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ABSTRACT

Oral health is essential for overall human well-being, with oral diseases impacting 3.5 billion
people worldwide every year (WHO Report 2022). Oral microbiome is considered as the 2nd
most abundant human body site with respect to microbial composition and diversity. Earlier
studies have shown the variation in the oral microbiome in case of different oral and systemic
diseases. This variation is associated with variety of endogenous and exogenous factors which
include host lifestyle, drug use, host status, environmental factors etc. However, a complete
understanding of the alterations of the oral microbiome across diseases (along with shared

disease signatures, if any) is still lacking.

To investigate this, we have done an extensive meta-analysis of 17,031 Oral Microbiomes
encompassing 48 different study cohorts and 29 diseases from 24 different countries across the
globe, where we have analysed study-specific effects and the association of diseases with the
oral microbiome. We observe that approximately 71% of studies have a significant association of
oral alterations with different diseases. However, the age-specific variations in the oral microbial
community play a key role as a confounder of these association patterns. We identify
variabilities in the number of disease-gained and disease-lost across different diseases, and
finally, we identify a shared signature of generic disease signature across oral microbiomes from

different studies.
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CHAPTER 1

INTRODUCTION:

Oral health is a vital component of overall well-being, playing a critical role in both systemic
health and quality of life. The 2022 report by the World Health Organization emphasizes the
alarming worldwide occurrence of oral diseases, impacting 3.5 billion individuals. Among all
these diseases, oral cancer has global prevalence ranking as the 13th most common cancer due to
its high rates of mortality and morbidity®. Periodontal diseases, which is the inflammation in the
gums, impact approximately 19% of adults globally.

After the extensive research on the gut microbiome the oral microbiome has emerged as a vital
area of research. It has come in to the notice that oral microbiome not only affects oral health but
also general health. This diverse microbiome has a crucial function in maintaining oral health
and preventing disease. Dysbiosis, defined as the disruption of the microbiome composition is
linked to various diseases.

The oral microbiome refers to the overall collection of microorganisms that resides in the oral
cavity, including bacteria, fungi, archaea, viruses, and other types of microorganisms. Oral
microbiome is the initial site in the gastrointestinal tract that is directly exposed to the external
environment, so it is highly influenced by various environmental factors. This makes it one of
the most dynamic microbial ecosystems in the human body and leads to fluctuations in the
makeup, quantity, and variety of these microorganisms. The oral microbiome is the second most
populous and varied microbial community in the human body, after the gut microbiome. The
diversity of microorganisms in this context refers not only to the abundance of different species,
but also to the extensive array of functional abilities that these microorganisms possess. These
capabilities play a significant role in promoting both oral and overall health. Gaining a
comprehensive understanding of the complex details of the oral microbiome is essential in order
to devise innovative approaches for the prevention and treatment of oral and systemic diseases?.

The oral cavity has the complex anatomical structure which is composed of different sub-sites,
and each of these sub-sites has distinct anatomy and physiology, which contribute to the diverse
and abundant population of microorganisms present in the cavity. These sub-sites include buccal,
tongue, teeth, gingiva, palate, and salivary glands. Each sub-site contributes to a unique and ideal
environment. The tongue, with its papillae and grooves, has a large surface area and provide
anaerobic conditions in its crevices, which facilitate the growth of bacteria like Fusobacterium
and Porphyromonas®. Teeth and gingival sulcus, which have hard and rigid surfaces, accumulate
biofilm, creating an ideal habitat for the growth of bacteria like Streptococcus and Actinomyces.
Saliva, which is also the part of oral cavity has abundant bacteria - Streptococcus and Neisseria.
In addition to this the oral cavity is exposure to food, drinks, air which introduces a continuous
flow of new microorganisms, thereby increasing the diversity of the oral microbiome. The varied
pH levels, oxygen availability, and nutrient sources in these sub-sites below the mouth support
the growth of distinct and diverse microbial communities. The extensive different environment
in mouth has a significant impact on the microbial diversity in oral microbiome®.



