implementation

The MBECS project relies on multiple other packages that provide practical means
during the development process or facilitate the creation of the package’s features.
In order to address the particular requirements and the packages that were chosen to
provide them, this section is split into five categories. The first category is concerned
with the general development procedure and the utilitarian packages that deal with
the organizational overhead. The second category introduces the software tools
essential for accessing and organizing the data within the package. Thirdly, the

computational packages provide single methods or full implementations of concepts
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required to assess and correct batch effects. The packages introduced in category
four enable the representation of results in plots and reports. Lastly, the makeup of
the MBECS package will be addressed.

Utility

The elementary steps that were performed in creating the MBECS package are de-
picted in Figure 4.1. They coincide with the general development process for R
packages that was chosen as the guideline for approaching this project. This di-
agram does not account for the organizational effort required to properly manage
a package, e.g., generating files and folders and keeping track of all utilized pack-
ages. Serendipitously, this organizational overhead is largely taken care of by the
utilitarian packages developed to facilitate fast and efficient development.

The devtools package provides a collection of functions that allow creating, test-
ing, and interacting with packages in development. It implements the ability to
install packages from their GitHub sources or selectively load local packages for
testing. Additionally, it offers the check() function that performs a suite of tests
to validate packages according to the guidelines of the CRAN repository [154].

After the initial setup, the project was configured to use GitHub as a version
control system via the interface that RStudio provides. The significant advantage
of employing GitHub in this work was the function as an online backup that fa-
cilitated the restoration of a working project state in case of a local failure, if a
programming mistake made the software unusable, or if code was lost due to hard-
ware failure. Additionally, the online repository facilitated the continued work on
a different workstation without the necessity to employ a tedious and error-prone
copying process. The inherent benefit of enabling collaborative work is mute in this
case because the project was limited to a single developer.

The two packages utils and methods provide the required tools to design a data
structure in R. The methods package is part of base R [123] and provides an interface
that allows to set up a user-defined class system. The utils package offers access to
quality of life functions that facilitate development and data handling. It can be used
to investigate and configure local packages and variables, e.g., the head() function
will show the first few lines of a data table and showMethods ("packageName") can

list all available functions in a package. In addition, it provides an interface that
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allows the use of progress bars for user-defined functions. The utils package is part
of base R [123].

After the conclusion of the project setup and design phase, the implementation
of the program’s logic began. This stage constituted the most considerable effort
as every available feature constitutes a single function within the package. The
diagram in Figure 4.1 shows that this is a repetitive stage that is comprised of the
three steps implementation, documentation, and testing.

In order to implement a new feature, it is broken down into the constituent steps
that are then written into code. For example, to create a function that can transform
feature abundances into total sum-scaled ratios, it is necessary to consider three
major steps. First, retrieve the correct abundance matrix from the input. Second,
for every sample in the matrix, divide every feature by the sum of all features for
that sample. And third, return the newly created matrix of ratios. These steps are
partitioned further until a set of appropriate atomic operations can be written into
a function body. During implementation, the recommended working routine is to
work consecutively, i.e., complete implementing one feature after another instead of
processing multiple issues at once. It is also expedient to conduct documentation
and implement tests during this process.

Documentation of the functions is meant to provide users with an outline of how
to use the interface, i.e., what are the inputs and parameters that can be controlled
and changed. The roxygen2 package provides a convenient syntax that facilitates
the documentation of functions during the process of implementation. Upon com-
pletion of the development process, these annotations are translated into a manual
that lists and describes all available functions of a software package. These so-
called man-pages can be reviewed on the Bioconductor page for the MBECS pack-
age (https://bioconductor.org/packages/release/bioc/manuals/MBECS/man/
MBECS.pdf or in the supplementary material of this work.

It is necessary to ensure the correct mode of operation for every implemented
function. That means to test if it accepts the correct input values and creates the
expected output and if the function behaves as expected in case of an error. Dur-
ing implementation, this is generally done by the programmer in a trial-and-error
fashion. While manual testing has its advantages, it is also error-prone concerning
consistent repeatability and the assessment of computational output. These limita-

tions do not apply to automated testing procedures that transfer the human-driven
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task of evaluating software into a repeatable automated process. Unit testing refers
to an automated procedure that can be developed parallel to implementing the code
and used to test correct workings while adding more functionality to the software.
This proceeding is a major benefit to developers because it allows the evaluation of
code and the process of writing it. For example, often, it becomes necessary to adjust
the design of a class or a function due to changes in the design of the software, i.e.,
the input gathered in manual testing may warrant the implementation of additional
functionality. This can profoundly impact the inner workings of the software and
change critical factors such as data formats or produced outputs in ways that are
not necessarily obvious to the developer. In these cases, the Unit tests will indicate
when the newly implemented functions will deviate from the expected behavior and
facilitate the adjustment.

The testthat package facilitates unit testing to evaluate the correct workings of
the implemented functions and class system. It is designed to be used in parallel to
the ongoing development process and integrates seamlessly with the quality control
function offered by CRAN and Bioconductor [152].

The package’s correct function and adherence to a particular software repository
guidelines were tested in the final step. Testing is integral to the software develop-
ment process because it is used to ensure error-free execution, the correctness of the
output, and the overall quality of the final product. The task can be separated into
two conceptual parts, manual and automated software testing. In manual software
testing, the application is evaluated by one or more individuals. The tester will
execute single functions and the workflows that are provided to ensure, first of all,
that they function correctly. Therefore, it is reasonable for the tester to be familiar
with the subject of the developed software, i.e., in the case of analyses of biological
samples in a script-like framework such as R, it is sensible to employ a data analyst
with intimate knowledge of the subject. This process can also serve to evaluate the

quality in terms of accessibility, functionality, and appeal.

BioConductor The package development tools required for the Bioconductor repos-
itory are grouped into three packages. BiocManager provides the package manage-
ment interface that allows to install software from Bioconductor [103]. BiocStyle
offers formatting style for package documentation that complies with the strict re-

quirements imposed by Bioconductor [112].
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Table 4.1: The table lists the utility packages that were used during software devel-

opment.
Package Description Version Repository Reference
methods Methods, Classes, and Functions 4.1.2 base [123]
utils Development Utility Functions 4.1.2 base [123]
devtools Collection of package development tools. 2.4.3 CRAN [154]
usethis Automate package and project setup tasks. 2.1.5 CRAN [157]
testthat Unit Testing for R 3.1.3 CRAN [152]
roxygen2 In-Line Documentation for R 7.1.2 CRAN [156]
BiocManager Biuoconductor Repository Access 1.30.16 CRAN [103]
BiocCheck Bioconductor-specific package checks 1.30.0  Bioconductor [113]
BiocStyle Document formatting styles 2.22.0  Bioconductor [112]

Finally, the BiocCheck package performs quality control and compliance checks
that are more extensive than for the CRAN repository [113]. The Bioconductor
repository requires contributors to adhere to a host of package requirements con-
cerning how other software is referenced, how the packages’ code is formatted to
improve readability, the completeness of documentation and unit tests, or the ad-
equate description of included datasets. The BiocCheck function will evaluate a
software package with regards to these requirements and return a report that out-
lines the package’s shortcomings to the developer for correction. The guidelines for
package submission, development, and maintenance can be reviewed on the Biocon-

ductor website under https://bioconductor.org/developers/.
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Figure 4.1: Basic steps in R package development procedure and associated tools
and software resources.
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Data Handling

The procedures implemented in the MBECS package need to access, transform and
manipulate a dataset, e.g., to calculate average abundance values for all samples and
create a bar plot that is colored by affiliation to batches or to perform a batch correc-
tion and store the results as part of the data object. Although they are distributed
in four different software packages, the subsequently outlined tools complement each
other and form a framework for data manipulation and cleaning. For example, the
tibble package [105] provides a more rigid data structure than the data.frame

class that is native to R.

