g PEOPLE'S DEMOCRATIC REPUBLIC OF ALGERIA *
MINISTRY OF HIGHER EDUCATION AND SCIENTIFIC RESEARCH
SAAD DAHLAB UNIVERSITY Blidal (USDB1)

Faculty of Natural and Life Sciences

Department of Biology

Final Project Graduation thesis
For the purpose of obtaining a Master's degree in the field of SNV
Sector: Biological Sciences

Specialty: Biochemistry

Tittle

Interest in Genomic study of Diabetes with
Periodontitis: In silico study

Presented by: Graduated on :01/07/2025
e Motjolopane Relebonhile

Before the jury:

Mrs CHALAL MCA USDB1 President
Mrs TALEB MCA USDB1 Examiner
Mrs EDDAIKRA MCA USDB1 Supervisor

Academic Year : 2024/2025




Acknowledgements

Completing this research has been challenging and rewarding, and it would not have been
possible without the support of many remarkable individuals.

| am deeply grateful to my supervisor, Dr Eddaikra Atika whose steady guidance, constructive
feedback, and belief in my potential helped shape this research and kept me focused when the
path ahead felt unclear.

I would also like to express my sincere gratitude to the members of the jury; Mrs CHALAL,
President; Mrs TALEB, Examiner; and Mrs EDDAIKRA, Supervisor.

My sincere thanks go to all the teachers who have been part of my academic life since my first
year. Each of you, in your way, contributed to my learning and growth, and | carry your lessons
with me not only in this work but in life beyond the university walls.

To my family, thank you for being my anchor. The distance between us was never easy, but
your love and encouragement made it bearable and gave me the strength to persevere.

Living and studying in Algeria was a challenge at first, but it quickly became a chapter | will
always cherish, thanks to the incredible friends | met. To you, Sarafina, I wouldn’t have made
it without your constant concerns, your kindness, laughter, and support made this foreign place
feel like home, and your presence made my academic journey so much smoother.

Finally, to everyone, whether mentioned by name or not, who helped me, inspired me, or stood

by me through this journey: thank you from the bottom of my heart.



Dedication

This work is lovingly dedicated to my mother, whose faith in the power of education never
wavered, even though she never had the chance to pursue it fully. Her strength, sacrifices, and
constant words of encouragement, especially during the times | was away in Algeria, gave me
the courage to keep going. Her daily check-ins reminded me that no matter how far | was from

home, | was never truly alone.

| also dedicate this to my brother RABELE MOTJOLOPANE, who has been my quiet source
of strength. Whenever | was unwell, overwhelmed, or in need of help, financial or emotional,
he stood by me without hesitation or complaint. His actions have always reflected what it truly

means to be family, and his support has carried me through more than he knows.



Abstract

Periodontitis is a complex inflammatory disease with well-established links to systemic
conditions such as type 2 diabetes (T2D). The association of diabetes with periodontitis
(PDDM) can cause very severe clinical complications. Our "in silico™ study aims to identify
the single nucleotide genetic polymorphism (SNPs) by comparing two groups of samples:
patients with periodontitis (PD) and diabetic patients with periodontitis (PDDM), focusing on
three genes: MCUR1, FOS and RAP2A in order to identify variants that may contribute to the
pathogenesis and interactions of the disease.

Variant identification was performed by the FreeBayes tool, followed by filtering and
annotation using the SnpEff and SNPnexus tools. Group-specific SNPs were analyzed for
functional impact using Combined Annotation Dependent Depletion (CADD) and FunSeq2
scores and then visualized via the UCSC Genome Browser. An enrichment analysis was
performed with g:Profiler to explore the biological processes associated with each group.

Our results revealed a significant number of non-coding regulatory variants with very high
pathogenicity scores in PDDM patients. Notable results include the snip references: rs3810196
in MCUR1 (CADD: 15.68), rs1046117 in FOS (3’ UTR), and rs6115228 in RAP2A (CADD:
19.22), all exclusive to the PDDM group. Enrichment analysis showed that these PDDM-
specific genes were associated with signal transduction, immune regulation, and metabolic
stress, while PD-specific genes were linked to tissue remodeling processes and apoptosis. A
transition/transversion ratio (Ts/Tv) of 2.22 confirmed the quality of the data.

Our study was able to highlight distinct SNP profiles between PD and PDDM, suggesting that
diabetes modifies the genetic landscape of periodontitis through increased regulatory variation.
The variants identified in MCURL, FOS and RAP2A contribute to a better understanding of the
mechanisms involved in mitochondrial dysfunction., inflammatory signaling and immune
dysregulation, and provide a basis for the future development of biomarkers and targeted
therapeutic strategies.

Keywords: Periodontitis; Diabetes; SNPs; MCUR1; FOS; RAP2A



Résumé

La parodontite est une maladie inflammatoire complexe, dont les liens avec des pathologies
systémiques telles que le diabéte de type 2 (DT2) sont bien établis. L’association du diabéte a
la parodontite (PDDM) peut étre a 1’origine de complications cliniques trés séveres. Notre
étude « in silico » vise a identifier le polymorphisme genétique mononucléotidiques (SNPs) en
comparant deux groupes d’échantillons : patients avec parodontite (PD) et de patients
diabétiques avec parodontite (PDDM), en se concentrant sur trois génes : MCURL, FOS et
RAP2A afin d’identifier des variants susceptibles de contribuer a la pathogenése et aux
interactions de la maladie.

L identification des variants a été réalisé par 1’outil FreeBayes, suivi d’un filtrage et d’une
annotation a I’aide des outils SnpEff et SNPnexus. Les SNPs spécifiques a chaque groupe ont
été analysés pour leur impact fonctionnel a I’aide des scores Combined Annotation Dependent
Depletion (CADD) et FunSeq2, puis visualisés via le UCSC Genome Browser. Une analyse
d’enrichissement a été effectuée avec g: Profiler pour explorer les processus biologiques
associés a chaque groupe.

Nos résultats ont révélé un nombre important de variants régulateurs non codants avec des
scores de pathogénicité trés élevés chez le patient PDDM. Parmi les résultats notables, on
retrouve les références snip : rs3810196 dans MCURL1 (CADD : 15,68), rs1046117 dans FOS
(3" UTR), et rs6115228 dans RAP2A (CADD : 19,22), tous exclusifs au groupe PDDM.
L’analyse d’enrichissement a montré que ces genes spécifiques au PDDM étaient associés a la
transduction du signal, a la régulation immunitaire et au stress métabolique, tandis que les
genes propres au PD étaient liés aux processus de remodelage tissulaire et a 1’apoptose. Un
ratio de transition/transversion (Ts/Tv) de 2,22 a confirmé la qualité des données.

Notre étude a pu mettre en évidence des profils de SNPs distincts entre PD et PDDM, suggérant
que le diabete modifie le paysage génétique de la parodontite par une variation régulatrice
accrue. Les variants identifiés dans MCUR1, FOS et RAP2A contribuent a une meilleure
compréhension des mécanismes impliqués dans le dysfonctionnement mitochondrial., la
signalisation inflammatoire et la dérégulation immunitaire, et constituent une base pour le
développement futur de biomarqueurs et de stratégies thérapeutiques ciblées.

Mots clés : Parodontite ; Diabéte ; SNPs ; MCURL ; FOS ; RAP2A
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Periodontitis (PD) is a chronic inflammatory disease of the supporting structures of the teeth,
characterized by progressive attachment loss, alveolar bone resorption, and the formation of
periodontal pockets. Beyond its local oral manifestations, periodontitis is now widely
recognized as a disease with systemic implications. One of the most extensively studied
associations is its bidirectional relationship with type 2 diabetes mellitus (T2DM). Individuals
with poorly controlled diabetes are at higher risk for more severe periodontal destruction, while
the presence of periodontitis may negatively impact glycemic control and increase systemic
inflammatory burden (Lalla & Papapanou, 2011).

Despite significant advances in understanding the microbial and immunological aspects of
periodontitis, the genetic contribution to its pathogenesis, especially in the context of comorbid
diabetes remains underexplored. Recent evidence suggests that single nucleotide
polymorphisms (SNPs) may modulate host susceptibility, inflammatory response, and tissue
repair mechanisms, potentially influencing disease onset, progression, and severity. However,
few studies have addressed whether the genetic landscape of periodontitis differs when diabetes
is present as a modifying factor.