CHAPTER 2

BACKGROUND AND OBJECTIVES:
2.1 Literature:

The very first study explaining about oral microbiome was published by Dal Bello et al,
2006, where they have explained briefly about Lactobacilli bacteria, which is prominent
in gut microbiome. They were first to observe that oral cavity also contains a large
abundance of Lactobacilli®.

After this, many studies explored the Lactobacilli in oral cavity and one such study was
published in year 2008, which explains the use of different strains of Lactobacilli species,
collected from saliva and gingival sub-sites, as a probiotic to treat gastrointestinal
disorders. Till certain limits the effect of Lactobacilli was observed and thus it was
concluded that Lactobacilli in the oral cavity can be used as a probiotic for the treatment
of diseases®.

These studies became the basis of initiation of Human Oral Microbiome Database, an
initiative of National Institute of Dental and Craniofacial Research (NIH). This database
contains minor 16s datasets while most of it is consisted of genomes of oral species
extracted from the oral cavity’.

Further this database was utilized by many authors to get meaningful insights from the
association of oral microbiome with oral diseases like Oral biofilms®, Periodontitis®,
Dental caries!® etc. Not only oral diseases but also systemic diseases like Type-1-
diabetes®!, Polycystic ovary syndrome'?, etc. Along with these, some authors have also
highlighted the studies showing the effects of exposures like tobacco'®**, smoking®*®,
alcohol** consumption etc. on the oral microbiome.

However, many of these studies are on the small scale and there are many questions like
we do not know if the alteration of Oral Microbiome is a cause or effect; how stable are
these alterations in oral cavity; can these alterations be diagnosed and be used further for
therapeutic purpose. For this purpose, we need to find what is the composition of oral
microbiome; what are the alterations associated with; What are the signatures associated
with different disease across multiple cohorts?

However, till now there is no any oral microbiome dataset repository containing sequence

data along with metadata from different regions and for different diseases. And thus,
establishment of it is the need for analysis said above. Thus, this study was meant to
investigate above questions along with the establishment of a large data repository and to
do so, we focused on the following objectives.
2.2 Objectives

A. Creating a large Oral Microbiome Repository from Publicly Available Data

B. Investigating Oral Microbiome Alterations in Different Diseases

C. Finding Association of Host Features with Alterations in Oral Microbiome

D. To ldentify Shared Diseases-Associated Signatures in Oral Microbiome



CHAPTER 3

MATERIAL AND METHODOLOGY:

3.1. Creating a Data Repository:

Any Metagenomic analysis needs two basic things: Sequence data and Metadata.
Sequence data is the samples that are taken from the patients and sequence and Metadata
if the information of the patients with respect to age, gender, disease status, country,
disease, diet etc.

Collection of Sequence data: Literature was collected using two different methods, the
very first method was using the key word search on European Nucleotide Archive
database and then literature search from the accession number. The second was using
string search on PubMed database of National Institutes of Health!®. Based on our use
this literature was further filtered as shown in the Figure 3.1.

Collection of Metadata: Metadata was collected directly from the research papers and
those whose metadata was not available were search on SRA Run Selector, a part of
National Center for Biotechnology Information, National Institutes of Health. After
collecting all the metadata, it was manually curated and was homogenized with respect to
features of the patients.
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Figure 3.1: Data collection and Repository creation workflow

All the data collected was stored in the repository, irrespective of which type of data it is.
Study names wise separation was done between the samples to know all the studies have
their own disease and control matched samples.



3.2. Downloading and Pre-processing the Data:

Only sequence data from the filtered literatures was downloaded. Further based on the
sequence strategy used (Amplicon or Shotgun), these sequence files were taken for
phylogenetic classification. For Amplicon based sequences SPINGO tool'” was used
while for Shotgun sequenced data MetaPhlAn version 4 tool*® was used.

The output of this tools were the species names with their abundance for each sample.
The species abundance for each sample was stored in the form of table where columns
define the species names and rows define sample names. This phylogenetic classification
was done study cohort wise and was further proceeded to statistical analysis as shown in
Figure 3.1

3.3.Statistical Analysis using R:

The species abundance for every study cohort generated after the phylogenetic
classification was imported in R for statistical analysis. Every statistical analysis was
done separately for every study cohort.

