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Abstract

This study investigates the link between the oral and gut microbiome, two highly di-
verse microbial communities with established connections to human health. We per-
formed meta- analysis on across those studies containing cross-body-site sample for
oral and gut. We analyzed those paired oral-gut microbiome data from over 1600 in-
dividuals across 12 global cohorts. Our findings reveal a strong correlation between
the composition of these microbiomes. Interestingly, we identified distinct groups of
oral bacteria that appear to selectively influence either beneficial or detrimental mem-
bers of the gut microbiota.In this study, we present the results and investigate the
inter-relatedness, transmission pattern, connecting links and reproducibly predicting
microbes.We identified extent of oral microbial species in the gut environment. These
findings can potentially help to advance the understanding of interaction patterns be-
tween cross-body sites. This study suggests the potential for the oral microbiome to be
utilized as part of targeted interventions aimed at reducing the risk and progression of
gut-related diseases.

Keywords:- oral microbiome, gut microbiome, human microbiota, cross-body-site,
microbiome translocation
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Chapter 1

Introduction

Thousands of different microbiomes colonize at oral and gut environments, both are the
most essential parts of our digestive tract. These active communities and their func-
tional impact affect human health. The comprehensive analysis conducted by Segata
et al.[1] not only reveals the complex microbial ecosystems within the human digestive
tract but also highlights the frequent influence of oral bacteria colonies at different
subsites in the oral and how they are associated with metabolic pathways across the
gastrointestinal tract, illustrating the interconnection between local oral health and
systemic well-being. The oral and gut microbiomes play crucial roles in maintaining
human health, with each microbiome consisting of a complex community of microor-
ganisms that inhabit different parts of the body. A variety of systemic diseases have
been associated with the abundance of oral bacteria throughout the body[2]. Although
various biotic and abiotic factors influence human microbial community composition
3]

Oral-to-gut microbial transmission is common, with saliva serving as a direct trans-
mission vehicle, leading to higher strain-sharing rates in cohabiting individuals com-
pared to non-cohabiting individuals[1]. Extensive cross-body site microbial transmis-
sion is common among healthy individuals, with increased levels in colorectal cancer
and rheumatoid arthritis patients, shaping the gastrointestinal microbiome in health
and disease [0].

Oral microbiota plays a crucial role in the onset and progression of various diseases,
both localized and systemic. Dysbiosis in the oral cavity, characterized by a distur-
bance in the microbial composition, has been linked to conditions such as Alzheimer’s
disease (AD) [0], liver diseases through the oral-liver-gut axis, and even systemic in-
fections like COVID-19 [7]. The human oral microbiome (HOM) is the second-largest
microbial community in the body and can impact health significantly. Dysbiosis in the



oral microbiome can lead to metabolic imbalances, inflammation, and other pathologi-
cal changes that contribute to disease states. Understanding the intricate interactions
within the oral microbial community is essential for developing diagnostic, therapeutic,
and preventive strategies to manage various health conditions associated with oral dys-
biosis. The oral microbiome plays a crucial role in children’s health, with implications
for systemic diseases and developmental outcomes. Children’s oral microbiota, rich in
diverse microorganisms, can serve as an early indicator of systemic health issues and
Understanding the oral microbiome in children is essential for promoting overall health
and well-being.[3].

Direct Transmission

Indirect Influence

Figure 1.1: Two main ways by which the oral bacteria can affect the microbiome of the
gut(oral to gut axis) & oral subsites representation

Further research could involve developing targeted interventions to prevent the
transmission of disease-associated microbes and promote beneficial strains. This com-



prehensive approach will contribute to a deeper understanding of the oral-gut microbial
axis and its implications for health and disease management. The paper delves into mi-
crobial translocation disorders induced by the host immune responses to extraintestinal
gut microbes and their constituent parts, although it does not specifically address the
oral-gut translocation of periodontal pathogens.

The concept of ”cross-body site interactions” refers to the interplay between micro-
biomes located in different parts of the body, such as the mouth and the gut. Recent
research has begun to uncover how these microbial communities influence each other
and contribute to disease states or health conditions through complex inter-site interac-
tions. The gut microbiota influences disease development through various mechanisms,
including immune system modulation, metabolite production, and microbial interac-
tions. Understanding these connections can lead to novel therapeutic strategies target-
ing the gut microbiome to manage and potentially prevent a wide range of diseases.
Thus, based on prior research, we understand the importance of both communities and
their relatedness.

In this study, we present the results and investigate the inter-relatedness, trans-
mission pattern, connecting links and reproducibly predicting microbes in this two
communities.



Chapter 2
MATERIALS AND METHODS

2.1 Data Collection and Preprocessing

To investigate the connections between the microbes in our oral and guts, we first
needed to collect specific microbiome datasets from study cohorts that includes Whole
Genome Sequencing (WGS) or 16S Amplicon Sequencing (16S) data from matched
oral and gut (or fecal) samples taken from the same individuals. We identified 12 such
study cohorts from various global locations. These cohorts provided a comprehensive
collection of 3,864 microbiome samples, including 1,805 stool samples representing the
gut microbiome and 1,825 oral samples representing the oral microbiome. Importantly,
for our analysis, we focused on 1673 samples where both oral and gut samples came
from the same person (matched samples).