In this study, we apply a genomic variant analysis approach to compare SNP profiles between
individuals with periodontitis (PD) and those with periodontitis complicated by diabetes
(PDDM). We focus on three biologically relevant genes, MCUR1, FOS, and RAP2A; each
implicated in mitochondrial regulation, transcriptional control of inflammation, and immune
cell migration, respectively. Using variant calling, functional annotation (SnpEff, SNPnexus),
and pathway enrichment tools (g:Profiler), we identify and interpret group-specific genetic
differences with potential mechanistic relevance.

This work aims to characterize the genomic distinctions between PD and PDDM, with the
broader goal of uncovering SNPs that may serve as biomarkers of disease severity or
therapeutic targets. By integrating bioinformatic evidence with known biological functions, we
contribute to a more nuanced understanding of the genetic architecture underlying periodontal
disease in the diabetic context, hence improving the diagnosis and treatment of the victims or
patients struggling with these interrelated disorders, the insights gained from this study may
help to precisely identify new therapeutic targets and develop accurate medicines.
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Chapter 1: Literature Review

1.1. Generalities on Diabetes Mellitus and Periodontitis

1.1.1. Diabetes Mellitus (DM)

Recent studies define Diabetes Mellitus as a chronic metabolic disorder characterised by
inefficient insulin secretion or insulin action (Lalla & Papapanou, 2011; Ranbhise et al.,
2025; Yameny, 2024). This leads to complications such as organ damage and failure,

particularly affecting the retina, kidneys, nerves, heart, and blood vessels (Alam et al., 2014).

It can also be defined as the inability or failure of the body to effectively utilize glucose for
energy, while simultaneously producing high volumes or excessive glucose due to disrupted
control of gluconeogenesis and glycogen breakdown, resulting in persistent high blood sugar

levels.

DM is a rapidly growing disease, and from 1995 to 2025, there was an estimated predominant
rise in diabetic cases geographically, with 42% in developed countries, from 51 million to 72
million, and a rise of 170% in developing countries, from 84 million to 228 million (King et
al., 1998). However, with the recent studies, the prevalence of DM has already surpassed those
projections, pushing the number of cases to 828 million within the range of 1990-2022 Figure
1 (Zhou et al., 2024).
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Figure 1: Predicted cases of Diabetes Mellitus (King et al., 1998).
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1.1.1.1. Pathophysiology of diabetes mellitus (DM)

Pathophysiology of DM can be explored following its two main distinct categories or types, namely:
Type 1 Diabetes Mellitus (T1DM) and Type 2 Diabetes Mellitus (T2DM).

1.1.1.1.1. Type 1 Diabetes Mellitus (T1DM)
T1DM is characterised by autoimmunity, or attack of the pancreas, implying the invasion of
the islets by CD4+ and CD8+ T cells, along with macrophages; hence, the destruction of the

insulin-producing beta cells (Insulin deficiency), Figure 2 (Todd, 2010).

According to (Mobasseri et al., 2020). Around 5%-10% of the population develops Type 1
diabetes mellitus, following the study conducted in Asia and Europe. TIDM is influenced by
factors, including genetic influence, highlighting the role of the human leukocyte antigen
(HLA) gene. The cell relies on HLA proteins present on its surface to distinguish the body’s
normal cells from foreign agents. Defects in these HLA proteins can trigger autoimmunity
against beta cells.

1.1.1.1.2. Type 2 Diabetes Mellitus (T2DM)

Type 2 diabetes is the most common form of diabetes, representing an estimated 90 to 95% of
all its cases. This disorder is largely associated with insulin resistance of the body. In type 1,
immune cells destroy pancreatic B-cells, leading to insufficient insulin and hyperglycemia. In
type 2, hyperglycemia, hyperlipidemia, cytokines, and amyloids damage the cells, resulting in
relative insulin deficiency and hyperglycemia Figure 2 (Khin et al., 2023), which means that
the body’s cells do not respond to insulin, and insulin is produced, but blood glucose levels
continue to rise. Instinctively, the pancreas compensates over the period of time this demand
may result in chronic fatigue of the pancreas ‘burnout’ and undermined production of insulin,
which worsens hyperglycaemia.

It is most often related to increasing age, obesity, and lack of physical activity, as well as bad
eating habits; therefore, it is predominant in the elderly population. But because of alarming
trends of obesity and lack of exercise, it is now being increasingly seen in children as well as
adolescents and young adults (Mahesh et al., 2022; Yameny, 2024).

Evidence shows that while there is insulin deficiency, the predominant underlying defect is

insulin resistance (Alam et al., 2014).
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Type 1 Diabetes Type 2 Diabetes
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Figure 2: The development of type 1 and type 2 diabetes. (Khin et al., 2023).

1.1.2. Periodontitis (PD)

Periodontitis is a long-term inflammatory condition that targets the structures supporting the
teeth, such as the periodontal ligament and alveolar bone. It often develops from untreated
gingivitis, which is a less severe condition and, if left unmanaged, can result in attachment loss,

gum pocket formation, and eventually tooth loss.

This condition results from a combination of bacterial imbalance, mainly Gram-negative
anaerobic bacteria such as Porphyromonas gingivalis, Tannerella forsythia, and Treponema
denticola ("red complex™), and the body's inflammatory response. These pathogens trigger the
body to release inflammatory molecules such as Tumor Necrosis Factor-alpha (TNF-a),
Interleukin-1 beta (IL-1p), and Prostaglandin E. (PGEZ2), contributing to alveolar bone

destruction and collagen fibre breakdown (Lin et al., 2024).

Periodontitis has also been identified as the sixth complication of diabetes mellitus, with
research confirming that individuals with diabetes are at greater risk of developing severe forms
of the disease (Zhao et al., 2023).
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The study carried out by (Barutta et al., 2022), also noted the alarming 70% greater chance
a diabetic person would have their periodontitis worsen compared with a non-diabetic. Even
after multiple factors were taken into account, the risk was estimated at 86% (RR 1.86 [95%
Cl 1.3-2.8]). The data affirms that diabetes and the progression of periodontal disease are

intricately related, stressing the importance of proper glycaemic control Figure 3.
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Figure 3: Prevalence of diabetes, prediabetes, and normal glucose levels by

age group (Barutta et al., 2022).

1.2. Bidirectional relationship between DM and PD

1.2.1. Impact of DM on PD

People with diabetes are more susceptible to the immune response to gum disease, leading to
increased levels of inflammation and, thus, tissue destruction. The Receptor for Advanced
Glycation End Products (RAGE) and its ligands contribute to this inflammatory response
(Figure 4). Hyperglycaemia impairs collagen production, thereby compromising the structural
integrity of the gums and inhibiting normal wound healing. In addition, it alters the bone
formation, resorption balance, enhancing the degradation of bone and alveolar bone
destruction, which is a characteristic of periodontitis.

Periodontal health is negatively impacted by several interconnected mechanisms that are
triggered in the diabetic state, primarily through impaired immune function. High blood

glucose concentrations disrupt immune cell performance, including neutrophils and
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macrophages, which diminishes the host's capacity to fight bacterial pathogens in periodontal
tissues. An increased likelihood emerges for enduring infections alongside periodontal tissue
deterioration.

Individuals living with diabetes often present systemic conditions marked by elevated levels of
pro-inflammatory mediators, which hasten the degradation of periodontal structures. The
persistent inflammatory state contributes not only to tissue damage but also hinders the natural
regenerative processes within the periodontium.

Chronic hyperglycaemia also promotes the formation of advanced glycation end-products
(AGEs) that bind to receptors on immune and structural cells, intensifying inflammatory
responses and altering the properties of the extracellular matrix. These collagen-related
modifications result in stiffer connective tissue with diminished reparative capacity, ultimately
impeding proper wound healing.