Tibble implements strict requirements for successful data transformations, which
enforces more structured procedures when working with them, and this, in turn,
reduces erroneous behavior and thus increases the maintainability and longevity of
software.

The magrittr package provides the forward-pipe operator to R [10]. This operator
facilitates intuitive code writing as it evaluates the output values of an expression
and can forward them to the next operation. Writing code is essentially an activity
that requires identifying the type and order of tasks required to transform an input
into the desired output. Thus, the forward-pipe operator makes it very easy to
chain these tasks together in an organized way. This functionality reduces the time
spent on developing and implementing functionality. Moreover, it increases code
comprehensibility and, consequently, the maintainability of software projects. As

for R version 4.1, the pipe operator is also available in base R.

Table 4.2: The table lists the employed packages that facilitate the manipulation
and formatting of data.

Package Description Version Repository Reference
phyloseq Analysis of microbiome census data  1.38.0  Bioconductor [98]
tibble Simple Data Frames 3.1.5 CRAN [105]
magrittr  Forward-Pipe Operator for R 2.0.1 CRAN [10]

dplyr A Grammar of Data Manipulation 1.0.7 CRAN [155]
tidyr Tidy Messy Data 1.1.4 CRAN [153]
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Especially covariate information is rarely available in formats that facilitate out-
of-the-box analyses. These tables can exhibit missing data points, i.e., NA values
that have not been collected or result from dropouts in a study and need to be filtered
out. Maybe the desired analysis requires constructing a new variable based on the
values of an existing one, e.g., for statistical analyses, it can be helpful to create
a binned age variable that allows performing calculations on age ranges instead of
continuous values. Alternatively, it may be desirable to reorder a table by some
criterion, e.g., perform a grouping by sex prior to creating a heatmap. These tasks
are achievable with the R language but generally require long and unwieldy syntax
that can not be conveniently applied to various tasks of the same type. The dplyr
package provides a consistent set of functions that permit and streamline this type
of data manipulation. The tidyr [159] package is concerned with manipulating the
shape and hierarchical structure of a data set. Hence it offers an interface that
complements the content-driven functionality of dplyr. The tidyverse package
comprises, among others, the packages tidyr, dplyr, magrittr, and ggplot2 [158].

The phyloseq class provided by the software package of the same name allows
the storage of clustered features, metadata, and phylogenetic information [98]. It is
a commonly used package for microbiome analysis within the R framework and was

thus chosen as the foundation for the implementation of the MBECS data structure.

Statistics

Table 4.3: The table lists the software packages that provide the means for statistical
computations and the incorporated batch effect correcting algorithms.

Package  Description Version Repository Reference
stats R statistical functions 4.1.2  Base [123]
cluster Cluster Analysis Extended 2.1.2 CRAN (93]
limma Linear Models for Microarray Data 3.50.0  Bioconductor [127]
lme4 Linear Mixed Effects Model 1.1.27.1 CRAN [11]
lmerTest Tests in Linear Mixed Effects Models 3.1.3 CRAN [78]
permute  Generating Restricted Permutations of Data 0.9.5 CRAN [139]
ruv Remove Unwanted Variation using Negative Controls  0.9.7.1 CRAN [102]
sva Surrogate Variable Analysis 3.42.0  Bioconductor [86]
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The packages grouped in this section provide the means to build and evaluate sta-
tistical models or implement specific computational approaches. For example, the
stats package is part of the R core distribution that provides a host of methods for
statistical evaluation, such as analysis of variance (ANOVA), p-value adjustment for
multiple comparisons, or one and two-sample t-tests. In addition, this package com-
prises random generators for utilitarian distributions and visualization functionality

for statistical models.

The cluster package implements the computation of the silhouette coefficient
that facilitates assessing how well a set of data points fits the grouping described
by a common factor [93]. Another valuable collection of functions is the permute
package that can be used in the construction of a complex statistical model or to

provide the possible permutations of any given vector.

The linear model for microarray analysis (1imma) package is a collection of meth-
ods that provide the ability to investigate gene expression micro-array data using
linear models and assess differential expression [127]. Due to Bayesian methods,
complex designs can be analyzed while providing stable results for small sample
sizes. For the MBECS package, limma provides the removebachteffects method,
which fits a linear model comprised of batch and an arbitrary number of covariate

effects to the data and aims to remove the influence of the known batch effects.

The 1me4 package incorporates the C++ Eigen library and provides an S4 class in
R that facilitates the application of linear and linear mixed models to data sets. The
lmerTest package provides standard statistical analysis methods to evaluate the sig-
nificance of the fitted designs. To that end, it implements Satterthwaite’s degree
of freedom and the Kenward-Roger method to provide ANOVA tables and signifi-
cance values that are otherwise unavailable from limma, as well as model selection

approaches.

The ruv package implements the Remove Unwanted Variation algorithms de-
signed to adjust for unknown sources of variation such as systematic errors in high
dimensional data sets [102]. Due to the historical development of such methods,
they have been developed for microarray data but are nowadays commonly applied
to all types of high dimensional data. The package comprises, among others, the
RUV-2, RUV-3, and RUV-4 algorithms, as well as the supporting functions required

for stringent execution.
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Surrogate Variable Analysis is comprised in the sva package and can be used
to identify and mitigate sources of unwanted variation in experimental data. The
package also contains the ComBat algorithm, a Bayesian approach to removing
batch effects.

Graphics and Representation

The packages introduced in this section form the basis for the graphical represen-
tation and the reporting function that the microbiome batch effect correction suite
provides. One of the most widely used packages is ggplot2, implemented by Hadley
Wickham [151]. It has existed for more than ten years and has been used to pro-
duce millions of graphics. Following the ggplot2 concept, graphics consist of three
key components, the data to be displayed, aesthetic choices, and plot geometry.
The category of visual representation, i.e., bar plot, density plot, or histogram, are
defined in geometry, while the color and size of annotations or points can be con-
trolled with aesthetic options. The package provides a declarative syntax based on
"The Grammar of Graphics" that allows the user to build a visual representation
of provided data from a wide variety of graphical primitives. It can be applied to
represent data points in almost any conceivable form by declaring aesthetic mapping

and annotation and selecting the form of representation.