3.3.1. Extent of Disease Specific Variations:

In every microbiome study it is needed to know if the disease samples and control
samples are distinguishable, which will let us know at what extent the samples are
separated before going for the species level difference. To know this, we started
with the PERMANOVA analysis which is non-parametric and multivariate
statistical test’. The work flow of the PERMANOVA analysis is given in the
Figure. 3.3.1. The row abundance was first row-sum normalized and then
converted to distance matrix. The distances were Euclidean distances.
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Figure 3.3.1: Workflow of PERMANOVA analysis

This distance matrix along with the metadata column stating disease status was
given as a input in adonis2 function from vegan package for PERMANOVA. The
output was P-value and R-value, where P value shows the significance in the
separation of disease samples from the control one, while R-value shows the
strength of separation.

3.3.2. Interaction of Host Demographics with Disease Status:

After PERMANOVA test, we were unknown about the features that control the
separation of samples. In most of the studies disease status itself controls the



5

separation but there might be some other features that might control this
separation. In order to know which features are associated with the separation of
control and disease samples, we did ENV-FIT analysis. ENV-FIT analysis is the
function that fits the environmental factors or vectors on the ordination plane and
see the overlaps. It uses linear regression for this task. The R package vegan is
used to do this using the function envfit?°.

Microbiomes
>

«+— Taxa —» Microbiomes
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D —

ENV-FIT

Goodness-of-fit P-value

Distance

matrix
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Microbiomes
=
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Normalized
Abundances

Euclidean o
Distance Matrix Principal Coordinate Analysis

Figure 3.3.2: Workflow of ENV-FIT analysis

Where we used the normalized abundance to create a distance matrix and then
dimensionally reduced this distance matrix to PCoA. The 2 components of this
PCoA were further given as a input to ENV-FIT along with the environment
variable which is age category and disease status in our case. See Figure 3.3.2

3.3.3. Confounding Factors in Disease Status:

Once the ENV-FIT analysis was done, some of the study cohorts shown the age
category has an effect on the separation of the two groups. So, in order to confirm
that this age category is independently interacting with the separation or acting as
a confounding factor to disease status we did Multiple Linear Regression!®21-24
where we took principle components as a dependent factor, disease status as a
independent factor and age category as a confounding factor. See Figure 3.3.3
which shows the workflow from normalized data to the input and then to the
results of Multiple Linear Regression. If the P-value is significant for a study
cohort, then the age category is acting as a confounder else only disease status is
showing itself the separation.
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Figure 3.3.3: Workflow of the Multiple Linear Regression analysis




3.3.4.Disease and Health Associated Shared Signatures:

After finding the factors affecting the disease and control samples separation, we
moved to see which species are associated with different diseases in every study
and for this we used Wilcox test which is non-parametric and single variate
statistical test. Wilcox test takes one species at a time to see the significant
abundance difference of this species in two groups — disease and control. So this
Wilcox test was run for every study cohort separately?® as shown in Figure 3.3.4.

<+«—— StudyA —
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= =
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Abundances Abundances

Disease  Control
group group

Figure 3.3.4: Workflow of the Wilcox Test and Directionality

Wilcox test yields P-value, estimate, etc. Along with this we calculate the
difference of mean abundance of disease and control samples for every species.
Based on P-value and mean we calculate the directionality of the species as
positive or negative towards disease.



CHAPTER 4

RESULTS:

We collected total 17,031 samples from 48 study cohorts belonging to 24 different countries
comprising of 29 diseases. Every analysis was done study wise. The result of each of them are as
below:

4.1. Graphical Representation of Data Repository:

The data collected has been represented in Figure 3.2. Data collected is from total 24
countries where the largest collection is from the United States, covering about 29
different diseases. Of total 17,031 samples, only 706 samples belong to shotgun
sequencing, while remaining 16,325 samples belong to amplicon sequencing which is
also called as 16s sequencing. Control cohort samples were the most, accounting to
12,707 and diseased samples were only 4,324.
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Figure 4.1: Data Representation of Collected Data

4.2. Graphical Representation from Statistical Analysis:

All the statistical results for each study cohort were analysed in R and their graphical
representation are as below.