The persistent high blood sugar levels characteristic of chronic hyperglycaemia interferes with
fibroblast function, along with the activity of essential regenerative cells. The reduced
reparative ability causes periodontal tissues to heal wounds slowly while becoming more prone
to chronic infections, which then accelerates periodontal disease progression.(Lalla &

Papapanou, 2011).
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Figure 4: Schematic illustration of how RAGE activation, driven by periodontal
microbiota and inflammation, contributes to impaired repair and enhanced

periodontal tissue breakdown. Adapted from (Lalla & Papapanou, 2011).
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1.2.2. Impact of PD on DM

Through its systemic inflammatory effects, periodontal disease accelerates insulin resistance
progression. The release of tumour necrosis factor-alpha (TNF-a) and interleukin-6 (IL-6)
during periodontal infection disrupts insulin signalling pathways. The alteration of insulin
sensitivity stands as a fundamental aspect within type 2 diabetes pathophysiology. Chronic
periodontal inflammation triggers the nuclear factor kappa B (NF-kB) pathway, which then
enhances cytokine production that disrupts glucose metabolism.

Periodontitis triggers oxidative stress, which, alongside inflammation, contributes to metabolic
dysfunction. Infection-related reactive oxygen species production harms insulin receptors

along with glucose uptake cellular components, which leads to increased insulin resistance.

The condition of microbial dysbiosis linked to periodontal disease serves as another
contributing factor. Pathogenic entities like Porphyromonas gingivalis enter the bloodstream,
where they initiate systemic immune reactions that elevate circulating markers such as C-
reactive protein (CRP), which is associated with poor glycaemic management. Periodontal
infections demonstrate the potential to produce systemic effects beyond oral boundaries, which

may worsen metabolic disorders such as diabetes. (Ranbhise et al., 2025).

1.3. Molecular study with a genomic approach

The complex interplay between periodontitis (PD) and diabetes mellitus (DM) has been the
subject of considerable interest, particularly since recent molecular and genomic studies shed
light on the common biological processes under which these two diseases might share
underlying mechanisms. Beyond clinical counterparts, newer in silico data support an
understanding grounded on gene expression patterns, genetic structure, and immunologic
pathways in common.

For instance, (Liu et al., 2023), examined genetic crosstalk between type 1 diabetes (T1D) and
periodontitis using comparisons of Gene Expression Omnibus (GEO) datasets. They found that
59 DEGs were common to both conditions. Of these, hub genes such as CD34, EGR1, FMOD,
and IGF2 were recognized for their function in cellular signaling, lipid metabolism, and tissue
development processes relevant to both immune response and tissue degeneration in PD and
T1D.
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Following this genomic analysis, more recent studies were conducted employing a Mendelian
randomisation (MR) approach to define causality between Periodontitis disease (PD) and type
2 diabetes (T2D). The analysis revealed 79 shared DEGs enriched in inflammatory signalling
pathways like interleukin-17 and chemokine receptor binding (Figure 5). Notably, genes
RAP2A, MCUR1, and FOS were shown to be significant contributors to T2D risk in PD
patients, which points towards an active predisposition to systemic glucose dysregulation by

chronic oral inflammation (Wei et al., 2024).
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Figure 5: Hlustration of IL-17 signaling in the link between diabetes and periodontitis (Wei
etal., 2024).

Adding yet another layer, (Kang et al., 2024) also carried out a multi-omics analysis and
discovered a widespread epigenetic change, namely hypomethylation of the pathway of Fc-
gamma receptor-mediated phagocytosis (Figure 6). These were highly expressed in
monocytes, implying a heightened and perhaps ongoing immune response in diabetic patients,
which might exacerbate periodontal damage.

In the broader synthesis of clinical and experimental evidence, hyperglycaemia induces
oxidative stress, immune cell profile alterations, and increased production of inflammatory

cytokines such as TNF-a and IL-6 increase alveolar bone resorption. This work builds on the
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idea that diabetes is not a comorbidity but an increasing factor in periodontal disease
progression (Liu et al., 2023).

The study by (Wu et al., 2024a) , also complemented this notion by performing a genome-
wide cross-trait analysis that identified 62 pleiotropic loci connecting PD with glycaemic traits
like fasting glucose and insulin resistance. Interestingly, some of these genetic correlations
were independent of BMI, indicating an unconfounded direct genetic overlap and not due to
confounding by metabolic syndrome. This makes the hypothesis of an intrinsic genomic
interdependence between Periodontitis and Diabetes Mellitus (PD and T2D) stronger.
Genomic variants influence lipid mediators such as prostaglandins and leukotrienes, which
are involved in metabolic pathways. These lipid mediators amplify the inflammatory response
in the co-existence of diabetes mellitus (DM) and periodontitis (PD), leading to tissue damage
and systemic complications.

Genes involved in lipid metabolism and immune response regulate the biosynthesis and
signaling of these mediators, adding a metabolic-genomic dimension to the interplay between
Diabetes Mellitus and Periodontitis (PD and DM).

According to (Zou & Yang, 2024) Single-cell RNA sequencing combined with Mendelian
randomisation and colocalization analysis was used to identify therapeutic targets at a more
precise level. Their study found that classical and intermediate monocytes are critical cell types,
and that the genes NCF1 and LRRC25 play significant roles in both periodontitis and type 2
diabetes. Recognising these targets not only fills an important knowledge gap but also opens
the door to precis ion therapies focused on regulating monocyte-driven inflammation.
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Figure 6: Fcy Receptor-Mediated Phagocytosis and Inflammatory Signaling in
Diabetes-Associated Periodontitis: The Syk-PI3K Axis and Osteoclast Activation
(Kand et al,. 2024).
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1.4. Molecular insights from experimental and immunological studies

One of the most striking contributions of diabetes to periodontal pathology is the dysregulation
of immune cell function. Neutrophils in diabetic individuals are overactivated, releasing

excessive reactive oxygen species (ROS), which increases tissue damage.

However, their bactericidal function is paradoxically impaired, leading to insufficient
resolution of microbial threats. Likewise, macrophages become polarized toward the M1
phenotype, amplifying pro-inflammatory signaling, while the M2 reparative subset is
diminished. This polarization results in sustained cytokine production and chronic tissue

destruction.

In the adaptive immune system, dendritic cells under diabetic conditions favor the expansion
of Thl and Th17 lymphocytes, both of which contribute to osteoclast activation and alveolar
bone loss. Simultaneously, the population of regulatory T cells is reduced, weakening the
immune system’s ability to suppress destructive inflammation (Graves et al., 2020).

From a cellular repair standpoint, diabetes also disrupts bone homeostasis and periodontal
ligament (PDL) integrity through:

« Downregulation of key osteogenic transcription factors such as RUNX2 and C-fos.

e Apoptosis of osteoblasts, osteocytes, and PDL fibroblasts, mediated by increased
caspase-3, -8, and -9 activity.

o Elevated RANKL expression and a higher RANKL/OPG ratio, fostering
osteoclastogenesis and bone loss.

e The accumulation of AGEs in periodontal tissues, which bind to RAGE and trigger
NF-xB activation, thereby increasing inflammatory mediator production and further

impairing bone regeneration.

11
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1.5. Bioinformatics Pipeline

Several studies have employed comprehensive bioinformatics pipelines to investigate the
molecular mechanisms linking type 2 diabetes (T2D) and periodontitis (PD). These approaches
typically integrate quality control, alignment, variant detection, annotation, and pathway
enrichment tools to decode the genetic underpinnings of these interrelated conditions.

In cross-trait genome-wide association studies (GWAS), researchers have used tools such as
LDSC, GNOVA, and SUPERGNOVA to estimate both global and local genetic correlations
between PD and glycemic traits. These tools help identify shared genomic regions that may
influence both diseases. To uncover pleiotropic SNPs driving such comorbidities, CPASSOC
has been used for cross-phenotype meta-analyses.

For downstream functional interpretation, platforms such as g: Profiler have played a critical
role in pathway enrichment analysis. By leveraging Gene Ontology (GO) terms and KEGG
pathways, while applying False Discovery Rate (FDR) control, gProfiler has enabled
researchers to detect significant biological pathways and gene networks.