Sequenced data and metadata of study cohorts collected from European Nucleotide
Archive by accessing accession numbers. compressed reads location we get in fastq.gz
format performed preprocessing and quality filtering using meta-analysis tool. To en-
sure consistent and reliable analysis across all the datasets in our study, we implemented
a standardized taxonomic annotation approach. This means assigning labels to the dif-
ferent types of microbes present in the samples. We recognized that the data originated
from two different sequencing methods: Whole Genome Shotgun Sequencing (WGS)
and 16S ribosomal RNA gene sequencing (16S).For datasets derived from 16S rRNA
sequencing, we used the SPINGO taxonomic profiler[9]. This approach allowed us
to take advantage of the strengths of each method. SPINGO is particularly effective
at providing high-resolution, species-level assignments from partial 16S sequences, en-
abling us to capture detailed insights into microbial communities. On the other hand,
MetaPhlAn3 is designed for accurate species-level profiling of bacteria, archaea, and
even eukaryotes from whole-genome shotgun sequencing data[l0]. By using SPINGO
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Collection of oral and fecal samples from
the same individual at the same the time
point.

Fecal Sample

Figure 2.1: Schematic Representation of Simultaneous Oral and Gut Sample Collection
at the Same Time Point from the Same set of Individual

for 16S data and MetaPhlAn3 for WGS data, we ensured that each type of sequencing
data was analyzed using the most suitable method. After this step we get species level
abundance profile for all studies separately which further we can use for analysis. We
found a diverse range of oral sub-sites covered in the studies, but some sub-sites had
very few samples. To ensure robustness in our analysis, we decided to focus on five pri-
mary oral sites: saliva, tongue dorsum, buccal swab, supragingival plaque, subgingival
plaque, and stool. This selection provided a more substantial dataset to work with. To
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further refine our dataset, we removed any duplicate samples from the lesser-studied
oral sub-sites, as well as any stool or oral samples that did not have a matching counter
pair. This curation process resulted in a final dataset consisting of 3,346 samples, which
included 1,673 pairs of fecal and oral samples collected from the same individuals. This
approach ensured that our analysis was based on well-matched and high-quality data,

allowing for a more accurate investigation of the microbial communities in the oral and
gut microbiomes. refer figure 2.2

FastQ Files :Downloaded from ENA Normalized Abundance Table
Oral Microbiota Fecal Microbiota

Subject Sp1 Sp2 Sp3 Subject Sp1 Sp2 Sp3

oA 02 005 04 A 05 024 033
5 B 05 024 033 B 0.05 0.1 0.5
%‘ (o] 0.05 0.1 0.15 D 05 024 0.33
" p 0.5 0.24 0.33 E 02 0.05 0.1
, \ |
16S WGS
‘ ‘ Data selected as matched oral and gut (or fecal)
> samples from the same set of individuals.
Spingo MetaPhlAn3 P
[ Taxonomic Profiling ] Subject S0 S,° s:° SF SF S
Microbiota

Subject Sp1 Sp2 Sp3 Sp4 Sps5

O Sub, 02 0.05 041 0.15 0.27 a A 0.5 0.24 0.33 0.05 01 0.15
S Sub 06 05 0.24 033 021 =
é, i 8 B 0.05 0.1 0.15 0.5 0.24 0.33
5 - - - - - - =

=
0 Sub, 07 0.8 022 008 06 ®w D 0.5 0.24 0.33 0.2 0.05 0.1

Figure 2.2: Data Preprocessing Pipeline for Matched Oral and Gut Samples
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Sr.  Study Name Accession Total Matched Study condition Diseased Country Body site Sequence
no Number Samples (Si:m:iltre)s Control Diseased Type Type
P Samples Samples
1 BritolL_2016 PRJNA217052 312 140 280 0 - FJI Saliva WGS
2 FerrettiP_2018 PRJNA352475 215 54 108 0 - ITA Tongue dorsum WGS
Buccal Swab,
Tongue
3 HMP_2012 749 352 489 0 - USA dorsum, WGS
Supragingival
plaque
4 NagataN_2022 PRJNA832909 560 276 470 86 PDAC JPN Saliva WGS/16s
5 Russo_2018 PRJNA356414 50 20 40 0 - Italy Saliva 16s
Saliva,
6  Stewart 2018 PRJNA413706 90 60 90 0 - USA 16s
= Buccal Swab
. PRJNA438728 " .
7  Chaudhari_2020 PRJINA399246 100 37 74 0 - India Saliva 16s
8 Lindheim_2016 PRJNA326866 86 43 86 0 - Austria, Europe Saliva 16s
9 Pool_2019 PRJEB27308 527 206 412 0 - USA Saliva 16s
10 LokmerA_2020 PRJEB30836 250 105 212 0 = Africa Saliva 16s
11 KunathB_2022 PRJINA289586 218 70 0 140 T1DM Europe Saliva WGS
12 Shoer 2023 ARSI 706 310 620 0 B Israel ;‘;Z%'gg“’a' WGS

