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Sommario

L’analisi di dati nell’ambito del microbioma e della metagenomica ¢ stato
il tema principale del mio dottorato. L’obiettivo primario di questa tesi si
muove attorno all’osservazione dei limiti dei metodi per lo studio dell’ab-
bondanza differenziale e culmina con la creazione di un framework analitico
che permette la loro misurazione e comparazione. Come obiettivo secon-
dario, inoltre, la tesi vuole enfatizzare la necessita di una solida analisi
statistica esplorativa ed inferenziale nei dati di metabarcoding, tramite la
presentazione di alcuni casi studio.

Inizio presentando 2 studi strettamente collegati in cui i metodi per ’analisi
di abbondanza differenziale sono i protagonisti. IL’analisi di abbondanza
differenziale é lo strumento principale per individuare differenze nelle com-
posizioni delle comunita microbiche in gruppi di campioni di diversa prove-
nienza. Rappresenta quindi il primo passo per la comprensione delle comu-
nita microbiche, delle relazioni tra i loro membri e di questi con 'ambiente.
Il primo studio riguarda un lavoro di confronto tra metodi. A partire da
una collezione di dataset metagenomici, ’obiettivo era di valutare le per-
formance di metodi per I'analisi dell’abbondanza differenziale, anche nati
in altri ambiti di ricerca (e.g., RNA-Seq e single-cell RNA-Seq). Invece,
con il secondo studio presento un software che ho sviluppato grazie ai risul-
tati ottenuti dalla precedente ricerca. Attualmente, il pacchetto software,
in linguaggio R, ¢ disponibile su Bioconductor (i.e., una piattaforma open-
source per 'analisi e la visualizzazione di dati biologici). Esso consente agli
utenti di replicare sui propri dataset il confronto tra metodi per lo studio
dell’abbondanza differenziale e la conseguente analisi delle performance.
Infine, mostro alcune delle sfide che ho incontrato nell’analisi di questo tipo
di dato attraverso 2 casi studio riguardanti il microbioma umano, la sua
composizione e dinamica, sia in stato di salute che malattia. Nel primo
studio, dei soggetti sani sono stati trattati con una mistura di probiotici per
valutare variazioni del microbiota intestinale ed eventuali associazioni con

alcuni aspetti psicologici. Un’attenta analisi esplorativa, I'impiego di tec-



niche di clustering e 1'utilizzo di modelli di regressione lineare ad effetti misti
hanno consentito di svelare un forte effetto soggetto-specifico e la presenza
di diversi batteriotipi di partenza che mascheravano l'effetto complessivo
del trattamento probiotico. Invece, nel secondo studio mostro come, a par-
tire da campioni salivari, sono stati individuati dei biomarcatori associati
all’esofagite eosinofila (i.e., una malattia cronica immuno-mediata a carico
dell’esofago che causa disfagia, occlusioni e stenosi esofagee). Nonostante
la bassa numerosita campionaria ¢ stato possibile costruire un modello per
discriminare tra casi e controlli con una buona accuratezza. Anche se an-
cora prematuro, questo risultato rappresenta un passo promettente verso la
diagnosi non invasiva di questa malattia che per il momento viene fatta solo

tramite biopsia esofagea.

Keywords: Microbioma, Analisi di Abbondanza Differenziale, Confronto
tra metodi, Analisi Esplorativa, Analisi dei Dati, Probiotici, Esofagite Eosi-

nofila.



Abstract

Microbiome and metagenomics data analysis has been the main theme of
my PhD programme. As a main goal, the thesis moves from the observed
limitations of the differential abundance analysis tools to a benchmark and
a framework against which they could be measured and compared. Fur-
thermore, as a secondary goal, the presentation of some case studies wants
to emphasise the need for a sound exploratory and inferential statistical
analysis in metabarcoding data.

Firstly, I present two closely related studies in which differential abundance
analysis methods play the main role. The differential abundance analy-
sis is the principal approach to detect differences in microbial community
compositions between different sample groups, and hence, for understand-
ing microbial community structures and the relationships between microbial
compositions and the environment. I start by introducing a benchmarking
study in which differential abundance analysis methods, even from different
domains (e.g., RNA-Seq and single-cell RNA-Seq), were used in a collection
of microbiome datasets to evaluate their performance. Then, I continue
with the presentation of software package that I developed from the results
obtained in the previous research. The software package, in R language, is
currently available on Bioconductor (i.e., an open-source software platform
for analysing and visualising biological data). It allows users to replicate
the benchmarking of differential abundance analysis methods and evalute
their performances on their own datasets.

Secondly, I highlight the microbiome data analysis challenges presenting
two case studies about the human microbiome and its composition and
dynamics in both disease and healthy states. In the first study, healthy
volunteers were treated with a probiotic mixture and the changes in the
gut microbiome were studied in conjunction with some psychological as-
pects. A careful data exploration, clustering, and mixed-effects regression
models, unveiled subject-specific effects and the presence of different bac-

teriotypes which masked the probiotic effect. Instead, in the second study



I show how to identify disease-related microbial biomarkers for eosinophilic
oesophagitis (i.e., a chronic immune-mediated inflammatory disease of the
oesophagus that causes dysphagia, food impaction of the oesophagus, and
esophageal strictures) from saliva. Despite the low sample size it was possi-
ble to train a model to discriminate between case and control states with a
decent accuracy. While still premature, this represents a promising step for
the non-invasive diagnosis of eosinophilic oesophagitis which is now possible

only through esophageal biopsy.

Keywords: Microbiome, Differential Abundance Analysis, Benchmarking,

Data Exploration, Data Analysis, Probiotics, Eosinophilic Oesophagitis.
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Chapter 1

General Introduction

1.1 The Microbiome

1.1.1 De nition

According to the 1988 de nition given by Whippset. al [1], the micro-
biome may be de ned as a characteristic microbial community occupying a
reasonably well-de ned habitat which has distinct physio-chemical proper-
ties. The term thus not only refers to the microorganisms involved but also
encompasses their theatre of activity.

In 2019, leading microbiome researchers from academic, governmental, and
industry groups representing diverse areas of expertise, considered the def-
inition still valid and extended it by adding two explanatory sentences to
distinguish the terms microbiome and microbiota and emphasise its dy-
namic character [2]. The living microorganisms populating the microbiome
(Prokaryotes [Bacteria, Archaea], Eukaryotesd.g., Protozoa, Fungi, and Al-
gae]) compose the microbiota, while their theatre of activity includes mi-
crobial structures, metabolites, mobile genetic elementg.@. transposons,
phages, and viruses), and relic DNA (extracellular DNA derived from dead

cells) embedded in the environmental conditions of the habitat. The mi-
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crobiome, which forms a dynamic and interactive micro-ecosystem prone
to change in time and scale, is integrated in macro-ecosystems including

eukaryotic hosts, and is crucial for their functioning and health (Fig. 1.1).

Figure 1.1: A schematic, rearranged from [2], highlighting the composition of the
term microbiome containing both the microbiota (community of microorganisms)
and their theatre of activity (structural elements, metabolites/signal molecules,

and the surrounding environmental conditions).

1.1.2 Microbiome research

Microbiome research started back in the seventeenth century originating
from microbiology. Progress in this eld has often been driven by the devel-
opment of new equipment, techniques, and technological inventions. Start-
ing from microscopy and cultivation based approaches, passing through elec-
tron and scanning transmission microscopy and the discovery of the DNA,
to date we have sequencing technologies, PCR, and cloning techniques that
enable the investigation of microbial communities using cultivation inde-
pendent, DNA and RNA-based approaches. To this regard, the advent of
the Next Generation Sequencing (NGS) technologies coupled with bioinfor-

matics development, reduced the underlying costs associated with di erent

2
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methods and strategies for sequencing genomes. As a result, the scientic
community could enlarge the scope and scale of almost all genomics research
projects. Over the past few decades several large-scale projects and initia-
tives such as the Human Microbiome Project [3], the Earth Microbiome
Project [4], and many others [5 7], began to investigate the microbes that
inhabit the human body, soils, oceans, and elsewhere.

The main scope of microbiome research is certainly the improvement of
health for humans, animals, plants, and the ecosystem as a whole. It is not
a coincidence that microbes are the predominant and the rst form of life on
the planet. Their ability to inhabit hostile environments incompatible with
most forms of life demonstrates a spectrum of evolutionary, functional and
metabolic diversity that vastly exceeds that of all other organisms in the tree
of life [8]. Moreover, they cover the surfaces of all other organisms (occupy-
ing internal and even intracellular niches) and in uence diverse physiological
activities of their hosts, including nutrition, health disease status and hence
well-being [8]. Apparently, microbes provide ecosystems' services that are
crucial to local and global sustainability, whether we are talking about a
human body, a plant, a cultivated eld, a farming facility, a food industry,

or a wastewater treatment system.