To process gene expression data, particularly from single-cell RNA sequencing (sSCRNA-seq),
tools like Cell Ranger are widely utilized for pre-processing, while Seurat is applied for data
normalization, clustering, and dimensionality reduction techniques such as PCA and UMAP.
Seurat’s FindMarkers function is often used for identifying differentially expressed genes
across cell populations (Wu et al., 2024b).

For deeper enrichment analysis, the clusterProfiler R package has been extensively used in
literature to identify significantly enriched GO terms and KEGG pathways via its enrichGO
and enrichKEGG functions (Silva et al., 2022). Complementing this, Enrichr, a powerful web-
based platform. offers interactive visualizations and curated gene set libraries to explore the
biological significance of gene clusters (Guan et al., 2024).

In parallel, other studies have adopted toolsets to handle raw genomic data. The Galaxy

platform (https://usegalaxy.org/) has been highlighted for its accessibility and reproducibility.

As a web-based, open-source interface, Galaxy enables users to execute complex genomic
workflows without programming expertise, and it integrates seamlessly with other platforms
like Jupyter and RStudio (Afgan et al., 2018; Jalili et al., 2021).

For initial data quality assessment, FastQC is often used to evaluate metrics such as per-base
sequence quality, GC content, and adapter contamination, providing researchers with visual

diagnostics for raw sequence data (Andrews, 2010). After quality checks, Trimmomatic is
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commonly employed to remove sequencing adapters and trim low-quality reads, enhancing the
accuracy of downstream results (Bolger et al., 2014) .

Cleaned reads are typically aligned to the human reference genome (hg38) using BWA-MEM,
a fast and accurate alignment tool that utilizes a seed-and-extend algorithm based on Maximal
Exact Matches (MEMSs) (Li, 2013). Post-alignment, MarkDuplicates from the Picard toolkit
(v3.1.1.0) is used to flag PCR duplicates. This step has been validated in various genomic
studies as essential for reducing false positives and maintaining data integrity (Karc1 &
Kafkas, 2024).

Variant calling is then performed using FreeBayes, a haplotype-based Bayesian genetic variant
detector. FreeBayes offers the advantage of modeling multi-allelic sites and complex variant
structures, which makes it suitable for diverse datasets (Baraja-Fonseca et al., 2024; Garrison
& Marth, 2012a). The output VCF files are typically filtered using VCFfilter, which excludes
low-quality variants based on depth and Phred scores (Danecek et al., 2011; GATK Team,
2025; Jia et al., 2012; Li, 2011).

Finally, to predict the functional impact of variants, researchers use SnpEff. This tool annotates
variants by classifying them into categories such as HIGH, MODERATE, LOW, or
MODIFIER, based on genomic context and gene effect (Cingolani et al., 2012). These
annotated variants can then be cross-referenced with known disease pathways for further
interpretation.

Taken together, the use of these integrated tools across different studies has significantly
advanced our understanding of the shared genomic and molecular pathways that underlie
diabetes and periodontitis. They provide a framework for dissecting complex traits and pave

the way for more targeted therapeutic approaches.
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Materials and Methods

Chapter 2: Materials and Methods

This study compares genomics profiles, focusing on DNA sequence variations and potential
epigenetic changes, between individuals with periodontitis (PD) and those with type 2 diabetes
mellitus combined with periodontitis (PDDM), relative to the normal human genome.

2.1. Materials and Methods

2.2. Biological Materials
2.2.1. Biological data

The whole study was entirely based on publicly available Whole Genome Sequencing (WGS)
data retrieved from the:

e NCBI Gene Expression Omnibus. (GEO) https://www.ncbi.nlm.nih.gov/geo/ and
e Sequence Read Archive (SRA). https://www.ncbi.nlm.nih.gov/sra.

Table | represents the dataset used in this study. It includes the details or metadata of each
corresponding dataset: Periodontitis (PD), Periodontitis with diabetes mellitus (PDDM), and
Healthy control (HC).

Table I: Characteristics of the samples

Metadata PDDM (Periodontitis + Diabetes PD (Periodontitis only)
Mellitus)
Organism Homo sapiens Homo sapiens
Tissue Periodontium Periodontium
Average Age of |80 years 58 years
donor
Donor Sex Female Female
Library Layout Paired-end Paired-end

Geographic South Korea South Korea

location

Sequencing Illumina HiSeq 4000 Illumina HiSeq 4000

Platform

Experiment Type | Whole Genome Sequencing (WGS) | Whole Genome Sequencing
(WGS)

BioProject PRINA1116808 PRINA1116808

BioSample SAMN42309066 SAMN42309062

SRA Run SRR29729000 SRR29729004

Accession
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2.3.  Non-biological materials

The open-source tools used for the analysis of the data in our study are listed in Table I1
below.

Table I1: The tools used in this genomic data.

Tool Location (Galaxy Platform) Purpose in Workflow
Quality control check of raw
FastQC Galaxy (https://usegalaxy.org/) sequencing reads
Adapter trimming and quality
Trimmomatic Galaxy (https://usegalaxy.org/) filtering of reads
Alignment of cleaned reads to
BWA-MEM Galaxy (https://usegalaxy.org/) the human reference genome.
Removal of duplicate reads
MarkDuplicates Galaxy (https://usegalaxy.org/) from BAM files
Variant calling (identification
FreeBayes Galaxy (https://usegalaxy.org/) of SNPs and indels)
Filtering and refinement of
BCFtools Galaxy (https://usegalaxy.org/) variant calls
Functional  annotation  of
SnpEff Galaxy (https://usegalaxy.org/)

variants.

Pathway enrichment analysis
g: Profiler External (https://biit.cs.ut.ee/gprofiler/)

of annotated genes.

Visualization of shared and

UpSetR R/Bioconductor (https://cran.r- unique variants (intersection
project.org/package=UpSetR)

analysis).
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2.3.1. Methods
The following bioinformatic workflow or pipeline was followed to carry out this study
effectively:

Data collection

!

Data Pre-Processing

v

Galaxy integration

2

e |
[T 3]

Read Alignment and Indexing
/

I
index BAM

Reads Filtering Variant |
Calling and b

I Clean VCF I Variant fllter_lng and
annotation

[}
VCF/HTML
Functional interpretation
|
PNG/PDF

Figure 7: The Bioinformatic Workflow 17
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2.3.1.1. Data Collection

Publicly available human whole genome sequencing (WGS) datasets were systematically

identified and retrieved using a stepwise search strategy.

2.3.1.1.1. Search strategy and keywords

Initial searches were conducted in the NCBI GEO and ENA repositories using combinations
of keywords including “Diabetes”, “Periodontitis”, “Homo sapiens”. This strategy aimed to
capture datasets relevant to periodontal disease (PD), type 2 diabetes mellitus (T2DM), and

their comorbidity. https://www.ncbi.nlm.nih.gov/.

The results below in (Figure 8a) were identified correlating to studies investigating the human
genome (Homo sapiens) related to diabetes and periodontitis. Among the retrieved entries were
whole genome sequencing (WGS) datasets such as WGS: PD20 (Accession: SRX5231162),
and WGS: PD19 (Accession: SRX5231161), each generated using the Illumina HiSeq 4000
platform with paired-end reads and genome strategy. The results also indicated a wide number
of 488 available accessions under similar search parameters for better refinement and filtering.

Clicking on one of the Bioproject (WGS: PD20) in (Figure 8a) below led to the SRA Run
page https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP513973&o0=acc_s%3Aa, detailing

the specific experiment (SRX5231162) associated with the dataset. This page provided
metadata including the sequencing platform (lllumina HiSeq 4000), library design (MGI FS
DNA library), submitting institution (Pusan National University), and linked studies such as
PRJNA1116808 and SRP513973, alongside the associated sample (SAMN42309061)

classified under Homo sapiens as seen below (Figure 8b).
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Figure 8: SRA run page with experiment details.
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2.3.1.1.2. Identification of relevant studies

Relevant studies were shortlisted from the searches. A recent key BioProject identified was
PRINA1109994, titled “Comparison of Genetic and Epigenetic Profiles of Periodontitis
According to the Presence of Type 2 Diabetes” by (Kang et al., 2024).The study consisted of
patient groups diagnosed with periodontitis (PD), and periodontitis with diabetes mellitus
(PDDM) below.