The low-level graphical functionality that enables the design and structuring of
plots in R is contained in the grid package. The package began as an add-on that
gave the user more flexibility in managing the layout of produced graphics. Since
then, it has become a part of the base R distribution, meaning that it will be installed
by default when installing R. The package provides the graphical primitives that
form the basis of ggplot2 and offers classes and functions that enable accessing
and representing a graphical object [123]. Additionally, the extension gridExtra
provides a user-level interface that allows convenient access to grid functionality
and enable the arrangement of multiple plot object with a single page as well as

drawing of table objects [9].
Although heatmaps could be created by utilizing the ggplot2 functionality, pheatmap

provides a convenient wrapping method that integrates matrix display, clustering

methods, and depiction of clustering trees into a single function [76].
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RStudio received an integration of markdown code, which enables the ability to
produce standardized reports that integrate analysis results on the fly, provides the
ability to create and use bibliographies for references, and other LaTeX features
such as formula notation. For example, an interface for the software version con-
trol system Git is part of R, and RStudio offers a graphical user interface for this
connection to the user.

Historically, markup refers to the revision process of manuscripts in which re-
viewers and editors augment the initial content of a document with comments and
suggestions for changes and adjustments. In this sense, markup is a syntax that
facilitates defining a document’s appearance and embedded content in a program-
matical way. Much like a programming language, a markup language refers to a
set of rules in a specific syntax that allows the definition of extended functionality,
are processed automatically and result in a specified output that does not contain
the actual language but a combination of plain written text and augmented con-
tent, such as graphs, pictures or formatted text. Widely known examples of markup
languages are HTML, LaTeX, and XML. They exhibit the main characteristic of a
markup language in that they allow to interweave the regular content of a document
with commands of the markup language, i.e., plain written text and instructions to
segment the text into sections or include graphics at a specific position. Other than,
for example, a WORD document, markup files need to be processed to produce the
desired output.

Pandoc is a Haskell library that can convert documents between various markup
formats. It offers no graphical user interface and can only be accessed via the
command line. It is advertised as the swiss-army-knife of markup conversion by its
developer John McFarlane. It is, for example, able to understand LaTeX style math-
ematical syntax and provides rendering functions that allow correct conversion into
HTML. It also includes capabilities for automated conversion of citations and their
respective bibliographies. Although it is not technically a part of the R language, it
is distributed with R as it provides the basis for its rendering capabilities. Pandoc
enables the creation of interactive HTML documents or LaTeX style pdf documents
from the same markdown code.

Markdown for R is an extension of the markdown syntax that facilitates the
embedding of R code blocks into a markdown formatted document. These code seg-

ments will be executed upon conversion, and the resulting output, e.g., the outcome
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Table 4.4: The table lists the software packages that enable the visual representation
of results and the generation of report documents.

Package Description Version Repository  Reference
ggplot2 Data Visualisation Using the Grammar of Graphics  3.3.5 ~CRAN [150]
gridExtra  Miscellaneous Functions for "Grid" Graphics 2.3 CRAN [9]
pheatmap  Pretty Heatmaps 1.0.12 CRAN [76]
rmarkdown  Analyze. Share. Reproduce. 2.11  CRAN [6, 165, 166]
knitr Dynamic report generation 1.38 CRAN [162-164]

of computation or a finished plot, will be integrated into the finished document.
The rmarkdown package is the library that provides the RMarkdown functionality.
It makes use of Pandoc’s ability to convert between different formats and thus pos-
sible output file types, includes the syntax and rule set defined by the RMarkdown
language, and provides the user interface to access these functionalities within R.
Whereas the file extension denotes markdown files *.md the rmarkdown files have the
* Rmd extension. Because the underlying system relies on Pandoc, it is also possible
to directly use the Pandoc syntax within Rmarkdown, making it more flexible.
The knitr package is the final piece in the puzzle that puts everything together,
i.e., referring to the process of knitting. It provides three main functions. First, the
source document will be parsed to evaluate which parts of the document have which
function, i.e., markdown code that can specify code segments or some text format-
ting, R code that requires execution, or plain text. Second is the code evaluator who
executes the identified code segments. Finally, the renderer that puts the different

segments together, i.e., performs the knitting and produces the resulting output file.

MBECS Structure

In order to enable the intended automated workflow of batch correction and compar-
ative evaluation, the packages data structure had to be able to store intermediary
results and facilitate data access and manipulation without additional user input.
The phyloseq class was chosen as starting point for the packages implementation.
The class is extended by two additional fields, named tss and clr, that can store to-

tal sum scaled and centered log ratio transformed values respectively. Two additional
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lists for the storage of assessments and corrections complete the structure of the
new MbecData class. The class diagram in Figure 4.2 shows that the MbecData
class also defines three additional function interfaces, MbecData(), MbecSetData,
and MbecGetData.

MbecData

+ otu_table <double>
+ sample_data <list>
+ phy_tree <list>

+ refseq

+ assessments <list>
+ corrections <list>

+ tss <double>

+ clr <double>

+ MbecData()
+ mbecSetData()
+ mbecGetData()

Figure 4.2: The class diagram for the MbecsData class that inherits the data fields
otu__table, sample_ data, phy_ tree, and ref seq from the phyloseq class
and extends it with the additional fields assessments and corrections for
feature significance values and batch corrected abundance tables respec-
tively. Additionally, the class defines the two fileds tss and clr to store
the respective normalizing transformations. The constructor function
MbecData() facilitates the creation of new data objects. The ability to
access and manipulate an object of class MbecData is provided by the
functions mbecSetData() and mbecGetData().

The so-called constructor MbecData() facilitates the generation of new data ob-
jects of the type MbecData. In order to make the software as user-friendly as possible,
the constructor can process inputs of class phyloseq and also a simple list that con-
tains an abundance table and some meta-information. The other two functions allow

access to and manipulate the data in an object of class MbecData. Although it is
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technically possible and straightforward to access and change data of objects in R,
the use of standardized functions is highly recommended. The reasoning is that
these functions provide regular actions that behave pre-determinedly and produce
the intended results or an error message in case of invalid input. This characteristic
is a highly desirable feature as it ensures the consistent functioning of the software
to both developers and end-users.

The public interfaces of mbecGetData and mbecSetData are shown in Codebox
1. The parameters that are shared between both functions are input.obj, type,
and label. The input.obj parameter denotes the data object the function will be
processing. The argument type determines which slot to access, i.e., the base ma-
trices for un-transformed counts "otu", total sum-scaled counts "tss", cumulative
log-ratio transformed counts "clr" and batch effect corrected counts "cor" and
assessment vectors "ass". The later two additionally require the use of the argu-
ment ’label’ that specifies the name within the respective lists of corrections and
assessments.

For the mbecSetData function, the additional parameter new.cnts is meant for a
new data matrix that is stored under the name that is given by the label parameter,
i.e., for OTU, TSS, and CLR table, the entry of the appropriate type parameter is
sufficient.

The mbecGetData function is used to retrieve any of the tables that are stored
in a MbecData object. It will always return an object containing the selected table
and the metadata, i.e., it may be used with default parameters to retrieve features
and metadata. The additional parameter ’orientation’ determines if the output has
features as columns (s x f) or if the columns contain samples (f x s). This is
mainly used to retrieve correctly oriented matrices for the different analysis and
correction functions. The parameter required.col is a vector of column names in
the metadata that is required for the analysis at hand. The function only validates
that they are present in the data, but it will return the whole meta-frame. This data
structure is the backbone of the MBECS package that serves as the central access and

storage point for all the implemented functionality.