Just to cite a glaring example, studies suggest that the microbiome of a
newborn is widely stimulated when rst exposed to microorganisms during
neonatal life and the type of delivery plays a role in his/her immune system
maturation [9 11], microbiome research in this eld shows the need for the
development of strategies for minimising or limiting the impact of caesarean
on the microbiome development, favouring future health [9]. Other emerg-
ing applications of microbiome research in human health are presented by
Cullen and colleagues [12]. Some of them are related to diet and its e ect
on gut microbiome composition and function. Indeed, gut microbiota in-
teractions are related to alteration of immune response, susceptibility to or
protection against in ammatory diseases such as irritable bowel syndrome,

irritable bowel disease, and colorectal cancer [13 15]. Diet itself, but also
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probiotics and prebiotics supplementation can be used as an interventional
tool to prevent or ameliorate the symptoms of a growing list of neurologi-
cal disorders including autism, schizophrenia, Parkinson's disease, multiple
sclerosis, bipolar mood disorders, anxiety, and depression which are asso-
ciated with the gut-brain axis [16] (.e., the bidirectional communication
network that links the enteric and central nervous systems related to the
neurologic, endocrine, humoral/metabolic, and immune pathways [17]). In
addition, microbiome can also be used as a possible diagnosis/prognosis tool
for a wide range of pathologiese.g, irritable bowel disease, progression of
diabetes, and others [18, 19]. An example, also detailed in Chapter 6, is
related to the diagnostic power of microbiome in Eosinophilic oEsophagitis
(EoE), a chronic immune-mediated in ammatory disease of the oesophagus
that causes dysphagia, food impaction of the oesophagus, and oesophageal
strictures [20]. Diagnosis is possible through oesophageal biopsy but sali-
vary microbiome analysis in combination with machine learning approaches
could become a valid, cheap, non-invasive test to segregate between EoE and
non-EoE patients [21]. Many other success stories based on microbiome re-
search in the elds of plant health, feed products and livestock health, food
production and human health are presented by Rocio and colleagues [22].
Among these, we nd the boosting of sustainable crop productivity through
nitrogen- xing microorganisms inoculation in soybean seeds [23], the reduc-
tion of antibiotics use in livestock by improving the animal gut microbiome
through prebiotics and feed additives [24], the identi cation of sources and
microbial transmission routes for the improvement of food security and hy-
giene through the study of microbiome composition and distribution in a
food-processing plant [25].

In summary, microbiome research has the potential to contribute substan-
tially on many levels to global e orts to achieve sustainability [8]. Nev-
ertheless, microbiome research continues to be prevalently performed one
ecosystem at-a-time, leading to fragmentation of the landscape. Such frag-

mentation shadows new biological concepts to be discovered: patterns in
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microbiome interaction, diversity of functions and roles may not be seen

[26]. As a consequence, international e orts are oriented towards a systems
approach needed to connect research between scientic elds to create a
holistic understanding on how microbiomes can be modulated for desirable

functions.

1.1.3 Microbiome data

As already mentioned, cultivation independent approaches to assess mi-
crobial communities and their metagenomes were enabled by technological
advancements. From a biological sample, DNA, RNA, small molecules,
proteins, and other information can be extracted as summarised in Fig. 1.2
from the work of Weinstock [27].

To better introduce the terminology, the term metagenomics was born in
1998 by Handelsman et. al [28], and it refers to the study of the theoreti-
cal collection of all genomes from members in a microbial community from
a speci c environment. A decade later, according to Gilbert and Dupont
[7], metagenomics was most appropriately divided into two research areas
driven by technological application: single-gene surveys on one side, and
random shotgun studies of all environmental genes on the other. The rst
can be seen as a directed, focused metagenomic study. Briey, single tar-
gets are ampli ed using Polymerase Chain Reaction (PCR), and then the
products are sequenced, providing an analysis of the range of di erent or-
thologs for that target within a given community. This approach is also
called metabarcoding as it relies on the use of several taxonomically infor-
mative amplicon barcodes such as the 168.¢., one or more hypervariable
regions of the bacterial small subunit of the 16S ribosomal RNA gene, used
for prokaryotic DNA), 18S (for eukaryotic DNA), and Internal Transciber
Spacer (ITS) (.e., non coding DNA between genes). In order to investigate
biodiversity paired reads are aggregated into sequences. They were usu-
ally organised into Operational Taxonomic Units (OTUS),i.e., clusters of

sequencing reads that di ered by less than a xed dissimilarity threshold,
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and more recently, into Amplicon Sequence Variantss (ASVs) with a single
nucleotide resolution, thanks to new methods that control errors based on
the quality of the sequencing run [29, 30]. Metabarcoding data can be used
to take a community census and create tables of taxa abundances, com-
pute ecological metrics, perform competition and symbiosis analysis, assess
microbial di erential abundance between groups of samples, and so forth.
In the second approach, Whole Metagenome shotgun Sequencing (WMS),
total DNA is isolated from a sample and then sequenced resulting in a
pro le of all genes within the community. WMS data can be used to per-
form genome assembly and gene predictions, identify gene variants, study
population genetics, build pathways, and reconstruct the capabilities of a
community.

Nowadays, other authors prefer to divide metagenomics according to the
research aspect it pursues [31]. On one hand, a structural approach to
study the structure of the uncultivated microbial population and the recon-
struction of the complex metabolic network established between community
members [32, 33]. On the other hand, a functional approach to identify
genes that code for a function of interest [34, 35].

Given the latter division, 16S rRNA gene surveys are excluded from the
metagenomics de nition. Indeed, in 16S rRNA gene analysis, the study is
focused on a single gene (often a portion of it) used as a taxonomic marker.
Nevertheless, targeted sequencing is a cheap and the most common method
for pro ling bacterial communities. Moreover, it is also possible to partly
overcome the limited functional and genetic information. Some recently de-
veloped bioinformatics tools infers the genes and functional capabilities of
the community by leveraging the genome sequences of known microorgan-

isms in databases [27, 36].
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Figure 1.2: Derived from the work of Weinstock [27], this graph depicts the
analysis potential of a microbiome sample. The highlighted section represents
the two main analysis approaches: the Whole Metagenome shotgun Sequencing
(WMS) and the targeted gene survey. The combination of results from both
approaches with the annotated sample metadata allows correlating microbial in-
formation with phenotypes.
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1.2 Microbiome data analysis

1.2.1 Experimental design

Data analysis of a microbiome research should start before the research itself
to help in the design of it. Decades of experience and insights on microbiome
research produced a long list of best practices for carrying out a microbiome
study correctly [37]. Indeed, whether we are considering High Throughput
Sequencing (HTS) of DNA (metagenomics), RNA (metatranscriptomics),
analysis of secreted bioactive compounds (metabolomics), or the analysis
of speci ¢ marker genes (metabarcoding), microbiome data are often noisy,
sparse, compositional, and high-dimensional.

Consequently, a good thought out experimental design is mandatory to facil-
itate the analysis and obtain accurate and meaningful results as extensively
explained by Knight et al. [37] and summarised in Fig. 1.3. For example,
cross-sectional studies are useful for nding di erences in microbial com-
munities between di erent groups of samples. However, strati cation by
potential confounders such as age, sex, diet, lifestyle factors, medications,
or by sampling depth, atmospheric agents exposure, soil cultivation, de-
pending on the sample type €.g, human or environmental), is crucial to
unmask spurious associations during the analysis. Di erently, longitudinal
studies are well suited to control for confounders and permit to assess the
microbial community stability over time. However, one of the many things
to take into account when designing a longitudinal study is the correct choice
of the sampling times to maximise information and minimise the costs.
Other aspects to consider, especially when biotechnologies are involved, are
the technical factors and sample processing standardisation [37]. Sources of
variability could be introduced in every step of the process, these includes:
kit reagents, primers, sample storage, and other factors.

Finally, a complete and clean sample metadata curation and collection is
crucial for a faster data analysis and the consequent data interpretation.

Even with all these best practices in mind, the analysis of NGS data remains
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challenging due to both the overall complexity of microbial communities and

the intrinsic characteristics of sequencing-generated data.

Figure 1.3: From the work of Knight et al. [37] this gure summarises some
of the factors to take into account when conducting a microbiome experimenta
Strati cation by confounding variables in case-control studies.b Sample site and
collection timing for longitudinal studies. ¢ Sources of technical variation during
the sample processingd Diet, facility, shipment, cage e ect and coprophagy on
animal studies.

1.2.2 Heterogeneity, over-dispersion, compositionality,

intra-dependency, and sparsity in microbiome data

Di erent people can di er greatly from one another in terms of their micro-
biota and, to make things even more complex, the diversity spanned in body
subsites is comparable with the diversity spanned by completely di erent
kinds of environments.