The next step was to sort and filter the dataset based on the relevance (PDDM, PD), and for
that, the “All Runs” link on (9) above was clicked to allow access to all runs relating to the
study.

The first step in filtering was to select all the Runs related to PDDM (11 Runs), followed by
the ones related to PD (15 Runs), as shown below in). Full details on Appendix A.

PDDM e A

® ~ Run ' + BioSample ’ age % AngpulLel: s Ba';(-.-ss s Byle: s Exp(-:rirn(-.-nt7 isolate !
v 1 SRR29413847 SAMN41550716 68 300 11888G 67.97Ghb 5SRX24927264  Periodontitis with DM-3
v 2 SRR29413850 SAMN41550715 97 300 112.78G 6444Gb SRX24927261 Periodontitis with DM-1
v 3 SRR29413851 SAMN41550718 72 300 10533G 5949Gb 5SRX24927260  Periodontitis with DM-6
v 4 SRR29413852 SAMN41550717 53 300 11267G 6358Gb SRX24927259 Periodontitis with DM-4
v 5 SRR297289%96 SAMN42309070 62 300 107.93G 60.57Gb SRX25231154  Periodontitis with DM-19
L) SRR29728997 SAMNA4230906% 62 300 11255G 63.98Gb SRX25231153  Periodontitis with DM-16
v 7 SRR29728998 SAMN42309068 51 300 10989G 6197Gb 5RX25231152 Periodontitis with DM-15
v 8 SRR29728999 SAMN42309067 66 300 107.65G 6059Gb SRX25231151  Periodontitis with DM-14
L SRR29729000 SAMN42309066 56 300 11330G 63.18Gb SRX25231150  Periodontitis with DM-13
v 10 SRR29729001 SAMNA42309065 80 300 11002G 6283Gb SRX25231149  Periodontitis with DM-12
v 11 SRR29729002 SAMN42309064 57 300 11323G 64.02Gb SRX25231148  Periodontitis with DM-7
2% Youselected 15 Items p D Q Clear B
i 2 3 . s . 7 w
x - Run % BioSample age + AvgSpotLen % Bases % Bytes % Experiment isolate
v 1 SRR29413848 SAMN41550710 60 300 108.85G 61.47Gb SRX24927263  Periodontitis-3
v 2 SRR29413853 SAMN41550714 63 300 104.96G 60.76Gb SRX24927258 Periodontitis-7
v 3 SRR29413854 SAMN41550713 47 300 98.39G 58.04Gb SRX24927257 Periodontitis-6
v 4 SRR29413855 SAMN41550712 56 300 105.04G 60.66Gb SRX24927256 Periodontitis-5
¥ 5 SRR29413856 SAMN41550711 54 300 112.36G 64.50Gb SRX24927255 Periodontitis-4
v 6 SRR29413858 SAMN41550709 48 300 111.73G 63.09Gb SRX24927253 Periodontitis-2
v 7 SRR29728988 SAMN42309061 24 300 11044G 6456Gb SRX25231162 Periodontitis-20
v 8 SRR29728989 SAMN42309060 46 300 101.54G 5843Gb SRX25231161 Periodontitis-19
v 9 SRR29728990 SAMN42309059 62 300 116.00G 66.14Gb SRX25231160 Periodontitis-18
+| 10 SRR29728991 SAMN42309058 72 300 11641G 66.98Gb SRX25231159  Periodontitis-14
v 11 SRR29728992 SAMN42309057 60 300 11636G 67.32Gb  SRX25231158  Periodontitis-13
v 12 SRR29728993 SAMN42309056 56 300 109.78G 6274Gb SRX25231157  Periodontitis-11
v 13 SRR29728994 SAMN42309055 63 300 108.00G 61.30Gb SRX25231156  Periodontitis-10
V| 14 SRR29729003 SAMN42309063 48 300 111.32G 6581Gb SRX25231147  Periodontitis-22
v/ 15 SRR29729004 SAMN42309062 58 300 107.72G 64.21Gb SRX25231146  Periodontitis-21

Figure 9:Two selected different datasets, PDDM and PD with respect to
the number of RUNS per dataset.
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2.3.1.1.3. Data download and Preparation

The selected sequencing runs were downloaded directly from the NCBI SRA repository. Files
were prepared and uploaded to the Galaxy platform for further quality control, cleaning, and
downstream analysis.

- Galaxy platform integration

Principle: The Galaxy platform (https://usegalaxy.org/) is a widely used, web-based, open-

source resource that enables researchers to perform complex biomedical data analysis without

any programming expertise.

This platform provides a graphical interface for uploading data, selecting tools, and executing
bioinformatics workflows, ensuring computational workflows or analysis are accessible to
scientists of all backgrounds. Galaxy's focus on reproducibility, automatically recording each
analytical step to promote transparency and facilitate collaboration, is regarded as one of its
most important features. Over time, Galaxy has expanded its capabilities to support cloud
computing, interactive visualization tools, and interoperability with platforms such as Jupyter
and RStudio. Thousands of tools covering a wide range of applications, including genomics,
transcriptomics, and epigenomics, are now integrated into the platform. Its global community

reinforces Galaxy's mission to promote open science and collaborative (Afgan et al., 2018;

Jalili et al., 2021) by ensuring ongoing development, updates, and training resources.

= Galaxy Europe s = 4 ? & pfe2925 ~
-
x Tools - W a History + = =
Usload
h took ¥ x search datasets % | x
’ 2
Tools Get Data a Unnamed history /7
& Send Data sos a e 2
ton Collection Operations =
James P. Taylor
GENERAL TEXT TOOLS 5 o .
— Foundation for Open © This history is empty.
Text Manipulation . You can load your own data or get
it Science. | it s St s
Filter and Sort ‘The most important job of senior
ok, Subfractand Groip faculty is to mentor junior faculty
and students.” — @jxx
GENOMIC FILE MANIPULATION
m Convert Formats
History FASTA/FASTQ
Multiview
Quality Control
-
e SAM/BAM
. BED
B *Anyone, anywhere in the world should have free, unhindered access to not just my research, but to the
Pages  y VCF/BCF research of every great and enquiring mind across the spectrum of human understanding.” — Prof. Stephen
a Nanopore Hawking
Notifications COMMON GENOMICS TOOLS
Operate on Genomic Intervals ﬂ News Events @

Figure 10: Galaxy Europe Platform Interface Demonstrating Toolset and Workflow

Environment.
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Galaxy workflow

a-Data importation:

After multiple trials on different datasets, the SRR29729000: PDDM dataset (age: 80, sex:
Female), and SRR29729004: PD dataset (age: 58, sex: Female), were chosen among other
samples based on their representative ages, gender (same gender), and because of their data
volume (bases and bytes) fell within the median range, avoiding extreme outliers in sequencing

depth or quality.

This ensured the selected runs would be both representative and manageable for initial
workflow optimization and testing. The raw FASTQ files corresponding to three datasets
(Accession IDs) were imported using the Galaxy platform.

The two datasets were processed separately in different Galaxy accounts (Galaxy EU and US)
due to the storage quota of Galaxy, which allows only 250GB per user, so due to our
voluminous datasets, we processed them separately and later transferred the processed outputs
to one account. continue with further analysis.

Process

e Opened the Galaxy platform and accessed the search tools panel.

Navigated to Get Data — selected Download and Extract Reads in FASTQ format from
NCBI SRA (1).

e The output files format was chosen as gzip-compressed FASTQ (2).
e Clicked the Run Tool (3) button to initiate download and extraction from the SRA

database.

e  Upon completion, the outputs paired-end data and single-end data files (4) were ready

for downstream analysis.

