Metataxonomic Methods Assessment and
Investigation of the Gut Mycobiota in Pediatric-Onset Multiple Sclerosis

By
Nelson Yuk Hay Mok

A thesis submitted to the Faculty of Graduate Studies of
The University of Manitoba
In partial fulfillment of the requirements of the degree of

Master of Science

Department of Medical Microbiology and Infectious Diseases
University of Manitoba
Winnipeg, Manitoba

Copyright © 2023 by Nelson Yuk Hay Mok



ABSTRACT

Multiple sclerosis (MS) is a chronic, progressive, and debilitating disease of the central
nervous system. This disease is thought to have multiple predisposing factors, including genetic
risk factors, vitamin D deficiency, and infectious agents. Although a fungal presence in MS has
long been suspected, only recently did studies associate the fungal gut microbiome—the
mycobiome—with MS in adult individuals. However, investigations of the mycobiome’s
association with disease have been hampered by a lack of standardized methodologies. Both the
methods for sequencing and bioinformatic characterization of the mycobiome require systematic
assessment in order to standardize such methodologies. Furthermore, although alterations in the
mycobiome have been associated with MS in adults, no studies to date have examined if the
same case can be made for pediatric-onset MS (POMYS) individuals. We set out to evaluate the
performance of different internal transcribed spacer (ITS) amplicon sequencing and
bioinformatics approaches by varying the PhiX concentration and assessing the abilities of
different analytical pipelines to characterize a predefined fungal community. We also used the
most optimal methods resulting from our evaluation to examine the gut mycobiome in persons
with and without POMS. Our methodology evaluation finds that a 50% PhiX spike-in increased
the sequence quality, with 15% more bases at a Phred score of 30 or greater (> 99.9% accuracy)
but decreased the overall number of reads by more than half when compared to a 25% PhiX
spike-in. Of the three fungal metabarcoding bioinformatics pipelines we examined, LotuS
classified the highest number of expected species. Although we did not find a significant
difference in the fungal community between POMS and unaffected control individuals, we found
that the genus Agaricus was highly abundant in POMS individuals; we also found an association

of the species Candida albicans with POMS.
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CHAPTER 1: INTRODUCTION

1.0 Multiple sclerosis

1.0.1 Characterization of multiple sclerosis

The brain and spinal cord form the central nervous system (CNS), which is responsible
for cognition, muscle contraction, vision, and other essential life functions. The CNS comprises
neuronal cells that conduct electrical signals that are fundamental in cell-cell signalling.
Neuronal axons are lined in a myelin sheath composed of fat and protein that insulates the
neuronal cell, guiding the electron flow to ensure the signal from one end arrives at the other.
Certain brain disorders can cause the deterioration of myelin, leading to aberrant electrical

conductance and improper cell-cell signalling.

Multiple sclerosis (MS) is one such neurodegenerative disorder where chronic
inflammation and myelin degradation occurs.! This demyelinating effect is marked by ovular-
shaped plaques in the grey and white matter of the CNS, which can be visualized using magnetic
resonance imaging (MRI) and causes effects ranging from muscle weakness involving bowel and
bladder dysfunction, visual and cerebral impairments in severe cases, and in extreme cases,
cognitive impairments leading to physical disabilities.!” Disease severity of MS can be semi-
quantified by a physician using an evaluated score from zero to ten on the Expanded Disability

Status Scale (EDSS), where higher values are linked to MS-induced mortality (Figure 1.0).2

1| Page



[ (¢ ® o [ ] ® ® y,
A1 M o= ©
0 1.0 2.0 3.0 4.0 5.0 6.0 7.0 8.0 9.0 10.0
Normal, no No disability, Minimal Moderate Severe Severe Requires Unable to Restricted to Restricted to Death by
FSa signsof 1 FS | disability, 1 FS | disability (1 disability but disability walking aid & walk even bed/chair or bed but is still MS
FS) or mild self-sufficient impairing able to walk with aid, requires able to
disability in daily ~100 m wheelchair- wheelchair communicate
3-4FS activities bound pushed and eat
(able to walk
~200 m)

Figure 1.0. Summarized version of the Expanded Disability Status Scale.
? FS: functional systems, including pyramidal functions, cerebellar, brain stem, sensory, bowel and bladder, visual, cerebral, and

other.?
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1.0.2 Types of multiple sclerosis

Although the severity of MS can be semi-quantitatively determined by the EDSS, clinical
courses leading to disability are variable due to spontaneous or continuous periods of
demyelination and remyelination.? The definitions proposed by Lublin et al. (1996) are
commonly accepted in modern diagnoses. The most common include Relapsing-remitting
(RRMS), which occurs when acute demyelinating periods are separated by no disease
progression during remyelination; Secondary-progressive (SPMS), which stems from RRMS,
where individuals eventually lose the ability to reform myelin by oligodendrocytes, thereby
allowing continuous neurodegeneration; and Primary-progressive (PPMS), which is marked by
constant demyelination from disease onset due to a lack of or very minimal periods of
remyelination.?* Though other definitions exist for non-standard patterns of demyelination,
whether these can be characterized as MS or another neurodegenerative disorder is not clear;
accordingly, Lublin et al. (2014) added clinically isolated syndrome (CIS) for uncertain
diagnoses pertaining to inflammatory demyelination.’> Additionally, the diagnosis of MS is
commonly performed using the McDonald Criteria, which depends on the dissemination of
plaques over time and location. These criteria are often enhanced by MRI imaging and gel

electrophoresis of oligoclonal bands from cerebrospinal fluid (CSF).%’

1.0.3 Adult-onset multiple sclerosis versus pediatric-onset multiple sclerosis

Multiple sclerosis affects females at least twice as much as males.® On average, the global
age of MS diagnosis is around 37 years, but symptom onset occurs at around 2040 years of
age.>%? The most common type of MS diagnosis is RRMS in adult-onset individuals; this

diagnosis also extends to pediatric-onset cases, where MS onset typically occurs before the ages
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of 16-18.>1° Although cases of pediatric-onset MS (POMS) are rare (~5% of total MS cases
according to one study involving a Swedish cohort!!), the reporting of POMS is on the rise, but
studies focused on only POMS is rather limited, often due to the low number of individuals

available to participate in a study cohort.®!%-!!

In studies examining the differences between adult-onset and POMS, differences in the
disease have been noted.'® Individuals diagnosed with POMS experience more aggressive
inflammation, leading to axonal damage of the myelin and higher relapse rates. The high relapse
rate in POMS individuals is offset by quicker recovery, often attributed to remyelination by
oligodendrocytes, high neuronal plasticity, or both. Significant cognitive impairment is
associated with POMS if unmanaged by early intervention.>! Compared to adult-onset MS,
POMS individuals also take longer to reach EDSS disability milestones, but typically these

milestones are met at a younger age.'!

1.0.4 Epidemiology of multiple sclerosis

There are approximately 2.8 million cases of MS globally with a reported increase of
approximately 500,000 global cases between 2013 and 2020.% Of these cases, 30,000 are POMS,
though pediatric-onset cases is are reported by only 47 out of the 115 countries surveyed. POMS
is difficult to diagnose due to the similarities in clinical presentation and symptoms compared to

monophasic acute demyelinating syndromes (monoADS).31%13

The most common type of MS, RRMS, affects 85% of adult cases and is diagnosed
almost exclusively in pediatric individuals.®!? Although twice as many females are diagnosed
with MS compared to males, this difference in prevalence is due to an unknown factor

potentially influenced by genetics, hormones, or lifestyle.>® Additionally, the incidence of MS is
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increased in high income continents, such as North America, Europe, and Australia. The high
prevalence in these continents is partially attributed to increased surveillance compared to middle
and low income continents.® Studies have shown that individuals of European descent are
disproportionately affected by MS due to genetic variants associated to antigen presenting cells,
such as the human leukocyte antigen (HLA)-DRB1 and CD58 gene, which occurs more

frequently in this population.®!*

1.0.5 Pathology of multiple sclerosis

The pathology of inflammation during MS involves the blood-brain barrier (BBB), which
is composed of tight junctions that selectively allow for the entry of molecules from blood
capillaries into the brain.!>!® Demyelinating plaques are often located near capillaries, suggesting
that the breakdown of the BBB is a feature of MS pathology. Pro-inflammatory cytokines, such
as tumour necrosis factor (TNF) and interleukin-6 (IL-6), increase leakage of the BBB, thereby
allowing the entry of pathological molecules that further exacerbate the immune response,
leading to the destruction of oligodendrocytes and self-inflicted demyelination by T-cells,
possibly due to molecular mimicry during pathogen infection that influences the progression of
MS severity. However, the actual etiology of MS leading to chronic inflammation is still under

active investigation.

1.0.6 Risk factors

Certain risk factors, including sex, environment, genetics, and pathological elements such
as infection by Epstein-Barr virus (EBV), are suspected to individually or jointly play a role in
MS progression. For example, MS is more commonly diagnosed in females than males,
especially in individuals of European descent, which can be up to three times more prevalent in

some regions.? In a study of 199 pregnant women diagnosed with MS, Mirzaei et al. (2011)
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found a lower risk of hereditary MS if the mother had a daily intake of > 2 and > 400 IU vitamin
D before giving birth.!” In terms of genetics, an early concordance study by Ebers et al. (1986)
revealed that monozygotic twins are more likely to be diagnosed with MS, with a higher ratio in
female twins than males (1.5:1), as opposed to dizygotic non-identical twins.'® Modern studies
on genetic associations note that the HLA, namely HLA-DRB1 subtypes commonly found in

individuals of European descent, may lead to a higher risk of MS."

A study by Endriz et al. (2017) involving 259 individuals suggests that the EBV may play
arole in MS. They demonstrated a correlation of the presence of this virus (using the Epstein-
Barr nuclear antigen 1 [EBNA1]) with an increased risk of MS.?° The study also cites estrogen as
a risk factor, as other studies have found that females going through puberty are more likely to

develop MS.

The most compelling evidence for EBV as a causal factor of MS involves a longitudinal
study of US military service personnel conducted by Bjornevik et al. (2022).2! This study
analyzed blood serum samples from 801 MS cases compared to 1566 matched controls without
MS over 20 years. Using enzyme-linked immunosorbent assay (ELISA) and Western blotting,
the authors found that the vast majority (800 of 801 individuals) who developed MS during their
service were seropositive for EBV, whereas the same could not be said for controls. At the
initiation of the study, only 33 MS cases were EBV-negative compared to 90 controls. Although
32 of these MS cases were EBV-positive at the end of the study, only 51 of the controls
seroconverted to EBV positivity. Over half of the EBV seropositive controls did not develop MS,
and only one of 33 MS cases did not seroconvert to EBV positive at the end of the sampling
period. Although the initial cohort enrollment was high, the authors limited their investigation to
33 MS individuals who were initially EBV seronegative before MS onset, which limits the
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confidence of the interpretations of the study. The study suggests that EBV may explain MS
onset, but the authors also acknowledge alternative factors like the HLA-DR15 antibody may act
in synergism. The HLA-DR 15 molecule is also suspected to bind fungal-associated peptides,

suggesting perhaps other microorganisms such as bacteria or fungi may play a role in MS.?

1.1 Human-fungal connections to MS

The hypothesis that fungi may play a role in MS has gained increasing traction over the

past decade. This section reviews the current evidence for a fungal association with MS.

1.1.1 Fungal infection in patients with MS

Ramos et al. (2008) investigated seven individuals diagnosed with MS for the presence of
specific fungi.?* Blood serum samples from these individuals were tested by anti-Candida sp.
antibodies using immunofluorescence and slot-blot assays, -1,3 glucan biochemical test, and
quantitative PCR (qPCR) targeting the fungal internal transcribed spacer 1 (ITS1) region.
Antibodies against several fungal species were tested, including C. albicans, C. famata, C.
parapsilosis, C. glabrata, C. krusei, Saccharomyces cerevisiae, and Rhodotorula mucilaginosa,
all of which are human pathogens. Results of an immunofluorescence antibody assay against the
five Candida spp. detected varying levels of these species in six out of seven individuals,
whereas all ten non-MS control individuals tested negative. Similarly, all case individuals tested
positive for fungal antibodies when using the more sensitive slot-blot assay but at varying levels
compared to the immunofluorescence assay, though control individuals remained negative or had
a negligible concentration of fungal antigens. Further testing on blood serum samples by qPCR
detected fungi in six of seven of the MS individuals but not the non-MS controls. When the

authors tested for the presence of -1,3 glycan (a component of the fungal cell wall), they
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discovered a fungal signature in four of seven MS cases, but no signature was found in the
control individuals. This study suggests that fungi in MS are either a consequence of immune

dysregulation or possibly a direct etiological agent.

1.1.2 Longitudinal fungal examination of a patient in MS

A similar approach to Ramos et al. (2008) was used by Pisa et al. (2011).2>?* The authors
of this study conducted similar assays using antibodies against the same fungi as Ramos et al.
(2008), though they instead analyzed longitudinal samples from a single individual diagnosed
with MS. Immunofluorescence assay on blood serum samples detected fungal antigens but with
variable response. The fungal species detected differed depending on the month of sample
collection, where the anti-fungal antibodies sometimes detected a certain species and other times
no fungal organism was detected. These variable results were similarly observed by slot-blot
assay; although fungal antigens were detected throughout all longitudinally collected sera, some
were detected at low levels, which the authors attribute to the increased sensitivity of this assay.
Similarly, nested PCR amplification for the fungal ITS1 region and detection of B-1,3 glucan was
also variably positive in some blood serum sample collection months but not others. An
additional cross-sectional analysis was performed on a CSF sample of this individual. CSF is a
naturally sterile fluid,?> but when the authors used the immunofluorescence and slot-blot assays,
they discovered that the MS individual had antigens and antibodies of fungal origin while none

were observed in the control.

1.1.3 Fungi in cerebrospinal fluid of MS patients

Pisa et al. (2013) followed up on their original investigation into the presence of fungi in
the CSF of MS individuals.?® The main focus of this study was to test for the presence of C.

famata and C. parapsilosis in the CSF samples of 12 individuals. Although fungi were detected
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in all 12 cases, two cases were detected above the study’s detection threshold. The authors also
tested the blood serum of these 12 individuals using the slot-blot assay. The results showed
positivity for fungi in ten of 12 individuals for C. famata, and five of 12 individuals positive for
C. parapsilosis. The results of this study suggest no correlation between the fungal community in
CSF and serum samples. When testing for the presence of fungal antigen by
immunofluorescence-tagged antibodies, C. famata was identified in one individual, and C.
parapsilosis was identified in four individuals. Blood serum tests, in contrast, detected both C.
famata and C. parapsilosis in nine MS individuals, which again indicates a difference in fungal
composition depending on the sampling location and type. The lower detection rate in the CSF
samples is attributed to the presence of the BBB and selective permeation of molecules into the
CNS. Though the authors observed an 88% detection rate in their PCR test using CSF from eight
individuals, this higher detection is possibly due to increased sensitivity by genetic testing over

serological testing.

1.1.4 Metagenomic analysis of MS cerebrospinal fluid

Cerebrospinal fluid from ten individuals with MS was studied by Perlejewski et al.
(2016) using next-generation sequencing (NGS).?? This study used single-primer isothermal
amplification followed by RNA sequencing to conduct metagenomic analysis. They identified
organisms of bacterial, parasitic, protozoan, and fungal origin. Fungal genera identified include
Ascomycota, Brachyakara, Candida, Cladosporium, Debaryomyces, Exophiala,
Falciformispora, Funneliformis, Galactomyces, Gigaspora, Glomus, Knufia, Malassezia,
Penicillium, Peniophora, Pleosporales, Rhodotorula, Saccharomycetales, Sclerotium, and
Sclerotium. Although the presence of fungi was common in some cases, the identified fungal

populations differed among individuals with MS. The genera Candida, Cladosporium,
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Funneliformis, Galactomyces, and Glomus were found in more than half of the individuals, with
Malassezia being found in four individuals. However, the authors caution that these commonly

identified organisms may be contaminants of the environment or the utilized PCR reagents.

1.1.5 Detection of fungi in MS nervous tissue

Alonso et al. (2018) investigated individuals for the presence of fungi and bacteria in the
brain tissue of ten individuals with MS.?” They used nested PCR assays to amplify specific
fungal signatures, the internal transcribed spacer regions 1 and 2 (ITS1 and ITS2). The ITS1
region amplified in approximately nine cases, and the ITS2 region in all ten cases. In non-MS
control individuals, ITS1 was identified in eight of nine samples, and ITS2 was identified in all
nine samples. Next-generation sequencing of the ITS1 and ITS2 regions identified Trichosporon
mucoides in eight of ten MS cases, while non-MS controls identified no fungal species.
Metagenomic analysis identified Candida deformans, Davidiella tassiana, uncultured
Malassezia sp., and unknown fungi in high abundance. Fungi were also detected in non-MS
controls. Differential analysis of cases and controls revealed a relative abundance of the genera
Candida, Malassezia, and Trichosporon in MS cases, and the orders Eurotiales, Lecanorales,
Pleosporales, and Tremellales were exclusive to MS individuals. When conducting principal
coordinate analysis using the Bray-Curtis distance, the authors found no distinct differences

between MS cases and non-MS control samples.

1.1.6 First characterization of the gut microbiome in MS

Shah et al. (2021) published the first paper characterizing the gut fungal community in 25
people with MS and 22 non-MS unaffected controls that were matched for age, gender, BMI, and
ethnicity.?® The authors found that the phylum Ascomycota was highly abundant in both MS and

controls, whereas Basidiomycota was lower in MS individuals compared to controls. The genus
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Saccharomyces had the highest relative abundance in both MS and controls. The genera Xylaria,
Pencillium, Agaricus, and Aspergillus were identified in both groups but at lower abundances;
furthermore, Saccharomyces and Aspergillus were significantly higher in MS individuals than
controls. The authors found the gut fungal community significantly differed in MS individuals
compared to unaffected controls. Beta diversity at the genus level significantly differed between
MS cases and controls (p = 0.04). Alpha diversity by Shannon index found the same result (p =
0.043). Longitudinal sampling over six months did not show significant changes in the gut fungal
community, although the genus Saccharomyces steadily declined over this period. This suggests

that the gut fungal populations form stable communities in individuals with MS.