2.2 Methods

Figure 2.3: Detailed overview of Dataset Used in Analysis

2.2.1 Investigating the overall cross-body-site relatedness be-
tween the oral and fecal (gut) microbial communities
within the same individuals across the different studies

We divided this objective into two parts, first was to profile the cross-community vari-
ations across the different individuals, within the same body sites (i.e. either oral
or gut/fecal).To perform this, we used Principal Coordinate Analysis (PCoA)[l1], a
method that helps to convert higher dimension data into 2-Dimensional or 3-Dimensional
to reduces the complexity of data by focusing on the most important feature. PCoA
uses information about how different microbiome communities compare to each other
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(beta-diversity) to create new variables called Principal Coordinates (PCs), which cap-
ture the most significant differences between communities. Beta diversity indicates the
how divers are the two communities. We started by creating distance matrices for each
body site and study cohort, showing how different the microbial communities are from
each other using the Kendall distance.

Repeat for all studies

A Study 1: B +———— StudyX
udy 1:- : : .
y Microbiota +«—— Species- eveYAbundance —_—
A Sub, I
= A
© Sub
2 g B
= == Q
A = C
Sub, >
o — w D
Exploration of the clustering, l E
segregation and variation of bacterial | 1 - — [ E— 1
cotmntes Capturing Community Variations across subjects
4k <k w 010
) e ®
i kil 0 c o0s O ®c A
> 0.05 E® ®
= 2 0.00 .A ® 0.0 ®
< > B B
o o -0.05 -0.05
£
>~ c -0.10 -0.10
L5 s e
o -0.2 -0.1 0.0 0.1 0.2 -0.1 0.0 0.1 0.2
8 X X
| \' J
Fig.1

Inter-relate using Procrustes
R: Extent of relatedness
P-value: Statistical significance of the relatedness

Visualize the overall abundance and
distribution across different body sites
within each study cohorts

Figure 2.4: Methodology for Profiling Cross-Community Variations Across Different
Individuals Within the Same Body Sites (Oral or Gut/Fecal) (A) and Correspondence
Between Oral and Gut Microbiome Compositions Within the Same Individual Across
Different Studies Using Procrustes Analysis (B)

We then applied PCoA to these distance matrices using the dudi.pco function from
the vegan R package (version 2.6.4), which computes the PCs. These PCs provide a
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simplified representation of the microbial communities, highlighting the main differences
between them. We visualized the most informative PCs in two-dimensional or three-
dimensional plots, making it easier to see how different microbial communities cluster
together, separate from each other, and vary. This visualization allowed us to explore
patterns such as similarities, differences, and groupings of bacterial communities. We
performed separate PCoAs for each study cohort to visualize the overall abundance
and distribution of microbial communities within each body site, examining the oral
microbiome separately from the gut microbiome for each study group. PCoA helped us
turn complex microbiome data into clear visual representations, enabling us to identify
patterns and differences in bacterial communities across individuals for each study
cohorts.

The next step aimed to see if variations in the microbial communities between the
oral and gut were related and how variations in microbial communities in one body
site (oral) relate to variations in another body site (fecal/gut).If the composition of the
microbial community in the oral cavity influences that in the gut, then the variations
in these communities should be correlated. For instance, if two individuals have similar
oral microbial communities (similar oral Principal Coordinates, or PCs), they are likely
to have similar gut microbial communities (similar gut PCs), and vice versa. To assess
this relationship, we used Procrustes analysis, which compares the similarity of two sets
of data by aligning them to minimize differences[!2]. Procrustes analysis allowed us to
determine how well the microbial community structures from the oral and gut sites
matched. We used the procuste.randtest function from the ade4 R package (version
1.7.22) for this purpose. This function takes the PCs of the oral and gut microbiomes
as input and assesses the significance of their alignment. Specifically, we compared the
bacterial community structures between the oral and gut microbiomes across the 12
studies. We performed these analyses separately for each body site and for each study
to ensure a comprehensive assessment. We started by measuring the inter-community
variations within the oral and gut microbiomes using three different distance measures:
Kendall, Bray, and Aitchison. Additionally, we calculated a correlation matrix using
the Spearman correlation coefficient to evaluate the relationship between the abundance
data and the PCs. This analysis was performed separately for each study and each
body site within those studies. In simpler terms, we used Procrustes analysis to see how
similar the microbial communities in the oral are to those in the gut. By comparing these
communities across different studies, we could understand how variations in one body
site might influence the other. Here we aimed to uncover any significant correlations
between the microbial communities of the oral cavity and the gut, providing insights
into how these communities might influence each other across different individuals.