While, to some extent, the heterogeneity arising from known biological and
technical factors could be taken into account thanks to well curated meta-
data, unknown variability is di cult to handle and must be assessed during
the exploratory data analysis [38]. Related to high variability, microbiome
data, like other sequencing data, are characterised by over-dispersion. In-

deed, microbial counts can vary from a few units to several thousands for
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the same taxon across specimens.

Each sample is also characterised by its own library size due to di erent
sequencing e ciency across samples [39]. As a consequence, the number of
reads eligible for quanti cation are considerably in uenced by the di erent
sequencing depths making the comparison across samples harder. Normal-
isation and transformation methods have been implemented to overcome
these computational challenges [40 42].

Moreover, sequencing instruments can deliver reads only up to a xed ca-
pacity. Thus, it is proper to think of these data as compositional to high-
light that they represent a random sample of the relative abundance of
the microbes in the ecosystem being studied (see Fig. 1.4) [43]. In gen-
eral, compositionality refers to a statistical framework that deals with data
representing relative proportions or percentages of di erent parts within a
whole, where the sum of the parts is constant. While NGS and metabar-
coding data, in their raw form, are counts rather than proportions, the
term "compositional" can be used in the context of microbiome analysis
to capture the relative abundance or proportions of di erent taxa within

a sample or ecosystem. Although the raw NGS data itself is not inher-
ently compositional, the parameter of interest in the analysis is indeed the
proportion or relative abundance of taxa, which can be considered compo-
sitional. It is important to recognize that the compositionality of the data

is distinct from the nature of the data itself. This compositional aspect of
the data provides valuable information about the relationships between the
parts, i.e., the microbes in the ecosystem, and should be analysed after the
proper transformations [44]. Compositionality of data is not the only reason
for considering the existence of some relationships between the mapped mi-
croorganisms in the dataset. Indeed, the microbiota is a cooperative system,
whereby microorganisms interact in a biological or biochemical relationship,
including mutualistic or antagonistic relationships [45]. This inter-variable
dependency should be appropriately modelled by either including into the

statistical analyses a dependency structure or using multivariate approaches

10
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[45, 46].

Together with the high microbiota variability among samples and the com-
positionality of the data, we nd another fundamental characteristic of mi-
crobiome datasets: sparsityi.e., a high number of null values. Zero counts
could have originated from microbes that are not present in the sample for
biological reasons (structural or biological zeroes), by relatively rare mi-
crobes compared to others in the specimen, for which the sequencing depth
was not su cient (sampling zeroes), or by technical bias that inhibits the
measurement of speci c transcripts (technical zeroes) [47]. Sparsity can
be handled simply by discarding rare features, with the inevitable loss of
information, or by using more sophisticated statistical methodologies and
computational techniques which models the zero in ation or that di erently

manage Zeroes.

1.2.3 Quality control and ecological exploration

According to the state of the art guidelines, also detailed in the online
book Orchestrating Microbiome Analysis [48], the quality control and ex-
ploration of microbiome data is the rst step for any further analysis and
model building.

Technical biases should not a ect the dataset and standard summaries and
graphical representations should raise awareness towards the presence of
outliers, patterns, batches, contaminants, and so forth. Abundance and
prevalence metrics,.e., the frequency of samples where certain microbes
were detected, can be graphically assessed (Fig. 1.5 a, b). This to focus on
changes which pertain to the majority of the samples, or identify rare mi-
crobes, which may be conditionally abundant in a small number of samples.
Library size comparisons allow to detect outliers or, in combination with
the number of distinct sequences, depicts whether the sampling depth was
su cient to estimate microbial diversity (Fig. 1.5 c, d).

Indeed, microbial diversity estimation is a central topic in microbiome data

analysis. -diversity is used to describe the within-sample diversity and

11
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Figure 1.4: From the work of Gloor et al. [43] this gure elucidates the compo-
sitional nature of HTS data. a lllustrates that the data observed after sequencing
a set of nucleic acids from a bacterial population cannot inform on the absolute
abundance of molecules. The number of counts in a HTS dataset re ect the pro-
portion of counts per feature (OTU, gene, etc.) per sample, multiplied by the
sequencing depth. Therefore, only the relative abundances are availablé. The
bar plots show the di erence between the count of molecules and the proportion
of molecules for two features, A (red) and B (gray) in three samples. The top
bar graphs show the total counts for three samples, and the height of the color
illustrates the total count of the feature. When the three samples are sequenced
we lose the absolute count information and only have relative abundances, pro-
portions, or normalised counts as shown in the bottom bar graph. Note that
features A and B in samples 2 and 3 appear with the same relative abundances,
even though the counts in the environment are di erent. ¢ The table shows real
and perceived changes for each sample if we transition from one sample to an-
other.

12
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several metrics are available. Many -diversity indexes are based on a com-
bination of sample richness and evenness such as the Shannon, Simpson, and
Inverse Simpson indices. Sample richness is the simplest measure, it consists
in counting up the observed number of di erent taxa in a sample. Di er-
ently, the evenness is the extent to which species are evenly distributed.
Other -diversity measures are based on phylogenetic information instead.
While -diversity focuses on community variation within a sample, -diversity
describes the between-sample dissimilarities. Bray-Curtis index (for compo-
sitional data), Jaccard index (for presence/absence data), Aitchison distance
(i.e., the euclidean distance for CLR transformed abundances), and the
UniFrac distances (based on the phylogenetic information) are some of the
most common beta diversity measures. To evaluate and visualise these dis-
similarities, ordination methods are used. They summarise community data
by producing a low-dimensional ordination space in which similar species
and samples are plotted close together, and dissimilar species and samples
are placed far apart [50]. The most common ordination methods used in
microbiome research belong to the exploratory multivariate methods [51].
They include Principal Component Analysis (PCA), Non-metric MultiDi-
mensional Scaling (NMDS), and Principal Coordinates Analysis (PCoA).
Alternatively, when the aim of the ordination is to study the association
between community composition and variables of interest, interpretive mul-
tivariate methods such as ReDundancy Analysis (RDA) and Canonical Cor-
respondence Analysis (CCA) can be used [51].

When the actual statistical signi cance values for community di erences
between groups of samples are of interest, the PERMutational ANalysis Of
VAriance (PERMANOVA) [52] is a widely used non-parametric multivariate
approach. Not only does it assess the group's centroids closeness in the
ordinated space, but it also allows the study of group dispersions.
Introducing machine learning approaches, supervised or unsupervised clus-
tering techniques can be used to nd groups of samples which share simi-

lar community pro les. Finally, discriminative multivariate methods such

14
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as Support Vector Machines (SVM), Random Forests (RF), sparse Partial
Least Squares Discriminant Analysis (sPLS-DA), and others are an exten-
sion of the interpretive multivariate techniques used to maximise the sepa-
ration of samples among di erent classes. The so-called loadinge,, the
coe cients computed by these methods, measure the relative contribution
of each member of the community (or a subset of it) to the separation.
These kinds of methods also permit the class prediction of new samples
based on the microbial community composition, opening them to a poten-
tial diagnostic use.

While newcomers in microbiome analysis tend to employ simpler exploratory
techniques, interpretive and discriminatory ordination approaches with a
more rigorous multivariate hypothesis testing are taking place. The latter
enable the linking of ecological and functional measures of microbial com-
munities with environmental gradients, host (patient) information, and time
and space variables [51]. Nevertheless, great caution must be taken when
using complex multivariate methods. Indeed, the increased complexity may
solve spurious results due to otherwise simplistic method's assumptions but,

in return, they could also result in a lower interpretability [53].

1.2.4 Di erential abundance analysis

The identi cation of microbial taxa whose abundance is dierent across
groups of samples is one of the main goals in microbiome data analysis.
Just to cite a common application, the identi ed microbial taxa could of-
fer biological insights into disease mechanisms and potentially be further
explored as biomarkers for disease prevention, diagnosis, and treatment.
Numerous Di erential Abundance Analysis (DAA) methods have been pro-
posed in the past decade®.g. [40, 54 59], (and keep being proposeea,g.,
[60, 61]), trying to address the challenging characteristics of microbiome
data. See Table 1.1 for a list of DAA tools included in the latest reviews
in the eld [62 64]. According to Yang and Chen [62], one way to di eren-

tiate between DAA tools is based on how they address zero in ation.e.,
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sparsity, and compositional e ect.