1.1.7 Second characterization of the gut fungal microbiome in MS

Yadav et al. (2022) investigated the composition of the gut mycobiota in 20 RRMS
individuals and 33 unaffected controls aged 18—63.% Their beta diversity results found a
significant difference in diversity when comparing MS cases to controls (p = 0.011), in
agreement with the findings of Shah et al. (2021). Although their alpha diversity analysis did not
indicate significant differences, they noted a trend of higher richness in MS individuals than in
controls. Similar to the findings of Shah et al. (2021), the authors of this study also noted phylum
Ascomycota and Basidiomycota at the highest relative abundances in both groups; however,
Basidiomycota was found to be higher in MS individuals, whereas this phylum was found to be
at low abundance in MS individuals in the Shah et al. (2021) study. Across both studies, the
genus Saccharomyces was found at the highest abundance in both MS individuals and unaffected
controls. The genera Candida, Malassezia, Penicillium, and Cladosporium were also identified
in MS cases and controls, though at lower abundances. Interestingly, a majority of these

overlapping genera found between both studies were also discovered in a controlled diet
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experiment conducted by Auchtung et al. (2018).3° The authors of the controlled diet study
indicated that Saccharomyces and Candida, in specific C.albicans, are commonly found in foods
such as bread and in naturally occurring in saliva, which is a cause of dental cavities. Overall,
Yadav et al. (2022) concluded there is a difference between the gut mycobiota of MS individuals

and unaffected controls.

1.2 Other fungal connections to MS

1.2.1 Experimental autoimmune encephalomyelitis animal model

Experimental autoimmune encephalomyelitis (EAE) is an inflammatory demyelinating
disease of the central nervous system that approximates the clinical features of MS, and is the
most commonly used animal model for studying MS.3! Takata et al. (2015) examined the effect
of yeasts from fermented foods on the composition of the intestinal microbiota and their ability
to modulate the course of EAE.3? A total of 18 fungal organisms were cultured, heat-killed, and
fed to C57BL/6 inbred mice. EAE was later induced using MOG35-55 oligodendrocyte
glycoprotein and Freund’s adjuvant. Of the 18 administered fungi, only Candida kefyr
significantly decreased EAE symptoms, and cytometry results indicate low mononuclear cells in
the mice CNS with cytokine assays showing a significant decrease of the proinflammatory
interleukin-17 (IL-17). Mice fed with C. kefyr were euthanized for their cecal contents, including
the microbiota, which was then fed to mice on antibiotics and later induced for EAE. The results
demonstrate a decrease in EAE symptoms attributed to a decrease in the bacterial genus
Bacteriodes and increases in the genus Prevotella and order Lactobacillales, compared to control
EAE-induced mice. This study suggests that C. kefyr, through its influence on the bacterial gut

microbial population, may ameliorate the effects of EAE if ingested before disease induction.
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In contrast, a study performed by Fraga-Silva et al. (2015) injected the fungus C. albicans
into the tail vein of C57BL/6 mice, exploiting the ability of C. albicans to disseminate into the
CNS through invasive candidiasis.>® They later induced EAE using the MOG35-55 peptide,
Freund’s adjuvant, and Bordetella pertussis toxin to immunologically incite limb weakness or
paralysis. The presence of C. albicans in the CNS of mouse brain biopsy tissue was detected by
tissue staining and isolating colonies on Sabouraud-dextrose agar. EAE mice infected with C.
albicans developed the severe disease by aggravating immune infiltration into the CNS, namely
by strong CD3"CD4" T-cells attraction by proinflammatory cytokines such as TNF-a, IL-6, and
IL-17, showing that a species of Candida can exacerbate EAE inflammation and suggesting a

link between fungi and MS, with fungal toxins possibly playing a contributory role.

1.2.2 Mycotoxin: Gliotoxin animal studies

Toxin-induced models for studying MS have explored the effects of gliotoxins, such as
ethidium bromide, lysolecithin, and 6-aminonicotinamide, which are known to cause
demyelination.’! Willis et al. (2004) showed that astrocytes, critical for maintaining tight
junctions of the BBB, can be destroyed by the gliotoxin 3-chloropropanediol in F344 rats and
thereby increasing leakage into the CNS.3* Fraga-Silva et al. (2019) expanded on this by
examining gliotoxins produced by the fungus Gliocladium fimbriatum in an EAE-mouse model.
By injecting gliotoxin into C57BL/6 mice induced with EAE, the authors found a significant
increase of IL-17 and interleukin-2 (IL-2) cytokines, which caused inflammation and
demyelination in the CNS, thereby increasing EAE severity.*> The authors report that the BBB
permeability was increased in both control and EAE-induced mice once gliotoxin was
administered, which allowed the uptake of sodium fluorescein into the CNS. This study shows

that mycotoxins may play a role in MS, and various species of fungi are producers of gliotoxins
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and other mycotoxins, which allows them to increase invasiveness and decrease the fungal

immune response.>-¢

1.2.3 Dimethyl fumarate and fungi

A less explored, but intriguing potential link between fungi and MS is the drug dimethyl
fumarate (DMF) used for MS symptom management. Although the exact mechanism of action of
DMF in MS is not clear, it is used to regulate immune response by promoting anti-inflammation
and neuroprotection, which can be extended for use in other immune-mediated diseases such as
psoriasis.>”* It is hypothesized that DMF, when hydrolyzed into monomethyl fumarate (MMF),
can directly activate the nuclear factor erythroid-derived 2-related factor (Nrf2) transcription
factor pathway, which ultimately leads to an increase of antioxidants such as carbon monoxide
and anti-inflammatory cells while decreasing the inflammatory cell population.’® DMF may also
indirectly activate the hydroxyl carboxylic acid receptor 2 (HCAR2), which is shown to be
important to anti-inflammatory responses in the EAE mice model of MS. Prior to DMF being
approved as a treatment for MS by the US Food and Drug Administration in 2013, it was used as
a biocide to prevent fungal growth on leather products.’® Ma et al. (2017) conducted a study to
examine the effects of DMF on mycotoxins that disrupt tight junctions of the gut-blood barrier,
leading to dysbiosis associated with immune-mediated diseases.*’ Feeding BALB/c mice with
DMF increased the gut bacterial richness and diversity and decreased tight junction permeability.
Specific mycotoxins, including aflatoxin, fumonisin, and zearalenone, were found to be
decreased in mice administered with DMF. Although the study outcome on mycotoxins in vivo
does not clearly indicate a DMF target, the authors advance the idea that this drug may decrease

toxins released by fungi.
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1.3 Fungal genomics and metabarcoding

1.3.1 Next-generation sequencing

The impact of genomic sequencing technologies on microbial disease investigation has
been profound.*! Sequence-based fungal identification was originally performed by Sanger
sequencing, which is limited in its ability to analyze multiple samples in parallel.*** Next-
generation sequencing (NGS) technologies, with their increased accuracy, decreased cost, and
massive throughput, have resulted in a dramatic proliferation of genomic investigations into
microbial disease. Such studies may involve the identification of a specific organism or a
community of organisms.** These analyses have contributed greatly to identifying pathological

agents contributing to disease.

The Illumina platform is a short-read sequencing platform and a popular choice for
mycobiome investigations due to its relatively high throughput and low cost relative to long-read
options such as PacBio or Oxford Nanopore.** There are two main approaches for studying the
mycobiome using the Illumina platform: the targeted-amplicon metataxonomic barcoding
approach and the shotgun metagenomic approach.**## The targeted-amplicon approach
amplifies a single short molecular signature unique and common to fungi but with sufficient
variability to distinguish between fungal taxa. Shotgun metagenomics, in contrast, randomly
samples all the genomic content from a population, including fungal and non-fungal constituents.
Although, in theory, shotgun metagenomics offers a comprehensive survey of all the fungal
genes within a sample, in practice, this method is hard to perform for the mycobiome due to the
high relative abundance of non-fungal species in the gut microbiome. Only ~0.1% of the human
gut is inhabited by fungi, while the rest is composed of mostly bacteria, viral and human genes.*®
This means a greater sequencing depth is required to fully capture the fungal diversity within a
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sample which corresponds to a high cost of shotgun metagenomic sequencing. Additionally,
although fungal databases are sparse in general, there exist less comprehensive and well-curated
databases to assemble and identify fungal organisms using the shotgun metagenomic approach.*’
For these reasons, targeted-amplicon approaches, which are specific to the fungal population, are

more popular. Figure 1.1 provides an overview of the mycobiome analysis process.
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Figure 1.1. General overview of the gut fungal microbiome analysis process. 1) A sample,
typically from stool, is collected. 2) DNA is extracted from the sample. 3) DNA is amplified
using a targeted amplicon or shotgun metagenomic approach and ligated with sequencing
primers. 4) Sequencing is performed. 5) Bioinformatics analysis is used to identify taxa and
conduct downstream analyses.
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1.3.2 The challenge of extracting ecological fungal DNA

The identification of organisms in environmental samples by NGS is heavily impacted by
the upstream sequence extraction step.*%*® The DNA extraction step is crucial for capturing the
genomic content representing the microbial community of interest in a sample. This challenge is
increased for fungi because their chitinous cell wall differs from bacteria, and techniques for
extracting DNA from the gut mycobiome are less well-developed than their bacterial
counterpart,*>4446:4849 For example, the International Human Microbiota Standards (IHMS)
project established standard protocols for extracting and sequencing bacterial DNA from stool,
but similar standards for fungal DNA extraction are lacking.**° Although the structure of the
fungal cell wall is similar between different fungal phyla, their chemical compositions differ
considerably, which poses an additional challenge to DNA extraction.’! For example, within the
Ascomycota phylum, the genus Fusarium and Saccharomyces differ in the ratio of components
forming their cell walls, where Saccharomyces contains a 1:60:13:8 percent dry weight ratio of
chitin:glucans:protein:lipid, whereas Fusarium has a 39:29:7:8 ratio. This difference in cell wall
composition requires careful consideration of cell lysis techniques since complete lysis methods
do not neutralize PCR inhibitors. Techniques that do not address the presence of phenol
derivatives in some fungal walls and potential proteases or metal ions can decrease amplification
efficiency and may lead to decreased detection during taxonomic assignment.’>> In contrast,
incomplete lysis can lead to a loss of captured diversity. For example, the cell wall of the genus
Allomyces contains more chitin as compared to Saccharomyces (58% vs. 1% total cell wall dry
weight). Such a large range of chitin composition biases nucleic acid extraction towards the

fungal population with cell wall structures that are more easily lysed.>!
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To examine the effects of different lysis techniques on the extraction of fungal DNA,
Frau et al. (2019) investigated chemical lysis combined with or without mechanical shearing by
bead beating on seven positive control fungi and a stool sample.*’ The authors noted that using
bead beating before the extraction of stool DNA significantly increased the DNA yield of two of
the positive control organisms, Candida tropicalis, and Malassezia furfur, although reads from
Candida neoformans decreased compared to not using beads.*” The authors tested the same
extraction techniques on a single human stool sample and found a slight increase in fungal 18S
rDNA copies once bead beating was used. This study concluded that mechanical shearing by

bead beating is beneficial for mycobioime DNA extraction.

1.3.3 Metabarcoding signatures of the fungal rDNA operon

As previously mentioned, the Illumina platform is often preferred for analyzing fungal
communities because of its low cost and high base-calling accuracy.*? The Illumina protocol
involves library preparation and sequencing steps, whereby the amplification of specific fungal
barcode signature(s), called metabarcoding, is preferred over whole genome metagenomics for a
few reasons: fungi are eukaryotes, and their DNA contains many non-coding introns; the cost of
metagenomics is usually higher than metabarcoding; and the databases currently available for
assigning taxa to fungal sequences are considerably less well developed than their bacterial
counterparts.**#*4¢ Like bacteria, the fungal rDNA operon is taxonomically well conserved. The
operon contains the 18S, internal transcribed spacer region 1 (ITS1), 5.8S, ITS2, and 28S subunit
regions, which are useful metabarcoding targets for investigating fungal communities (Figure
1.2). Although the [llumina platform is commonly used for mycobiome analyses, this technology
is limited by the length of nucleotides it can capture in a read, currently 300 bases using the

single-end Illumina Miseq approach, expandable to 600 bases by paired-end sequencing. Many
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fungal ITS1 and ITS2 regions fall within this sequencing range, making them suitable targets for

metabarcoding.
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Figure 1.2. The fungal ribosomal DNA. The 18S makes up the small ribosomal subunit, while
5.8S and 28S form the large subunit. Two internal transcribed spacers exist (ITS1 and ITS2);
they are non-coding and excised during rRNA processing.’* The internal transcribed spacer
region encompasses the ITS1, 5.8S, and ITS2. The outer regions, 18S and 28S, are each ~1800
bp or greater, while the complete internal transcribed spacer is ~500-700 bp in length.>
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1.3.3.1 ITS region as a fungal barcode

Due to the length limitation of short-read sequencers, only certain subregions of the
rDNA can be captured by the existing sets of degenerate fungal primers, and each primer set
possesses a bias toward amplifying specific fungal taxa.*>**4 As well, rDNA subregions vary
in their ability to resolve closely related taxa due to the highly conserved nucleotides, limiting its
ability to distinguish between certain taxa. Schoch et al. (2012) investigated multiple fungal
DNA candidates as potential barcodes for identifying and differentiating between fungal taxa.>
The authors found that rDNA genes amplified with a higher success rate than other potential
markers, such as RPB1. Namely, the ITS subregion composed of IT1, 5.8S, and ITS2
outperformed all other subregions when used to resolve 226 fungal species in 742 samples. The
study also showed an inherent taxonomic bias within each subregion. Specific fungal phyla were
differentially captured by different regions; for example, the ITS subregion identified more
Basidiomycota and fewer Ascomycota species, while the reverse was observed for the protein-

coding RPB1 gene.

However, Schoch et al. (2012) used a Sanger sequencing approach to characterize the
ITS subregion.> The complete ITS subregion ranges from approximately 500-700 bp. Both the
individual ITS1 and ITS2 spacers of the ITS subregion, range from about 250—400 bp.*>> The
ITS spacer regions are separated by a ~160 bp 5.8S rDNA region. and outside of the ITS regions
flanking the ITS subregion contains the 18S and 28S rDNA, which can be greater than 1800
bp.>” This is why short-read NGS technologies are best suited to target the fungal ITS1 or ITS2
subregions since their sequence length range can be captured by short-read sequencing

technologies.
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1.3.3.2 Examining fungal ribosomal barcodes

In addition to testing for DNA extraction methodologies, Frau et al. (2019) also used the
[llumina Hiseq platform to sequence individual fungal subregions, including the fungal 18S,
ITS1, ITS2, and 28S.* The authors pooled the DNA of seven positive control fungi at different
compositions and used the UNITE fungal database consisting of full-length fungal rDNA
sequences to identify fungal taxa from sequence reads.*->® Results from this study indicate that
the 18S subregion outperformed the ITS1 and ITS2 amplicons, in that order, for the detection of
the seven fungi, although the ITS2 amplicons identified fewer spurious operational taxonomic
units (OTUs) and chimeric sequences compared to the ITS1 and 18S subregions. The authors
conclude that the fungal 18S subregion more accurately detects fungal taxa but at a high cost of

false positive identifications relative to the ITS subregions.

1.3.3.3ITS1 versus ITS2

Although the study of Frau et al. (2019) found that the 18S marker outperformed the ITS1
and ITS2 markers, in general, the highly conserved 18S subregion typically provides lower
resolution, as fungi from different taxonomic orders often cluster into polytomies.’® Therefore,
the ITS1 and ITS2 subregions are used as gold standards to characterize fungi since they contain
nucleotides with sufficient diversity to resolve species.**>>>7 The relative superiority of ITS1

versus ITS2 regions for assigning fungal taxa remains the subject of debate.

The ITS1 subregion is more diverse and evolves faster than ITS2; the ITS2 subregion, in
contrast, is less variable in length between primer annealing regions, which has been shown to
increase taxonomic resolution compared to ITS1.4*> An examination of the variability between
the fungal ITS region sequences from the International Nucleotide Sequence Database

Collaboration (INSDC), which includes the Genbank, European Molecular Biology Laboratory
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(EMBL), and DNA Data Bank of Japan (DDBJ) databases, resulted in a 0.87 correlation between
the ITS1 and ITS2 subregions, possibly indicating both do perform similarly for inter- and intra-
species identification.’* In a study investigating the species identification concordance of ITS1
and ITS2, Blaalid et al. (2013) characterized 42 environmental samples using targeted-amplicon
sequencing of the ITS1 and ITS2 regions followed by taxon assignment using the UNITE fungal
ribosomal database.®’ The ITS1 and ITS2 subregions both identify fungi with high concordance
when clustering reads at or above 97% sequence identity. Although there are slight differences in
the taxa identified by the ITS1 and ITS2 subregions at the phylum level, these differences are
likely influenced by amplification bias, primer choice, and the DNA extraction protocol. In
another study comparing fungal marker targets, Hoggard et al. (2018) found the fungal ITS2
subregion resulted in fewer false-negative identifications.®! The consensus view of existing
literature indicates that the fungal ITS2 subregion is the best target for short-read-based

identification of fungal communities.