Tools v Histor: + =
/ Download and Extract Reads in FASTQ format from NCBI SRA o & v a y
search tools ¥ x [Gataxy Version 3.1.11galaxyl) a search datasets ¥
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x n
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AquaINFRA Importer downloads Accession

" Must start with SRR, DRR of ERR, e.g. SRR925743, ERR343809
Argo data access for global  EZXD) . A S & ! 6: FastQC on collection 1: RawDa /' W
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Figure 11: Retrieval of raw sequencing data (SRR297290900) using Galaxy’s SRA 9o
download tool.
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b-Quality assessment

Fast-QC pre-quality assessment: FastQC is a quality assessment application that provides quick
visual assessments and metrics for sequence data from high-throughput platforms such as
Illumina. FastQC generates detailed reports on per-base sequence quality, GC content, adapter
contamination, sequence duplication levels, and overrepresented sequences (Andrews, 2010).
This allows researchers to identify potential issues in their datasets and determine if additional

pre-processing steps.

Process:
e Search for ""FastQC" (1) in the tool panel.
e Select the Paired-end data (2) as the dataset collection.
e Leave the contaminant list and adapter list (default).
e Click ""Run Tool" (3) to initiate the quality check.
e Generated outputs (4): RawData and Webpage report appear in the history panel.

-
Tools L Histor + = =
# FastQC Read Quality reports (Galaxy Version 8.74+galaxy1) o & - & TR v
FASTGC ¥ x A search datasets ¥ x
We recommend using Falco instead. Falco is 3 times faster and offers the same functionality as FAST) acs
@ snowfctons 2nd Pddm ’
SN T e Fotco instea | Tool Parameters 21568 2 9 §1 wmu 2

Read Guality reparts
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Falco An alternative, more
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of FastQC for high
throughput sequence qualit
control

Tabular to FASTG
converter

Make.fastq Convert fasta
and quality to fastq
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Raw read data from your current history *
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Figure 12: FastQC quality assessment of imported paired-end FASTQ data,

c- Quality control

-Trimmomatic tool
Principle: a widely used tool for trimming low-quality bases and removing sequencing
adapters (Bolger et al., 2014). This step ensures that only high-quality data proceeds to

downstream analyses, improving accuracy and reducing bias.
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Process:

e Open the Galaxy platform and locate the tool search bar.

e Type “Trimmomatic” (1) to locate the tool under “All Tools”.

e Click on Trimmomatic.

e In the tool parameters, under "'Single-end or paired-end reads', change the default
option from Single-end to Paired-end (2) to ensure both ends are trimmed.

o Select a paired-end FASTQ dataset (3) already uploaded in the initial steps
(Download data) from the history (Paired-end data (fastg-dump)).

e Click “Run Tool” (4) to start trimming.

o The output will appear in the history panel as two separate entries (5): one for forward

and one for reverse-trimmed reads.

Tools v fr Histor + = =
# Trimmomatic v & v & Y -

wrimmoma v % flexible read trimming tool for Illumina NGS data y N 4 search datasets ¥ x
(Galaxy Version 8.39+galaxy2)

1» Shaw Sections Tool Parameters 2nd Pddm Fy
Trimmomatic flexible read =218 GB a2 ¢ W w4 2
trimming tool for Illumina single-end or paired-end reads?

NGS data 3 h
12: Trimmomatic on collection 1: /'
unpaired

Select FASTQ dallaset collection with R1/R2 pair *
a list with 1 fastqsanger.gz pair

accepted formats .
accepled format [ 1: Paired-end data Haslq—dum;]
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Figure 13: Reads trimming with Trimmomatic to ensure equal distribution of bases

within the sequence.

d-Fast-QC post-quality assessment

Principle: Following trimming with Trimmomatic, a second round of quality assessment was
conducted using FastQC to evaluate the effectiveness of the trimming process. This post-
quality check followed the same steps previously used in the initial FastQC assessment Figure
12, including tool selection, dataset collection input, and execution.

Important note: It is essential to choose the correct file(s) format while dealing with
bioinformatic tools (1). By reapplying the same workflow, this ensured consistency in quality
metrics and verified that low-quality sequences and adapters had been effectively removed
before proceeding to downstream analyses.
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Tools - o Histor + =
# Fastac Read Guality reports o & - vy

(Galaxy Version 8.74+galaxyl)

x

fastae ¥ % search datasets ¥

2nd Pddm s

@ show Sections We recommend using Falco instead. Falco is 3 times faster and offers thfl same

g functionality as FASTQC.

Read Quality r:

E218G8 = e9 W1 W= &

Tool Parameters

ab1 to FASTQ conver ter
18: FastQC on collection 11: RawD # &
ata

Raw read data from your current history *

Falco An alternative, more
performant implementation 0O © @
of Fast@C for high

. accepted formats ~ 3 3
throughput sequence quality 12: Trimmomatic on collection 1: unpaired
control ¥ The supplied input will

Select a dataset collection :
a list with 1 txt pair

17: Fast@C on collection 11: Webp # &

) b age
Tabular to FASTQ PRI 11 Trimmomatic on collection 1: paired g

list with 1 htmt pair

0O © o

2: Single-end data (fasta-dump) 1

-faste Convert fasta 12: Trimmomatic on collection 1:  # W

unpaired

o accepted formats =
and quality to fastq " i: Paired-end data (fastq-dump)
tab delimited file with 2 ¢

Tabular to FASTGQ
abutar to Primer CAAGCAGAAGACGGCATACGA S AR ) e

converter
Adapter Ust - optional 11: Trimmomatic on collection 1:p # &
O = | - Nothing selected

accepted formats ~ a list with 1 fastasanger.gz pair

Figure 14: FastQC post-quality analysis.

The above principle or steps were applied to all two different datasets downloaded from:
https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP513973&0=acc_s%3Aa (PDDM, PD),
which included: Data collection (NCBI SRA), pre-quality analysis (FastQC), quality control

(Trimmomatic), and post-quality analysis (FastQC).

e-Reads alignment with BWA-MEM

Principle: BWA-MEM (Burrows-Wheeler Aligner - Maximal Exact Matches) is a widely used
aligner optimized for speed and accuracy in mapping short DNA fragments generated by next-
generation sequencing. It employs a seed-and-extend approach, identifying maximal exact
matches (MEMS) as seeds and extending them using the Smith-Waterman algorithm. This
facilitates efficient and accurate alignment of sequencing reads to large reference genomes (Li,
2013).

Process:

Cleaned and high-quality paired-end reads were aligned to the Homo sapiens reference genome
(hg38) using the BWA-MEM algorithm within the Galaxy platform (Figure 15).

The tool was accessed through Galaxy’s NGS: Mapping section. The trimmed forward and
reverse FASTQ reads from all 2 datasets were selected as input, and the default alignment
parameters were used. It is important to choose the correct reference human genome, the hg38,
which is already indexed from Galaxy’s built-in genome list (1), and selecting appropriate file
extensions or reads for both Forward (R1 paired) and reverse (R2 paired) (2) is crucial. The

output consisted of a sorted BAM file (4) and alignment summary statistics.
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Figure 15: BWA-MEM interface for PDDM (SRR29729000) paired reads.

s
Al Tools . History + = =
| # Map with BWA-MEM T & - un Tool
bwa ¥ x - map medium and long reads (> 188 bp) search datasets ¥ x
against reference genome
(Galaxy Version 8.7.19)
® Show Sections PD 3rd s
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reference index [ 25: MarkDuplicates on data ©® # W
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Figure 16: BWA-MEM interface for PD (SRR29729004) paired reads.
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f- Post-alignment processing
-Duplicate marking and BAM indexing

Principle: Duplicate marking is based on base quality scoring, ensuring that the most reliable
reads are retained for downstream analysis. The importance of this step was highlighted in a
study by (Karca1 & Kafkas, 2024), which showed that skipping the double marker resulted in
the loss of over 42,000 true negative loci and the inclusion of over 10,000 false positives in
variant calling in Pistacia vera. These findings highlight the critical role of duplicate marking
in preserving data integrity and improving the reliability of variant calls in high-throughput

sequencing.

Process:

PCR duplicate reads were identified and marked using the MarkDuplicates tool (Picard,
v3.1.1.0) in Galaxy using default parameters to reduce the number of false-positive variant
calls and increase the accuracy of variant detection. Rather than removing duplicates, the tool
marks reads that originate from the same DNA fragment, often a result of PCR amplification,
which can artificially inflate read depth and introduce misleading variant signals.