Schematic of this process is given in [Figure 2.4]
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2.2.2 Identification of oral and fecal microbiome modules us-
ing meta-network analysis

To identify the modules we performed the meta-network analysis, it based on Random
Effects Model (REM) plays a crucial role in analyzing the co-abundance relationships
between microbial species across multiple studies. To analyze the relationships between
the oral and gut microbiomes, we examined data from 12 different studies. Our goal was
to identify consistent patterns of co-abundance between microbial species within the
oral microbiome, within the gut microbiome, and between the oral and gut microbiomes.
first, we combined the species-level abundance data from the fecal samples and each
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S
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members of the gut
microbiota.

Figure 2.5: Representation of meta-network analysis for identification of oral and fecal
microbiome modules.

oral subsite for every study. We labeled the species to distinguish between oral and gut
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origins. We then created a merged dataset for each oral subsite, including all relevant
studies. To differentiate between oral and gut microbes in the combine dataset we adds
the separator '__O’ for oral and '__F’ for gut) to each species. From this combined
dataset, we selected species that were present in at least 10% of samples in at least two
studies for to use highly detected taxa for networking. These selected species were used
for further analysis. Using this combine dataset of detected species on given criteria for
that particular body site combination of oral to gut we employed a statistical technique
called the Random Effects Model (REM) to perform a meta-analysis on the abundance
data of any two species across the 12 studies. The Random Effects Model (REM)
is a statistical approach used in meta-analysis to combine and analyze results from
multiple studies. It is particularly useful when there is variability among the studies,
which is common in biological and clinical research. REM accounts for both within-
study variation and between-study variation. This allowed us to analyze relationships
between species pairs within the oral microbiome, within the gut microbiome, and
between the oral and gut microbiomes.

The results of this analysis included p-values, FDR-adjusted p-values (q-values),
estimated relationship strengths, consistency across studies, and the direction of the re-
lationships. For each significant co-abundance relationship, we obtained details explains
the strength of the association (p-value), its reliability across studies (consistency) of
observed relationships across different studies. A consistency threshold of >= 0.70 is
applied. This means that for a relationship to be considered for further analysis, it must
be observed in at least 70% of the studied cohorts, The directionality suggest direction
of the effect (positive or negative). Here, g-value tells that any relationship with an
adjusted p-value (q-value) less than or equal to 0.01 is considered statistically signifi-
cant. The consistency matrix contains values representing the consistency of observed
relationships across different studies. Each cell in this matrix represents the proportion
of studies in which the relationship between a pair of species was observed.

Schematic of this process is given in [Figure 2.5]

Using the directionality values from the REM analysis, based on directionality we
focused on the positively directed relationships and identified modules within the net-
work. To do this, we applied the Walktrap algorithm, which uses random walks to
find groups of nodes (species) that are closely connected to each other. The igraph
package in R was used to perform this analysis. Once the modules were identified,
we visualized the detailed network using Cytoscape software. Cytoscape is a platform
that allows for the creation and visualization of complex networks. We provided the
modules data to Cytoscape to observe clear groupings and connections between the
oral and gut microbiomes. We performed these steps for different oral subsites, such as
saliva, tongue dorsum & buccal swab, in relation to fecal microbiome abundance. This
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approach allowed us to identify consistent and significant co-abundance relationships
between microbial species in various parts of the oral and gut microbiomes.

2.2.3 Quantitatively assessing the extent of gut microbiome
variations explained by different oral microbiome species

Study X >
<—— Normalized Species Abundance —
«— Faecal — «— OQral —
F1 F2 F3 F4 O1 02 03 04
t A
72}
% c .
sc s
3D 5
{ E w9
n n 55
Capturing Community Select Specific ISR
Variations across subjects Oral Species X g =
g 0.10 ° 2
—_ o Q
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X
Community Variations inter-relate using Envfit
R: Extent of relatedness
P-value: Statistical significance of the relatedness

Figure 2.6: Schematic representation of assessing the extent of gut microbiome varia-
tions explained by different oral microbiome species using Envfit method

From this investigation we tried to find which specific species in the oral microbiome
influenced the gut microbiome composition across different studies. We compare how
different oral microbes appear in the gut across various diseases, different individuals,
and their lifestyle habits. We look at what features of the gut microbiome might help
these oral microbes move and survive in the gut. To explore this translocation of mi-
crobiomes we performed the meta-analysis technique known as Envfit it is regression
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analysis. Envfit is a function of vegan package in R which helps to check community
variation. This function fits environmental variables to ordination scores, helping us
see which species are associated with which variables. We carried out this investiga-
tion on species level abundance profile. We reduce the dimension of fecal microbiome
abundance using the PCoA (dimensionality reduction technique). The analysis involved
performing PCoA with the dudi.pco function from the vegan package performed on dis-
tance matrix formed using Kendall tau correlation coefficient using the cor.fk function,
Envfit then assessed whether the presence of specific oral microbial species, represented
by the oral microbiome data, could statistically explain the variations observed in the
gut microbiome composition based on oral. This approach allowed us to identify sig-
nificant correlations between the presence of particular oral microbes and the overall
composition of the gut microbiome across different studies. To analyze the relationships
between the oral microbiome composition and environmental variables, we fitted the
fecal PCoA ordination results with each species in oral microbiome abundance data
using the envfit function. Repeat steps for each 12 studies for each bodysites.