1.4 Role of bioinformatics in fungal metabarcoding

1.4.1 High-throughput sequencing and bioinformatics

Advancements in bioinformatics are important as NGS technologies are now
commonplace in many biomedical applications. While NGS technologies are used to determine
the genetic composition of organisms, bioinformatics is required to store, manage, process, and
interpret the vast amount of sequence data generated by such technologies.®*% Bioinformatics is
a multidisciplinary field as it not only requires an understanding of biological processes but also
computational algorithms, mathematical methods, and statistics to develop and apply

bioinformatics methods and tools.
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1.4.2 Importance of validating bioinformatic tools

Bioinformatics tools abound, and there often exist multiple tools to carry out a given
analysis; this, in turn, affects the interpretation of the results.5*** Therefore, it is important to
validate bioinformatics tools serving the same purpose, to ensure the data is interpreted correctly.
This holds true for the analysis of fungal ITS markers, especially since the field is relatively new,

and the available tools to carry out the analysis are not as mature as their bacterial counterparts.®

1.4.3 Fungal metabarcoding pipeline workflow

Several pipelines exist to aid in characterizing fungi within an ecological community
using metabarcoding to target the ITS subregions of the fungal rDNA. These pipelines consist of
multiple bioinformatics tools that work together to convert raw NGS sequence data into
taxonomic identities. The steps in the pipeline typically include 1) read processing and quality
control (demultiplexing reads, trimming primer and barcode sequences, removing reads
containing homopolymeric stretches, and read-quality filtering); 2) merging the overlapping
regions of paired-end reads to generate longer, higher quality reads and dereplication to eliminate
unnecessary computation; 3) filtering chimeric sequences; 4) ITS subregion extraction; 5) read
clustering to generate OTUs or amplicon sequence variants (ASVs); and 6) taxonomic
assignment using a specific annotated database of fungal ITS sequences with known

identities.4*63-66

1.4.3.1 A comparison of fungal metabarcoding pipelines

Many pipelines for metabarcoding analyses exist, but only a handful are tailored for
analyzing short-read sequencing of the fungal ITS subregions; popular pipelines include PIPITS,
LotuS, PipeCraft, mothur, QIIME, and Galaxy.***%7-% Anslan et al. (2018) compared the

performance of five out of six of these pipelines (mothur was excluded), on samples of arthropod
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substrates sequenced for the fungal ITS2 subregion using paired-end Illumina Miseq
technology.®* Some workflow components differed between pipelines; for example, the read-
merging step included various joiner tools such as FLASH, DADA2, VSEARCH, or FLASHQ.
However, all the evaluated pipelines used the UNITE fungal database for taxonomic assignment.
Although the total abundance of reads was similar between each processing step within the
pipelines, the number of different OTUs identified (the richness) differed between pipelines.
These differences were apparent in the identified taxonomic compositions of the sequenced
fungal community. This result indicates that differences exist in the taxonomic profiles generated

by the bioinformatics pipelines used to characterize fungal communities.

1.4.4 Choice of annotated databases for fungal metabarcoding

The choice of a database used to taxonomically represent OTUs or ASVs is important
since different databases differ in quality and the degree to which they are maintained.*>**
Several databases exist to aid classifiers in assigning sequences to fungal taxa, each containing
annotations specific to subregions of the fungal rDNA. For example, the UNITE database is an
archive of annotated sequences spanning the entire fungal ITS subregion (IT1, 5.8S, and ITS2),
while the targeted host-associated fungi database contains only fungal ITS1 sequences.*’
Annotated databases also vary in completeness, as many fungal species may not be captured
within a database or have yet to be identified. Around 140,000 fungal species have been
scientifically described, but it is estimated that about 1.5 million to 3.8 million species are yet to
be discovered and sequenced.’' Because not all fungal marker sequences are represented in all
databases, and most databases for assigning sequences to fungal taxa are sparsely annotated,
some taxa may be misclassified or absent. This is especially true for rare and undiscovered

fungal species.
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More comprehensively annotated databases improve overall fungal characterization;
however, it is also essential to choose a well-curated database. For example, the INSDC
databases contain a large number of annotated fungal taxonomic marker sequences, but these are
submitted ad hoc from the scientific community, and although there is a basic standard of
curation before approval of these sequences, curators of the INSDC databases often lack the
domain expertise to perform the specialized curation required for taxonomic assignment from
targeted-amplicon sequencing of fungal taxonomic markers.”” The UNITE database is a
specialized database designed specifically for the taxonomic assignment of fungal maker
sequences. The UNITE database contains a collection of fungal ITS region sequences and the
taxa to which they belong. Each entry is peer-reviewed by mycologists with domain expertise.>®
This makes the UNTIE database attractive for fungal taxonomic assignment of fungal

communities from fungal ITS targeted-amplicon sequencing.

The work of Tang et al. (2015) illustrates the impact of database choice on taxonomic
assignment.>® In this study, the authors investigated the fungal community of mouse feces using
targeted amplicon sequencing of the ITS1 region. They then compared the taxonomic
compositions assigned by the Basic Local Alignment Search Tool (BLAST) classifier using three
publicly available annotation databases: UNITE, Findley, and RefSeq Targeted Loci (RTL), with
the addition of their custom Targeted Host-associated Fungi (THF) database. Although the THF
database was specifically tailored to the experiment, and therefore noted to perform the best, the
authors found significant differences in the taxonomic assignments generated from the three
other databases tested. They showed that different genera were identified depending on database
choice, and if a genus was similarly identified between databases, then the reported relative

abundances differed. Notably, the UNITE and Findley databases performed similarly to the
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custom THF database in identifying relative abundances of major genera (> 30% of all genera)
such as Candida and Saccharomyces, and minor genera (< 30% of all genera), including

Alternaria, Fusarium, and Trichosporon.

1.5 Study objectives

1.5.1 Chapter 3: Assessing pipelines for mycobiome amplicon data analysis - rationale,
hypothesis, and aims

Well-established protocols exist to extract, sequence, and identify bacterial communities
inhabiting the gut.*® The same cannot be said for the fungal residents of the microbiome, as there
currently exists no standardized methodology for fungal ecological analyses in humans, although

some progress has been made.

For fungal sequence extraction, it is recommended to encourage the degradation of the
chitinous cell wall by supplementing the standard DNA extraction protocols used for bacteria
with a bead-beating step. The [llumina MiSeq platform is an accurate, high-throughput, and cost-
efficient technology well-suited for fungal ecology studies. Although the Illumina MiSeq is a
short-read sequencer, the majority of ITS1 and ITS2 sequences can be captured by this
technology, and it provides a good resolution of the fungal taxa. The UNITE ribosomal database
is a good candidate for fungal taxonomic assignment since it is well-curated and designed to

assign taxa to fungal ITS1 or ITS2 marker regions.

The choice of bioinformatics pipeline is equally important to the choice of sequencing
technology and taxonomic assignment database. Existing pipelines conveniently package

together all of the necessary components required to assign taxa from sequence reads. However,
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there is a lack of systematic evaluation of these pipelines, which is required to guide the choice

of bioinformatics pipeline to adopt for a given study.

To fill this knowledge gap, we used a 19-member mock fungal community as ground
truth to assess the suitability of the UNITE fungal database to identify fungal organisms. In
addition, we also examined and assessed three bioinformatics pipelines (LotuS, mothur, and
PIPITS) for their ability to accurately identify the members of this mock community. We
hypothesize that the UNITE database is not comprehensive for fungal identification because
many fungal species remain unsequenced.?®?>""73 We also hypothesize that the mothur pipeline
will perform best in characterizing the mock community because of its demonstrated accuracy in

assigning taxa for bacterial communities.

1.5.2 Chapter 4: Investigating the gut mycobiota in pediatric-onset MS - rationale, hypothesis,
and aims

The etiology of the autoimmune disease MS has long eluded researchers, though studies
have found associations with various factors, such as environment, genetics, microbial infection,
hormones, and vitamin D levels. Emerging evidence suggests there is also a fungal link to MS.
In a mouse model of MS, the inflammation of EAE is altered by injecting specific fungi and/or
their secreted mycotoxins.*****> Fungal signatures have been detected in brain tissue from
individuals with MS. The CSF, which is normally sterile, was also positive for fungal antibodies
and antigens of fungal origin.>>*® Studies on MS individuals suggest that the human gut may be
implicated, including the gut mycobiome.?®?* However, these studies are largely conducted on
adult onset-MS individuals; studies on the association of the gut mycobiome in individuals with

POMS are comparatively rare.
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Our study, detailed in chapter four, addresses the question of whether a difference exists
between the fungal gut microbiome in a cohort of POMS individuals relative to non-MS
(unaffected) controls and individuals with monophasic acute demyelinating syndrome
(monoADS). We hypothesize that individuals with POMS will have a different gut fungal profile

relative to unaffected controls, individuals with monoADS, or both.
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CHAPTER 2: MATERIALS AND METHODS

2.1 Mock fungal community

Pre-extracted genomic DNA corresponding to 19 distinct fungi was provided as a pooled
mock community at varying ratios of “Staggered A” proportions defined by 18S rRNA qPCR by
Dr. Matthew Bakker from the University of Manitoba, formerly with the US Department of
Agriculture (Figure 2.0).”* Two members of the pooled community, Rhizomucor miehei (5
strains) and Rhizophagus irregularis (2 strains), contained additional sequence variant strains for

a total of 24 sequences corresponding to 19 unique fungal species.
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Figure 2.0. Relative ratios of a 19-organism “Staggered A” mock fungal community. The

expected ratios are determined by qPCR of 18S rRNA by Bakker (2018) and transformed here
on a log2-scale for visualization.”
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2.2 Study cohort and stool samples

Our study cohort consisted of 119 North American participants, 86 residing in Canada
and 33 in the United States of America. All participants were enrolled in a Canadian Paediatric
Demyelinating Disease Network study. Canadian participants were excluded from this study if
they were diagnosed with relapsing non-MS, which accounted for four participants. An
additional Canadian participant was removed from this study due to mislabeling during
sequencing. Of the American participants, 23 were excluded from this study because of a lack of
cohort metadata. A total of 15 longitudinal samples from 14 Canadians and one American
participant were sequenced but not analyzed due to the low sample size. Further selection for
pediatric participants included applicants of < 24 years of age at the time of stool sample
collection (between 2015-2019). Our cohort was either diagnosed with POMS or monophasic
acute demyelinating syndrome (monoADS), all of which had their symptom onset (first clinical
attack) at < 18 years of age. Participants not in the POMS or monoADS group are considered
unaffected controls, which were recruited through poster and web advertisements.”> The MS
cases fulfilled McDonald's diagnostic criteria. MonoADS was defined as an initial acute clinical
episode of symptoms involving the CNS, with evidence of inflammatory demyelination and with
no new clinical or MRI findings of recurrent demyelination. Unaffected controls had no known
neurological or immune-related conditions (headache/migraine, asthma, and allergies were
permissible). Study participants were also excluded from this study if any antibiotics, antivirals,
probiotics, or steroids were taken within 30 days of stool collection. Study participants were

recruited with the aim of matching age, sex, race, and geographical regions.

The final cohort consisted of 38 Canadian study participants residing in the provinces of

British Columbia, Alberta, Manitoba, Ontario, and Quebec, as well as 8 American participants
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from Pennsylvania state, for a total of 46 study participants. Of the study cohort, 29 identified as
female and 17 as male. Upon stratification by diagnoses, 18 were diagnosed with multiple
sclerosis (POMS; 15 females, 3 males), 13 with monoADS (6 females, 7 males), and 15
participants were classified as unaffected controls (8 females, 7 males). The mean age of

symptom onset was 15.3 and 5.2 for POMS and monoADS participants, respectively.

Stool samples were shipped on ice and stored at -80 °C. The mean stool sample
collection age for all 46 participants was 18.1 for POMS, 12.1 for monoADS, and 15.3 for
unaffected control participants. The 46 study participants were assigned to an age group (child or
youth) based on their age at the time of sample collection: child < 14 years old (n = 13) and

youth between 15 and 24 years old (n = 33).

2.3 Stool DNA extraction from study Participants and sequencing of both participant and

pre-extracted mock community DNA

Stool samples were subjected to genomic DNA extraction using the Zymo Quick-DNA™
Fecal/Soil Microbe Miniprep Kit (Zymo Research, Irvine, CA) according to the vendor’s
protocol with some modifications. Two fecal punches were lysed with 750 pul of BashingBead
buffer and were spun in a bead-beater for 10 minutes at 1200 rpm. Subsequent centrifugation
occurred for 1 minute at 10,000 x g, and 400 ul supernatant was transferred to a Zymo-Spin III-F
filter within a collection tube, then centrifuged for 1 minute at 8,000 x g. The filtrate was then
mixed with 467 ul of genomic lysis buffer and 333 pl isopropanol, followed by repeated
transferring of ~800 pl into a Zymo-Spin IIC column in a collection tube with centrifugation for
1 minute at 10,000 x g until the mixture was completely collected in the column. The collected

material in the column was then transferred into a new collection tube with 200 pl of DNA pre-
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wash buffer, followed by centrifugation for 1 minute at 10,000 x g. Column material was washed
using 500 pl of gDNA wash buffer and centrifuged for 1 minute at 10,000 x g. The column was
then placed into a clean 1.5 ml microcentrifuge tube, and 50 pl of 60 °C heated DNA elution
buffer was added. DNA was eluted after 3 minutes by centrifugation for 30 seconds at 10,000 x
g. A secondary elution step was performed by re-adding the eluent back into the column, and the
same centrifugation step was repeated after 3 minutes. The remaining extraction steps were

carried out as per manufacturer protocol.

Genomic DNA library preparation targeting the fungal ITS2 region of the extracted stool
and mock fungal community DNA was PCR amplified using forward primer ITS7-XT

(TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGGTGARTCATCGAATCTTTG) and

reverse ITS4-XT

(GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGTCCTCCGCTTATTGATATGO),

where non-underlined nucleotides correspond to overhang adapter sequences. The targeted
amplicon PCR reaction was performed using 12.5 ul of 2x KAPA HiFi HotStart ReadyMix
(Roche, Pleasanton, CA), 5 ul of each 1.0 uM forward and reverse amplicon primers, and 2.5 pl
of genomic DNA cycled at 95 °C for 3 minutes, followed by 25 cycles at 95 °C for 30 seconds,
55 °C for 30 seconds, and 72 °C for 30 seconds, then a 5-minute final extension at 72 °C and
holding at 4 °C. The resulting ITS2 amplicons were then purified with 20 ul AMPure XP
(Beckman Counter Canada, LP, Mississauga, ON), and a second amplification was performed to
attach multiplexing indices. Second-round PCR used 25 pul of 2x KAPA HiFi HotStart
ReadyMizx, 5 ul of each Nextera XT index primer (N7XX/N5XX), and 15 pl of purified ITS2
amplicon DNA with the following conditions: 95 °C for 3 minutes, followed by 8 cycles at 95 °C

for 30 seconds, 55 °C for 30 seconds, and 72 °C for 30 seconds, then a 5-minute final extension
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at 72 °C and holding at 4 °C. Indexed amplicons were purified using 56 ul AMPure XP, then the
libraries with positive concentrations were quantitated using PicoGreen and pooled in equimolar
amounts. Gating of the pooled libraries was performed using BluePippin 1.5% cassettes (Sage
Science Inc., Beverly, MA) to select 300—1000 bp fragments. Size-selected libraries were then
purified using 0.6X AMPure XP and assessed for size on an Agilent Tapestation analyzer
(Agilent Technologies Canada Inc., Mississauga, ON) and quantitated on a Qubit 2.0 (Thermo
Fisher Scientific Inc., Waltham, MA). The libraries were then denatured using 0.5 N NaOH to 11
pM and spiked with 25% PhiX control DNA for stool samples and 25% or 50% PhiX for the
fungal mock community. Sequencing was conducted using the Illumina MiSeq V3 (600 cycles; 2
x 300 bp) protocol. A total of 134 stool samples were sequenced, 65 in the first run and 69 in the
second. Each MiSeq run was performed with an extraction water blank, no-template control, and
positive control (25% PhiX spiked fungal mock community in technical duplicate). An
additional run containing no stool samples and only technical duplicates of 50% PhiX-spiked
fungal mock positive controls, water blanks, and no-template control was conducted. The
resulting FASTQ sequences were demultiplexed and assessed for sequencing quality by FastQC

v0.11.97¢ and MultiQC v1.8"7 using default parameters.

2.4 LotuS pipeline analysis of the mock fungal community and study cohort samples

The fungal ITS2 amplicons from the study participants' stool and the 19-member mock
community were sequenced using the Illumina MiSeq platform and processed using the Less
Operational Taxonomic Unit Scripts (LotuS) v1.62% pipeline. The autoMap.pl perl script was
used to generate a mapping file to match paired-end reads, then primer sequences were appended
to each pair of reads for downstream demultiplexing. The lotus.pl script was used to trim, quality
filter, and dereplicate reads using the following parameters: trim reads to remove primer
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sequences; remove sequences longer or shorter than the gated fragment size of 100—1000 bp;
post-trimming of reads with a minimum average base quality of 33; remove sequences with
ambiguous bases; remove reads with homopolymer length of 15 bp or more; base quality of > 25
within a 50 bp k-mer window; and 50 bp ends of each sequence were trimmed if the sequence

quality score fell below 25.

The Unified Search (USEARCH) v11.0.6677® sequencing clustering tool was used to
cluster reads with a > 97% sequence identity. Chimeric and PhiX sequences were removed by
alignment against the Unoise CHIMEras (UCHIME) v7.27° fungal database. Clustered read pairs
overlapping by at least 10 bp with an average quality score of > 33 were merged using Fast
Length Adjustment of SHort Reads (FLASH) v1.2.10.%° The merged reads were filtered for
fungal ITS2 sequences by the ITSx v1.0.11.3! Fungal taxonomic assignment was performed by
alignment against the mothur release of the UNITE v8.2°® fungal ribosomal database using
BLAST+ v2.2.29.3? Non-fungal taxa were removed by specifying parameters -keep Unclassified

0 and -tax group fungi.