Box 4.1.1 MbecData get and set functions
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mbecGetData (
input.obj,
orientation = "fxs",
required.col = NULL,
type = c("otu", "ass", "cor", "clr", "tss"),

label = character ()

mbecSetData (

input.obj,

new.cnts = NULL,

type = c("otu", "ass", "cor", "clr", "tss"),
label = character ()

The current stable version of the MBECS package is publicly available in the Bio-
conductor 3.15 release that was published on April 27th, 2022 [58]. A development
version of the package that reflects the ongoing development can be installed from
the GitHub repository under https://github.com/rmolbrich/MBECS.

In the released version 1.0.0, the package comprises 4787 lines of code that make
up a total of 51 functions. The interface and mechanics of these functions are
delineated in the 64-page manual that is part of the supplementary material. The
test cases contain an additional 1619 lines of code that ensure the consistent and

correct functioning of the package.

4.2 Application

The Microbiome Batch-Effect Correction Suite provides a toolkit for stringent as-
sessment and correction of batch effects in microbiome data sets. The package
implements a minimal workflow that offers a preliminary report to evaluate the ne-
cessity for batch correction, the ability to apply multiple corrections methods, and
a post-correction report that enables the comparative evaluation of effectiveness for
the employed BECAs.
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4.2.1 Workflow
Installation

The MBECS package is part of the Bioconductor repository and can thus be acquired

using the installation function provided by the BiocManager package.

Box 4.2.1 Bioconductor installation

if (!"BiocManager" %in’, rownames (installed.packages()))

install.packages ("BiocManager")

BiocManager::install ("MBECS")

A package version that incorporates the latest changes can be acquired from the
MBECS GitHub repository. Although the repository will generally contain the most
current package version, it is not guaranteed to run stable. Intermediary changes
made during the development process can produce unexpected issues and are gen-
erally fixed and acknowledged with a version bump when updating the repository
code. The devtools package provides a function that facilitates installing software
directly from GitHub. The package can be installed via the CRAN package manager
available in R by default. Then the MBECS package can be installed from GitHub

as shown in Codebox 2.
Box 4.2.2 GitHub installation

# Install from GitHub via the devtools package.
install.packages("devtools")

# This will install the MBECS package from GitHub.
devtools::install_github("rmolbrich/MBECS")

The main application of this package is microbiome data. It is common practice
to use the phyloseq [98] package for analyses of this type of data. To that end, the
MBECS package extends the phyloseq class to provide its functionality. The user

can utilize objects of class phyloseq or a list object that contains an abundance table
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and metadata. The package contains a dummy data set of artificially generated data
to illustrate this process. Loading the package with the 1ibrary(MBECS) command

will make all provided functions available to the user.

Import Data

The data() function can be used to load the provided mockup data-sets. The
dummy data-sets comprise a list that contains an abundance table and metadata
data(dummy.list), a phyloseq object data(dummy . ps), and an object of class Mbec-
Data data(dummy.mbec). The data contains artificial data for the sole purpose of
running examples and showing the package workflow.

To start an analysis, the user requires the mbecProcessInput () function. For an
input that consists of an abundance table and meta-data, both tables require sample
names as either row or column names. They must be passed in a list object with
the abundance matrix as the first element. The processing function will handle the
correct orientation and return an object of class MbecData. Because the MBECS
package inherits its data structure from phyloseq, a correctly formatted phyloseq
object can be imported without further considerations. The optional argument
required.col may be used to ensure that all covariate columns that should be there

are available. For the dummy-data these are "group", "batch" and "replicate".

Box 4.2.3 infodummy

mbec.obj <- mbecProcessInput (dummy.list,

required.col = c("group", "batch", "replicate"))

mbec.obj <- mbecProcessInput (dummy.ps,

required.col = c("group", "batch", "replicate"))

Apply transformations

The most common normalizing transformations in microbiome analysis are total sum
scaling (TSS) and centered log-ratio transformation (CLR). Hence, the MBECS
package offers these two methods. The resulting matrices will be stored in their

respective slots (tss, clr) in the MbecData object, while the original abundance table

83



4 Microbiome Batch Effect Correction Suite

will remain unchanged. Due to the sparse nature of compositional microbiome data,
the parameter offset may be used to add a small offset to the abundance matrix to
facilitate the CLR transformation. The mbecTransform() function enables to apply
total sum scaling and centered log-ratio transformations to a data-set. The type of

transformation can be chosen with the method parameter by using "tss" or "clr".
Box 4.2.4 Normalizing transformations

mbec.obj <- mbecTransform(mbec.obj, method = "tss")

mbec.obj <- mbecTransform(mbec.obj, method = "clr",
offset = 0.0001)

Preliminary report

The function mbecReportPrelim(), shown in Codebox 5, will provide the user with
an overview of experimental setup and the significance of the batch effect. To that
end, it is required to declare the covariates related to batch effect and group effect,
respectively. In addition, it provides the option to select the abundance table to
use here. The CLR transformed abundances are the default, and the function will
calculate them if they are not present in the input. Technically, the user can start
the analysis at this point because the function incorporates the functionality of the
aforementioned processing functions.

The parameter model.vars is a character vector with two elements. The first
denotes the covariate column that describes the batch effect and the second one
should be used for the presumed biological effect of interest, e.g., the group effect
in case/control studies. The type parameter selects which abundance table is to be

used "otu", "clr" and "tss".

Box 4.2.5 infodummy

mbecReportPrelim (input.obj=mbec.obj,
model .vars=c("batch", "group"), type="clr")
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Run corrections

The user can choose between assessment and correction functions according to
personal preference. The assessment functions incorporate batch effects and user-
defined models to control for unwanted variability during the computation of signif-
icance values. The abundance values will not be changed in this approach, and the
functions will return the statistical analysis results according to the selected method.
The correction methods will estimate the variability that can be attributed to batch
effects and remove it from the abundance values. This will create new data slots
that contain the corrected values for every executed method. These tables can be
evaluated for the quality of batch correction in the post-report pipeline and retrieved

by the user for further downstream analyses.

The function mbecCorrection() will apply a single correction algorithm selected
by the parameter method and return an object that contains the resulting cor-
rected abundance matrix in its cor slot with the respective name. The function
mbecRunCorrections () will apply all correction algorithms selected by the param-
eter method and return an object that contains all respective corrected abundance
matrices in the cor slot. In the example shown in Codeblock 6 all five available
methods are selected for execution. The resulting object will contain five new en-
tries named after the respective methods that created them, i.e., "ruv3", "rbe",

"me"7 "Pn", and "SVd".