Choosing the correct input (BAM file from the alignment by BWA-MEM in ( Figure 16) is
crucial in this phase as seen below in (Error! Reference source not found.; (1). Upon ¢

ompletion, t wo files are outputted (Indexed BAM file and tabular); (2).

rkDuplicates v & - & History + = =
aligned records in BAM datasets to
= . WA searcn datasets ¥ %
: 2nd Pddm -
E n B 14
taset or -
a and dat.
i 4

S

T 1 nput

If true do not write duplicates to the output file instead of writing them w
ith appropriate flags set 2nd Pddm

2 Output ->|_"

-

& History + = =
# MarkDuplicates w & v & ATRCH search datasets ¥ x
examine aligned records in BAM datasets to locate

Assume the input

duplicate molecules PD 3rd 7
(Galaxy Version 3.1.1.8)

S oace = ®exn W2 mu =
= A

Tool Parameters o

Select SAM/BAM dataset or dataset collection * 23 Map with BWA-MEMond @ » B

» ata 14 and data 13 (mapped
0 O . 23: Map with BWA-MEM on data 14 and data 13 (rflapp I npUt reads in BAM format}

ed reads in BAM format)

accepted formats =
If empty, upload or import a SAM/BAM dataset @38 @ ¢ W2 Wwu @
a

_

25: MarkDuplicates ondata @ # W

Output f=»] ="

I
24: MarkDuplicates ondata @ / W
23: tabular

Figure 17: Removing duplicates reads from PDDM (A) and PD (B).
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g-Variant calling

Principle: FreeBayes is a Bayesian-based genetic variant detector designed to call
polymorphisms, including SNPs, indels, and complex events, by directly modelling haplotype
structure from aligned sequencing reads (Garrison & Marth, 2012a). Unlike position-based
callers, FreeBayes uses a probabilistic framework to identify likely genotypes, making it
particularly suitable for both diploid and polyploid organisms. Its implementation has been
widely adopted in large-scale genomic studies due to its ability to call multi-allelic variants and
incorporate mapping qualities, base qualities, and alignment complexity into genotype
likelihood calculations. Studies such as (Baraja-Fonseca et al., 2024) have compared
FreeBayes with other tools (e.g., GATK and SAMtools) and reported its strength in handling

large and complex genomes with consistent performance.

Process
e Pre-processed and deduplicated BAM files were used as input for variant calling.
e The tool FreeBayes: Bayesian genetic variant detector (Galaxy version) was accessed
via the usegalaxy.us server.
e The reference genome was set to Human Dec. 2013 (GRCh38/hg38).
e Variant calling was configured under the following settings:
e Read alignment input: Deduplicated and indexed BAM files
e Ploidy: 2 (diploid organism)
e Target region restriction: Not applied (whole genome)
e Output mode : Default VCF format
e Run mode: Individual (non-batch)
o All other parameters were set to default, optimized for germline variant calling in human
datasets.
e The resulting VCF file contained SNPs and short indels, which were used for downstream

filtering and annotation.
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/ FreeBayes bayesian genetic variant detector TR =
(Galaxy Version 1.3.9+galaxy1)

Tool Parameters

Choose the source for the reference genome

Locally cached

Run in batch mode?
© Run individually
Merge output VCFs

Selecting individual mode will generate one VCF dataset for each input BAM dataset. Selecting the
merge option will produce one VCF dataset for all input BAM datasets

BAM or CRAM dataset *

B 18] O 45; MarkDuplicates on data 43: BAM I t
e INPU
accepted formats ¥

Using reference genome *

Human Dec. 2813 (GRCh38/hg38) (hg38)

y

Output VCF files
1

2nd Pddm /s
PD 3rd ’
S 218 GB & 91 W8
= 213 GB & 914 W4 W14
ar ::
. ® S m
.46. FreeBayes on data 45 (var Fal | 26: FreeBayes on data 25 (var © # W
1ants) jants)

Figure 18: Variant Calling with FreeBayes and Sample-specific Outputs.
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h-Manual SNP Inspection and Cross-validation with External Tools

Principle: To validate whether key genes of interest from literature (such as MCUR1, RAP2A,
and FOS) exhibited variation in our samples, we first performed genome-wide variant calling
using FreeBayes. Then, we applied a manual inspection strategy using two tools UCSC
Genome Browser and SNPnexus; to visually confirm and biologically annotate the existence

and potential pathogenicity of variants found in these genes.

Process:

Step 1: UCSC Genome Browser

FreeBayes-filtered VCFs were uploaded to the UCSC Genome Browser, specifically
exploring chromosomal regions corresponding to MCURL, FOS, and RAP2A.

Zoomed in to specific gene loci to visually confirm the presence of SNPs, Checked for overlaps
with known dbSNP entries to validate variant authenticity, and Confirmed rsIDs (e.g.,
rs3810196 in MCUR1) when available.

Step 2: SNPnexus Functional Annotation
Chromosomal positions extracted from UCSC-confirmed variants were batch submitted to

SNPnexus (https://www.snp-nexus.org/).

Assessed gene consequence (3’UTR, intronic, missense, etc.), Captured non-coding impact
scores (e.g., CADD, FunSeqg2), Retrieved regulatory element overlaps, Used these
annotations to prioritize variants with potential pathogenic or regulatory roles, especially
within PDDM group.This pre-annotation inspection allowed us to correlate raw SNP positions
with known disease-associated variants, increasing confidence in biological interpretation

before further filtering and enrichment.
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» Variant annotation using Single nucleotide polymorphism Effect (SnpEff)
Principle: In this study, we used SnpEff, a well-established bioinformatics tool for functional
annotation of variants (Cingolani et al., 2012Db). It was used to annotate the variants that were
detected in WGS data sets (PDDM, PD,) by assigning predicted effects.

1. Input configuration: Ensure input is a VCF file (VCF output from Freebayes (Figure
18).
2. Output configuration: Match the input format (VCF format)

3. Run the tool to produce summary stats and fully annotated SnpEff VVCF file extension.
Process:

A
Histor + = =
/& SnpEff eff: annotate variants (Galaxy Version 5.2+galaxy®) w & v & y
search datasets ¥ x
Tool Parameters
Sequence changes (SNPs, MNPs, InDels) *
2nd Pddm /s
O @ O . | 55 SnpEffeff:on data 46 1 -
accepted formats =224 GB = 01 Wi ws o
at Input=output from " 3
VCF VCFFilter in 49: SnpEff eff: on data 47 -HTMLst & / B
H ats
Specify the format of input dataset(s) (-i) Finre 20
Output format * 48: SnpEff eff: on data 47 kA ]
VCF (only if input is VCF) 2 Output=set to the 46: FreeBayes on data 45 (variants) & # W
Specify output format (-0) same format Add Tags @
Create CSV report? (\VCR as innit ~12.6M lines 10 columns
No format vcf, database hg38
Useful for downstream analyses and report generation (-csvStats) BSO WL C
Produce Summary State?
c Yes ##fileformat=VCFv4.2
Generates an HTML summary of results (-noStats) ##fileDate=20258522
Output 3
History + = = i History + = =
search datasets ¥ ox I search datasets ¥ x
2nd Pddm 4 ! PD 3rd ’
S218GB = 91 ws o :
= ~i I g 213GB & 01 §: ®u &
% : F
¢5 : I ]
- ]
= . H - 4
49:SnpEff eff: ondata 47-H @ / W [t i 29:SnpEffeffiondata27-H @ /W
TML stats * TML stats
48: SnpEff eff: on data 47 o/ W | i 26: SnpEff eff: on data 27 (oW |

Figure 19: Illustration and the stepwise process of using SnpEff in Galaxy.
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> Filtering high and moderate impact Variants using SnpSift

Due to compatibility issues with the Galaxy version of SnpSift, specifically its inability to parse
ANN fields introduced by recent SnpEff annotations, we encountered multiple execution errors
when attempting direct functional filtering (e.g., by IMPACT or GENE) from. This was crucial
for our study, as we needed the ANN field to isolate HIGH and MODERATE impact variants

for downstream comparative gene analysis.