2.5 Checking for batch effects

Both plates of 25% PhiX spike-in samples were checked for potential batch effects after
processing through the LotuS pipeline. Two different methods were utilized, in the first, all
samples (including each mock positive control) were visualized using principal component
analysis prior to applying any data transformation. The second method filtered for the 46 study
participants with available cohort metadata, in which the samples were transformed using center
log-ratio transformation and visualized using non-metric multidimensional scaling, specifying

the Euclidean distance.
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2.6 Mock fungal community assessment

2.6.1 Characterization of pre-defined mock fungal community sequences to determine unite
database limitations

To investigate if taxonomic assignment is limited by the reference database, the 24
sequences representing a 19-member fungal mock community were aligned against the mothur
v8.2 UNITE fungal ribosomal reference database using the Basic Local Alignment Search Tool+
(BLASTH) v2.9.0 software with parameters blastn -query x -db y -out z -outfmt ‘6seqid sseqid
length mismatch evalue pident gcovsq bitscore', where x is the set of mock fungal community
sequences, y is the UNITE database, z is the output file, 6seqgid is the query organism, sseqid is
the hit organism unique digital object identifier (DOI), length is the alignment length, mismatch
is the number of base mismatches, evalue is the expected value, pident is the percent identity,

gcovsq is the query coverage per subject, and bitscore is the bit score.

The output data file from BLAST+ was processed using a custom script within the R
programming language. BLAST data was cleaned and formatted using tidyverse®* and seqinr®
packages, used to read in, format, and process sequencing data. The processed data was then
matched to the original UNITE database file using the hit organism DOI as a key, which
provided the taxonomic assignments. Identified taxa were filtered to the species level in order to
compare with the fungal mock community query. If a direct hit to the query was not found in the
resulting table, query—hit matches were manually inspected for hit organisms that may have an
alternative nomenclature; if so, they were reassigned with a standardized nomenclature to
facilitate comparison. Each of the 19 fungal mock organisms was set as an individual group, and
the top three hits matching each group were kept based on their highest value of bit score,

percent identity, and expect value. Ties (i.e., hits with identical bit score, percent identity, and
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expect value) were resolved by arbitrarily removing organisms with only one hit to decrease
inaccurate identities and to prioritize hits pertaining to the expected mock member. Each group
was further inspected for hits to the query sequence: if the known taxon was identified but was
not within the top three hits, they were added to the group for assessment. A final table was
generated to indicate if the query organisms were identified in the search, accompanied by the

percent sequence identity of the top matching hits.

2.6.2 PIPITS pipeline analysis of the mock fungal community

Taxonomic characterization of fungal ITS2 amplicons from mock community sequencing
was performed using the PIPITS v2.7% pipeline. A mapping file was created using
pispino_createreadpairslist to link forward and reverse reads, which were then merged with
VSEARCH v2.14.1% and quality filtered using the command pispino_segprep with the
following parameters: 80% of bases must have a quality score > 30 and an average Phred score

of 33. The resulting read pairs were converted to FASTA and merged into a single file.

The command pipits_funits -x ITS2 was used to trim input reads to just the ITS2 marker
region. Default parameters were used for fungal ITS2 extraction. The pipits process --unite
04.02.2020 --includeuniqueseqs command was used to cluster sequences with > 97% sequence
similarity with and assign taxa against the UNITE v8.2 database. Chimeric and merged
sequences under 100 bp were automatically removed. Singletons were retained in the output

counts and taxonomic tables.

2.6.3 Mothur pipeline analysis of the mock fungal community

Reads from the 25% and 50% PhiX sequencing runs were processed by the mothur

v1.43.0% pipeline using the commands make.file to generate a mapping file and make.contigs to

39 | Page



assemble contiguous sequences by specifying a base quality threshold of 20. Merged reads were
filtered using the command screen.segs for contigs containing no ambiguous bases, the minimum
sequence length of 100 bp, 25 bp minimum overlap, and a maximum homopolymer length of 15
bp. Amplicon primer sequences were re-trimmed using pcr.segs command, where a maximum of
3 bp difference in the primer sequences was allowed. In order to decrease the computational
processing burden, the unique.seqs command was used to group identical sequences and select a

representative.

The taxonomically informative ITS2 subregion was extracted from the list of filtered
contigs using ITSx v1.1b. The argument allow reorder was set to true, and sequences with
single domains were included if they had an E-value of 1x10” and a cutoff score of 0 set by the
argument allow single domain. The mothur command unique.seqs was used to group identical
sequences outputted by ITSx, and counts corresponding to the representative sequences were

added to the existing count file.

Taxonomic identifications were assigned using the UNITE v8.2 database with the
command classify.seqs specifying the Wang approach with a confidence cutoff of 95%.
Unclassified sequences were removed using the command remove.lineage. Chimeric sequences
were identified and removed using chimeria.vsearch specitying the UCHIME v7.2 fungal
database as the chimeric reference. The remaining sequences were clustered using the commands
pairwise.seqs and cluster by specifying the default opticlust method and a > 97% sequence

similarity threshold to produce the counts and corresponding taxonomic tables.
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2.6.4 Data wrangling of the mock fungal community

Count matrices and their corresponding taxonomic tables produced by each pipeline
(PIPITS, mothur, and LotuS) for mock fungal sequences were formatted into a mergeable format
for downstream analysis using R programming language. Each column heading corresponding to
the sequenced samples was denoted in the format of the pipeline used for processing sequencing
data, followed by the percentage of PhiX spike-in and a subscript (repl or rep2) to denote
technical replicates (i.e., mothur-25%:.p1 corresponds to the first technical replicate of a mock
sample sequenced using 25% PhiX, while mothur-25%:.p2 is the second replicate). Output
taxonomic tables were standardized by assigning a standard nomenclature across all pipelines at
all taxonomic levels. Using the mothur pipeline taxonomic table format as a guide; if no species-
level assignments were generated by the LotuS and PIPITS pipelines, then the genus was used to
represent the organism. If no genus-level assignments were generated, then the family was used
to represent the organism. If neither the genus nor family levels were generated, the assignment
was set to “f NA” to represent a fungal organism with an unknown identity at the family, genus,

or species taxonomic levels. All organisms were identified to belong to the fungal kingdom.

To associate the OTUs of each mock fungal sample with the different pipelines used to
generate them, the OTU identifiers corresponding to each sample were encoded such that they
could be traced back to their processing pipeline (i.e. OTUly is from mothur-25% and OTU1m
is from mothur-50%). A unique numerical key value was then given to each OTU table and
merged using the tidyverse packages. The phyloseq®’ package was used to merge counts from
different pipelines belonging to the same species taxon level. Each sample was filtered to select
the expected 19 taxonomically distinct mock fungal taxa. The ggplot2®® package was used to

visualize the comparative analysis of the different pipelines.
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2.6.5 Statistical analysis of mock fungal community

Taxonomic abundances were analyzed using raw values without transformation or
scaling since the expected relative ratios of the mock fungal members have been previously
established. The phyloseq R package was used to determine alpha diversity indices by the
number of observed OTUs, Shannon, and Inverse Simpson metrics. The phyloseq package was
also used to generate heatmaps by non-metric multidimensional scaling (NMDS), specifying the
Morisa-Horn index to determine sample similarity. The values are transformed to a log4 scale.
Beta diversity was calculated with the vegan package using NMDS specifying the Morista-Horn
index. The vegan®® and pairwiseAdonis”® packages were used to perform the PERMANOVA test
for significance between samples. Statistical testing was conducted by Kruskal-Wallis ANOVA
and Dunn’s post hoc and all hypotheses were tested at a level of significance of a = 0.05 with
adjustment for false discovery rate using the Benjamini—Hochberg method. K-means clustering

was performed using the factoextra’! package.

2.6.6 Assessment of the mock fungal community from raw sequences

To confirm the sequencing of all 19 mock community members, the raw Illumina
sequences were investigated in two ways. In the first method, paired-end reads were merged
using FLASH v1.2.11 by setting an overlap parameter of 10-250 bp. The reads were then
converted from FASTQ format to FASTA using the command fastq to_fasta from the FASTX
v0.0.14 toolkit®?. Dereplication to obtain unique sequences by VSEARCH v2.22.1 was used
before alignment against the reference mock sequences’ using BLAST+ v2.14.0 with the

parameters previously mentioned in section 2.6.1.

The second method to affirm the identities of all 19 mock fungal sequences in our raw
sequences also used FLASH v1.2.11 to merge reads in the first step. Any remaining primer
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sequences were trimmed using trimmomatic v0.39° with parameters, MINLEN:100
LEADING:25 TRAILING:25 SLIDINGWINDOW:50:25 to remove reads with a length below 100
bp, cut bases from the ends if there was a sequence quality below 25, and a 50 bp sliding window
trim if the quality was below 25. Reads were then converted to FASTA using the FASTX
v0.0.14 toolkit, and dereplicated by VSEARCH v2.22.1 and the ITS2 region extracted by ITSx

v1.1.3. Alignment against the reference mock sequences was performed using BLAST+ v2.14.0.

2.7 Study participant sample assessment

2.7.1 Data cleaning, counts transformation, positive control check, and metadata age
stratification of study participants

The LULU® R package was used to merge OTUs with a high sequence similarity to
decrease spurious OTU counts without removing them from downstream statistical analysis. The
LULU algorithm takes an OTU table and a file of associated sequences, performs an all-against-
all comparison (via BLAST+) of the sequences to generate a match list, and then groups co-
occurring and sequence-similar OTUs together into a single aggregate OTU. The BLAST+
parameters were set to default, retaining sequence alignments with > 84% sequence identity and
> 80% query coverage per high-scoring sequence pair. A Good’s coverage index was used to
estimate the acceptable lower bound of OTUs per sample. Samples with an overall count of <
500 OTUs were excluded from the study to obtain a Good’s coverage index of > 96.5%. A
Good’s coverage index of > 96.5% retains samples with < 3.5% of overall reads mapping to
unique/rare OTUs. This is to reduce the number of samples with sequences arising due to

sequencing errors.

Since OTUs with zero counts cannot undergo log transformation, the table of counts was

transposed, and values with an abundance of 0 were given a pseudocount using default
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parameters from the cmultRepl function of the zCompositions® R package. The table of counts
was then transformed using the center log-ratio (CLR) transformation via the c/r function from
the compositions”® R package. The CLR-transformed samples were visually inspected for
normality and skew by density distribution and Quantile-Quantile (Q-Q) plot using the ggplot2 R
package. The mock community control was not subject to LULU curation or count
transformation since the relative ratio and identities of the controls are known. Instead, the mock
community data were visually inspected for the presence or absence of expected species using

raw counts.

2.7.2 Visualization and statistical analysis

Visual inspection of the top ten genera was performed for samples grouped by POMS,
monoADS, or unaffected controls. Raw counts were transformed into proportions to aid in the
visual inspection. Data were visualized using the ggplot2 R package. CLR-transformed values
were used in the statistical analyses (except for alpha diversity). Statistical comparisons were

stratified by POMS, monoADS, or unaffected controls.

Biodiversity was estimated by alpha diversity using the number of observed OTUs,
Shannon, and inverse Simpson metrics. Alpha diversity was compared between the POMS,
monoADS, and unaffected participants using the Kruskal-Wallis ANOVA and Dunn’s post hoc
testing with Benjamini—-Hochberg correction (via the ggpubr® and rstatix”® R packages). As a
complementary approach, alpha diversity was also examined by sex or age at sample collection
grouped as child (< 14 years) or youth (15-24 years) for all participants. The examination of
alpha diversity on sex or age group was performed by Wilcoxon ranked sum test adjusted for

false discovery rate using the Benjamini—Hochberg correction method.
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Beta diversity analysis was performed by principal component analysis (PCA) and
NMDS, using Euclidean distance via the PCAtools”® and vegan R packages. Significance testing
by PERMANOVA on the calculated Euclidean distances was performed by the adonis2 function
in the vegan R package, followed by pairwiseAdonis. The P-values were adjusted for false

discovery rate by Benjamini—Hochberg correction using the stats R package.

Differential species abundance testing between POMS, monoADS, and unaffected
control participants was performed on OTUs in two ways. The first method was by the ANOVA-
Like Differential Expression (ALDEx2)!%’ R package on non-transformed raw counts, and the
second is linear discriminant analysis effect size (LEfSe)!’! on CLR-transformed counts using
the run_lefse function of the microbiomeMarker'%> R package for both individual OTU and
aggregated taxon counts. Both ALDEx2 and LEfSe are statistical packages used for differential
abundance analysis of biological data. The LEfSe algorithm transforms OTU data in preparation
for downstream statistical testing steps. These steps include comparing POMS, monoADS, and
unaffected control participants using Kruskal-Wallis ANOVA and Wilcoxon rank sum test.
Linear discriminant analysis was used to predict significant taxa associated with each group.
Effect sizes (generated by LEfSe) were plotted using a modified plot ef bar tunction to display
data according to taxonomic levels. Differential testing by ALDEx2 differs from LEfSe in the
first step, whereby posterior probabilities are generated for each OTU in ALDEx2, and Monte-
Carlo sampling from a Dirichlet distribution is used to re-sample the data, which is then
transformed before Kruskal-Wallis ANOVA and Wilcoxon rank sum tests are performed. Linear
discriminant modelling is also not performed in ALDEX2. In all statistical tests, an alpha level of

0.05 was used to indicate significance.
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The BLAST+ sequence alignment software package and the BLAST fungi NCBI
Reference Sequence (RefSeq) ITS database!®* (PRINA177353 - downloaded on date 2022-04-
13) were used to reassign taxa above the species level to a more precise taxonomic level. The
BLAST+ parameters used were gcov_hsp perc 80 and perc_identity 80. BLAST+ results were
filtered for hits with the lowest expected value and highest query coverage per high-scoring

segment pair, followed by the highest percent identity.
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CHAPTER 3: EVALUATION OF THREE METABARCODING PIPELINES
USING A FUNGAL MOCK COMMUNITY

3.1 Introduction

Current evidence suggests the fungal kingdom emerged in the Neoproterozoic era at least
890 million years ago.'®!% Since the discovery of fungi, studies have predicted the existence of
well over 1 million different fungal species.’"1%197 Approximately 120,000 fungal species have
been described, and ~300 of these are known to cause disease in animals.”®!% Fungi have a
significant role in the ecology of our planet. They have also had a significant impact on human
history. They are decomposers of plants, symbiotic partners to other microorganisms, producers
of alcohol and antibiotics, and are imperative to the bioindustrial and pharmaceutical industries.>!
Despite their significance to our ecosystem and their roles in food and medicine, they are greatly
understudied compared to other organisms, such as bacteria, especially in how they affect human
health.”!:1%

A basic first step in studying fungi is their taxonomic classification; however, fungi has
historically been somewhat subjectively classified based on phenotypic features. The
classification of fungi is also limited due to the difficulty in their cultivation.**! There is a
challenge to identify asexual fungi using culture-based methods because many are unable to
grow in laboratory conditions.!!® Advances in molecular identification methods now provide
researchers with the ability to better characterize unculturable species by improving taxonomic
resolution; indeed, such advances have led to the reclassification of several fungi.’®!%
Metataxonomic barcoding using marker genes such as 16S rRNA and chaperonin-60
41,111

genes is the standard approach for the taxonomic classification of bacterial communities.

The metataxonomic counterpart for classifying fungal communities is the internal transcribed
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spacer (ITS) region of the fungal ribosomal RNA.>*>%112 The ITS regions of the fungal rRNA
operon have traditionally been characterized by Sanger sequencing.**** However, Sanger
sequencing is a low throughput method, limited by the number of specimens that can be run at
once, rendering this technology obsolete for complex ecological diversity analyses of samples
with large numbers of nucleic acid signatures.** Advances in sequencing technologies,
particularly high throughput short-read sequencing, have greatly enhanced our ability to
investigate fungal communities by allowing simultaneous analysis of many fungal sequences in
paralle] 253863.113
The “sequencing by synthesis” short-read sequencing technology, which forms the basis
of the Illumina line of sequencing platforms, is a popular choice for characterizing fungal
communities, but it is not without its limitations.*>*>%3112 Sych approaches generate clonal
sequence clusters that generate a fluorescent signal corresponding to the incorporated base on the
nascent strand during the sequencing reaction. The deep amplicon sequencing approach used in
metaxonomic barcoding potentially results in low overall diversity in the sequence clusters that
diminishes the sequencers ability to discriminate the different clusters, resulting in an
erroneously low representation of the true sample diversity.!'* One approach to address this issue
is to spike in a high concentration (40-50%) of sequencing control bacteriophage (PhiX), which
reduces the density of sequencing clusters and increases the ability to discriminate between

fluorescent signals of incorporated bases to detect rare species by distinguishing clusters (Figure

3.0).114,1 15

48 | Page



=@ -
v
/Low diversity community

with PhiX bacteriophage
genome

Good cluster resolution

High-throughput Sequencing \ ] -

(lllumina MiSeq) R

Low diversity community

only Poor cluster resolution

Figure 3.0. Addition of PhiX bacteriophage genome to low-diversity samples improves
sequence quality. Image generated with BioRender with licensed publishing permission.
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An additional challenge for metataxonomic barcoding of fungal communities lies in the
ability to assign taxa to the sequences. Taxonomic assignment of fungal communities requires a
database of fungal marker sequences annotated with the taxa to which they belong. The UNITE
fungal ribosomal database is a well-curated database widely used in fungal metataxonomic
studies targeting the ITS region.**® The process of taxonomic assignment is normally
accomplished by bioinformatics pipelines created specifically for this purpose.’!** Popular
pipelines for taxonomic assignment of fungal communities from metabarcoding sequences
include Less Operational Taxonomic Unit Scripts (LotuS), PIPITS, and mothur.%8¢ The
selection of analytic pipelines and/or software can greatly affect taxonomic identification when
characterizing fungal communities.