Box 4.2.6 BECA

mbec.obj <- mbecCorrection (mbec.obj,
model .vars=c("batch","group"),
method = "bat", type = "clr")

mbec.obj <- mbecRunCorrections (mbec.obj,

model .vars=c("batch","group"),
method=c("ruv3","rbe","bmc","pn","svd"),
type = "clr")
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Post report

The post-correction pipeline provides the user with a comparative report for all ap-
plied correction methods. The reported sections are equal to the preliminary report.
The key difference is that the post report provides paneled plots that illustrate the
differences between uncorrected data and other correction methods. The pipeline
can be run with the mbecReportPost () function as shown in Codebox 7. The pa-
rameter model .vars is a character vector with two elements. The first denotes the
covariate column that describes the batch effect. The second should be used for the
biological factor of interest. The type parameter selects which abundance table is

to be used "otu", "clr", and "tss" for comparisons to uncorrected data.

Box 4.2.7 Run post report

mbecReportPost (input.obj=mbec.obj,
model .vars=c("batch","group"),

type="clr")

Data retrieval

Because the MbecData class extends the phyloseq class, all functions from phyloseq
can also be used. They do, however, only apply to the otu_table slot and will
return an object of class phyloseq, i.e., any transformations or corrections will
be lost. For example, to retrieve an object of class phyloseq that contains the
abundance table of corrected counts, for downstream analyses, the user can employ
the mbecGetPhyloseq() function. As before, the arguments type and label are
used to specify which abundance table should be used in the returned object.

To retrieve the CLR transformed counts, set the type parameter as it is shown in
Codebox 8. For corrected abundance matrices the type parameter needs to be set
to "cor" and the label parameter selects the chosen matrix, i.e., "bmc" for batch
mean-centered values as shown in Codebox 8. This concludes the processing pipeline
of the MBECS package.
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Box 4.2.8 Data retrieval

ps.clr <- mbecGetPhyloseq(mbec.obj, type="clr")

ps.bmc <- mbecGetPhyloseq(mbec.obj, type="cor", label="bmc")

4.2.2 Personalized Usage

Although the package provides a mostly automated processing pipeline that users of
all experience levels may use, the functions have been designed to be adjustable to
user preferences. For example, the functions used to perform analyses and produce
the plots that are part of preliminary and post-correction reports are available to
the user. A concise description of each function can be found in the packages’
documentation which can be found as part of the supplementary material.

A detailed description of the mbecHeat will be subsequently given in order to
provide an example of the additional functionality. The creation of heatmaps is
part of both reporting pipelines. It will include the top 4 most variable features of
the CLR transformed abundance table and compare them with their counterparts
in the corrected abundance tables. The function header in Codebox 9 shows the
default configuration of this function. The parameters input.obj, model.vars,
type, and label have previously been explained and fulfill the exact same purpose
in this function. Centering and re-scaling of the data prior to the generation of a
heatmap can be de-/activated via the parameters center and scale respectively.
The number of features to select for display in the plot is set with the parameter n and
the return.data parameter can be set to TRUE to circumvent the plotting function
and create a data frame that the user can utilize in their own plotting function. All
the exploratory functions, i.e., RLE, PCA, Box, Heatmap, and Mosaic, provide the
option to retrieve the data instead of a plot.

The functions for heatmap and differential expression have the additional method
parameter that allows changing the function’s behavior in three different ways. Using
"TOP" as input will generate a heatmap of top n most variable features based on
interquartile range. Setting the parameter to "ALL" will select all the features present
in the dataset. If this parameter is supplied with a vector of feature names, e.g.,
method = c("ASV1", "ASV5", "ASV101") the function will forgo any selection by
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variability or limits imposed by choice of the number of features to display and
instead use the selected feature for the plot. This functionality is available for the

mbecBox () function as well.
Box 4.2.9 Heatmap

mbecHeat (
input.obj,
model .vars = c("batch", "group"),
center = TRUE,
scale = TRUE,

method = "TOP",

n = 10,

type = "clr",

label = character (),
return.data = FALSE

Another notable example of enhanced functionality is the function that governs
the variance computation metrics. In this case, the method parameter allows choos-
ing between the different approaches for variance estimation, e.g., linear and linear
mixed model, RDA, PVCA, and silhouette coefficient. During default operation, this
function will generate the appropriate model formulas based on the variables that
have been specified with the model.vars parameter. This procedure has to follow
a somewhat generic scheme to produce reliable deterministic results and is conse-
quently limited in the complexity of the produced models. For example, if a more
complex model should be used for analysis, it can be supplied via the model.form
parameter. This will override the generic model creation and employ the specified
model for analysis. More information concerning optional inputs can be found in

the documentation of this software package.

Box 4.2.10 Variance Estimation

mbecModelVariance (

input.obj,
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model .vars character (),

method = c("1lm", "lmm", "rda", "pvca", "s.coef"),
model . form = NULL,
type = C("Otu", llclrll, lltssll, Ilassll, "COI’"),

label = character (),
no.warning = TRUE,

na.action = NULL

4.2.3 Reporting

A tedious and time-consuming task in data analyses is keeping track of the analysis
results. An experienced analyst will have an established routine that facilitates this
task, i.e., a specific structure of directories, a naming scheme for the analyses, and a
general sequence of typical analyses. However, it is still a lot of programming over-
head. The MBECS package provides two automated reporting pipelines that help
explore a dataset, assess the magnitude of batch effects, and provide comparative
metrics to evaluate the success of different BECAs. To that end, the reports a struc-
tured into three main parts a summary of the study, the visualization of selected
features, and a statistical assessment of the variance of the dataset.

Both available reports comprise the same three conceptional blocks. The prelimi-
nary report is intended to provide an overview of a dataset, decide if batch correction
is required, and inform the selection of appropriate correction methods. The prelim-
inary report will perform all the analyses on clr-transformed values unless otherwise
specified. After one or more BECAs have been applied to the dataset, a comparative
analysis between all applied methods and the uncorrected abundance values will be
produced by the post-correction report pipeline. The grouping and types of analyses
remain the same as in the preliminary reports, but now the results will be displayed

side-by-side with the different correction methods.

Study Summary

The summary section comprises a synopsis of the available metadata, i.e., collected
covariate information regarding data type, range, or the number of levels. For exam-

ple, a mosaic plot that depicts the distribution of samples concerning the biological
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factor of interest and the batch factor as shown in Figure 4.3 and an ordination plot
shown in Figure 4.4 depicts the sample clustering according to selected principal
components.

A particular form of heatmap is the mosaic plot, as shown in figure 4.3, which is
used to represent two-way tables, e.g., how samples are distributed over study groups
and batches, respectively. Although the cells are commonly color-coded as well, the

represented values are indicated by varying height and width of the individual cells.
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Figure 4.3: A mosaic plot depicting the distribution of samples by tissue and batch,
i.e., biological factor and batch factor. For this sponge dataset the sam-
ples are distributed evenly for both factors.
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Ordination plots show the clustering of data points in two or three-dimensional
coordinate systems. This form of representation can be used to show how samples
group according to distance metrics, e.g., ecological distances for the depiction of
beta-diversity, or to represent the data in principle coordinates as shown in Figure
4.4. The newly formed axes are a hierarchical ordering of the directions of the most
extensive variability in the data. An ideal tool for exploratory data analyses is

displaying how the samples are clustered in a two or three-dimensional plot.
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Figure 4.4: An ordination plot depicting the grouping of samples along the first two
principal components as well as the distribution of values over these axes.
The first principal component reflects sample separation according to
batch and the second components captures the separation due to tissue
effects.