In an over-dispersed count model, an overdispersion parameter is estimated
to model the variability of the data as well as the level of sparsity. In this
context, sampling and biological zeroes.€., those due to insu cient sam-
pling depth and those genuinely not present in the sample, respectively)
are treated as any other count value within the count distribution and it is
generally not possible to distinguish between them. While for the majority
of low-abundance taxa it is reasonable to assume all zeroes as a combina-
tion of both sampling and biological zeroes, this may not hold for more
abundant ones [47]. Indeed, for more abundant taxa, it becomes less likely
that all zero counts can be solely attributed to sampling limitations or
insu cient sequencing depth. In these instances, there is a higher probabil-
ity that some of the zeroes are primarily due to biological absences rather
than sampling artefacts. To this regard, mixture models are more exi-
ble. A mixture component in zero speci cally handles the structural zeroes,
i.e., those which are truly absent from a group of samples due to biologi-
cal reasons, while the non-zero mixture component acts like the previously
described over-dispersed count models. The extra parameter for the struc-
tural zero component signi cantly increases the modelling capability for
zero-in ated counts. However, the increased complexity translates to more
computational burden, potential over tting, and the consequent power loss
and estimates' instability. Finally, hurdle models refer to those that di-
vide the modelling stage into two parts to correct for excess zeros. The
rst part determines whether the response outcome is a zero (of any type)
or a positive count via a binary model €.g, by using logistic regression).
Then conditioning on it being positive, the second stage models the level
of the outcome which is a truncated-at-zero count outcomes (g, truncated
Gaussian, truncated Negative Binomial, truncated Poisson). From the as-
sessment of Xu and colleagues [65], hurdle models have similar goodness of
t and parameter estimation for the count component as their correspond-

ing Zero-In ated models. However, the estimation and interpretation of the
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parameters for the zero components di ers, and hurdle models are more
stable when structural zeroes are absent.

Another way to handle sparsity is through zero replacement. Many zero
imputation methods are available in the literature [66] and rely on pseudo-
count addition (e.g, MaAsLin2 [67], ANCOM [59], ANCOM-II [68], and
ANCOM-BC [60]) or a combination of pseudo-counts/uninformative or in-
formative priors assumptions in a Bayesian fashiore(g, ALDEx2 assumes
an uninformative prior Dirichlet distribution on the taxa proportions and

a multinomial sampling process for the observed counts [57], eBay uses an
Empirical Bayes approach with an informative prior estimated from the
data to improve estimation e ciency [69]). Finally, zeroes may also be left
untreated (e.g, LDM [70] and DACOMP [71]).

Regarding the compositional structure of microbiome data, DAA tools lever-
age four main strategies to address it:

" The robust normalisation approach calculates normalisation factors or
size factors to be used as o sets in count-based models or as divider
to obtain normalised counts. Their aim is to capture the invariant
part of the count distribution and be robust to outliers and di eren-
tial features. These methods mostly rely on the assumption that the
dataset to be normalised has a large invariant part and the majority
of features do not change with respect to the condition under study
[72]. Example of these are summarised in Table 1.2 and they are the
Total Sum Scaling (TSS), Trimmed Mean of M-values (TMM) (used
by edgeR [56]), Relative Log Expression (RLE) and its variant for
sparse data (used by DESeqg2 [73]), Cumulative Sum Scaling (CSS)
(used by metagenomeSeq [40]), Centred Log-Ratio (CLR) (used by
ALDEX2 [57]), Geometric Mean of Pairwise Ratios (GMPR) (used by
the Omnibus test [72, 74]), and Wrench [54].

To extend the previous, the reference taxa approach aims to nd one
taxon or a set of taxa that are relatively invariant with respect to

the condition of interest and then use it or them to construct the
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size factors. This is pursued through network based normalisation to
nd invariant taxa ( e.g, in RioNorm2 [75]), inspecting the median
standard deviations of all the pairwise comparisons and choosing taxa
below a critical threshold as a referencee(g, DACOMP [71]), or
nding a taxon or a group of them which makes the least discoveries
in DAA (e.g, in RAIDA [76]).

The pairwise log ratios approach€.g, used by ANCOM [59] and by
DACOMP [71] prior to selecting the reference set of taxa) relies on the
fact that the log ratios between non-DA taxa are considered constant
and independent from the grouping variable. Therefore, it is expected
that a high number of rejections per taxon will be a DA indication.
The latest developed bias-correction approacte(g, as implemented
in ANCOM-BC [60] or linDA [61]) takes into account that each sam-
ple is an unknown fraction of a unit volume of the ecosystem, and the
sampling fraction varies from sample to sample. Exploiting the fact
that a large number of taxa on each specimen is available, the infor-
mation across taxa can be borrowed to estimate the sampling fraction
bias [60]. Then it is included in linear regression models as an o set
term to address the bias.

Given the DAA methods' variety, both in terms of theoretical assumptions
and results, several attempts have been made to systematically benchmark
DAA tools against one another [62, 64, 77 81]. They agree that none of
the existing DAA methods can be applied blindly to any real microbiome
dataset. According to Yang and Chen [62], an ideal DAA method should
be scalable, to permit the analysis of large scale studies, exible, to allow
covariates adjustments and adapt to several experimental designs, robust,
and powerful, being able to control false discoveries without sacri cing its
ability to identify true ndings. Robustness and power are critically needed
to yield reliable microbiome biomarkers, increase the reproducibility across
microbiome studies, and ultimately reduce the development cost. Indeed,

the authors conclude that the applicability of an existing DAA method
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depends on speci c settings, which are usually unknown a priori. Thus,
they propose zicoSeq, a new tool drawing the strengths of other good per-
forming methods [62]. Alternatively, the latest recommendations in DAA
tool's choice provide for the use of more than one method simultaneously
to retrieve a general consensus [48, 80, 81] or direct assessment of tools'
performances on simulated or user's datasets to obtain the best performing
method [64, 82, 83] (one of the benchmarking research and its application

are proposed in Chapter 3 and 4).
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Normalisation Short description Citation
Centred Log- For each sample, the counts are divided by their [44]
Ratio (CLR) geometric mean, followed by log transformation.

Thus, the CLR size factor is the geometric mean

of the counts in a sample.
Cumulative Sum The CSS size factor is the cumulative sum of [40]
Scaling (CSS) counts up to a percentile determined by a data-

driven approach.
Geometric Mean For each sample, the GMPR method calculates the [72]

of Pairwise Ra-

pairwise ratios to all other samples for each fea-

tios (GMPR) ture. The size factor is then the geometric mean
of the median ratios for all features.
Rarefaction Random subsampling of sequences from the initial [102]

sample library to a selected library size (usually
the lowest library size among all the samples is
used).

Relative Log Ex- The RLE method calculates the geometric means [55]

pression (RLE) (only for the positive counts in presence of zeroes)
of all features as a reference, and all samples are
compared to the reference to produce ratios for
all features. The median ratio is then taken to be
the RLE size factor.

Total Sum Scal- The TSS size factor is simply the total number of

ing (TSS) reads in the sample.

Trimmed Mean The TMM method rst selects a reference sam- [103]

of M-values ple, then all other samples are compared to the

(TMM) reference sample. The weighted trimmed mean of
log-ratios between each pair of samples is then cal-
culated as the TMM size factor.

Wrench Wrench models feature-wise proportion ratiosto a  [54]
reference sample using a hurdle log-normal model,
where a compositional scale factor is included so
that the log fold changes on the absolute abun-
dance level is centred at 0 (the majority of the
taxa do not change).

Table 1.2: From the work of Yang and Chen [62], a list of the most used nor-

malisation methods for microbiome data.
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1.2.5 Integrative analysis and networks

As already widely discussed, microbes do not work in isolation. They coor-
dinate with one another to form highly organised functional modules, com-
peting for representation within ecological niches. Moreover, they operate
in their theatre of activity interacting with microbial and environmental
structural elements [1]. It is then straightforward to think about the many
associations between the microbiome and covariates including metabolites,
antibiotic usage, environmental factors, and host genetics that can in uence
host health [104]. To go beyond the reductionism of DAA, methods that
know how to address this biological complexity are necessary [105].
Integrative analysis and correlation networks can be used. These analyses
are reviewed by an extensive survey by Lutz and colleagues [63]. The goal
of integrative analysis is to identify and quantify associations between the
microbiome and covariates. The common biological motivation of each inte-
grative method is to determine if associations exist between any of microbial
features and the available covariates while controlling for the phenotypic re-
sponse. Lutz and colleagues [63], discuss four methods for integrative analy-
sis including Dirichlet-Multinomial Regression [106], Dirichlet-Multinomial
Bayesian Variable Selection [107], Bayesian Zero-In ated Negative Binomial
[108], and a Dirichlet-Multinomial Linear Model with Bayesian variable se-
lection [109]. Di erently, the goal of network analysis is to build microbiome
networks that describe microbial ecological associationse(,, taxa-taxa de-
pendencies). These are useful to help in discovering fundamental properties
and mechanisms of microbial ecosystems. To make inferences about micro-
bial interactions several tools are available. They can be divided into two
groups: the correlation-based and the partial correlation-based methods.
Correlation-based methods include SparCC (Sparse Correlations for Com-
positional data) [110], CCLasso (Correlation inference for Compositional
data through Lasso) [111], and REBACCA (Regularized Estimation of the
BAsis Covariance based on Compositional dAta) [112]. Partial correlation-

based methods include SpiecEasi (SParse InversE Covariance Estimation
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for Ecological Association Inference) [113] and HARMONIES (Hybrid Ap-
proach foR MicrobiOme Network Inferences via Exploiting Sparsity) [114].
Instead, SPRING (SemiParametric Rank-based approach for INference in
Graphical model) [115] employs both correlation and partial correlation

methods under a semi-parametric setting.