In order to improve our ability to characterize fungal communities, we set out two
objectives: 1) assess the ability of different PhiX spike-ins concentrations to improve fungal
metabarcoding sequence quality, and 2) assess the performance of three different bioinformatics
pipelines to characterize fungal communities. To achieve these objectives, we used a mock
community panel containing 19 known fungal organisms in specific 18S rRNA ratios.”* The
fungal mock community serves as ground truth to assess the effect of varying PhiX spike-ins
concentrations and the taxonomic classification abilities of the tested fungal metabarcoding

pipelines (Figure 3.1).
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Figure 3.1. Fungal mock community sequencing protocol. Extracted fungal mock community
DNA is sequenced using the Illumina platform in technical replicates, with either a 25% or 50%
PhiX bacteriophage spike-in. Image generated with BioRender with licensed publishing
permission.
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3.2 Results

3.2.1 PhiX spike-in concentration affects sequencing quality and the number of sequencing reads

Sequencing quality assessment by FastQC and MultiQC shows that the mean base quality
score for mock fungal samples spiked with a 50% PhiX produces a stable Phred score of > 30
over ~200 bp in both paired-end reads and technical replicates (Figure 3.2a). In contrast, a 25%
PhiX spike-in exhibits a decline in mean sequencing quality after the first 50 bp but still retains a
Phred above 30 for the following ~200 bp, then rapidly decreases in sequencing quality
thereafter (Figure 3.2b). This translates to 86.1% of the bases called by using a 50% PhiX spike-
in having a Phred score of 30 or greater (> 99.9% accuracy), which is higher compared to a 25%
PhiX spike-in where 70.8% of the bases called have a Phred score > 30. However, a 25% PhiX
spike-in results in 5.6-fold more reads generated, as an average of 10,168,535 raw reads were
produced when accounting for technical replicates, while a 50% PhiX spike-in on average
produced 1,821,961 reads. When the raw reads were filtered for fungal annotated identities,
following processing by sequence analysis pipelines, a 25% PhiX spike-in yielded an average of
976,441 reads when accounting for all pipelines and technical replicates. This is 4.2-fold more
reads on average compared to an average of 235,036 filtered reads produced from 50% PhiX

spike-in samples.
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Figure 3.2. Average sequencing quality scores per base position for fungal mock community
samples. a) paired-end DNA sequenced in duplicate with a 25% PhiX spike-in. b) paired-end
DNA sequenced in duplicate with a 50% PhiX spike-in. The x-axis represents the base position
along the sequence length. A Phred score > 30 (green region) indicates a 99.9% accuracy in the
base called, 20-29 (yellow region) is 99.0% base call accuracy, and 0—19 (red region) is 90.0%

accuracy.
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3.2.2 Some fungal taxa cannot be identified within the UNITE fungal ribosomal database

The mock community was queried against the UNITE fungal ribosomal data using
BLAST+. We noticed a nomenclature difference between the queried organisms and the
identified best hit for four taxa. The Neosartorya fischeri query aligned to Aspergillus fischeri;
Fusarium graminearum aligned to Gibberella zeae; Fusarium verticillioides aligned to
Gibberella fujikuroi; and Rhizoctonia solani aligned to Thanatephorus cucumeris. Upon further
inspection, these hit organisms were found to correspond to synonymous or alternative
nomenclatures of the query organism, some of which represent teleomorphic or anamorphic
forms of the fungi.!'®!'” We found that all the expected fungi can be identified within the UNITE
fungal ribosomal database with the exception of Mortierella verticillata, which did not align to

any identical or synonymous hits. (Table 1).
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Table 3.0. Fungal mock community organisms queried against the UNITE database.

Match in UNITE Percent ID

Mock Organism Database (%)
Alternaria alternata Yes 99.4
Aspergillus fischeri (Neosartorya fischeri)? Yes 95.5-100
Aspergillus flavus Yes 100
Candida apicola Yes 100
Chytriomyces hyalinus Yes 98.7-100
Claviceps purpurea Yes 99
Fusarium graminearum (Gibberella zeae)? Yes 100
Fusarium oxysporum Yes 99.6
Fusarium verticillioides (Gibberella fujikuroi)? Yes 100
Mortierella verticillata No 0
Naganishia albida Yes 99.1
Penicillium expansum Yes 100
Rhizoctonia solani (Thanatephorus cucumeris)? Yes 96.8
Rhizomucor miehei Yes 99.5-99.7
Rhizophagus irregularis Yes 94.6-99.7
Saccharomyces cerevisiae Yes 99.2
Saitoella complicata Yes 100
Trichoderma reesea Yes 100
Ustilago maydis Yes 99.6-100

4 Organism name was reassigned using standardized nomenclature.
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3.2.3 A 50% PhiX spike-in results in more consistency between technical replicates, but a 25%
PhiX spike-in yields more reads, and LotusS retains the most reads

Sequencing data of the mock fungal community and their technical replicates with a 25%
or 50% PhiX spike-in were processed through the LotuS, mothur, and PIPITS taxonomic
assignment pipelines. The number of assignable reads to the species taxonomic level differed
between 25% PhiX spike-in replicates (Table 3.1). Samples processed with the LotuS pipeline
yielded 1,626,046 reads for the first replicate and 549,078 reads for the second replicate.
Similarly, sequence processing by mothur yielded 1,524,364 reads for the first replicate and
516,149 reads for the second. The sequences processed by the PIPITS pipeline produced the least
reads: 389,870 for the first replicate and 1,253,141 for the second. In contrast, the number of
reads recovered between 50% PhiX spike-in replicates were relatively close: 254,856 vs 220,284
reads for LotuS, 243,010 vs 210,693 reads for mothur, and 253,680 vs 227,690 reads for PIPITS.
An experimental error may have occurred during the sequencing of the 25% PhiX spike-in
samples, as there is a large difference in the number of reads when comparing against the
technical replicate. Due to the fact that these replicates were run in two batches, we checked to
see if this difference between technical replicates biases the data by visualizing for batch effect
which is discussed in the appendix section AP1.Overall, a 50% PhiX spike-in yielded less reads,

but generated more consistent results between technical replicates in this study.

We further combined technical replicates for each PhiX spike-in to contrast the total
number of reads obtained by different PhiX spike-in concentrations, with the following results:
2,175,124 reads LotuS-25% vs 475,140 reads LotuS-50%; 2,040,513 reads mothur-25% vs
453,703 reads mothur-50%; and 1,643,011 reads PIPITS-25% vs 481,370 reads PIPITS-50%.
When combining reads by processing pipelines, the LotuS pipeline notably contained the highest

number of reads, followed by mothur, then PIPITS. Taken together, a 25% PhiX spike-in
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consistently yields more reads after sequence processing, and the LotuS processing pipeline

recovers the highest number of sequencing reads.
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Table 3.1. Recovered reads from three different fungal metabarcoding pipelines.

Samples
LOtUS-25%eps LOtUS-25%ep; LOtUS-50% ep1 LOtUS-50%ep; Mothur-25%ep; Mothur-25%en; Mothur-50%ep; Mothur-50%eps PIPITS-25%ep1 PIPITS-25%ep2 PIPITS-50%ep; PIPITS-50%ep2
Number of Reads 1,626,046 549,078 254,856 220284 | 1,524,364 516,149 243,010 210,693 | 389,870 1,253,141 253,680 227,690
Grouped by PhiX 2,175,124 475,140 2,040,513 453,703 1,643,011 481,370
Grouped by Pipeline 2,650,264 2,494,216 2,124,381
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3.2.4 Choice of sequence processing pipeline influences community profile

Alpha diversity analysis of replicates grouped by PhiX concentration and analysis
pipeline showed differing richness for 25% and 50% PhiX spike-ins (Figure 3.3a first panel).
The 25% PhiX samples have higher OTU richness than the 50% PhiX samples, although the
alpha diversities were similar when accounting for the evenness of the community (Figure 3.3a
second and third panels). The Shannon and inverse Simpson indices show that the diversity
between samples processed with varying methods is generally similar, with the exception of 25%
PhiX spike-in samples processed by PIPITS. No significant differences in alpha diversity were
found among samples grouped by pipeline (all p > 0.05) (Figure 3.3b). Although species
composition was similar between technical replicates, they differed by processing pipeline
(Figure 3.4). The mothur and LotuS pipelines identified the species Saitoella complicata at the
highest proportion. The PIPITS pipeline similarly identified Saitoella at the highest proportion,
but only to the genus level. The species profiles between mothur and LotuS were most similar in
composition, although mothur identified a higher proportion of genus Naganishia than LotuS.
LotuS was able to classify this OTU to the species level as Naganishia adeliensis. The most
obvious difference between taxonomic profiles by PhiX spike-in concentration is for the PIPITS
pipeline, where the species Naganishia aleiensis spiked with 25% PhiX exhibits a much lower

proportion when compared to the 50% spike-in.

Inspection of the top-ten most abundant species for each processing pipeline revealed a
similar trend (Figure 3.5). Taxonomic assignments differed between processing pipelines, but
the profiles are nearly identical between technical replicates and PhiX concentrations for samples
processed by the LotuS and mothur pipelines. In contrast, samples with different PhiX spike-in

concentrations differed when processed by PIPITS. When processed by PIPITS, the 25% PhiX
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spike-in resulted in a higher proportion of the genus Saifoella, whereas the 50% PhiX spike-in

showed a higher proportion of the species Naganishia adeliensis.

We performed beta diversity analysis to investigate the inter-sample differences. A
preliminary scree plot analysis indicated that three dimensions should account for 99.99% of the
variance associated with the mock community profiles; accordingly, the number of dimensions
for NMDS was set to three (Figure 3.6). The beta diversity plot in Figure 3.7 shows that the
community profiles are similar for samples processed by the same pipeline across PhiX
concentrations and between technical replicates. Statistical significance testing by
PERMANOVA revealed a significant difference between profiles identified by different
processing pipelines (q = 0.001). Pairwise testing by post hoc analysis indicated no significance
between differing PhiX concentrations for samples processed by the same pipeline, but there are
significant differences between pipelines: LotuS vs mothur (p = 0.035, g = 0.029), LotuS vs
PIPITS (p = 0.025, q = 0.028), and mothur vs PIPITS (p = 0.020, q = 0.031). Similar grouping
trends are found from a silhouette plot analysis used to show how close each point in one cluster
is to points in the neighbouring clusters (Figure 3.8a). The silhouette plots show that three
clusters are appropriate for k-means analysis (Figure 3.8b), which distinctly grouped samples by

processing pipeline.
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Figure 3.3. Alpha diversity box plots of a fungal mock community processed using LotuS,
mothur, and PIPITS pipelines. The technical replicate pairs of the mock community were
processed using the LotuS, mothur, and PIPITS pipelines. a) Technical replicate pairs grouped
PhiX spike-in (n = 2 in each group). b) Technical replicate pairs grouped by processing pipeline
(n =4 in each group).
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Figure 3.4. Stacked bar plot of complete taxonomic profiles characterized by different fungal
metabarcoding pipelines. A 19-member fungal mock community was sequenced using different
PhiX concentrations (25% or 50%) in technical replicate pairs (repl or rep2) and processed using
three different fungal metabarcoding pipelines. Organisms labeled “f NA” represent no
assignment at the family, genus, or species taxonomic levels but belong to the fungal kingdom.
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Figure 3.5. Stacked bar plot for the top ten most abundant taxa identified per fungal
metabarcoding processing pipeline. A 19-member mock fungal community was sequenced with
different spike-in concentrations (25% or 50%) of PhiX in technical replicate pairs (repl or rep2)
and processed using three different pipelines.
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measure used is the Morista-Horn index.
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Figure 3.7. NMDS analysis of beta diversity of a fungal mock community sequenced in replicate
at 25% and 50% PhiX spike-in concentrations and processed using the LotuS, mothur, and
PIPITS pipelines. The distance measure used is the Morista-Horn index. Statistical analysis by
PERMANOVA detected significance (q = 0.001). Post-hoc tests reveal differences between
pipelines: LotuS vs mothur (p = 0.035, q = 0.029), LotuS vs PIPITS (p = 0.025, q = 0.028), and

mothur vs PIPITS (p = 0.020, g =0.031).
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Figure 3.8. a) Silhouette plot and b) k-means cluster plot of the beta diversity of a fungal mock
community sample sequenced in replicate (repl, rep2) at 25% and 50% PhiX spike-in
concentrations and processed by the LotuS, mothur, and PIPITS pipelines. a) Silhouette plot to
measure the appropriate number of clusters for k-means cluster analysis. b) K-means clustering
of a 19-member mock fungal community sequenced using different spike-in concentrations of
PhiX in technical replicate pairs, processed using three different pipelines.
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3.2.5 The LotuS pipeline is performed best to identify members of the fungal mock community

To determine the most optimal pipeline for taxonomic assignment, each of the resulting
datasets was filtered for the expected 19 fungal species in the mock community and averaged
over technical replicates. The LotuS pipeline performed the best in identifying members of the
fungal mock community, followed by mothur, then PIPITS. The LotuS pipeline performed best,
correctly assigning an average of 6 organisms at a 25% PhiX spike-in and an average of 5.5
organisms at a 50% PhiX spike-in. The mothur pipeline correctly assigned an average of 5
organisms with a 25% PhiX spike-in and 4.5 at a 50% spike-in. PIPITS performed poorest: only
3 organisms were correctly assigned at a 25% spike-in concentration and 2 at a 50% PhiX spike-
in concentration (Figure 3.9a). In all processing pipelines, the species S. complicata was
identified at the highest proportion, matching the expected ratio designed for this mock

community.

We investigated the presence of taxa not contained in the fungal mock community (false
positive assignment), which may manifest from contamination, artifacts of sequencing, and
bioinformatics processing. On average, the LotuS pipeline falsely assigned 13.3 taxa; mothur
falsely assigned an average of 14.3 taxa, and PIPITS falsely assigned an average of 19.3 taxa

(Figure 3.9b).
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Figure 3.9. Heatmaps showing the abundances of taxa identified from a fungal mock community
sample sequenced in replicate at 25% and 50% PhiX spike-in concentrations and processed using
the LotuS, mothur, and PIPITS pipelines. a) Samples filtered for the expected fungal mock
community members. b) Samples filtered for taxa not expected in the fungal mock community.
The total number of taxa identified appears above its x-axis label. Abundances are transformed
on a log4 scale.
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3.2.6 Analysis of missing fungal mock community members

Due to all three processing pipelines not capturing all expected mock community
members, we examined the raw unprocessed sequences to determine if the mock members were
captured after sequencing and perhaps lost during processing by pipelines. Two methods were
applied, the first merged paired-end reads and aligned against the expected mock reference
sequences, while the second extracted the fungal ITS2 region for alignment. In both methods, all
mock community members were identified from the raw sequences, confirming that, in theory,

these community members were assignable and were lost during pipeline processing.
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3.3 Discussion

Standardized methodologies to sequence and analyze the bacterial gut microbiome were
established by the International Human Microbiota Consortium in 2015,!'® and although a
similar endeavour has been pursued in fungal research, to date, no such equivalent standard
exists for fungal analysis.*>*+° This shortcoming is partly attributable to the tough fungal
chitinous cell wall that resists disruption by standard bacterial DNA extraction
methodologies.**® Furthermore, the gut fungal community occupies a small (~0.1%) fraction of
the total intestinal microbiome, which is largely dominated by bacteria. This low proportion
limits the number of sequences that can be practically generated to study the human gut
mycobiome, which places extra importance on the standardization of sequencing and analysis

methods in order to minimize technical variability.®

To assist in the effort to standardize the sequencing and analysis of gut fungal
communities, we used a well-characterized mock fungal community consisting of 19 fungal
species to study the effect of varying PhiX spike-in concentration and taxonomic assignment
pipelines on the generated mock fungal community composition. We used PhiX spike-in values
of 25% and 50% (recommendations range between 1% and 50%).!'* Two technical replicates
were generated for each sample. All samples were analyzed by three popular fungal taxonomic

assignment pipelines: LotuS, mothur, and PIPITS.

Once fungal community sequences are generated and quality controlled, they must be
clustered for similarity and the clusters assigned to their corresponding taxa. This community
profile generated by this process depends strongly on the quality and representativeness of the

reference database used for taxonomic assignment.
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In our pre-experimental BLAST assessment of the taxonomic assignment accuracy of the
popular UNITE fungal ribosomal database, we utilized known sequences of our mock
community. The purpose of this initial investigation is to examine if the UNITE database would
hinder downstream detection of our sequenced community, such as if all 19 expected mock
organisms can be identified within the UNITE database. We find that the UNITE database
correctly assigned taxa to the species level for 18 out of the 19 expected fungal organisms in our
mock community, with only Mortierella verticillata remaining unidentified (Table 3.0). We note
that the comparison was not straightforward since many fungi possess synonymous scientific
names as well as different names corresponding to their growth state; for example, we expected
to find Neosartorya fischeri but instead identified Aspergillus fischeri, the anamorphic form of
this organism.!!'* Non-standardized nomenclature issues are noted within the mycological
research community, and the curators of the UNITE database are actively attempting to steer

fungal nomenclature toward a standardized format,!06:114115

We found that a sequencing spike-in of 50% PhiX provides little advantage over a 25%
spike-in for assigning taxa while highly reducing the number of fungal sequences captured in a
sequencing run. The 50% PhiX spike-in samples had a higher percentage of bases with Phred
values over 30 for the entire 300 bp read length (86.1% vs. 70.8%). Overall, only a difference of
15.3% exists between 25% and 50% spike-in samples for the total number of bases called at an
accuracy of > 99.9% (Figure 3.2). However, the 50% PhiX samples yielded an average of 4.2-
fold less processed reads relative to a 25% PhiX spike-in (Table 3.1). This difference in the
quality of bases called over an accuracy of > 99.9% is negligible compared to the higher yield of
sequencing reads obtained by a 25% PhiX spike-in, but should nevertheless be a consideration

tailored to the experimental design of a study.
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We then compared the taxonomic community profiles generated by the various analysis
pipelines assessed in this study. The alpha diversity of the communities generated by the
pipelines did not significantly differ (Figure 3.3b). The effect of PhiX (25% or 50%) on alpha
diversity was small (Figure 3.3a). We conclude that the PhiX concentrations tested do not affect

overall community diversity.

A comparison of the fungal community profiles generated from our tested conditions
reveals that the overall species composition and read abundances differed, depending on the
taxonomic assignment pipeline used (Figure 3.4). The taxonomic profiles generated by a given
pipeline were highly similar between technical replicates and PhiX spike-in concentrations
across all pipelines. The LotuS and mothur pipelines generated the most similar community
compositions, with the exception of Naganishia adeliensis identified in higher abundance within

the LotuS pipeline, which mothur identifies as genus Naganishia.