Visualization

The following section provides more insight into the characteristics of the features.
This section includes a box plot of relative log-expression per sample in study groups

separated by samples, which helps visually assess variation in the data. The most
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variable features, according to interquartile ranges, can be displayed in the form
of heatmaps as shown in Figure 4.6 for all samples or as box plots that show the

features’ mean abundances over the respective batches shown in Figure 4.6.

Let Yy, xn be the matrix of OTU abundance, to produce the relative log expression
plot subtract from all samples their respective median of feature abundances, i.e.,
Uij = vi,j — Med(ys ;) in terms of the matrix notation. When displayed in the form
of a box plot such as in Figure 4.5 this calculation will reveal sample heterogeneity.
The general assumption with expression data is that only the expression values
of a few genes are affected by the biological factor of interest [167]. Under this
assumption, in the absence of additional sources of variation, the majority of genes
would show an average value modified by zero-mean random variation, i.e., the
RLE plot only shows the remaining noise. Because the results of mean and median
operators diverge when this assumption is broken by additional unwanted variation,
the box plots will illustrate this circumstance with a larger displacement of boxes

and pronounced differences in heights.

As such, the plot helps explore data sets for the presence of unaccounted or un-
wanted variation. It can also be utilized to assess whether a method aimed to remove
unwanted variation has worked. However, it is not a qualitative measure of the suc-
cess of such an algorithm because it is not possible to determine if the removed

variation also includes the biological signal [55].

A heatmap is a form of graphical data representation where values are color-coded
to visualize them in a two-dimensional graphic. Molecular biology, in particular,
employs cluster heatmaps to show gene expression values in a matrix layout of
colored cells. This matrix’s columns and rows are sorted, e.g., by study group and
up-or down-regulated genes, to indicate how the investigated phenomenon clusters
and varies between samples and groups. Figure 4.6 shows OTUs selected for their
high variability.

Feature differential abundance visualization technique uses box plots to show the
abundance of selected features concerning specified groups. Hence the plot can
indicate meaningful differences between study groups or batches for a particular
gene. Figure 4.7 shows a highly variable feature from an existing data-set. This
representation includes the distribution of abundance values over both groups, i.e.,

a density plot. This additional information shows whether or not both groups are
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Figure 4.5: A relative log-expression plot that shows the expression values of sam-
ples in two panels that correspond to the two investigated tissue types.
Samples are colored according to batch affiliation. The plot shows the
heterogeneous behavior of samples within and between batches, suggest-
ing that the variation can be attributed to both biological and batch
factors.

comparable or if there is a substantial mismatch, e.g., only a small subset of samples

is driving the values in either group.
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Figure 4.6: A heatmap of the expression of the 10 most variable features in the
sponge dataset.
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Figure 4.7: A box-plot that shows the average abundance values for OTU12 grouped
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variable features are shown.



4.2 Application

Variance Assessment

The third section comprises all the methods that estimate the amount of variability
that can be attributed to biological factors and batch factors, respectively. This
includes a box plot for linear mixed model fitting results and bar plots to depict
variance distribution according to partial redundancy analysis and principal variance
components analysis. And finally, the clustering quality in terms of the silhouette
coefficient (Figure 4.8).
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Figure 4.8: The figure shows the plots for variance assessment metrics as used in the
preliminary report.
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Post Correction Assessment

The post-correction report is different compared to the preliminary report in that
it provides paneled plots (Figures 4.9 and 4.10) that enable the direct comparison

between different correction methods.
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Figure 4.9: The figure shows paneled plots that compare the success of the utilized
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Figure 4.10: The figure shows paneled plots that compare the success of the utilized

BECAs with Principal Variance Components Analysis (Panel 4.10a and
Silhouette Coefficient (Panel 4.10b.
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4.3 Evaluation

4.3.1 Mouse data

The distribution of mouse samples according to biological and batch factors is de-
picted in the mosaic plot in Figure 4.11a. Samples from both sexes have been dis-
tributed equally at the two processing locations, i.e., considered as the batch factor.
The ordination plot on the first two principal components in Figure 4.11d shows a
pronounced separation of male and female samples on the first principal component
that follows a similar pattern for both processing sites. However, the separation is
more apparent in the group that was processed in Liibeck. Either of the principal
components does not represent the batch effect. The difference between the process-
ing sites is highlighted in the heatmap of the 20 most variable features depicted in
Figure 4.11c. The variables that indicate sample grouping according to batch, sex,
and replicate status at the top facilitate the comparison between duplicate samples
in either batch. It can be seen that the same ASVs have different abundances in
both batches.

All BECAs that are available in the MBECS package can be applied to the mouse
dataset. However, for the sake of argument, the sex factor is considered the reference
in percentile normalization. As stated in Section 3.2.9 one of the limiting factors of
this approach is the requirement for a two-level grouping factor in order to define a
reference level for percentiles that the other group is adjusted to, i.e., this is typically
regarded as the case-control grouping. Because the dataset comprises replicates, it is
also possible to apply the RUV-3 algorithm that incorporates the differences between
replicate samples into the estimation procedure for batch effects. The assessment
of correction effectiveness is summarized in Figures 4.12 and 4.13 that shows the
results of linear modeling (Figure ), principal variance components analysis (Figure
), partial redundancy analysis (Figure ), and silhouette coefficient (Figure ). The
modeling with a linear mixed model was left out as it offers no additional information
over the linear model due to the even distribution of samples into batches. For all
of the used metrics, the comparisons include an assessment of the uncorrected CLR

transformed data in addition to the outcomes of the employed correction algorithms.

Although the performance evaluation of BECAs, in general, is out of the scope

of this work, the two methods show particularly poor performance, evidenced by
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Figure 4.11: Panel 4.11a: Mosaic plot that shows the distribution of mouse data
samples into two batches. The biological factor is the sex difference
between the samples. The dataset contains four female and five male
samples replicated at two processing locations, i.e., considered the batch
factor. Panel 4.11b: The relative log-expression plot highlights the
sample difference according to batch. The samples are grouped by sex
and colored by batch. Because the samples are technical replicates that
have been sequenced at two different laboratories, it is apparent from
the difference in expression that this proceeding has introduced a batch
effect. Panel 4.11c: Heatmap of the most variable features. Panel 4.11d:
Principal components ordination that shows the sample clustering on
the first two PCs. The biological factor seems to be represented in PC1
for the female samples and in PC2 for the male samples. The batch

effect roughly separates the samples on a diagonal. 103
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all four applied assessment methods. For singular value decomposition, the Figures
4.12a, 4.12b, and 4.13a show no reduction in the variance that can be attributed to
the batch factor or even a slight exaggeration. Moreover, the effect of the biological
factor is shown to be reduced after the correction procedure. This notion is also
confirmed in the cluster coefficients, where the Liibeck batch shows a slightly better
clustering performance, which is adverse to the desired outcome. More importantly,
according to the biological factor, the clustering is worse and implies that important
information was lost in the correction process. This outcome is easily explained by
the algorithmic approach of SVD batch correction. Because the algorithm assumes
that the first principal component, i.e., the linear combination that reflects the most
extensive variability in the dataset, represents the batch effect. It will remove that
component from the data. It was shown in the PCA in Figure 4.11d that the first
component reflects the separation primarily according to the biological factor in any
case. Hence, the method removed parts of the biological effect.