4.2.1. Extent of Disease Specific Variations using PERMANOVA:

Around 71% of studies (Pink colour) showing significant difference between Disease
and Control Microbiomes of which number of studies with Periodontitis disease
(85%) and Dental Caries (80%) are showing most significance. See Figure 4.2.1 The
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y-axis of the plot is showing the strength of significance while x-axis are the study
names and disease combination. This shows that disease samples and control samples
are having difference at their abundance as well as ranking order of the species.

Ed

significance
o
E F I non-signiticant
g . significant
&

n_Syndrome - |-
[ |

tz_2021_T10 [
|

WWWWW 2 o o
E B Z = I
g g z = A
v-es S o il
S0 3 o o
| = 2 s 88
R £ NN
EREE £ & 2y g
38 5 A =T S z 8
ERC- N8BS 188 8S 2SR 2SN g &
'8 | S 8 8 25
£ o E & & & @ g o
0w o = € o ~ %) x
AT EEE: Sigs TyssEEESseEiie =g
J 6558 g8 © 0 g8 scddsg §E2 2323 2
ES S E9T gggagg TNTI s S SN L EE T2gE2Y E
8 20 8 3 3 H 3 o o & o 2 x z 2@ s 5 s EQ = <
| S WS @ @ s g « § O o - a £ 8 10
o Rwmg & 2 S T 3o S E N S §Z o9
b Jo o¢ B S s £g gtrl“%;:‘ 2 o5
& 3R/ g T 3 & $ET & 2
o o0 c 2 @ ol 22 i
g 5 - 2 B @ E g
8 g v g H 5 £
5 2 5
2 3 2
a 3

study_disease_combination

Figure 4.2.1: Study-wise PERMANOVA showing significance in around 71% studies

4.2.2. Interaction of Host Demographics with Disease Status using ENV-FIT:
We have used study condition and age category as two different environment

variables separately.

See Figure 4.2.2a which shows the study names on the x-axis and y-axis is the R-
value which shows the strength of significance. Here only 53% of studies (pink
color) are showing significance which has reduces as compared to PERMANOVA
analysis. Which gives a clue that any host feature has interaction with the
microbiome separation. Percent of studies of Dental Caries showing significance also
decreased to 20% but there was no any change in the percentage of studies showing
significance for Periodontitis disease.
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Figure 4.2.2a: Study-wise ENV-FIT using study condition as environment variable

When we used age category as an environmental variable for ENV-FIT analysis,
around 18% of the studies shown significant interaction, see Figure 4.2.2b. Which



9

gives us a clue that age category is having interaction with the microbiome
separation. Percent number of studies of Periodontitis disease and Dental Caries
showing age category as a confounding factor were 38% and 20% respectively.
Despite of no any change in the percent of studies showing significance in
PERMANOVA and ENV-FIT for study condition for disease Periodontitis, still age
category is showing significance for ENV-FIT in some studies.
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Figure 4.2.2b: Study-wise ENV-FIT using age category as environment variable

The decrease in the percentage of significant studies when study condition was used
as an environmental variable is associated with the significance interaction of age
category as shown above. Previously some of the studies on gut microbiome has
shown the confounding factor associated with the study condition®?22%, To know
these, we did Multiple Linear Regression Model whose results are as below.

4.2.3. Confounding Factors in Disease Status using Multiple Regression:

To verify that age category as confounding factor, Multiple Linear Regression was
carried for each study and 24% of studies shown significant interaction with age
category as a confounder. See figure 4.2.3 which shows studies of Periodontitis and
Dental caries are confounded by the age category which shows similar results as in
ENV-FIT for age category as an environmental variable.
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4.2.4. Disease Associated Shared Signatures using Wilcox Test:

To find the species associated with different disease we first used Wilcox and then
based on mean abundance we got the directionality of each species in each study
separately. Figure 4.2.4a shows the species associated with Periodontitis in different
study cohorts. All the signatures are not consistent across all the study cohorts. The
directionality shows the association with respect to the disease, if positive (2,3) they
are associated with the disease else negative (-2,-3). Here Chen_2018, Marotz_2022
and Lenartova_2021 has maximum overlaps of signatures.
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Figure 4.2.4a: Associated species with Periodontitis disease
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Figure 4.2.4b: Associated species with Dental Caries disease

As compared to Periodontitis, Dental Caries has less overlap and consistent
signatures across studies, but there are study specific signatures associated with
disease, see Figure 4.2.4b where Xiao_C 2016 study cohort has less signatures but
every study cohort has their own set of signatures associated with disease.