A simple visual examination of the variability in the top-ten-most-abundant taxa
identified from our tested conditions shows a similar pattern of high similarity between technical
replicates and PhiX concentrations; variability in the community profiles generated by the
different pipelines was more pronounced (Figure 3.5). The PIPITS pipeline was found to
preferentially classify organisms at the genus level, whereas the LotuS pipeline generated the
most species-level classifications, and mothur fell between the other pipelines in terms of genus

and species identifications.

To quantify the differences in the fungal profiles generated from our tested conditions,
we performed beta diversity analysis by nonmetric multidimensional scaling (NMDS) and

significance testing by PERMANOVA (Figure 3.7). Significant differences were found in the
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community profiles generated by the different taxonomic assignment pipelines: LotuS vs mothur
(q=0.029), LotuS vs PIPITS (q = 0.028), and PIPITS vs mothur (q = 0.031). These findings
show that the choice of taxonomic assignment pipeline can significantly impact the results and

interpretations generated from metabarcoding studies of fungal communities.

We used our fungal mock community to assess the taxonomic assignment accuracy of the
different pipelines tested in this study. The LotuS pipeline accurately assigned the most
organisms at a species taxonomic level, regardless of PhiX concentration, followed by mothur
and PIPITS (Figure 3.9a). Overall, a maximum of six of 18 possible taxonomic assignments

were correctly made by the LotuS pipeline.

We also assessed the false taxonomic assignment of the different pipelines tested in this
study (Figure 3.9b). We found the PIPITS pipeline, on average, produces the most false
assignments at the species taxonomic level, followed by mothur and then LotuS. In our pre-
experimental BLAST assessment of this study, we also noticed that all queried mock organisms
identified false taxonomic assignments when aligned directly against the UNITE database. The
sources of these false assignments may arise from multiple factors such as the reagents and
pipette tips used during the extraction and sequencing steps, sequencing artifacts, natural
microbes in the laboratory environment, or possibly because of misassignment of taxonomic

identities by the processing pipelines.'!*12°

Further, we investigated the raw sequences to examine if the uncaptured mock
community members were present in the sequence data and lost during processing through the
pipelines. We confirmed that the all-uncaptured mock sequences exist within the raw

unprocessed data. A possible explanation as to why these taxa were not identified by the
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processing pipelines may be due to the stringency of the filtering parameters set in order to
reduce the amount of false positive assignments, as we have noticed in our pre-experimental
BLAST assessment that without filtering, many false assignments arise.*>*** Our experimental
objective is not to optimize each pipeline, but rather to assess their identification abilities when
using the default parameters where possible. We also note that these pipelines consist of multiple

bioinformatics tools and not all parameters were adjustable.

Nevertheless, our work here using a fungal mock community to examine the effects of
varying PhiX concentrations on sequencing, and the impact of three different fungal
metataxonomic processing pipelines (LotuS, mothur, and PIPITS) on characterizing these mock
identities, suggests that a concentration of 25% PhiX offers balance to retain a good quantity and
quality of sequencing reads, and the LotuS pipeline provides adequate resolution to discern
fungal identities. The current study offers a guide towards standardizing methodology for
sequencing and identifying environmental fungal communities, such as studies seeking to

investigate if an association exists between the mycobiota and disease.
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CHAPTER 4: INVESTIGATION OF THE GUT FUNGAL COMMUNITY
IN A PEDIATRIC-ONSET MULTIPLE SCLEROSIS COHORT

4.1 Introduction

Multiple Sclerosis (MS) is a complex, multifactorial autoimmune disease of the central
nervous system (CNS) leading to the degeneration of neuronal axons, whereby demyelination
occurs, and disruption of essential cellular functions ensues.> An estimated 2.8 million
individuals worldwide suffer from this disease, with outcomes ranging from minimal
neurological dysfunction to bodily disability and even death.>® This disease also has a severe
psychological impact: individuals diagnosed with MS often cope with depression, and caregivers

living among MS individuals report a reduced quality of life.!?!:12

Although medical interventions exist to alleviate MS-associated inflammation, no
treatment currently exists to eliminate demyelinating episodes, which results in progressive
neuronal deterioration.? Many investigations have been conducted to examine the factors that
contribute to MS, including genetics, vitamin D levels, environmental factors, and viral
infections.? Emerging evidence suggests that the gut microbiota may play a role in MS
inflammation through mechanisms involving gut-brain-axis signalling and disrupting tight
junctions of the blood-gut and blood-brain barriers.”>!23 Bacterial gut microbiome studies have
associated various bacterial taxa with beneficial or detrimental metabolic changes, which may
influence MS pathology.”*124!25 The fungal component of the gut microbiota is less well-studied,

although evidence of a fungal etiology in MS exists.

For example, a study conducted by Ramos et al. (2008) found the presence of fungi in the

blood of individuals diagnosed with MS by immunological assay utilizing anti-Candida sp.
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antibodies, whereas non-MS individuals tested negative with this assay.? In a patient-limited
longitudinal study by Pisa et al. (2011), the abundance of fungi in the blood of an MS-diagnosed
patient was noted to vary temporally.>* Additional experiments by Pisa et al. (2013) utilizing
molecular and immunological assays indicated the presence of fungi in the cerebrospinal fluid of
MS individuals.?® Alonso et al. (2018) found molecular signatures for fungi in the brain tissues
of post-mortem MS individuals.?’ In an experimental autoimmune encephalomyelitis study in
mice, a commonly used experimental model for MS, an inoculation of Candida albicans
exacerbated symptoms, and tissue analysis by histopathology of biopsy samples detected fungal
invasion of the mouse CNS.* There is also evidence of a fungal association with MS by
dimethyl fumarate, a disease-modifying drug that was originally used to prevent mold growth on

leather products but is now approved for the treatment of psoriasis and MS.3"4

Despite the evidence of a fungal role in MS pathogenesis, investigations into the role they
may play are lacking; to date, only two studies have reported on the association of the gut
mycobiome and MS.?®% Both studies focused on the role of the gut mycobiome in adults. No
studies to date have investigated the role of the gut mycobiome in pediatric-onset MS (POMYS)
individuals. Investigating the causes of POMS is important because the disease course differs
from adult MS. There is increased inflammation and axonal damage in children compared to
adults, which can lead to significant impairment of cognition and/or disability at a young age.'°
A second reason to examine the gut fungi in POMS is that the diversity of the gut fungal
community has also been observed to change at different stages of life, suggesting that the fungal
community composition of POMS may differ from adult MS and thus may have a different

impact on MS.!26
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In this study, we sought to investigate the gut fungal profiles in a cohort of POMS
individuals and compare their gut fungal profiles to non-MS pediatric individuals (unaffected
controls) and individuals with monophasic acquired demyelinating syndrome (monoADS).
Unlike the progressive demyelination of neurons in MS, monoADS individuals present a single
demyelinating episode but are not formally classified as MS. Comparing the gut fungal profiles
of these similar but distinct diseases may help to reveal common and unique elements of the
community profile that may associate with MS.!> We hypothesize that the gut fungal profile of
our MS cohort will differ from that of monoADS or unaffected control individuals. Our
investigation used metabarcoding sequencing of the fungal internal transcribed spacer 2 (ITS2)
to characterize and compare the gut mycobiome between our study participants and explore

whether a fungal association to POMS exists.
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4.2 Results

4.2.1 Cohort filtering and determining cohort characteristics

Stool samples from 91 of the 119 individuals collected in this study passed sequencing
size selection (300—1000 bp), quality filtering, and contained associated cohort metadata suitable
for analysis. Following LULU curation and determination of a Good’s coverage, 45 individuals
with a Good’s coverage index of < 96.5% were removed to control for samples with low
sequencing coverage. The final cohort of 46 individuals stratified by diagnoses consisted of 18
POMS, 13 monoADS, and 15 unaffected controls. The mean age of MS onset was 15.3 + 2.8
years, while monoADS individuals, on average, experienced a demyelination episode at 5.2 + 3.2
years of age. A total of 14 of the 18 POMS individuals were on a single disease-modifying
therapy at the time of stool sample collection: 3 glatiramer acetate, 4 interferon beta-1a, 2
pegylated interferon beta, 1 natalizumab, 1 rituximab, and 2 dimethyl fumarate. A breakdown by
cohort characteristics and participant sex is summarized in Table 4.0. Although insufficient for
statistical analysis, a couple of our study participants used dimethyl fumarate at the time of stool

sampling collection; we checked and noticed no visible trends in our beta diversity analysis.
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Table 4.0. Characteristics of the POMS, monoADS, and unaffected control participants.

POMS? MonoADSP Unaffected
n=18 n=13 Control
Characteristics n=15
Sex, female: n (%) 15 (83%) 6 (46%) 8 (53%)
Sex, male: n (%) 3 (17%) 7 (54%) 7 (47%)
Age at symptom onset,
years: mean (SD) 15.3 (SD: 2.8) 5.2 (SD: 3.2) \
Age at stool sample collection,
years: mean (SD) 18.1 (SD: 2.4) 12.1 (SD: 3.6) 15.3 (SD: 3.4)

Disease-modifying drug exposure
status at stool sample collection
(ever/naive): No. (%)

Ever Avonex - IFNB-1a (SC)
Ever Dimethyl fumarate

Ever Glatiramer Acetate

Ever Natalizumab

Ever PEG-IFNB

Ever Rebif - IFNB-1a (SC)

Ever Rituximab

14 (78%) 1 4 (22%) \ \
4 \ \
2 \ \
3 \ \
1 \ \
2 \ \
1 \ \
1 \ \

3 POMS = pediatric-onset multiple sclerosis,

syndrome

b

monoADS = monophasic acquired demyelinating
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4.2.2 Fungal ITS2 amplicon sequence data processing

[Mlumina sequencing generated an average of 30,791,070 paired-end reads across the 46
study individuals, while the mock community yielded an average of 10,168,535 paired-end reads
across technical replicates. After sequence processing, quality assessment, and clustering for
high-quality fungal reads using the LotuS pipeline, 10,525,102 reads remained across 46 study
individuals and 2,175,124 reads across mock community replicates. After LULU curation and
Good’s analysis filtering, sequences belonging to one OTU were found to be non-fungal
associated and removed, leaving 10,500,725 reads remaining for the 46 individuals. Visual
inspection of the density distribution for each participant sample showed non-normal
distribution, which was confirmed by Q-Q plot (Figure 4.0A & B). Following central log-ratio
(CLR) transformation, the distribution shape for each participant sample changed (Figure 4.1A
& B). A check of CLR-transformed values using a Q-Q plot showed that the normality
assumption is not met in a majority of the sequenced samples, as the quantile points do not
perfectly fit the diagonal line (Figure 4.2). Due to the non-normal distribution of the data,
nonparametric methods were used for the statistical analysis. A summary of the number of reads

reflecting the 46 study individuals is provided in Table 4.1.

Out of 19 expected fungal organisms of the mock community, only 6 were identified at
the species level: Saitoella complicata (also known as S. complicate), Aspergillus fischeri (also
known as Neosartorya fischeri), Aspergillus flavus, Chytriomyces hyalinus, Rhizophagus
irregularis, and Candida apicola (Figure 4.3A). The order of our relative assignment of the
mock taxa is in agreement with the expected values (Figure 4.3B), with the exception of C.
apicola, which swapped order with R. irregularis.”* This is due to the second replicate

containing an inordinately low (one) count of C. apicola (as compared to 32 for the other

79 | Page



replicate). A perfect match to the expected ratios was not anticipated due to the original ratios
being determined by sequencing the 18S rRNA, rather than the ITS2 conducted in our present

study.
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Figure 4.0. Density distributions and quantile-quantile plots of untransformed relative
abundances of OTUs within each participant's stool. The sequencing reads from a 46-member
cohort composed of pediatric-onset MS (POMS), monoADS, and unaffected control individuals
are examined for normality. A) Density distributions for each study individual. B) Quantile-
quantile plots for each study individual.
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Figure 4.1. Density distributions of CLR-transformed relative abundances of OTUs within each
participant's stool. The sequencing reads from a 46-member cohort composed of pediatric-onset
MS (POMS), monoADS, and unaffected control individuals were transformed using the CLR
method and examined for normality. In the left figure A) Density distributions for each study
individual; B) All 46 density distributions from A combined into a single plot.
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Figure 4.2. Quantile-quantile plots of CLR transformed relative abundances. The sequencing
reads from a 46-member cohort composed of pediatric-onset MS (POMS), monoADS, and
unaffected control individuals were transformed using the CLR method and examined for
normality.
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Table 4.1. Number of reads for the study participants (POMS, monoADS, and unaffected
controls) following sequencing and bioinformatics processing (n = 46).

Raw Sequencing (Averaged) LotuS LULU®
Total reads 30,791,070 10,525,102 10,500,725
Min 1644 563 562°
Medium 11,3768 37,945 37,907
Mean 669,371 228,807 228,277
Max 4,854,072 2,566,757 2,560,308

#Includes filtering in samples > 500 reads (according to Good’s coverage > 96.5%).
® The resulting minimum is lower for LULU because a single OTU found in the previous steps
was identified to be of non-fungal origin and was removed.
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4.2.3 Abundances of fungal taxa

The Ascomycota phylum dominated across all three groups, representing 93.2% of the
relative abundance for the POMS individuals, 83.7% for monoADS, and 95.4% for the
unaffected controls (Figure 4.4). While the Basidiomycota phylum appeared higher for the
POMS individuals at 6.62% compared to monoADS (0.662%) and the unaffected controls
(0.465%). In contrast, Mucormycota appeared lower in abundance for POMS individuals

(0.0659%) compared to monoADS (1.38%) and unaffected controls (3.80%).

The top ten genera for the POMS, monoADS, and unaffected control groups are
presented in Figure 4.5. The relative abundances of observed taxa are similar across the three
groups, with Saccharomyces detected at the highest proportion (48.8% POMS, 56.2%
monoADS, 42.0% unaffected control). Another six genera were shared between all three groups:
Aspergillus, Candida, Cladosporium, Mucor, Penicillium, and an unidentified genus. The
Candida genus was generally the second-highest in terms of relative abundance (37.96% POMS,
9.25% monoADS, 43.1% unaffected control). Of the top-ten-most abundant genera shared
between two or more groups, the genus Cyberlindnera was shared between POMS and
unaffected individuals, the genus Malassezia was shared between POMS and monoADS
individuals, and an unclassified genus from the order Eurotiales was shared between monoADS
and unaffected individuals. The genera Aspergillus, Candida, Cladosporium, Mucor,
Penicillium, Saccharomyces, and an unclassified genus were found in all groups. Within the top
ten genera, Agaricus was found to be uniquely abundant in the POMS group, Phoma in
monoADS, and Exophiala in unaffected controls. We found that 99.9% of Agaricus species in
POMS were composed of Agaricus bisporus, with the remaining proportion belonging to

unclassified Agaricus spp. and Agaricus kriegeri. Although the genus Agaricus was not within
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the top-ten-most abundant taxa in monoADS and unaffected controls, the species A. bisporus

constituted 100.0% of this genus in monoADS and 89.8% in unaffected control participants.
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Figure 4.4. Stacked bar plot showing the proportion of fungal phyla found within pediatric
onset-MS (POMS), monophasic acquired demyelinating syndrome (monoADS), and unaffected
control participants. Phyla are plotted from largest proportion (bottom) to smallest (top) relative
to POMS, and the order is maintained for all disease categories.
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Figure 4.5. Top-ten-most abundant fungal genera for pediatric-onset MS (POMS), monophasic
acquired demyelinating syndrome (monoADS), and unaffected control participants. Phyla are

plotted from largest proportion (bottom) to smallest (top) relative to POMS.
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4.2.4 Alpha and beta diversity of stratified diagnoses

The alpha diversity results appear in Figure 4.6. MonoADS participants had the lowest
species richness, followed by POMS and unaffected controls (Figure 4.6A). However, none of
the three groups were significantly different by the Kruskal-Wallis ANOVA test (p = 0.077, and
adjusted post hoc values are shown in the figure). While there was some suggestion of a
difference in diversity between the three groups (Figure 4.6B & C), with the POMS participants
potentially having a lower alpha diversity versus those with monoADS or unaffected controls
(based on Kruskal-Wallis ANOVA of the participants Shannon and inverse Simpson indices, p =
0.041 and 0.034, respectively), no comparisons reached significance after post hoc testing (q =
0.057 and 0.057, respectively), for POMS vs. monoADS or unaffected in Shannon index, and (q

=0.055 and 0.055, respectively, for the same comparisons with the inverse Simpson index).

We also stratified our participants by sex or age group (Figure 4.7A). We found
significant differences in overall fungal richness between males and females (q = 0.035), as well
fungal diversity significantly differed between sexes when measured with the inverse Simpson
index (q = 0.037). Significant differences in fungal richness were also seen between children and
youth (q = 0.018 in Figure 4.7B), and similarly, the fungal diversity also differed when

measured using the inverse Simpson index (q = 0.033).