1.3 Conclusions

Microbiome research progress, as for many other research areas, is directly
driven by technological advancements, the development of new techniques,
and the continuous cross-talk between the two.

As an example, the technological advancements of the last decades allowed
the study of microbiomes through culture-free approaches. The big amount
of produced data required the creation and use of statistical tools for their
analysis to get the rst biological insights. With them, the instrument lim-

its were uncovered and new analysis tools were developed to overcome or
address them, where possible, and get more reliable, robust, unbiased, and
hence reproducible results. Some of the analysis tools were too computa-
tional intensive to be used and reality's simpli cations were necessary to
permit the analysis. However, with the assessment of instruments' limits,
adjustments and improvement of them were made possible, restarting the
cycle.

As a result, di erent research elds often borrowed statistical tools to anal-
yse similar data structures, despite di erences in how the data was gener-
ated. However, this practice could lead to model misspeci cation and as-
sumptions being violated. While some of the theoretical assumptions made
by the statistical tools were biologically justi able, others became obsolete
due to the advent of more powerful computing machines, new technologies,
or a change in perspective. For instance, in RNA sequencing experiments,
it is typically assumed that only a minority of transcripts are di erentially

expressed, whereas in metabarcoding experiments, the di erentially abun-
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dant microbes may not be a minority. Nevertheless, many of the current
normalisation methods used in microbiome data analysis are based on the
assumption that only a minority of features are di erentially abundant.

Some delay is needed to let the community update their analysis framework
once a new method has been developed or a new biological insight has
found its way to be included in a tool. One reason is the distance in time
between the theoretical conceptualisation of new biological information to
leverage and its actual implementation in a tool that makes it actually
available to the majority of the data scientists working in the eld. Another
reason which could present after the release of the rst tool, is the increasing
number of available tools that are developed introducing variants and little
improvements and the impossibility of trying them all.

The statistical tools needed to handle the increasing complexity of the data
will continue to evolve. The biggest challenge in complexity comprehen-
sion is however, interpretability. It is di cult to discern the meaning of a
complex model used to describe an equally complex system. Despite this,
researchers must strive to develop statistical tools that are not only capa-
ble of handling complexity but also provide meaningful interpretations of
the obtained results. This requires a deep understanding of the underlying
biological processes and a willingness to explore new approaches to data
analysis.

Microbiome research is addressing many challenges, and it will keep doing
it. Systematic reviews of the available tools and up-to-date guidelines are
essential to handle the challenges in a collaborative and focused e ort. This
puts the basis for enhancing the development of new approaches beginning
from a solid starting point where the criticisms and the limits of current
methodology are clear. Contamination of competencies of experts in statis-
tics, science, and technology will help build on the ideas to o er reliable
and interpretable solutions to the many important quests of microbiome

research.
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Chapter 2

About this thesis

2.1 Thesis structure

After a master degree in Statistical Sciences, microbiome data analysis has
been the main objective of my PhD programme. From my rst approach

to metabarcoding data | realised the overwhelming variety, and sometimes
complexity, of statistical tools available to pursue the many research ques-
tions | was facing. Only through a process of gradually understanding
the interplay between biological mechanisms and data-generating processes
have | been able to understand the most appropriate statistical tools for the
situation at hand.

The objective of this thesis is to describe my scienti ¢ research and its
challenges through a collection of 4 research articles that | published during
the last 3 years of PhD. As a main goal, the thesis moves from the observed
limitations of the DAA tools to a benchmark and a framework against which
they could be measured and compared. As a secondary goal, some case
studies of metabarcoding analysis highlight the need for sound exploratory
and inferential statistical analysis. The thesis is divided into two parts as

follows.
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2.1. Thesis structure

In Part | - Dierential Abundance Analysis, | present two closely related
studies in which DAA methods play the main role. As explained in de-
tail in Chapter 1, DAA consists of a variety of methods and is one of the
most important approaches for detecting di erences in microbial community
composition between di erent sample groups, for understanding microbial
community structures, and the relationships between microbial composi-
tions and the environment. The aim was to illustrate how di erent DA
methods lead to di erent results and how to choose the right methods for
each dataset. First, in Chapter 3, | present a benchmarking study [1] in
which DA methods from di erent domains were used in a collection of mi-
crobiome datasets to evaluate their performance. Here | performed the data
analyses and curated the code repository. As a consequence of the results
obtained in chapter 3, | realised that a benchmarking study alone, despite
its comprehensiveness, was not su cient to drive methodological decisions
on an every-day basis, indiscriminately for all microbiome datasets, due
to the peculiarities of each one. For this reason | developed benchdamic
[2], presented in Chapter 4, a ready-to-use R application available on the
Bioconductor platform (i.e., an open-source software platform for analyz-
ing and visualizing biological data) that allows users to replicate DAA's
performance evaluation on their own datasets. Here my contribution in-
volved the package development and maintenance, including the creation of
an extensive manual.

An equally important aspect of my PhD programme is well represented
by the many collaborations which allowed me to extensively interact with
clinicians, microbiologists and other researchers. They allowed me to i)
test exploratory and DAA methods and best practices on real data and ii)
study the human microbiome and its composition and dynamics in both
disease and healthy states. For example, in the research of Guidetti and
colleagues [3] | performed the metabarcoding data analysis for a randomized
double-blind crossover study, evaluating the e ects of a probiotics mixture

in a group of 61 subjects (2-16 years) with an Autism Spectrum Disorder
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2.1. Thesis structure

diagnosis. Instead, in the research of Solitet al. [4], we assessed the impact
of a probiotic supplementation in pediatric obesity on weight, metabolic
alterations, selected gut microbial groups, and functionality. The study
design was a cross-over, double-blind, randomized control trial involving
101 youths (6-18 years) with obesity and insulin-resistance on diet. Here, |
used the mixed-e ects models to perform statistical analyses and | was able
to highlight the bene cial e ects of the probiotics on insulin sensitivity. In
another work, | performed the metabarcoding data analysis in a double-
blind, placebo-controlled, pilot study of Facchinet al. [5]. 49 patients (19
with Crohn's disease and 30 with ulcerative colitis) were randomized to
oral administration of microencapsulated-sodium-butyrate or placebo for 2
months. Here we showed that sodium-butyrate supplementation seems to
be associated with the growth of bacteria able to produce Short Chain Fatty
Acid (SCFA) with potentially anti-in ammatory action.

Thus, in part Il - Case Studies, | present two other papers where | played a
mayjor role. They are an observational study of healthy individuals taking
probiotics [6] and a clinical research to identify disease-related biomarkers
[7]. In Chapter 5, healthy volunteers were treated with a probiotic mixture
and the changes in the gut microbiome were studied in conjunction with
some psychological aspects [6]. This study was extremely useful to highlight
exploratory data analysis di culties. In brief, an unsupervised clustering
approach on ordinated samples allowed the separation of the individuals
in several groups associated to di erent putative bacteriotyped.g., stable
clusters of bacterial communities that co-exist together). Apparently, each
bacteriotype reacted di erently to the probiotic intake and its global e ect
was confounded by their presence. Instead, chapter 6 explored the poten-
tial of DAA methods to identify disease-related microbial biomarkers for
Eosinophilic oEsophagitis (EOE) (e., a chronic immune-mediated in am-
matory disease of the oesophagus that causes dysphagia, food impaction
of the oesophagus, and esophageal strictures) from saliva [7]. A promis-

ing result was obtained for the non-invasive diagnosis of EOE which is now
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2.1. Thesis structure

possible only through esophageal biopsy.
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Chapter 3

Assessment of statistical methods
from single cell, bulk RNA-Seq,
and metagenomics applied to

microbiome data

The work described in this chapter is taken from: M. Calgaro, C. Ro-
mualdi, L. Waldron, D. Risso, N. Vitulo; Assessment of statistical meth-
ods from single cell, bulk RNA-Seq, and metagenomics applied to micro-
biome data. Genome Biol 21, 191 (2020)https:// doi. org/ 10. 1186/
s13059-020-02104-1
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Chapter 3. Assessment of statistical methods from single cell, bulk
RNA-Seq, and metagenomics applied to microbiome data

Contributions

DR, CR, and NV conceived the project. LW co-developed the evaluation
strategies.MC and DR drafted the manuscript. LW, CR, and NV reviewed
and edited the manuscript. MC performed the data analyses and curated

the code repository. All Authors read and approved the nal manuscript.