When comparing these two figures — 4.2.4a and 4.2.4b with 4.2.4c, 4.2.4c has very
less overlapped signatures for disease Oral Lichen Planus and Oral Squamous Cell
Carcinoma Variants, other trends remain the same.

3 -2 0 23

Oral Lichen Planus Direction -

Figure 4.2.4c: Signatures associated
with OLP and OSCC variants
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Other diseases also have same pattern as for above diseases. Taking all these disease
specific signatures together irrespective of studies we get the shared signatures as
shown in the Figure 4.2.4d. Shared signatures are those which are consistent across
multiple diseases, here we have assigned species to disease associated signatures
which are positively associated with at least 5 or more diseases and negatively
associated with maximum of 3 diseases (Right side of the plot with orange color line
in graph). Opposite is for the non-disease associated shared signatures. This figure
shows the separate signatures associated with disease and non-disease and thus can
be used for further analysis.

—@—Negative_count == Positive_count

No. of Studies

Associated With Non-Diseased Associated With Disease

Figure 4.2.4d: Shared signatures associated with disease and non-disease
(health)
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CHAPTER 5

CONCLUSION AND LIMITATIONS:

PERMANOVA (Permutational Multivariate Analysis of Variance) analysis revealed statistically
significant variations in the oral microbiome between disease and control group of individual
samples. Around 71% of the study groups showed these notable differences, suggesting a strong
connection between the presence of disease and changes in the oral microbiome. This indicates
that the microbial composition in the mouth is responsive to different disease conditions,
emphasizing its potential as a biomarker for identifying or tracking the development of diseases.

Although, age category was found to be a confounding factor in certain study cohorts, affecting
the relationship between the oral microbiome and other factors. The initial analysis of this was
carried through ENV-FIT model, a method that evaluates the alignment of environmental factor
in a multidimensional space (PCoA). Subsequently, this finding was validated using multiple
linear regression models. These findings suggest that age can influence the connection between
the oral microbiome and health outcomes. It is important to consider age-related effects when
analyzing microbiome data in order to prevent misleading associations.

Further the study wise disease association analysis shows different signatures associated with
different diseases. The Wilcoxon test and directionality analysis of species associations
demonstrated that the specific bacterial species associated with different diseases differed,
suggesting a lack of consistency in the changes to the microbiome among patients with the same
disease. This variability indicates that while changes in the oral microbiome are connected to
disease states, the specific microbial profiles may vary, highlighting the intricate and diverse
nature of shifts in the microbiome associated with diseases.

The analysis also detected specific bacterial species that were linked to multiple diseases called
as shared signatures, indicating the existence of common microbial patterns across various
diseases. These bacteria have the potential to be widely used as biomarkers or targets for
therapeutic interventions due to their involvement in various diseases. The existence of these
common indicators emphasizes the interdependence of the oral microbiome in different
pathological conditions and emphasizes the possibility of conducting cross-disease microbiome
research to reveal universal disease mechanisms.

Although we were able to show some features associated with the Oral microbiome, but there are
limitations to the research which are stated below:

1. Geographic Bias: Approximately 20% of the study cohorts accounting to 73% of the oral
microbiome data comes from the United States, which may limit the generalizability of
the findings.

2. Low representation of whole genome sequenced samples: Only 5% of the samples from
17,031 samples are whole genome sequenced data accounting to 706 samples which will
limit the detailed analysis
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3. Uneven disease specific studies: As we were able to see the association of species with
only few diseases which is due to uneven distribution of study cohorts across all the
diseases.

4. Limited host features: In the current analysis we were able to see the age category feature
interaction with microbiome but we were not able to see any other feature associated with
microbiome due to limited number of feature available from the patients.
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