For beta-diversity, while no obvious or distinct clustering patterns could be visually
observed between the MS, monoADS, and unaffected participants (Figure 4.8), quantification
by PERMANOVA showed a significant difference between the three groups (q = 0.019).
Specifically, pairwise comparisons indicated a significant difference between the monoADS and
POMS (q = 0.005), but not between the unaffected and POMS (q = 0.08) or monoADS (q =
0.274).
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Figure 4.6. Alpha diversity metrics for the pediatric-onset MS (POMS), monophasic acquired
demyelinating syndrome (monoADS), and unaffected control participants.
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Figure 4.7. Three different alpha diversity metrics were calculated for 46 study participants
stratified by either sex or age groups. A) Total study cohort stratified by sex (n = 29 females and
n = 17 males) and is measured for the number of observed OTUs that represent unique species.
B) shows a stratification by age groups of child (< 14 years old, n = 13) and youth (between 15
and 24 years old, n = 33).
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Figure 4.8. Beta diversity analysis by non-metric multidimensional scaling for the pediatric-
onset MS (POMS), monophasic acquired demyelinating syndrome (monoADS), and unaffected
control participants. Calculations are based upon CLR-transformed counts. Ellipses represent
95% confidence intervals. The Euclidean distance is used for calculations.
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4.2.5 Differential abundance analysis

Analysis of taxonomic abundances between the groups yielded no significant differences
by ALDEX2 analysis. However, LEfSe analysis predicted marker organisms (Figure 4.9). The
species Candida albicans, Cyberlindnera jadinii, and Fusarium poae were predicted as markers
of POMS participants. Acremonium fusidioides, Cyberlindnera rhodanensis, Exophiala lecanii-
corni, Talaromyces islandicus, and an unclassified fungal species were predicted to be markers
of monoADS by LEfSe. In unaffected individuals, Penicillium aurantiogriseum and P. solitum
were predicted as markers. BLAST analysis of species-level taxa identified by LEfSe using the

RefSeq ITS database yielded multiple unclassified identities (Table 4.2).
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Figure 4.9. Operational Taxonomic Unit (OTU) differential abundance analysis identifying
predictive makers by Linear discriminant analysis Effect Size (LEfSe) for pediatric-onset MS
(POMS), monophasic acquired demyelinating syndrome (monoADS), and unaffected control
participants. Effect sizes are converted into a score and plotted on a log10 scale.

95 | Page



Table 4.2. BLAST identities of organisms predicted above a species taxonomic level from LefSe
using the RefSeq ITS database.

OoTuU UNITE Taxon ID BLAST Taxon ID BLAST %ldentity QCovHSP? Expected Value
Accession
OTU 166 g Curvularia Curvularia alcornii  NR_137091 100 100 1.67E-81
MFLUCC 10-0703
OTU 185 f Saccharomycetales  Candida africana NR_ 138276  91.333 100 9.60E-54
fam Incertae sedis
OTU 185 f Saccharomycetales  Candida albicans NR_125332 91.333 100 9.60E-54
fam Incertae sedis
OTU 191 k__ Fungi Cladosporium NR_152286  97.297 100 1.20E-67
angustiherbarum
OTU 191 k__ Fungi Cladosporium NR_152300 97.297 100 1.20E-67
aggregatocicatricatu
m
OTU 191 k__ Fungi Cladosporium NR_152299 97.297 100 1.20E-67
rhusicola
OTU 191 k__Fungi Cladosporium puyae NR_152298  97.297 100 1.20E-67
OTU 191 k__ Fungi Cladosporium NR_152297 97.297 100 1.20E-67
versiforme
OTU 191 k__ Fungi Cladosporium NR_148193 97.297 100 1.20E-67
subcinereum UTHSC
DI-13-257
OTU 191 k__ Fungi Cladosporium NR_ 121332 97.297 100 1.20E-67
antarcticum
OTU 191 k__Fungi Cladosporium phlei NR_120013  97.297 100 1.20E-67
OTU 191 k__ Fungi Cladosporium NR_ 119841 97.297 100 1.20E-67
cucumerinum MUCL
10092
OTU 191 k__ Fungi Cladosporium NR_ 119728 97.297 100 1.20E-67
chubutense
OTU 191 k__ Fungi Cladosporium NR_119663 97.297 100 1.20E-67
variabile
OTU 191 k__ Fungi Cladosporium NR_119662 97.297 100 1.20E-67
tenellum
OTU 191 k__Fungi Cladosporium NR_119660  97.297 100 1.20E-67
spinulosum
OTU 191 k__Fungi Cladosporium NR_119657  97.297 100 1.20E-67
macrocarpum
OTU 191 k__Fungi Cladosporium NR_119656  97.297 100 1.20E-67
herbarum
OTU 191 k__Fungi Cladosporium NR_152266  97.297 100 1.20E-67
allicinum

4 = QcovHSP stands for query coverage per high scoring pair

96 | Page



Table 4.2. BLAST identities of organisms predicted above a species taxonomic level from LefSe
using the RefSeq ITS database (continued #1).

OoTU

OTu 191

OTU 191
OTU 198
OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

UNITE Taxon ID
k__Fungi
k__ Fungi

k__Fungi
g_ Cladosporium

g_ Cladosporium

g_ Cladosporium

g__ Cladosporium
g__ Cladosporium
g__ Cladosporium
g__ Cladosporium
g_ Cladosporium
g_ Cladosporium
g_ Cladosporium
g_ Cladosporium

g_ Cladosporium

g__ Cladosporium
g__ Cladosporium

g__ Cladosporium

BLAST Taxon ID

Cladosporium
herbaroides
Cladosporium iridis
Clavispora lusitaniae
Cladosporium
chasmanthicola CPC
21300
Cladosporium
pseudochalastosporoi
des
Cladosporium
welwitschiicola CPC
18648
Cladosporium
parapenidielloides
Cladosporium
longicatenatum
Cladosporium
ipereniae
Cladosporium
austroafricanum
Cladosporium
angustiterminale
Cladosporium crousii
UTHSC DI-13-247
Cladosporium
phaenocomae
Cladosporium varians
CPC 13658
Cladosporium
subuliforme CPC
13735
Cladosporium exile
CPC 11828
Cladosporium
globisporum
Cladosporium
myrtacearum CPC
14567

BLAST
Accession
NR_119655

NR_111271
NR_130677
NR_152307

NR_152296

NR_152308

NR_152293
NR_152291
NR_152290
NR_152288
NR_152287
NR_148192
NR_119950
NR_119856

NR_119854

NR_111532
NR_111534

NR_119849

%ldentity QCovHSP?

97.297 100
97.297 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100

Expected Value
1.20E-67

1.20E-67
5.26E-33
2.56E-74

2.56E-74

2.56E-74

2.56E-74
2.56E-74
2.56E-74
2.56E-74
2.56E-74
2.56E-74
2.56E-74
2.56E-74

2.56E-74

2.56E-74
2.56E-74

2.56E-74

4 = QcovHSP stands for query coverage per high scoring pair
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Table 4.2. BLAST identities of organisms predicted above a species taxonomic level from LefSe
using the RefSeq ITS database (continued #2).

OoTU

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21

OTU 21
OTU 323

OTU 34

OTU 34

OTU 34

OTU 395

UNITE Taxon ID

g__ Cladosporium

g_ Cladosporium
g_ Cladosporium

g_ Cladosporium

g_ Cladosporium

g__ Cladosporium

g__ Cladosporium

g__ Cladosporium

g__ Cladosporium

g_ Cladosporium
g_ Cladosporium

g_ Cladosporium
g_ Talaromyces

g Aspergillus

g Aspergillus

g Aspergillus

c__Eurotiomycetes

BLAST Taxon ID

Cladosporium
angustisporum CPC
12437
Cladosporium
iranicum CPC 11554
Cladosporium
funiculosum
Cladosporium
flabelliforme CPC
14523
Cladosporium
exasperatum CPC
14638
Cladosporium
montecillanum
Cladosporium
gamsianum CPC
11807
Cladosporium
australiense CPC
13226
Cladosporium
asperulatum CPC
14040
Cladosporium pini-
ponderosae
Cladosporium
colombiae
Cladosporium silenes
Talaromyces
wortmannii
Aspergillus
tubingensis NRRL
4875
Aspergillus
costaricensis

Aspergillus luchuensis

KACC 46772
NA

BLAST
Accession
NR_111530
NR_111536

NR_119845

NR_119844

NR_119843

NR_152292

NR_111533

NR_119837

NR_119836

NR_119730
NR_119729

NR_111270
NR_172039

NR_131293

NR_103604
NR_135449

NA

100

100

100

100

100

100

100

100

100

100

100

100
99.419

100

100

100

NA

%ldentity QCovHSP?

100

100

100

100

100

100

100

100

100

100

100

100
100

100

100

100

NA

Expected Value

2.56E-74

2.56E-74

2.56E-74

2.56E-74

2.56E-74

2.56E-74

2.56E-74

2.56E-74

2.56E-74

2.56E-74

2.56E-74

2.56E-74
6.44E-86

2.88E-84

2.88E-84

2.88E-84

NA

4 = QcovHSP stands for query coverage per high scoring pair
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Table 4.2. BLAST identities of organisms predicted above a species taxonomic level from LefSe
using the RefSeq ITS database (continued #3).

OoTU

OTU 523
OTU 83

OTU 83
OTU 83

OTU 83

OTU 83

OTU 83

OTU 83

OTU 83

OTU 83

OTU 83

OTU 83
OTU 83
OTU 83
OTU 83

OTU 88

OTU 95

OTU 95

OTU 95

UNITE Taxon ID

f _Didymellaceae

g__ Penicillium

g__ Penicillium
g__ Penicillium

g__ Penicillium
g__ Penicillium
g__ Penicillium
g__ Penicillium
g__ Penicillium
g__ Penicillium

g__ Penicillium

g__ Penicillium
g__ Penicillium
g__ Penicillium
g__ Penicillium

g__ Fusarium
g Aspergillus
g Aspergillus

g Aspergillus

BLAST Taxon ID

Dimorphoma saxea
Penicillium
neoechinulatum
Penicillium hirsutum
Penicillium
robsamsonii
Penicillium thymicola
Penicillium marinum
Penicillium
compactum CGMCC
3.15411
Penicillium
concentricum
Penicillium
viridicatum FRR 963
Penicillium
verrucosum FRR 965
Penicillium expansum
ATCC 7861
Penicillium italicum
Penicillium tricolor
Penicillium polonicum
Penicillium
albocoremium IBT
10682
Fusarium robustum
Aspergillus
heterocaryoticus
Aspergillus
costiformis
Aspergillus chevalieri
NRRL 78

BLAST
Accession
NR_157421
NR_163549

NR_163544
NR_144866

NR_137883
NR_137882
NR_144844
NR_138334
NR_119496
NR_119495

NR_077154

NR_163528
NR_077206
NR_103687
NR_138271

NR_159851
NR_163674
NR_135434

NR_135340

%ldentity QCovHSP?

97.368 100

100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100
100 100

97.987 100

100 100
100 100
100 100

Expected Value

7.38E-70
1.31E-82

1.31E-82
1.31E-82

1.31E-82
1.31E-82
1.31E-82
1.31E-82
1.31E-82
1.31E-82

1.31E-82

1.31E-82
1.31E-82
1.31E-82
1.31E-82

7.21E-70
3.67E-83
3.67E-83

3.67E-83

4 = QcovHSP stands for query coverage per high scoring pair
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4.3 Discussion

Despite the growing amount of research on the gut fungal community (the mycobiota),
this field is still in the early stages of understanding the role of fungi in human health and
disease.!!® The mycobiota has been associated with immune-mediated inflammatory diseases
such as Crohn’s disease, where Ott et al. (2008) and Li et al. (2014) found an increase in fungal

127,128 A

richness and diversity within the mucosa of individuals with Crohn’s. study investigating

the gut mycobiota of individuals with diabetes by Salamon et al. (2021) also noted an increase in
fungal richness and diversity in type 1 diabetes compared to unaffected control participants.'?’
Fungal associations with neurological disorders have also been explored in Alzheimer’s
disease.!3®!3! In a dietary intervention study, a small cohort of individuals with mild cognitive
impairment were shown to have a lower gut fungal diversity compared to cognitively normal
individuals.!** In a mouse model of Alzheimer’s, Wu et al. (2019) showed that Candida albicans
increase amyloid precursor protein, which is associated with plaque formation in Alzheimer’s.'’!
In another neurological study, De Pablo-Fernandez et al. (2022) indicated that the fungal
mycobiota is more diverse in individuals with Parkinson’s compared to unaffected controls.'*
However, the characterization of the gut mycobiota in multiple sclerosis (MS), especially POMS,
is limited. Our study aims to investigate whether the gut fungal profiles of POMS individuals

differ from that of monophasic acquired demyelinating syndrome (monoADS) or unaffected

control individuals without MS or monoADS.

Currently, only two studies have explored the gut mycobiome in MS individuals. The
first study was by Shah et al. (2021), who compared the gut mycobiota of 25 adult MS
individuals to 22 unaffected controls,?® and a second, more recent study by Yadav et al. (2022)
that included 20 adult MS and 33 unaffected controls.?’ Both studies reported a dominating
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presence of Ascomycota at the phylum level in both MS and controls, while Yadav et al. (2022)
indicated an increased presence of Basidiomycota in MS. In our study, we observed the same
overwhelming presence of Ascomycota in all groups and an increased presence of Basidiomycota
in only POMS (Figure 4.4). In terms of the top genera, Yadav et al. (2022) detected
Saccharomyces, Candida, Cladosporium, Malassezia, and Penicillium within their most
abundant genera in both MS and control participants, and Shah et al. (2021) also found
Saccharomyces, Aspergillus, Agaricus, and Penicillium among the most abundant.?®2° In our
study, we also found Saccharomyces at the highest abundance in all groups, and we noted that

Candida, Cladosporium, and Penicillium can be found in all groups (Figure 4.5).

Although most of the top-represented genera overlap between the three groups in our
study, they differ in the proportionality of specific genera (Figure 4.5). For example,
Saccharomyces dominates across all three groups (48.8% POMS, 52.6% monoADS, 42.0%
unaffected controls), followed by Candida (38.0% POMS, 9.3% monoADS, 43.1% unaffected
controls) and Penicillium (3.0% POMS, 14.2% monoADS, 6.4% unaffected controls). Many of
our top-represented genera were also found in other gut mycobiome studies. One study on 215
healthy individuals from the Human Microbiome Project found that Saccharomyces and Candida
were among the highest abundance.>® The commonality of these two genera may be attributed to
extrinsic sources, as a controlled-diet study by Auchtung et al. (2018) noted a decrease in gut
colonization by both Saccharomyces and Candida after administration of an §. cerevisiae-free
diet and/or increasing dental hygiene.?° These fungal organisms, therefore, may be poor markers
for monoADS or MS. It is possible that rare genera or species may play a larger role in the

overall disease schema, which has been hypothesized in bacterial microbiome research, or it may
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be that the presence of by-products produced by the mycobiota is more important than the

organism itself 33133

Interestingly, we detected a highly abundant genus unique to each of the groups within
the top-ten: Agaricus in POMS, Phoma in monoADS, and Exophiala in unaffected participants.
Further examination of the data showed that 4. bisporus composed 99.9% of the Agaricus genus
in POMS participants. A. bisporus is edible and commonly sold in supermarkets as the white
button mushroom.”! Although the Agaricus genus is only composed of 0.0198% of the total
genera in monoADS and 0.0620% in unaffected controls, A. bisporus also constituted a majority
of the Agaricus spp. (100% monoADS and 89.8% unaffected controls). This supports the
hypothesis that the gut mycobiome is largely impacted by diet and transient in nature, as we also
detected Saccharomyces spp. and Candida spp. at the highest proportion in all groups.*® We also
find that the only species within the genus Phoma is P. herbarum. This organism is known to
produce cytochalasins, a mycotoxin that modulates cell division that causes apoptosis, and is
thought to have anti-inflammatory effects.!3*13¢ However, it is not known if P. herbarum plays a
role in modulating inflammatory responses in monoADS participants or is involved in monoADS

pathology.

Both studies examining the gut mycobiome in MS also report increased fungal richness
in MS compared to control participants, although only Shah et al. (2021) reported a significantly
higher diversity in MS participants.?® Furthermore, the authors of both studies found a significant
difference in beta diversity, with Yadav et al. (2022) reporting a distinct clustering between MS
and unaffected controls.? In our study, we find that unaffected control participants have the
richest fungal community, followed by POMS, and monoADS (Figure 4.6A). However,
monoADS and unaffected control participants had a higher fungal diversity, whereas POMS had
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the lowest diversity according to Shannon and inverse Simpson’s indices (Figure 4.6B & C).
Although trends in alpha diversity indices are notable, no statistical significance was observed
between participants with POMS, monoADS, or the unaffected controls, which is consistent with
Yadav et al. (2022), who compared adult MS to controls.?’ We also did not observe any distinct
clustering between any of the three groups (Figure 4.8), Statistical analysis by PERMANOVA
did detect a difference between community profiles of monoADS and MS participants, but

neither was significant when compared to unaffected participants.

We noted that our POMS cohort contains a less rich and diverse community compared to
unaffected controls (Figure 4.6), while Shah et al. (2021) and Yadav et al. (2022) found the
opposite.?>?® The difference between our study and those focused on adult MS may be due to the
nature of our pediatric cohort. Our observation of a more rich and diverse community within our
pediatric controls reflects the hypothesis of eubiosis—intestinal homeostasis is maintained, and a
balanced composition of microbes exists—versus dysbiosis—the dysregulation of homeostasis
associated with an imbalanced microbial composition—which seemingly occurs in our POMS
cohort.!37138 A study conducted by Strati et al. (2016) on healthy participants supports the idea
that the reported gut mycobiota is richer in healthy pediatric individuals such as children (3—10
years) and adolescents (11—17 years), as compared to healthy adults (> 18).!"*! Furthermore,
although the community profiles of our POMS and monoADS cohorts differ in terms of beta
diversity, a more thorough investigation is required, as monoADS is a broad category that
encompasses multiple diseases, including optic neuritis and acute disseminated
encephalomyelitis.!*? Importantly, our results indicate there is no difference between the fungal

communities of POMS or monoADS compared to unaffected participants.
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Our study also examined if there was a difference in the number of unique fungal species
detected between males versus females, and by age groups (child < 14 years and youth 15-24
years). We detected significant differences in the richness of both stratifications by sex and age
groups (Figure 4.7A & B). When we examined differences in fungal diversity, however, only
the inverse Simpson measure indicated a difference between males compared to females and
children versus youth. Since both Shannon and inverse Simpson indices measure diversity in
similar ways—they both account for the overall richness as well as the relative abundance of
each species—the difference detected by the inverse Simpson index can perhaps be attributed to
their difference in weight calculations, as inverse Simpson is geared towards higher abundances
while the Shannon index favours richness.'** Our result differs from Strati et al. (2016), who
found no significant differences in community richness between males compared to females,
though the authors only examined healthy individuals.'*! In the current study, we looked at the
alpha diversity of gender using the whole cohort due to the fact that our POMS participants
consist of triple the number of females as compared to males (15:3). We find that females exhibit
a more rich gut mycobiome but lower overall diversity. This may be because there is nearly

double the number of females as compared to males (29:17) when accounting for all participants.