This analysis gives correlation values, p-values, and other statistical outputs for each
environmental variable(in our case oral species), where higher correlation values and
lower p-values indicated stronger associations. It shows the strength and significance
of these associations. We analyze using this, One group of communities varies due
to any environmental factor that is influencing this community vise variation, how
strongly that influence is, and whether that influence is significant or not. This analysis
helped us gain insight into how environmental factors impact community variation in
the gut microbiome, the strength of that impact, and whether it is significant. This
investigation was performed on a each oral-species and each study level.

A subset of the oral and fecal microbial taxa were selected for further analysis based
on their prevalence across the studies. This selection process ensured that only taxa
consistently detected were included. Specifically, a threshold of being present in at least
10% of samples across at least two studies was employed. We initially selected 510 oral
microbial taxa that were detected in at least 10 percent of samples across a minimum of
two studies out of nine studies of saliva, and 524 fecal microbial taxa that were detected
in at least 10 percent of samples across at least two studies from the same nine studies
on saliva. Additionally, we selected 102 oral microbial taxa detected in at least 10
percent of samples across a minimum of two studies out of two studies on buccal swab,
and similarly 96 fecal microbial taxa detected in at least 10 percent of samples across at
least two studies from the same two studies of buccal swab. Furthermore, we selected
103 oral microbial taxa detected in at least 10 percent of samples across a minimum of
two studies out of two studies on tongue dorsum, and 108 fecal microbial taxa detected
in at least 10 percent of samples across at least two studies from the same two studies
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on the tongue dorsum. And identified the oral species influence is significant or not on
other community variation using this investigation. The schematic of this process is
given in [Figure 2.6]

2.2.4 Identifying oral influencers of the gut microbiome com-
munity and vice-versa across different studies and iden-
tifying clusters of oral co-influencing the gut microbiome
in specific studies (and the same for gut microbial taxa)

Species abundance profile Random Forest

+——faecak— <« Oral — Response  Predictors Identified those fecal species
t | [ ] [ ] t [ ] [ which we able to predict
0 » .
g A 2 A reproducibly

[0}

=B =B
Uj) c 55) Cc Computed 00B correlation
4D 1D using spearman distance

Figure 2.7: Representation of Identifying oral influencers using machine learning ap-
proach Random forest method

Machine learning technologies have been applied explicitly to microbiome studies
from several years. In our study, we utilized Random Forest, a well-known bagging
technique & its algorithm is the aggregation of the Decision trees. Random forest
effectively helps to capture complex feature patterns in two different groups, which is
why this method is used majorly for microbiome data analysis. This method is widely
employed in microbiome data analysis due to its ability to discern complex patterns
between distinct groups. Our research focused on leveraging Random Forest to identify
fecal bacteria reproducibly predicted based on oral microbiome composition.

The research was executed in three stages, focusing on five distinct body sites across
twelve different studies. In the first stage, we utilized the randomForest library in R
to predict the composition of fecal bacteria based on the microbiota found in the oral
cavity. This involved using the abundance of various oral bacterial species as predictors
to estimate the bacterial composition of fecal samples. The randomForest algorithm
provided us with out-of-box correlation values, which measure the accuracy of our pre-
dictions(significance). Additionally, we obtained feature importance scores, indicating
which oral bacterial species were most influential in predicting the composition of fecal
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microbiota. This approach allowed us to understand the predictive relationship be-
tween oral and gut microbiomes and identify key oral bacteria that could influence gut
bacterial composition.|[Figure: 2.7]

In the second stage, we focused on predicting the only fecal specific taxa based
on oral and oral species present in gut environment composition. However, this time,
we repeated the prediction process using only those species that were specific to the
fecal environment as the response variables. This allowed us to determine how well
the oral microbiota could predict the presence and abundance of specific fecal bacteria,
thus further elucidating the connections between the oral and gut microbiomes. By
isolating fecal-specific species in our analysis, we aimed to refine our understanding of
the interplay between these two microbial communities and identify potential markers
of microbiome health that are consistent across different body sites.

In last stage we perform the feature selection, for this we use the feature importance
score get in previous stages then rank the each response (fecal species) in between
0 to 1 across all the features. then we just use only those features whose ranked
feature importance score is greater than 70% for that particular fecal species. Based on
selected feature we predicted again to get more accurate prediction in two ways leave
one out cross validation across all studies in that bodysite and out of box prediction
within that specific study. This comprehensive approach allowed us to investigate the
reproducible prediction of fecal bacteria based on oral microbiome composition across
multiple studies and body sites. Using Random Forest provided robust insights into
feature importance and predictive correlation, facilitating a deeper understanding of
the intricate relationships between oral and fecal microbiomes.
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Chapter 3
RESULTS

3.1 Results of profiling overall cross-body-site re-
latedness between the oral and fecal

3.1.1 Results of profiling the cross —community variations across

the different individuals, within the same body sites us-
ing PCoA

In this study, we aimed to profile the cross-community variations across different indi-
viduals within the same body sites (oral or gut/fecal) using Principal Coordinate Anal-
ysis (PCoA). By converting higher-dimensional microbiome data into two-dimensional
representations, we were able to simplify the complexity and focus on the most sig-
nificant features. This section presents the results of our PCoA analysis, highlighting
the discrete separation observed between the oral and gut microbiomes across different
studies.