Challenges and future perspectives

This article is my rst attempt to explore the tools of Di erential Abundance
Analysis (DAA). It arose from a practical problem | faced in other projects
when | had to select a DAA tool from a long list to detect Di erential
Abundant (DA) features between two groups of samples. Each tool gave
di erent results, also depending on the choice of normalisation and lItering.
Although there was some agreement between the methods, it was important
for me to understand if there was one method that was superior to the
others.

Given my background in statistical sciences, | rst examined the assump-
tions of the tools based on parametric distributions and found that there
was little assessment of the appropriateness of these assumptions for the
real data. For this reason, | began to benchmark tools for DAA. | focused
not only on whether the assumptions of the tools held, but also examined
false discovery rates, concordance of results, and power. The main challenge
of this project, which continues in the next chapter, was to move from the
observed limitations of the DAA tools to a framework against which they
could be measured and compared. This was made possible through a pro-
cess of trial and error that allowed the other authors and | to select the most
communicative analyses. Another aspect that required a lot of e ort was
the development of appropriate visualisation tools, looking for the proper
graphical output to make the interpretation of the results easier, especially
for non-expert data-scientists.

As mentioned in the rst chapter, at the time of writing this thesis, sev-

eral new DAA tools has been developed and published. Nevertheless, the
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3.1. Abstract

ndings described in the paper are still valid and are partially con rmed by

independent studies.

Article location

https://doi.org/10.1186/s13059-020-02104-1

Supplementary material

The supplementary material for this article consists of 2 additional les
available at https://genomebiology.biomedcentral.com/articles/10.
1186/s13059-020-02104-1#additional-information

3.1 Abstract

Background

The correct identi cation of di erentially abundant microbial taxa between
experimental conditions is a methodological and computational challenge.
Recent work has produced methods to deal with the high sparsity and
compositionality characteristic of microbiome data, but independent bench-
marks comparing these to alternatives developed for RNA-Seq data analysis

are lacking.

Results

We compare methods developed for single-cell and bulk RNA-Seq, and
speci cally for microbiome data, in terms of suitability of distributional
assumptions, ability to control false discoveries, concordance, power, and
correct identi cation of dierentially abundant genera. We benchmark
these methods using 100 manually curated datasets from 16S and whole

metagenome shotgun sequencing.
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Conclusions

The multivariate and compositional methods developed speci cally for mi-
crobiome analysis did not outperform univariate methods developed for dif-
ferential expression analysis of RNA-Seq data. We recommend a careful
exploratory data analysis prior to application of any inferential model and
we present a framework to help scientists make an informed choice of anal-

ysis methods in a dataset-speci ¢ manner.

3.2 Background

Study of the microbiome, the uncultured collection of microbes present in
most environments, is a novel application of high-throughput sequencing
that shares certain similarities but important di erences from other appli-
cations of DNA and RNA sequencing. Common approaches for microbiome
studies are based on deep sequencing of amplicons of universal marker-genes,
such as the 16S rRNA gene, or on Whole Metagenome shotgun Sequencing
(WMS). Community taxonomic composition can be estimated from micro-
biome data by assigning each read to the most plausible microbial lineage
using a reference annotated database, with a higher taxonomic resolution in
WMS than in 16S [1, 2]. The nal output of such analyses usually consists
of a large, highly sparse, taxa per sample count table.

Di erential Abundance Analysis (DAA) is one of the primary approaches to
identify di erences in the microbial community composition between sam-
ples and to understand the structures of microbial communities and the as-
sociations between microbial compositions and the environment. DA anal-
ysis has commonly been performed using methods adapted from RNA-Seq
analysis; however, characteristics speci ¢ to microbiome data make di er-
ential abundance analysis challenging. Compared to other high-throughput
sequencing techniques such as RNA-Seq, metagenomic data are spaese,
the taxa count matrix contains many zeros. This sparsity can be explained

by both biological and technical reasons: some taxa are very rare and
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present only in a few samples, while others are very lowly represented and
cannot be detected because of an insu cient sequencing depth or other
technical reasons.

In recent years, single cell RNA-Seq (scRNA-Seq) has revolutionised the
eld of transcriptomics, providing new insight on the transcriptional pro-
gram of individual cells, casting light on complex, heterogeneous tissues, and
revealing rare cell populations with distinct gene expression pro les [3 6].
However, due to the relatively ine cient mRNA capture rate, SCRNA-Seq
data are characterised by dropout events, which leads to an excess of zero
read counts compared to bulk RNA-Seq data [7, 8]. Thus, with the advent
of this technology, new statistical models accounting for dropout events have
been proposed. The similarities with respect to sparsity observed in both
scRNA-Seq and metagenomics data led us to pose the question of whether
statistical methods developed for the di erential expression of SCRNA-Seq
data perform well on metagenomic DA analysis.

Some benchmarking e orts have compared the performance of methods [9
12] both adapted from bulk RNA-Seq and developed for microbiome DAA
[13, 14]. While some tools exist to guide researchers [15], a general consensus
on the best approach is still missing, especially regarding the methods' ca-
pability of controlling false discoveries. In this study, we benchmark several
statistical models and methods developed for metagenomics [13, 14, 16 18],
bulk RNA-Seq [19 21], and, for the rst time, sScCRNA-Seq [7, 8, 22 24] on

a collection of manually curated 16S and WMS [25, 26] real data as well
as on a comprehensive set of simulations. We include in the comparison
several tools that take into account the compositional nature of the data:
they achieve this through the use of the DM distribution €.g, ALDEX2),
Multinomial distribution with reference frames (Songbird), or the Centred
Log-Ratio (CLR) transformation (e.g, ALDEx2, mixMC). The novelty of

our benchmarking e orts is twofold. First, we include in the comparison
novel methods recently developed in the scRNA-Seq and metagenomics lit-

eratures; second, unlike previous e orts, our conclusions are based on several
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performance metrics on real data that range from type | error control and
goodness of tto replicability across datasets, concordance among methods,

and enrichment for expected DA microbial taxa.

3.3 Results

We benchmarked a total of 18 approaches (Additional le 1: Supplementary
Table S2) on 100 real datasets (Additional le 1: Supplementary Table S1),
evaluating goodness of t, type | error control, concordance, and power
through (i) reliability of DA results in real data based on enrichment analysis
and (ii) speci city and sensitivity using 28,800 simulated datasets (Fig. 3.1;
Additional le 2: Supplementary Table S4).

The benchmarked methods include both DA methods speci cally proposed
in the metagenomics literature and methods proposed in the single-cell and
bulk RNA-Seq elds. The manually curated real datasets span a variety
of body sites and characteristics€.g, sequencing depth, alpha and beta
diversity). The diversity of the data allowed us to test each method on a
variety of circumstances, ranging from very sparse, very diverse datasets, to
less sparse, less diverse ones.

We rst analyzed 18 16S, 82 WMS, and 28 scRNA-Seq public datasets in
order to assess whether scRNA-Seq and metagenomic data are compara-
ble in terms of sparsity. We observed overlap in the fractions of zero counts
between the scRNA-Seq, WMS, and 16S, but with scRNA-Seq datasets hav-
ing a lower distribution of sparsities (ranging from 12 to 75%) as compared
to 16S (ranging from 55 to 83%) and WMS datasets (ranging from 35 to
89%) whose distributions of zero frequencies were not signi cantly di erent
from each other (Wilcoxon test, W=734, p-value=0.377, Additional le 1:
Supplementary Fig. S1 a, b). To establish whether the di erence between
scRNA-Seq and metagenomic data was due to the di erent number of fea-
tures and samples, which are intrinsically related to sparsity, we explored

the role of library size and experimental protocol (Additional le 1: Sup-
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Figure 3.1: Starting from 41 Projects collected in 2 manually curated data repos-
itories (HMP16SData and curatedMetagenomicData Bioconductor packages), 18
16S and 82 WMS datasets were downloaded. Biological samples belonged to sev-
eral body sites €.g, oral cavity), body subsites (e.g., tongue dorsum), and condi-
tions (e.g, healthy vs. disease). Feature per sample count tables were used in order
to evaluate several objectives: goodness of t for 5 parametric distributions, type

| error control, concordance, and power for 18 di erential abundance detection
methods. Methods developed for metagenomics, bulk-RNA-Seq, or scRNA-Seq
were ranked using empirical evaluations of the above-cited objectives.
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plementary Fig. S1 c). scRNA-Seq datasets showed a marked di erence
in terms of the number of features and sparsity, as they are derived from
di erent experimental protocols. Full-length data (e.g, Smart-seq) are on
average sparser than droplet-based data.g., Drop-seq) but both are less
sparse than 16S and WMS.