We further explored the idea that rare species play an important role in demyelination
within POMS by differential abundance analysis. Our LEfSe predictive results reveal OTUs
significantly predicted to be associated with different groups of our cohort (Figure 4.9). We
focus only on significant OTUs assignable to a known fungal species using the UNITE database
because of multiple ambiguous taxonomic classifications when attempting to resolve identities

using the RefSeq ITS database (Table 4.2).
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In particular, our LEfSe analysis predicted Fusarium poae as a marker of POMS. This
organism has a role in agriculture as a plant pathogen that commonly contaminates animal
feed.!4%142 It is known that the genus Fusarium has the potential to produce mycotoxins, which
have been shown in vitro to inhibit sphingosine biosynthesis important for the formation of
sphingomyelin lining the neuronal axon.'** Also predicted with our POMS cohort is
Cyberlindnera jadinii, which can be identified under the teleomorphic name of Candida utilis.
Several Candida species are known opportunistic pathogens able to cause invasive Candidiasis
of the blood.'® C. utilis has been suggested as a possible biomarker of vulvovaginal candidiasis
and has been identified as the causative agent in a rare case of candidemia within a participant

with Alzheimer’s. 44143

Perhaps the most interesting LEfSe prediction for POMS is Candida albicans. Although
C. albicans is known to commonly colonize the human microbiome, it is also a known
opportunistic human pathogen.'%® Furthermore, C. albicans has previously been detected in
cerebrospinal fluid and post-mortem brain tissue samples of MS.23*#2627 Ag well, in the mice
model of MS, experimental autoimmune encephalomyelitis, it has been shown that C. albicans
exacerbates inflammation and demyelination, but a decrease of C. albicans will alleviate these
effects.®® On a note related to neurological diseases, C. albicans was also found to play a role in
the mice model of Alzheimer’s disease.!*! There is a compelling case for C. albicans as a

predictor of POMS.

For our monoADS cohort, LEfSe analysis predicted the species Acremonium fusidioides,
Exophiala lecanii-corni, and Talaromyces islandicus. Relatively little information can be found
on A. fusidioides, but they have been shown to produce compounds able to inhibit the growth of
HL-60 human leukemia cells in vitro.'*® In a rare isolated case of phaeohyphomycosis, a disease
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documented as having a ~70% mortality rate in CNS infections, E. lecanii-corni had been
detected and associated as the causative agent.'*”-!*® Furthermore, studies show that 7. islandicus
is capable of producing the mycotoxin cyclic pentapeptide cyclochlorotine, which is said to have
mutagenic and toxic effects on humans.!* Although these organisms were predicted as

significant markers, more research is necessary in order to understand their role in monoADS.

Our LEfSe analysis associated Penicillium aurantiogriseum and P. solitum with
unaffected control participants. P. aurantiogriseum has documented use in the biotechnology
sector to produce enzymes such as collagenase, which is associated with foods with antioxidant
and anti-hypersensitivity activity.'>® P. solitum is known to produce many types of metabolites
important for sustaining human health, such as compactin, benzodiazepine alkaloids, and

meroterpenoids.!®!

In this work, we sought to investigate if a pediatric cohort consisting of POMS and
monoADS individuals differs in gut mycobiota composition compared to unaffected controls.
We found there is no significant difference in terms of alpha or beta diversity when comparing
either neurological disorders to control individuals. The profiles of the top ten fungal genera
between conditions are similar, though we note that A. bisporus is highly represented in our
POMS cohort. Our predictive analysis yielded unique fungal markers representing each of the
three groups (POMS, monoADS, and unaffected controls), which are potential candidates

requiring further investigation.
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CHAPTER 5: DISCUSSION AND CONCLUSIONS

5.1 Conclusions and impacts of chapter 3

In chapter three, we used 19 pre-defined fungal organisms to examine the impact of the
PhiX bacteriophage on sequencing quality. We also inspected the limitations of the UNITE
ribosomal database and assessed the performance of three bioinformatics pipelines used in fungal
metataxonomic classification. In comparison to a 25% PhiX spike-in, sequencing with a 50%
PhiX spike-in increases the quality of base calls over the entire length of the ITS2 subregion.
Both tested PhiX concentrations sustained > 99.9% accuracy in base calling for a length of ~200
bp, but overall a 50% PhiX spike-in resulted in 15.3% more bases called with a Phred > 30
(Figure 3.2). The cost of enhanced base calling by a 50% PhiX spike-in is a ~5.6-fold decrease
in the overall sequence abundance. Therefore, our results indicate that a 25% PhiX spike-in is

more practical than a 50% spike-in for metataxonomic analysis of the mycobiome.

Through our pre-experimental BLAST analysis, we found 18 of the 19 expected
reference fungi in the UNITE ribosomal database (Table 3.0), and four of these organisms were
found under synonymous/alternative nomenclature. This suggests that while the UNITE database
may not be entirely comprehensive in its ability to assign taxa, it does seem to perform quite

Well.58,152

Furthermore, we note that the choice of metataxonomic analysis pipeline is important, as
each will yield different fungal characterization profiles (Figure 3.4, 3.5, 3.7, & 3.8b). In our
analysis, the LotuS pipeline outperformed the other tested fungal metataxonomic analysis

pipelines. LotuS was able to identify the most mock community organisms (Figure 3.5 & 3.9a),
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retained the largest number of sequencing reads (Table 3.1) and made the fewest false-positive

assignments (Figure 3.9b).

We recommend using a 25% PhiX spike-in to maximize the number of usable reads
without sacrificing quality. Also, researchers should be mindful that the popular UNITE
ribosomal database may not comprehensively identify all fungi in the dataset. As well,
researchers should be aware that the fungal nomenclature has yet to be standardized amongst the
mycological research community. We find that the LotuS pipeline is a good choice for
processing raw sequencing reads and taxonomic assignments and is therefore recommended for

use in fungal metataxonomic studies.

5.2 Conclusions and impacts of chapter 4

Chapter four describes a novel investigation of fungi inhabiting the human gut in POMS
individuals, as compared to a similar but distinct disease—monoADS—and unaffected control
individuals. Although studies have investigated the gut mycobiota in adult-onset MS, our results
show similarities and differences compared to POMS. Notable similarities include the

overwhelming presence of the phylum Ascomycota and the genus Saccharomyces (Figure 4.4).

In our study, we note that the phylum Ascomycota and genus Saccharomyces are highly
abundant among all three diagnostic groups. In addition to this, the genus Candida was also
detected within the top ten most abundant genera in the three groups (Figure 4.5). In another
mycobiota study, Auchtung et al. (2018) concluded that the Saccharomyces and Candida genera
are transient colonizers of the human gut.’® This is because their abundance can be decreased by

consuming diets consisting of low amounts of yeasts and through proper dental hygiene.
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Another interesting element of our study is the genus Agaricus, which was only detected
within the top ten most abundant taxa in POMS individuals. Further inspection of this genus
revealed that Agaricus bisporus represents 99.9% of the Agaricus spp. in POMS individuals,
100.0% in monoADS, and 89.8% within unaffected controls. A. bisporus is also known as the
edible white button mushroom which is commonly sold in supermarkets, so it is possible that
these differential abundances may be due to diet.’! We also find that the diversity of the fungal
profiles of POMS and monoADS individuals is not significantly different when compared to

unaffected control individuals (Figure 4.6 & 4.8).

Given that Saccharomyces, Candida, and A. bisporus are commonly found within our
three cohort groups, and that the fungal profiles between groups are not significantly different
compared to unaffected controls, the fungal profiles of our cohort may be largely composed of
transient organisms. With this knowledge, we used a predictive technique to infer if less common
organisms have a role in the pathophysiology of POMS. Our linear discriminant modelling
analysis indicated that Candida albicans, Cyberlindnera jadinii, and Fusarium poae are
predictive biomarkers of POMS in our study (Figure 4.9). Of the predictive markers within
POMS individuals, C. albicans may be of particular interest due to its implications in

experimental autoimmune encephalomyelitis.*’

Our findings provide a guide for future “-omics” based investigations in MS, including
analysis of pediatric-onset participants, and potential rare and/or under-detected fungal markers,
which may be examined for their functional potential and interaction with the wider gut

microbiome community.
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5.3 Study limitations

Advancements in the discovery of fungi through refinement of methodology is a work in
progress. We acknowledge that metataxonomic analysis of fungi is not ideal as there currently
exists no standardized protocols to perform this analysis.***¢ Methods to extract fungal DNA
have been researched, but no general consensus has been made on the technologies and
methodologies used to examine fungi in the human gut.*6-48-5

Steps in the extraction protocol, such as freeze-thaw cycles, the addition of a
cryoprotectant and/or other nucleic acid degrading/preserving chemicals, and cell wall lysis
strategy all play a role in determining the final DNA extraction yield, quality, and species of
fungi captured.*’ For our fungal mock community control used in chapter three, the extraction
step is less of a problem because we received pre-extracted fungal DNA of known identities. The
limitation of our mock community is not knowing if the buffer storing our fungal mock
community contains any additive chemicals, or how many freeze-thaw cycles were performed
prior to use. In terms of the stool samples from our study cohort presented in chapter four, the
integrity of the sample is hard to confirm. Some of the stool samples had been in storage for four
years, and multiple transfers have been made between locations (hospital, university, and lab),
meaning the storage conditions of these samples have varied over time. Additionally, many of
our stool samples were processed for another study involving 16S bacterial sequencing prior to
the start of the mycobiome projects, meaning they have undergone freeze-thaw cycles, and there
is limited/no quantity of stool remaining for certain individuals. This hinders us from re-analysis

of specific study individuals and from conducting any future analyses on participants with

insufficient stool samples.
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As previously noted, a consensus for standardized DNA extraction methods for
mycobiome studies has not been reached. Given the cell wall composition of eukaryotic fungi
differs from bacteria, we added an additional lysis step to the sequencing protocol kit.>® In our
study in chapter four, bead beating was used to lyse the fungal cell wall, but this method is rather
harsh on the DNA and may lead to shearing.*>*’ Alternative methodologies for fungal lysis exist,
such as enzymatic lysis, sonification, and the traditional phenol/chloroform extraction method.
Each extraction method has its pros and cons. For example, the phenol/chloroform protocol is
said to outperform kit-based methods, but these chemicals are rather harmful to humans and the
environment, making disposal challenging.*’

There are also limitations in the sequencing of our experimental stool samples. Our
choice of the Illumina sequencing platform for examining the fungal communities had previously
been validated.*? The Illumina platform is rather limiting in terms of the maximum length of
nucleotides that can be sequenced (~600 bp), and in many cases, this limitation cannot fully
capture the fungal ITS2 metabarcoding marker, which is noted to vary in length.>>’* Certain
fungal species may contain IT2 lengths surpassing the current Illumina platform limit of 600 bp,
which may result in an inaccurate representation of an organism or prevent the identification of
certain fungi.’

Furthermore, it is well documented that the choice of metabarcoding target, as well as
universal primers used to amplify the fungal subregions, will ultimately bias the amplification
and identification of certain fungal phyla.*>> We chose to use a recommended set of universal
primers to amplify the fungal ITS2, but our choice of primers is only able to capture 98-99% of
all currently documented fungi as determined by past ecological studies.** We did not assess

alternative primer pairs in comparison to the recommended set.
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Although our experiment to investigate batch effect did not reveal a significant
association of our identified taxa with batch, the notable size difference in sequences generated
per run implies we cannot conclusively rule it out.

Bioinformatics software for analyzing the fungal components of the human gut has also
not been standardized.*>% Although we conducted a study in chapter three to compare the
identification abilities of three fungal metabarcoding pipelines (LotuS, mothur, and PIPITS), it
should be noted that the bioinformatics software comprising these pipelines are constantly being
updated. Notably, the LotuS pipeline used in chapters three and four of this thesis has since
released a new version (LotuS2) in late 2022.'3

Another limitation in our study is that we were not able to identify a majority of the
members expected within our mock fungal control, possibly due to the bioinformatics software
parameters set or the database used for annotation. The UNITE fungal ribosomal database used
in this study was determined to be limiting as we were not able to identify one expected mock
community member in our evaluation of three metabarcoding pipelines (chapter three), and a lot
of unknown fungal organisms were identified within the cohort of our POMS study (chapter
four). Our investigation of the gut mycobiome of our POMS cohort (chapter four) identified
many fungi at the species level using the RefSeq ITS database that could not be definitively
assigned using the UNITE database. Although the use of the RefSeq ITS database did provide a
higher taxonomic resolution for most OTUs resulting from our LEfSe analysis, some OTUs
could not be unambiguously classified to a single species level. This is likely because many
fungal organisms are yet to be discovered, and the fungal nomenclature system is undergoing
active restructuring. Further, it is difficult to distinguish between anamorphic and teleomorphic

forms of fungi through sequencing.’®
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We also acknowledge that our study cohort is limited in sample size, which is expected as
the prevalence of pediatric-onset multiple sclerosis is a rare disease,® but this, in turn, affected
our statistical interpretation of the results and led to the exclusion of certain research questions,
such as the effect of dimethyl fumarate on the gut mycobiome. We also had to exclude a majority
of our American study participants due to the challenges related to obtaining and accessing
associated metadata. As well, we are aware of demographic confounders potentially impacting
our study results, such as individuals representing different income levels, gender, and
potentially the HLA-DRBI1 allele and other genetic variants found in higher frequency within
individuals of European descent.>!'* Our study is North American-based, therefore our cohort is
limited to represent a high-income continent and gender balance is difficult due to POMS being a
female-dominated disease, as well, metadata pertaining to an individual’s ancestral background

is often ambiguous.®

5.4 Future directions

In our analysis of the mock community using three different bioinformatics pipelines
(chapter three), our results concluded that the LotuS pipeline best identified six out of the 19
expected mock fungal organisms when a 25% PhiX spike-in was used. Of the 13 mock
organisms we could not identify, we noted that 12 of them had annotations within the UNITE
fungal ribosomal database. Further BLAST analysis showed that these 12 missing mock
organisms can be identified from the raw sequences obtained through Illumina sequencing. This
means that the limiting factor here was a step in selecting the processing parameters set in the
bioinformatics pipelines. In the future, we recommend users of a pipeline verify its taxonomic
assignment accuracy through the use of the mock community, confirm that the pipeline is

suitable for the analysis, and fine tune the pipeline parameters where possible.
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It has been shown that amplification of the entire ITS subregion (ITS1, 5.8S, and ITS2) is
superior to capturing just the ITS2 subregion alone,’> suggesting that our studies may benefit
from using long-read sequencing. Instead of the Illumina platform, we should explore if
technologies such as the Oxford Nanopore would result in improved taxonomic classifications
using our mock control as a ground truth.

Furthermore, our current study investigating the gut mycobiome within POMS
individuals (chapter four) did not examine the functional potential of the identified fungi. In
order to dive deeper into the functional potential of identified fungi within POMS, we could
employ the use of transcriptomics through long-read sequencing or shotgun metagenomics.
Though it's difficult to infer fungal functional potential from shotgun metagenomics studies as
reference databases for functional genes of fungi are lacking. However, tools such as
FungalTraits can potentially be used to infer functional potential from ITS sequences, which is
based upon conserved functional traits observed for limited groups (guilds) of fungi.*’ Another
future objective is to include biochemical analysis of certain fungal species associated with
POMS individuals identified in chapter four. We can either attempt proteomics analysis or check
the biochemical properties of metabolites, and perhaps examine if mycotoxins are produced,
possibly with the aid of chromatography techniques. Adding to this, supplementing the current
studies using culture-based and microscopy techniques would enhance the confidence of our
bioinformatics analysis. Although many fungal organisms currently cannot be cultured,
phenotypic inspection using microscopy is still considered the gold standard for fungal
identification.”!

Currently, available methods to study the fungal mycobiome require further development

to better study the role of the gut mycobiota within diseases such as POMS and monoADS. Our
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study investigating the mycobiome in chapter four provides a high-level characterization of the
fungal gut community within POMS, compared to monoADS, and unaffected control
participants, though our limited study size prevented our ability to substratify our cohorts by
potential confounders such as disease-modifying drugs, as well, a larger sample size would
improve the power of our diversity analysis on sex and age groups. In future analyses, an
increase in study participants representing each of the study groups would enhance the ability to
explore potential confounders. In addition to the current analysis, our study would benefit from
exploring if a controlled diet influences the gut mycobiota in POMS individuals, as well as
examining immunological aspects through blood-typing in order to identify subsets of immune
cells.

Overall, our methodology assessment of mycobiota analysis techniques (chapter three)
guides future research by showing the effect of varying PhiX concentrations (25% vs. 50%) on
sequencing quality and quantity, and we show that the choice of fungal metataxonomic pipelines
impacts the profiling of a fungal community. We found that the POMS gut mycobiota does not
significantly differ relative to unaffected controls (chapter four). We also found that rare or
underrepresented species may play a role, as indicated by our predictive analysis. These results
provide a guide towards standardizing fungal metataxonomic methodology and offer a glimpse

into the gut mycobiota of POMS individuals.
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APPENDIX

AP1 No clear indication of batch effects

Analysis of samples from both batches spiked with 25% PhiX and processed through the
LotuS pipeline, showed no clear indication of batch effects. The 95% confidence interval ellipses
from both batches in the principal component analysis overlapped. This result was also observed
when filtering for the 46 participants discussed in the POMS study of chapter 4 (Supplementary
Figure 1). Although no clear indication of a batch effect is apparent, these results may be limited
due to the small sample size of our study, which could potentially be enhanced by adding
technical sequencing replicates. This however, was not possible because our study is limited by

the quantity of remaining stool samples.
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Supplementary Figure 1. NMDS analysis of batch effect for 46 study participants of the POMS
study in chapter 4. The distance method used is Euclidean.
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