The results provide valuable insights into the complex relationships between oral
and gut microbiomes. The PCoA plots consistently show that oral samples cluster
tightly together, indicating consistent oral microbiome profiles among the individuals
in each study. In contrast, the stool samples are positioned distinctly from the oral
samples, reflecting the unique microbial environment of the gut. This clear segregation
underscores the distinct microbial ecosystems present in the oral and gut environments.

The consistent patterns observed across all studies reinforce the robustness of our
findings, demonstrating distinct microbial profiles for the oral and gut environments.
Specific results for each study cohort, showing the cross-community variations, can be
referred to Fig. 3.1 and Fig. 3.2 Additionally, an overall PCoA plot using Kendall
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distance matrices, which shows discrete separation between oral and gut samples, can
be referred to in Fig. 3.3

3.1.2 Correlation results of Inter-Individual Variations Between
Oral and Gut Microbiomes

Our analysis revealed significant correlations between the microbial communities in
the oral cavity and the gut, as evidenced by the Kendall distance metric. We observed
significant results (p j 0.05) across multiple studies 3.4, with p-values ranging from 0.001
to 0.205. Out of the 12 studies analyzed, 10 showed significant correlations, indicating
a strong and consistent association between the microbial compositions at these two
body sites.

Beta diversity, assessed using Bray-Curtis dissimilarity values, showed considerable
variation across the studies, ranging from 0.001 to 0.947. This wide range highlights
the substantial differences in community composition between the studies, reflecting
the diverse factors that influence microbial communities at the oral and gut sites. A
similar pattern was observed using Aitchison distance, further reinforcing the variability
in microbial community composition across different studies 3.5.

The significant correlations observed through Kendall distance analysis suggest that
variations in the microbial communities at one body site (oral) are likely to be mirrored
at the other site (fecal/gut). Specifically, individuals with similar oral microbial com-
munities, as indicated by similar oral Principal Coordinates (PCs), are likely to have
similar gut microbial communities, reflected by similar gut PCs, and vice versa.

By incorporating both oral and gut microbiome data from the same individuals and
applying diverse distance measures, we gained a more comprehensive understanding
of the potential inter-site relationships. These correlations suggest that the microbial
community composition in one body site can be correlated with the composition in
another, providing valuable insights into the interconnected nature of microbial ecosys-
tems within the human body.

3.2 Results of meta-network analysis showing oral

and fecal microbiome modules
Our meta-network analysis, based on the Random Effects Model (REM), revealed sig-
nificant co-abundance relationships between microbial species within and between the

oral and gut microbiomes across different studies. By integrating species-level abun-
dance data from fecal samples and various oral subsites, we identified consistent patterns
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Figure 3.1: Principal Coordinate analysis Results for each study cohort showing the

cross-community variations
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Figure 3.2: Principal Coordinate analysis Results for each study cohort showing the
cross-community variations

of co-abundance, indicating potential inter-site interactions. The results observed the
clearcut grouping and connecting link between oral and fecal microbiomes.
In the saliva-fecal microbiome network, we identified four distinct oral modules that
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Figure 3.3: Principal Coordinate analysis plot using Kendall distance among all mi-
crobes at species level for all the sample in this investigation showing discrete sepera-
tion between oral and gut.

were interconnected with both beneficial and detrimental fecal bacteria. Salivary mod-
ules were divided into distinct hubs based on interaction patterns identified using the
Walk-trap approach. This division revealed that certain oral microbes are associated
with beneficial fecal microbes, while others are linked with potentially harmful fecal
microbes. This indicates that the composition of the oral microbiome has the potential
to modulate the gut microbiome, suggesting a bidirectional influence between these two
sites.3.6 The buccal swab-fecal microbiome network revealed eight distinct oral mod-
ules. Similar to the saliva network, these modules showed connections to both beneficial
and detrimental fecal bacteria. This pattern underscores the significant role of the oral
microbiome in influencing gut microbiome composition and highlights specific oral mi-
crobial groups that may be key modulators of gut health.3.7 In the tongue dorsum-fecal
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Figure 3.4: Significant results observed for each study using Kendall distance where
p < 0.05 (across studies p-value ranges from 0.001 to 0.205) where 10 studies show
significant results out of 12.

microbiome network, we identified five distinct oral modules. These modules, like those
identified in the saliva and buccal swab networks, demonstrated connections to both
beneficial and detrimental fecal bacteria. The consistent pattern observed across differ-
ent oral subsites suggests a generalized mechanism through which the oral microbiome
can affect gut microbiome composition.3.8 Overall, our meta-network analysis uncov-
ered significant and consistent co-abundance relationships between the oral and gut
microbiomes. The distinct modules identified within the oral microbiomes and their
connections to beneficial and detrimental fecal bacteria highlight the potential of the
oral microbiome to modulate gut microbiome composition. These findings provide valu-
able insights into the interconnected nature of microbial ecosystems within the human
body and underscore the importance of considering oral-gut microbiome interactions in
future research and therapeutic strategies.