These results indicate that metagenomic data are even more sparse than
scRNA-Seq, and thus that zero-in ated models designed for scRNA-Seq
could, at least in principle, have good performance in a metagenomic con-

text.

3.3.1 Goodness of t

As di erent methods rely on di erent statistical distributions to perform

DA analysis, we started our benchmark by assessing the Goodness Of Fit
(GOF) of the statistical models underlying each method on the full set
of 16S and WMS data. For each model, we evaluated its ability to cor-
rectly estimate the mean counts and the probability of observing a zero
(Fig. 3.2). We evaluated ve distributions: (1) the Negative Binomial (NB)
used in edgeR [19] and DeSeq2 [20], (2) the Zero-In ated Negative Bino-
mial (ZINB) used in ZINB-WaVE [23], (3) the truncated Gaussian Hurdle
model of MAST [7], (4) the Zero-In ated Gaussian (ZIG) mixture model

of metagenomeSeq [13], and (5) the Dirichlet-Multinomial (DM) distribu-
tion underlying ALDEX2 [14]. The truncated Gaussian Hurdle model was
evaluated following two data transformations, the default logarithm of the
counts per million (logCPM) and the logarithm of the counts rescaled by
the median library size (see the Methods section). Similarly, the ZIG dis-
tribution was evaluated considering the scaling factors rescaled by either
one thousand (as implemented in the metagenomeSeq Bioconductor pack-
age) and by the median scaling factor (as suggested in the original paper).
We assessed the goodness of t for each of these models using the stool
samples from the Human Microbiome Project (HMP) as a representative

dataset (Fig. 3.2 a d); all other datasets gave similar results (Additional le
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1: Supplementary Fig. S2). A useful feature of this dataset is that a subset
of samples was processed both with 16S and WMS and hence can be used to
compare the distributional di erences of the two data types. Furthermore,
this dataset includes only healthy subjects in a narrow age range, providing
a good testing ground for covariate-free models.

The NB distribution showed the lowest root mean square error (RMSE, see
the Methods section) for the mean count estimation, followed by the ZINB
distribution (Fig. 3.2 a, b). This was true for both 16S and WMS data, in
most of the considered datasets (Additional le 1. Supplementary Fig. S2).
Moreover, for both distributions, the di erence between the estimated and
observed means was symmetrically distributed around zero, indicating that
the models did not systematically under- or overestimate the mean abun-
dances (Fig. 3.2 a, b; Additional le 1: Supplementary Fig. S2). Conversely,
the ZIG distribution consistently underestimated the observed means, both
for 16S and WMS and independently on the scaling factors (Fig. 3.2 a, b).
The Hurdle model was sensitive to the choice of the transformation: rescal-
ing by the median library size rather than by one million reduced the RMSE
in both 16S and WMS data (Fig. 3.2 a, b). This was patrticularly evident
in 16S data (Fig. 3.2 a), in which the default logCPM values resulted in a
substantial overestimation of the mean count, while the median library size
scaling led to underestimation. Given the clear problems with logCPM, we
only used the median library size for MAST and the median scaling factor
for metagenomeSeq in all subsequent analyses. The DM distribution over-
estimated observed means for low-mean count features and underestimated
observed values for high-mean count features. This overestimation e ect
was more evident in WMS than in 16S.

Concerning the ability of models to estimate the probability of observing a
zero (referred to as zero probability di erence, ZPD), we found that Hurdle
models provided good estimates of the observed zero proportion for 16S (Fig.
3.2 ¢) and WMS datasets (Fig. 3.2 d). The NB and ZINB distributions, on

the other hand, tended to overestimate the zero probability for features with
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Figure 3.2: a Mean-Dierence (MD) plot and Root Mean Squared Errors
(RMSE) for HMP 16S Stool samples.b MD plot and RMSE for HMP WMS Stool
samples. ¢ Average rank heatmap for MD performances in HMP 16S datasets,
HMP WMS datasets and all other WMS datasets. The value inside each tile refers
to the average RMSE value on which ranks are computedd Zero Probability-
Di erence (ZPD) (see the Methods section) plot and RMSE for HMP 16S Stool
samples. e ZPD plot and RMSE for HMP WMS Stool samples. f Average rank
heatmap for ZPD performances in HMP 16S datasets, HMP WMS datasets, and
all other WMS datasets. The value inside each tile refers to the average RMSE
value on which ranks are computed.
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a low observed proportion of zero counts in 16S (Fig. 3.2 ¢). In WMS data,
the ZINB distribution perfectly tted the observed proportion of zeros, while
the NB and DM models tended to underestimate it (Fig. 3.2 d). Finally, the
ZIG distribution always underestimated the observed proportion of zeros,
especially for highly sparse features (Fig. 3.2 c, d).

In summary, across all datasets, the best tting distributions were the NB
and ZINB: the NB distribution seemed to be particularly well-suited for 16S
datasets, while the ZINB distribution seemed to better t WMS data (Fig.
3.2 e). We hypothesise that this is due to the di erent sequencing depths
of the two platforms. In fact, while our 16S datasets have an average of
4891 reads per sample, in WMS, the mean depth &6 10° (3 1€ for
HMP). To con rm this observation, we carried out a simulation experiment
by down-sampling reads from deep-sequenced WMS samples (rarefaction):
while the need for zero in ation seemed to diminish as we got closer to the
number of reads typical of the corresponding 16S experiments, the pro le
did not completely match between approaches (Fig. Additional le 1: Sup-
plementary Fig. S4 b). This suggests that, while sequencing depth is an
important contributing factor, it is not enough to completely explain the

distributional di erences between the two platforms.

3.3.2 Type | error control

We next sought to evaluate type | error rate control of each method,e.,

the probability of the statistical test to call a feature DA when it is not.

To do so, we considered mock comparisons between the same biological
Stool HMP samples (using the same Random Sample IDenti er (RSID) in
both 16S and WMS), in which no true DA is present. Brie y, we randomly
assigned each sample to one of two experimental groups and performed DA
analysis between these groups, repeating the process 1000 times (see the
Methods section for additional details). In this setting, the p-values of a
perfect test should be uniformly distributed between 0 and 1 [27] and the

False Positive Rate (FPR or observed ), which is the observed proportion
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of signi cant tests, should match the nominal value é.g, = 0:05).

To evaluate the impact of both the normalisation step and the estimation
and testing step in bulk RNA-Seq inspired methods, we included in the
comparison both edgeR with its default normalisation (TMM), as well as
with DESeq2 recommended normalisation ( poscountsi.e., the geometric
mean of the positive counts) and vice versa (see Additional le 1. Supple-
mentary Table S2). Similarly, because the zinbwave observational weights
can be used to apply several bulk RNA-Seq methods to single-cell data [24],
we have included in the comparison edgeR, DESeq2, and limma-voom with
zinbwave weights.

The qg-plots and Kolmogorov-Smirnov (KS) statistics in Fig. 3.3 show that
most methods achieved a p-value distribution reasonably close to the ex-
pected uniform. Notable exceptions in the 16S experiment were edgeR with
TMM normalisation and robust dispersion estimation (edgeR_TMM _ro-
bustDisp), metagenomeSeq, and ALDEX2 (Fig. 3.3 a, b). While the former
two appeared to employ liberal tests, the latter was conservative in the
range of p-values that are typically of interest (0 0.1). In the WMS data,
departure from uniformity was observed for metagenomeSeq and edgeR_-
TMM_robustDisp, and limma_voom_TMM_zinbwave, which employed
liberal tests, as well as corncob_LRT, ALDEx2, and scde, which were con-
servative in the range of interest (Fig. 3.3 ¢, d). We note that in the context
of DA, liberal tests will lead to many false discoveries, while conservative
tests will control the type | error at a cost of reduced power, potentially
hindering true discoveries.