Despite the better performance of the percentile normalization approach, the al-
gorithm still underperforms compared to the other methods. However, all of the
metrics show that the batch factor has been reduced minimally while the biological
factor was affected to a large degree. One of the shortcomings of this approach that
has been outlined in Section 3.2.9 is the loss of information due to the transforma-
tion from abundance values into percentiles. This characteristic is likely the reason
for the noticeable reduction in variability, i.e., inherent information, of the biological
factor.

The remaining methods show a good performance according to the metrics, with
RUV-3 exhibiting the best results. This algorithm is the only one that utilizes
replicate samples in its correction approach. Since both batches essentially con-
tain replicate samples, it is reasonable to expect an excellent performance of this
algorithm.

The mouse dataset is a practical tool for the testing of the MBECS package due to
the implicit batch effect introduced by separate processing sites and the two-level
biological factor. The outlined analyses show the package’s utility in assessing and

correcting batch effects.
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Figure 4.12: The figure shows paneled plots that compare the success of the utilized

BECAs in the mouse dataset with a linear model (Panel 4.12a and
Principal Variance Components Analysis (Panel 4.12b.
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Figure 4.13: The figure shows paneled plots that compare the success of the utilized
BECASs in the mouse dataset with Redundancy Analysis (Panel 4.13a
and Silhouette Coefficient (Panel 4.13b.
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4.3.2 Dog Data

The dog dataset is an example of an existing study that shows an outstanding design.
The dataset comprises microbial communities from 12 different sampling locations
on the skin as well as a set of stool samples. The mosaic plot in Figure 4.14 show the
sample grouping according to batch and location. It can be seen that the design of
the study takes batch processing into account and aims to process samples according
to their sampling location. Thus, the samples for each location were processed in a
single run or equally distributed across two different batches at most. Performing the
sample processing in batches related to the sampling location is a sensible decision
because due to the different conditions that each location provides, the sites are not
comparable. For example, if the samples were distributed across all batches without
consideration of the compositional differences inherent to the sampling sites, this
would simultaneously introduce the potential need for batch correction and limit
the effectiveness of such procedures as fewer samples deliver information concerning
a particular batch respectively. This is a result of the requirement to correct for
potential batch effects according to their sampling site. The locations that have
been processed in two batches, such as elbow, or flank, all exhibit high quality and
no apparent need for batch correction procedures. The respective reports are part

of the supplementary material.

Apart from presenting an excellent example of a study that limits the emergence
of batch effects by appropriately grouping samples, this dataset can also serve as an
example that outlines the inappropriateness of comparing different sampling sites.
These body sites represent biomes with particular environmental conditions that
are advantageous for some organisms and detrimental to others. This implies a
difference in communal composition that renders distinct body sites incomparable.

Within the scenario of a clinical study, it is conceivable that it is considered to
pool different sampling locations for analysis, e.g., to improve the statistical power of
a study by incorporating more samples. The argument would be that the sampling
sites might be treated as two different studies that must be integrated. Thus it is
feasible to consider them as batches and perform a batch correction prior to the
statistical analyses.

To illustrate the error of this assumption, consider the following scenario where the

dataset has been reduced to contain only samples from the locations "abdomen" and
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"stool". It is reasonable to argue that these habitats will present different communal
compositions. For example, figure 4.15 shows the PCA on a subset of the dog dataset
that comprises stool and abdomen samples of diseased and healthy subjects. The
plot shows a distinct separation according to the sampling site, which, in this case,
may also be considered the batch effect due to the processing in different batches.

Applying the batch correcting algorithms to this subset of samples is straight-
forward. The location is considered the batch factor, and the biological factor
includes healthy and diseased samples. In contrast to the mouse, dataset RUV-
3 is not applicable due to the lack of replicate samples. The assessment results
for the effectiveness of the BECAs is shown in the four panels of Figures 4.16 and
4.17. Batch mean centering and RBE seemingly show good performance by reducing
batch-related variability to about point two percent while the effect of the biological
factor increases. Although the SVD approach performs worse than the former two
algorithms, it reduces the batch variability significantly for this dataset. The PCA
ordination in Figure 4.15 showed that the first principle component captured the
majority of the location differences. Hence, it is reasonable that SVD performs well
in reducing this effect. Notable in this comparison is the performance of ComBat,
which removes not only the batch effect but also the biological factor, which is re-
flected in all applied metrics. Another curiosity is the inflation of variance that is
attributed to the interaction of batch and biological factors despite the reduction of
the batch effect shown in the results of the PVC analysis in Figure 4.16b.

The subsequent figures investigate both locations as separate datasets in order to
shed light on this issue. The principal components ordination in Figures 4.18a and
4.18b naturally show a less clear separation, seeing that the biological factor is the
distinguishing parameter now.

Panels 4.19a and 4.19b show the linear model estimates for variance attributable
to the grouping factor in abdomen and stool samples respectively. Panels 4.19¢ and
4.19d show the results of the Principal Variance Components Analysis for the biolog-
ical factor in both sampling sites. For both methods, the estimates are higher than
the respective analyses for the combined dataset, which indicates that information
is concealed when grouping these sampling sites for analysis.

Panels 4.20a and 4.20b shows the RDA estimates for variance attributable to the
grouping factor in abdomen and stool samples respectively. Notably, the estimates

are almost twice as high for abdomen samples and four times higher for stool samples
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than in the combined dataset. Panels 4.20c and 4.20d show the Silhouette Coefficient
in both sampling sites for the biological factor. Although the coefficient does not
indicate an overwhelmingly good fit for either group, the clustering is better for the
separate inspection of sampling sites.

The relative abundance on the Phylum level (Figure 4.21 shows that the vari-
ability in the dataset has to be considered in the context of communal composition.
Because the environmental conditions in a habitat shape the communal composition
of microorganisms, i.e., the presence and absence of particular species due to the
living conditions, the two sampling sites show very different compositions on the
Phylum level already. Although both sampling sites share the presence of microor-
ganisms in the Phyla Actinobacteria, Bacteroidetes, Firmicutes, Fusobacteria, and
Campilobacterota, apart from Bacteroidetes these Phyla are present in very different
numbers between both sampling sites. This means that large parts of the variability
between the two sampling sites can be attributed to the differential prevalence of
taxa. Thus it is not reasonable to use batch effect correction to make vastly different