27



Body_site [vs P value R value
Study name stool] Bray Kendall Aitchison Bray Kendall Aitchison
BritolL_2016 Saliva 0.493 0.013 0.043 0.274 0.325 0.319
FerrettiP_2018 Tongue dorsum 0.001 0.001 0.001 0.562 0.634 0.621
Buccal swab 0.149 0.002 0.083 0.331 0.394 0.367
Tongue dorsum 0.084 0.001 0.001 0.302 0.411 0.375
Supragingival
HMP_2012 plaque 0.136 0.004 0.013 0.321 0.369 0.362
NagataN 2022 Saliva 0.008 0.001 0.001 0.224 0.285 0.254
Russo_2018 Saliva 0.152 0.001 0.111 0.765 0.989 0.930
Buccal swab 0.239 0.018 0.132 0.618 0.779 0.746
Stewart 2018 Saliva 0.134 0.075 0.346 0.601 0.770 0.737
Chaudhari_2020 Saliva 0.001 0.009 0.293 0.601 0.700 0.644
Lindheim_2016 Saliva 0.235 0.001 0.21 0.516 0.669 0.616
Pool 2019 Saliva 0.001 0.001 0.001 0.433 0.600 0.560
lokmerA_ 2020 Saliva 0.501 0.001 0.001 0.304 0.403 0.409
KunathB_2022 Saliva 0.001 0.001 0.001 0.527 0.725 0.597
Shoer_2023  |Subgingival plaque 0.947 0.205 0.035 0.168 0.204 0.215

Figure 3.5: Procrustes results using three distance measures, i.e., Kendall distance,
Bray-Curtis distance, and Aitchison distance.

3.3 Identified result of significant oral microbial species
influencing gut microbiome variation.

Our analysis identified significant correlations between specific oral microbial species
and variations in gut microbiome composition across multiple studies, highlighting the
potential translocation and influence of oral microbes on the gut microbiome.

As shown in Figure 3.9, the bar plot illustrates the number of studies in which
each oral species demonstrated significant results in the Envfit analysis. The top three
species—Mycoplasma salivarium, Kingella denitrificans, and Atopobium rimae—showed
significant associations with gut microbiome variations in more than 50% of the studies
analyzed, along with several other species.
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Figure 3.6: Visualization of modules between saliva and fecal bodysite microbiome
composition, formed using meta-network analysis based on random effects model and
plotted using Cytoscape tool.We can see four distinct oral modules that were intercon-
nected with both beneficial and detrimental fecal bacteria.

These findings suggest that certain oral microbes consistently influence gut micro-
biome composition, despite differences in disease states, individual characteristics, and
lifestyle factors across the studies. The presence and significance of these oral microbes
in the gut indicate potential pathways for microbial translocation and colonization that
might be influenced by environmental or host-specific factors.

The high significance levels observed for these top oral species across multiple stud-
ies underscore the robustness of their impact on the gut microbiome. This consistency
provides strong evidence for the role of specific oral microbes in shaping gut microbial
communities, which could have important implications for understanding the intercon-
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Figure 3.7: Visualization of modules between Buccal swab and fecal bodysite micro-
biome composition, formed using meta-network analysis based on random effects model
and plotted using Cytoscape tool. We can see five distinct oral modules that were inter-
connected with both beneficial and detrimental fecal bacteria

nected nature of the oral and gut microbiomes. However, these results need further
validation with larger sample sizes to ensure their reliability and to cross-check the
findings.

Our results highlight the importance of considering oral microbial species when
studying gut microbiome variations. This approach can provide valuable insights into
the mechanisms through which oral microbes might influence gut health and disease,
potentially guiding future therapeutic strategies aimed at modulating the microbiome
to improve health outcomes.
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Figure 3.8: Visualization of modules between tongue dorsum and fecal bodysite mi-
crobiome composition, formed using meta-network analysis based on random effects
model and plotted using Cytoscape tool.We can see six distinct oral modules that were
interconnected with both beneficial and detrimental fecal bacteria.

3.4 Reults of Machine Learning Insights into Oral-
Gut Microbiome Interactions.

This results focuses on Predicting Fecal Microbiome based on Oral Composition. This
approach enabled us to identify key oral bacterial species influencing gut microbiota
across various studies and body sites.

Figure 3.10shows the out-of-box (OOB) correlation results for predicting fecal bacte-
rial composition based on saliva microbiota across nine studies. The heatmap illustrates
clusters of studies with high predictive accuracy, indicating that certain oral bacte-
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ria consistently predict gut microbiota composition. Notably, three studies clustered
together, exhibiting high correlation values, while others displayed distinct patterns,
suggesting variability in predictability among different cohorts.