We next recorded the FPR by each method (by de nition all discoveries are
false positives in this experiment) and compared it to its expected nominal
value. This analysis con rmed the tendencies observed in Fig. 3.3 a, b
and c, d. In particular, edgeR_TMM _robustDisp and metagenomeSeq
were very liberal in both 16S (Fig. 3.3 e) and WMS data (Fig. 3.3 f); in
the case of metagenomeSeq, as much as 30% of the features were deemed

DA in the 16S datasets when claiming a nominal FPR of 5% (Fig. 3.3 e).
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Figure 3.3: a Quantile-quantile plot from 0 to 1 and 0 to 0.1 zoom for DA
methods in 41 16S HMP stool samples. Average curves for mock comparisons
are reported. b Kolmogorov-Smirnov statistic boxplots for DA methods in 41 16S
HMP stool samples. c Quantile-quantile plot from 0 to 1 and 0 to 0.1 zoom for DA
methods in 41 WMS HMP stool samples. Average curves for mock comparisons
are reported. d Kolmogorov-Smirnov statistic boxplots for DA methods in 41
WMS HMP stool samples. e Boxplots of the proportion of raw p-values lower
than the commonly used thresholds for the nominal (0.01, 0.05, and 0.1) for 41
16S stool samples.f Boxplots of the proportion of raw p-values lower than the
commonly used thresholds for the nominal (0.01, 0.05, and 0.1) for 41 WMS
stool samples.
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ALDEXx2, scde, and MAST, albeit conservative, were able to control type |
error. In between these two extremes, edgeR, DESeq2, and limma showed
an observed FPR slightly higher than its nominal value. In particular,
DESeg2-based methods, limma-voom, and MAST were very close to the
nominal FPR for 16S (Fig. 3.3 e), while imma-voom, MAST, and corncob
(with Wald test) were the closest in WMS data (Fig. 3.3 f). Of note,
corncob seemed slightly conservative in WMS data and slightly liberal in
16S data, with LRT being closer than Wald to the nominal value in 16S
(Fig. 3.3 e) and vice versa in WMS data (Fig. 3.3 f). The zinbwave weights
showed mixed results: DESeq2 with zinbwave weights was better than the
unweighted versions in WMS, while the weights did not help edgeR and
limma in controlling the type | error rate. Taken together, these results
suggest that the majority of the methods do not control the type | error
rate, both in 16S and WMS data, con rming previous ndings [10, 12].
However, for most approaches, the observed FPR is only slightly higher

than its nominal value, making the practical impact of this result unclear.

3.3.3 Between-method concordance

We measured the ability of each method to produce replicable results in
independent data in six datasets [25, 26, 28 30] (Additional le 1. Supple-
mentary Table S3) that showed di erent - and -diversity, as well as dif-
ferent amounts of DA between two experimental conditions (Additional le

1. Supplementary Fig. S5). Each dataset was randomly split in two equally
sized subsets and each method was separately applied to each subset. The
process was repeated 100 times (see the Methods section for details). To
assess the ability of methods to return concordant results from independent
samples, we employed the Concordance At the Top (CAT) [31]Jmeasure to
assess Between Methods Concordance (BMC) by comparing the list of DA
features across methods in the subset (ranked by p-value when available or
by importance in the case of the songbird and mixMC; see Methods). We

used BMC to (i) group methods based on their degree of agreement and (ii)
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identify those methods sharing the largest amount of discoveries with the
majority of the other methods. Although concordance is not a guarantee
of validity, it is a requirement of validity, so methods sharing the largest
amount of discoveries with the majority of other methods may be more
likely to also be producing valid results.

Concordance analysis performed on 16S Tongue Dorsum vs. Stool dataset
(Fig. 3.4 a) showed that the methods clustered within two distinct groups:
the rst comprising all methods that include a TMM normalisation step,
songbird, and scde, the second containing all the other approaches (Fig. 3.4
a). Even within the second group, methods segregated by normalisation,
as can be seen by the tight clustering of all the methods that include a
poscount normalisation step (Fig. 3.4 a). This indicates that, in 16S data,
the choice of the normalisation has a pronounced e ect on inferential results,
even more so than the choice of the statistical test. A similar result was
previously observed in bulk RNA-Seq data [32]. The use of observational
weights to account for zero in ation did not seem to matter in these data,
and in general, scRNA-Seq methods did not agree with each other (Fig.
3.4 a). Similarly, the clustering did not separate compositional and non-
compositional methods (Fig. 3.4 a). We noted that metagenomeSeq was
not concordant with any other method and that the two corncob approaches
formed a tight group, con rming that modelling strategies have more impact
than the choice of the test statistics in these data.

A di erent picture emerged from the analysis of the WMS data (Fig. 3.4
b). Here, methods are clustered by the testing approach. The bottom
cluster comprised the bulk RNA-Seq methods with the inclusion of the
Wilcoxon nonparametric approach, metagenomeSeq, and mixMC. The mid-
dle cluster consisted of the zinbwave methods and ALDEXx2. The top cluster
comprised MAST, corncob, scde, and songbird. Overall, mixMC and the
methods based on NB generalised linear models showed the highest BMC
values. When observational weights were added to those models, the BMC

decreased, but still a good level of concordance was observed with their
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Figure 3.4: a Between Methods Concordance (BMC) and Within Method Concordance (WMC) (main diagonal) averaged values from rank 1
to 100 for DA methods evaluated in replicated 16S Tongue Dorsum vs. Stool comparisonis.BMC and WMC (main diagonal) averaged values

from rank 1 to 100 for DA methods evaluated in replicated WMS Tongue Dorsum vs. Stool comparisons.
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respective unweighted version.

We noted that the BMC is highly dataset-specic and depends on the
amount of DA between the compared groups. Indeed, BMC decreased with
decreased beta diversity of the dataset, and the role of normalisation became

less clear (Additional le 1: Supplementary Fig. S6).

3.3.4 Within-method concordance

The CAT metric was used again for assessing the Within Method Concor-
dance (WMC), i.e., the amount of concordance of the results of each method
on the two random subsets.

WMC was clearly dataset-dependent, showing high levels of concordance in
datasets with a high di erential signal (e.g, tongue vs. stool, Fig. 3.5 a) and
low concordance in datasets with a low di erential signalé.g. supragingival

vs. subgingival, Fig. 3.5 e). Overall, the replicability of results in WMS
studies was slightly higher than that of 16S datasets.

In terms of method comparison, corncob showed high levels of concordance
in WMS datasets but lower concordance in all 16S datasets (Fig. 3.5). Sim-
ilarly, songbird showed the highest concordance in mid (Fig. 3.5 d) and low
(Fig. 3.5 f) diversity WMS datasets but did not perform well in 16S (espe-
cially for the highly diverse TongueDorsum vs. Stool comparison; Fig. 3.5
a).

The addition of zinbwave weights to edgeR, DESeg2, and limma-voom
did not always help: it was sometimes detrimentale.g, for edgeR in the
schizophrenia dataset (Fig. 3.5 d) and sometimes led to an improvement in
replicability, e.g, for limma-voom in the Tongue Dorsum vs. Stool dataset
(Fig. 3.5 a). The schizophrenia dataset had the lowest sample size among all
the datasets evaluated, suggesting that sample size may play an important
role in estimating zinbwave weights.

While this analysis con rmed the unsatisfactory performance of metagenome-
Seq (Fig. 3.5 a, b, and f), ALDEx2, which was very conservative in terms of

type | error control (Fig. 3.3), showed overall good performance, with the
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notable exception of the high-diversity WMS dataset (Fig. 3.5 b), for which

it was the worst performing method. To sum up, the highest concordance
was measured, in all WMS datasets, by the corncob-based and songbird
methods, while RNA-Seq methods performed better in 16S datasets, con-
rming that the two platforms yield substantially di erent data. mixMC

was the only method that never showed poor concordance regardless of the
technology or of the diversity of the compared groups.

Taken together, these analyses suggest that both BMC and WMC are highly
dependent on the amount of DA observed in the dataset: higher DA leads
to a higher concordance. Moreover, WMC was similar among the compared
methods, indicating that the replicability of the DA results depends more

on the strength of DA than on the choice of the method (Fig. 3.5).

3.3.5 Enrichment analysis

While mock comparisons and random splits allowed us to evaluate model
t and concordance, these analyses do not assess the correctness of the
discoveries. Even the method with the highest WMC could nonetheless
consistently identify false positive DA taxa.

While the lack of ground truth makes it challenging to assess the validity of
DA results in real data, enrichment analysis [33] can provide an alternative
solution to rank methods in terms of their ability to identify as signi cant
taxa that are known to be di erentially abundant between two groups.

Here, we leveraged the peculiar environment of the gingival site: the supragin-
gival bio Im is directly exposed to the open atmosphere of the oral cavity,
favoring the growth of aerobic species. In the subgingival bio Im, however,
the atmospheric conditions gradually become strict anaerobic, favoring the
growth of anaerobic species [34]. From the comparison of the two sites, we
thus expected to nd an abundance of aerobic microbes in the supragingi-
val plaque and of anaerobic bacteria in the subgingival plaque. DA analysis
should re ect this di erence by nding an enrichment of aerobic (anaerobic)

bacteria among the DA taxa with a positive (negative) log-fold-change.
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