sampling sites comparable.
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Figure 4.14: Mosaic plot that shows the grouping of samples according to batch fac-
tor and sampling location. The study’s design took batch processing
into account and aimed to process samples according to their sampling
location. Thus, the samples for each location were processed in a single
run or equally distributed across two different batches at most. The
dataset comprises microbial communities from different sampling lo-
cations on the skin as well as stool samples that were processed in an
exclusive batch. Performing the sample processing in batches related to
the sampling location is a sensible decision because due to the different
conditions that each location provides, the sites are not comparable.
For example, if the samples were distributed across all batches without
considering the compositional differences inherent to the sampling sites,
this would simultaneously introduce the potential need for batch cor-
rection and limit the effectiveness of such procedures as fewer samples
deliver information concerning a particular batch, respectively. This is
a result of the requirement to correct for potential batch effects accord-
ing to their sampling site.
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Figure 4.15: A principal component plot of the dog dataset after subsetting for the
two habitats "abdomen" and "stool". The plot shows a distinct sepa-
ration according to the sampling site which, in this case, may also be
considered the batch effect due to the processing in different batches.
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Figure 4.16: The figure shows paneled plots that compare the success of the utilized
BECASs in the reduced dog dataset with a linear model (Panel 4.16a
and Principal Variance Components Analysis (Panel 4.16b.
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Figure 4.19: The panels 4.19a and 4.19b show the linear model estimates for vari-
ance attributable to the grouping factor in abdomen and stool samples
respectively. Subfigures 4.19c and 4.19d show the results of the Prin-
cipal Variance Components Analysis for the biological factor in both
sampling sites. For both methods, the estimates are higher than the
respective analyses for the combined dataset, which indicates that in-
formation is concealed when grouping these sampling sites for analysis.
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ing factor in abdomen and stool samples respectively. Notably, the es-
timates are almost twice as high for abdomen samples and four times
higher for stool samples than in the combined dataset. Subfigures 4.20c
and 4.20d show the Silhouette Coefficient in both sampling sites for the
biological factor. Although the coefficient does not indicate an over-
whelmingly good fit for either group, the clustering is better for the
separate inspection of sampling sites.
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Figure 4.21: The relative abundance on the Phylum level shows that the variabil-
ity in the dataset has to be considered in the context of communal
composition. Because the environmental conditions in a habitat shape
the communal composition of microorganisms, i.e., the presence and
absence of particular species due to the living conditions, the two sam-
pling sites show very different compositions on the Phylum level already.
Although both sampling sites share the presence of microorganisms in
the Phyla Actinobacteria, Bacteroidetes, Firmicutes, Fusobacteria, and
Campilobacterota apart from Bacteroidetes, these Phyla are present in
very different numbers between both sampling sites. This means that
large parts of the variability between the two sampling sites can be at-
tributed to the differential prevalence of taxa. Thus it is not reasonable
to use batch effect correction to make vastly different sampling sites
comparable.
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5 Discussion and Conclusion

The emergence of unwanted variation is an inherent quality of signal capturing pro-
cesses and consequently also applies to next-generation sequencing methods utilized
in microbial ecology. A particular form of noise, the batch effect, is commonly
encountered in all types of NGS data. The comprehensive scientific research into
causes and strategies for the prevention and correction of batch effects indicates the
importance of this topic. This chapter reviews the executed strategy toward imple-
menting a software application that facilitates stringent handling of batch effects in

microbiome datasets.

5.1 Summary

This work presented a comprehensive overview of the challenges posed by batch
effects in microbiome datasets. Next-generation sequencing technology advance-
ments provide the means to satisfy these requirements by generating high through-
put datasets. The fundamental steps in generating these datasets were outlined and
put into the context of batch effects. The delineation of batch effects as a particular
form of noise related to performing any required sample processing steps in a distinct
group, i.e., processing in batches, illustrated how batch effects could emerge.

When investigating batch effects, it is necessary to assess their impact and mag-
nitude on a particular dataset and apply BECAs to correct them for downstream
analyses. To that end, the approaches to data modeling and metrics for estimat-
ing central tendency have been outlined. Correction algorithms were explained to
provide an insight into the underlying assumptions and potential applicability due
to strengths and weaknesses. Finally, the R-framework and all utilized software
resources were introduced as the workspace for application development.

This work results in the Microbiome Batch Effect Correction Suite, which provides

a solution in the form of a toolbox that incorporates both evaluation and correction
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methods for BEs. The software structure, utilization, and utility were shown in
Chapter 4.

5.2 Assessment

Dealing with batch effects in microbiome datasets is a curious issue. Although plenty
publications can be found that discuss strategies [63, 147], review the effectiveness
of algorithms [142], or propose new computational approaches [37], the matter is
rarely discussed in publications of experimental findings. In a review of upcoming
priorities for MB research Cullen et al. never even mention batch effects as an issue
[32].

The causes for the emergence of batch effects that were outlined in Section 2.3
introduce several challenges from the inception and design of a study, over the sample
acquisition, to the lab work and the final analysis. However, understanding the
causes provides a variety of measures and strategies that help prevent the emergence
or at least mitigate the adverse impact of batch effects [63].

Batch effect correcting algorithms are to be considered an auxiliary strategy that
shows robust performance in assisting in the mitigation of unavoidable technical
issues such as the limited capacity of a sequencer or finite reagent batches [169]. The
performance of BECAs also depends on the characteristics of the particular dataset,
i.e., number of samples, size of the feature space, and the magnitude of variability,
and it is therefore not obvious which method will produce the best result [31, 142]. In
the case of strongly confounded batch and class factors, the effectiveness of BECAs
is limited [169]. In the best-case scenario, a batch factor can not be assessed and
consequently not removed from the data. In the worst case, the correction procedure
may systematically introduce group differences that are interpreted as significant
results during downstream analyses [110].

Thus the optimal strategy for proper handling of batch effects is to avoid them
through clever study designs and the implementation of, and adherence to strict
processing protocols [31, 63, 169]. However, exploring a dataset in terms of unwanted
variation should be considered a regular part of quality control efforts. The MBECS
package presents a resource that facilitates the convenient handling of batch effects
in microbiome data. Due to the integrated reporting function, the option to run a

batch correction, and the evaluation of effectiveness with minimal user input, the
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workflow can be incorporated into existing analysis procedures. The package was

already utilized throughout the development in this workgroup.

5.3 Outlook

Batch effects pose a challenge in microbiome analyses that is unlikely to disappear.
Even coming technological improvements that are to be expected will not resolve this
problem in its entirety. Thus the study and development of batch effect correcting
algorithms will remain relevant.

Concerning the further development of the MBECS package, this means that new
algorithms and evaluation metrics will become available. One of the shortcomings of
current computational approaches is their original development for micro-array data.
The growing importance of microbial ecology as the scientific field will continually
spawn new algorithms that should be integrated into the software to provide the
best possible results and make it an invaluable resource in microbiome analysis.

As for the functional improvements of the package, the upcoming steps should
include refinement of the visual representation and the integration of additional
functionality. Because the software builds on the phyloseq class, a prudent next
step in development would be overloading the functionalities that phyloseq provides.
This means that functionality like subsetting of samples, agglomeration of taxonomic
levels, or access to data fields is possible for objects of class MbecData by using the

functions provided by phylosec.

5.4 Conclusion

In conclusion, the created software and the documentation represent a comprehen-
sive resource concerning the prevention and correction of batch effects in microbiome
datasets. In particular, the automation and the generation of comprehensive reports

may facilitate the consideration and integration into existing workflows.
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