Figure 3.11 presents a heatmap of mean ranked feature importance scores for pre-
dicting fecal bacteria using saliva microbiota. The heatmap shows four distinct bands,
each representing groups of fecal species that are significantly predicted by specific oral
bacterial species. This indicates that certain oral bacteria have a strong influence on
predicting multiple fecal species, highlighting their potential role in modulating gut
microbiota.

Figure 3.12 shows a similar heatmap for buccal swab and fecal microbiota. Here, we
observe four clear bands of feature importance scores, similar to the saliva-fecal results.
This consistent pattern across different oral sites underscores the robustness of our
findings, suggesting that specific oral bacteria are crucial predictors of gut microbiome
composition across different body sites.

Figure 3.13 and Figure 3.14 illustrate the results of feature selection and subsequent
Random Forest predictions for saliva-fecal pairs. In Figure 4, we used only features
with a ranked feature importance score greater than 0.7 for each specific fecal species,
resulting in improved OOB correlation values for the nine studies. The heatmap shows
enhanced predictive accuracy, indicating that selecting the most important features
significantly boosts model performance.

Figure 3.14 compares the OOB results with leave-one-out cross-validation (LOOCV)
for saliva-fecal predictions across the nine studies. The OOB results demonstrate su-
perior performance, suggesting the presence of cohort-specific signatures that are cap-
tured more effectively with this method. This highlights the variability among different
cohorts and the importance of using robust validation techniques to ensure accurate
predictions.

Our findings indicate that it is possible to predict both beneficial and harmful gut
bacteria based on their oral composition. The high correlation and feature impor-
tance scores across multiple studies and body sites underscore the significant role of
specific oral microbes in shaping gut microbiome composition. The superior perfor-
mance of OOB results compared to LOOCV suggests that cohort-specific signatures
are prevalent, emphasizing the need for incorporating additional datasets to enhance
generalizability and validate these patterns further.
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Chapter 4

Conclusion and Future Scope

4.1 Conclusion

This data-driven exploration of cross-body site interactions between oral and gut micro-
biome communities revealed significant correlations across multiple studies, indicating
a robust link between these two distinct body sites. Our meta-analysis, encompassing
over 1,500 human subjects from 12 global cohorts, identified distinct modules within the
microbiome that demonstrate significant co-abundance relationships between oral and
gut species. This co-abundance suggests potential functional interactions that could be
crucial for understanding the dynamics of microbiome-associated health and disease.
Identifying specific oral microbes that correlate with gut health opens new avenues for
therapeutic and diagnostic development. Future research should focus on isolating these
microbes and understanding their roles in gut health. This knowledge can be leveraged
to develop novel probiotics, prebiotics, and microbiome-modulating therapies. Observ-
ing that certain oral taxa can influence the gut microbiome without physically translo-
cating suggests the presence of remote control mechanisms which adds good insight in
this are. The out-of-bag (OOB) performance, superior to leave-one-out cross-validation
(LOOCYV), indicates the presence of cohort-specific factors influencing the predictions.
These cohort-specific signatures suggest that while there are common patterns, individ-
ual variations must be considered. In conclusion, this comprehensive analysis highlights
the significant correlation between oral and fecal microbiome communities and their po-
tential functional interactions. The findings emphasize the importance of considering
cross-body site microbiome interactions in health and disease studies. By expanding
datasets, investigating mechanistic pathways, and developing predictive models, we can
advance our understanding of microbiome dynamics and their implications for human

health.
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4.2 Future Perspectives

Further research is needed to explore the underlying mechanisms of this relationship
and the influence of other factors on the gut microbiome. By elucidating the specific
pathways and interactions through which oral microbes influence gut health.A com-
prehensive analysis should correlate microbiome changes with various environmental
factors such as diet, antibiotics usage, stress, and pollutants. Understanding how these
external factors modulate the oral and gut microbiomes will provide a more holistic
view of their impact on human health and disease progression. Identifying specific
taxa that migrate across body sites and observing cohort-specific migration patterns
can offer insights into the dynamics of microbiome interactions. By understanding how
and why certain microbes translocate, we can better comprehend their role in disease
and health.Observing that certain oral taxa can influence the gut microbiome with-
out physically translocating suggests the presence of remote control mechanisms. This
could involve microbial metabolites, signaling molecules, or other indirect interactions.
Investigating these remote influences will be crucial for understanding the full spec-
trum of oral-gut microbiome interactions. The identification of specific oral microbes
that can serve as diagnostic markers for gut health and potential therapeutic targets
opens new avenues for medical interventions. By targeting these microbes, it may be
possible to develop probiotics, prebiotics, or other microbiome-modulating therapies
to maintain or restore gut health. By providing global insights into the mechanistic
details of the oral-to-gut axis, this data-driven study for the first time offers potentially
novel insights into the utilization of the oral microbiome as a diagnostic marker and
a promising therapeutic target of gut health. These findings can potentially help to
advance the understanding of interaction patterns between cross-body sites, leading to
more effective health interventions and preventive strategies.
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