To resolve this, we transitioned the filtering and extraction of annotated genes to an offline
environment using PowerShell command with SnpSift v5.2 installed (Figure 21 and Figure
22). In Galaxy, we continued using SnpSift only to perform basic quality filtering (QUAL >
100 and DP > 10) (Figure 20) prior to UCSC and SNPnexus investigations.

a

# Snpsift Filter Filter variants using arbitrary expressions (Galaxy Version 4.3+1.galaxy1) " & v a History + 2/ =
Tool Parameters search datasets ¥ X
Input variant list in VCF format *
D © O .| 28Snpiffeffondatazs - PD 3rd ’
accepted formats =
S 2568 2 0505 e w2 2

Type of filter expression &

. . a
Simple expression O t t 87: Snpsift Filter on data 26 .;5_,@ Kol |
e e utou PD1
.
(QUAL > 188) & (DP > 18) 1 ~
> o 28: SnpEff eff: on data 27 é srsu
Need help? See the tool help below for some examples. I n DUt | —

Invert filter

No

Select variants that do not maich the filter expression. (—inverse)
Filter mode L

Retain selected variants, remove others

Additional Options

Figure 20: Quality filtering using SnpSift; QUAL: Quality, DP: Depth.
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» Offline variant filtering using Powershell script

Principle: SnpSift is an extension of SnpEff capable of filtering the annotated VVCF files by
the SnpEff. For this study, variants were filtered to retain only those annotated as having a high
or moderate impact, as these are the most likely to affect protein structure or expression. This
step refines the gene list to include only those variants that are most relevant to disease
mechanisms, such as immune dysregulation or epithelial degradation, which are seen in PD
and T2DM complications (Cingolani et al., 2012c).

We downloaded two variant datasets (Figure 21), one for combined Periodontitis and Type 2
Diabetes (PDDM) and the other for Periodontitis-only (PD), which were pre-annotated using
SnpEff on the Galaxy platform (Figure 19). These files were in VCF format and contained
functional annotations, including predicted variant impact levels. However, due to persistent
syntax errors when attempting to filter HIGH and MODERATE impact variants using
Galaxy’s SnpSift interface (version mismatch), we opted to perform the filtering and

downstream analysis offline via PowerShell.

€ v > ThisPC > Downloads >
o Quick access Name Date modified Type Size l
= Documents [%-] Galaxy2-[SnpEff eff_on data 47).vcf 2025-06-05 7:42 AM vCalendar File 7044777 ...
J Downloads
: 1%=] Galaxy28-[SnpEff eff_ on data 27].vcf 2025-06-05 7:39 AM vCalendar File 6,083,988 ... 2

Figure 21: The two datasets downloaded from the galaxy/history/SnpEff output VCF

files and stored under local machine.

Process:

To start filtering, we installed the necessary environment on a local Windows machine,
including Java and the standalone SnpEff/SnpSift v5.2 package. We then used PowerShell to
execute a series of commands Table Il that filtered variants (High/Moderate impact),
extracted genes, cleaned the data, and compared the gene lists between PD and PDDM groups.
This generated 4 separate files (vcf file containing filtered high and moderate impacts variants
and txt file with a list of associated genes for each group) (Figure 22); the first one for PDDM
having variants of both high and moderate impact, then the second one for PD having also high

and moderate impact variants in the text format (.txt).
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Table 111:The PowerShell workflow for SnpSift.

Step Purpose PowerShell Command
MNMavigate to the cd
working directory ChUsers\DAVE.MO
1 containing TJOLOPANENDOWNI
SnpSift.jar and the ocads\snpEff_latest_
genome database coreZzsnpEff
Filter PDDM java -Xmxdg -jar
dataset to retain SnpSift.jar filwer
2 only HIGH and "(AMNMNI*].IMPACT =
MODERATE impact VHIGHNT) |
variants (AMNMM[*].IMPACT =
Filter PD dataset for java -Xmx4g -jar
HIGH and JASnpSiftjar filter
3 MODERATE impact "(ANN~].IMPACT =
wvariants (from VHIGHN) |
within the PD (ANN[=].IMPACT =
java -Xmx4dg -jar
Extract gene names sSnpSift.jar
4 from the filtered extractFields
PDDM VCF PDDMN_filtered.vcf
ANN[+].GENE =
Jjava -X¥Xmxdg -jar
Extract gene names ASnpSift.jar
5 from the filtered PD extractFields
WCE PD_filtered.vcf
ANN[*].GENE >
Clean and Get-Content
deduplicate the PDDM_genes.txt | |
] PDDM gene list ForEach-Object {
(tab-split, remove S_ -split "t" } |
blanks, sort, Where-Object {
Get-Content
Clean and PD_genes.txt |
T deduplicate the PD ForEach-Object {
gene list S_ -split ""t" } |
Where-Object {
Identify genes Compare—Objgci
e shared between -ReferenceObject
PDDM and PD (Get-Content
groups APDDMAPDDM_ge
nes_clean.txt)
Compare-0bject
Identify genes -ReferenceObject
9 unique to the (Get-Content
FPDDM group APDDMA\PDDM_ge
nes_clean._txt)
Compare-0Object
Identify genes -ReferenceObject
10 unique to the PD (Get-Content

group

APDDMNANPDDM _ge

nes_clean_txt)

v
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Output

A

Downloads > snpEff_latest_core » snpEff » PDDM
~
Name Date modified Type Size
|41 PDDM_filtered vef 2025-06-07 11:19 AM vCalendar File 129,861 KB
B PDDM_genes_clean.bxt 2025-06-07 11:45 AM Text Document 283 KB
Filtered vcf
and clean
PDDM.txt
Downloads > snpEff_latest_core » snpEff > PD
Name h Date modified Type Size
(2] PD_filtered.vcf 2025-06-07 11:59 AM vCalendar File 72,049 KB
D PD_genes_clean.txt 2025-06-07 12:01 PM Text Document 264 KB
Filtered vcf
and clean
PD.txt data
N

A1BG
A1BG-AS1
ALCF
A2M
AZML1
A3GALT2
AAGALT
AAGNT
AAAS
AACS
AADAC

AADACL2-AS1

AADACL3
AADACL4
AADAT

A1BG
A1BG-AS1
ALCF
A2M
A2ML1
A3GALT2
A4GALT
A4GNT
AAAS
AACS
AADAC

AADACL2-AST

AADACLA
AADAT
AAGAB
AAK1
AAMDC
AAMP
AANAT
AAR?

Figure 22: Two .txt files generated by PowerShell with fully annotated and filtered datasets.
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The vcf filtered files were then re-uploaded to galaxy (Figure 23) .

Upload from Disk or Web to Filtered vcf files

Regular Composite Collection Rule-based

You added 1 file{s) to the queue. Add more files or click Start to proceed.

o 125.8ME Auto-detect =] Q [unspecified (7 16 (hg38Patchs) & s "
GRCN38.06 Dec. 2
615 (hg36Patch6)
Data re-upload to

GRCh38.07 Mar. 2
616 (hg3BPatch)

galaxy (filtered vcf
files Figure 22) and
choose correct Ref
aenome

GRCh38.5 Sep. 2
616 (hg36Patch?)

Upload from Disk or Web

tarInv Dec. Zororrer
RCh38TartarThg3
8) (tarlhg38) "

Type (set all):| Auto-detect = Q Reference (set all): ngad

v
] Choose local file | B Choose remote files | [# Paste/Fetch data us: Reset  Close

Figure 23: Re-upload of cleaned and filtered SnpEff vcf files.

The re-uploaded dataset files (vcf) were then integrated into UCSC genome browser to cross
check the existence of common SNPs (rsIDs).

Principle: UCSC, https://genome.ucsc.edu/ is a Genome Browser allowing researchers to

view the 22 autosomes and the sex chromosomes (chrY and chrX) at any genomic level of
detail. This includes everything from the complete chromosome to a single base pair. The
browser compiles data from scientists and research conducted at UCSC and elsewhere into an
interactive, easy-to-navigate graphical interface. The browser also contains genomes for more

than a hundred other organisms.

SANTH CRUJ Gengmies 5 T Genome Browser

rowser Downloads My Data Srojects Help About Us
Hi

Human GRChaZ/hg19

Human T2T-CHM13/hs1
Mouse GRCm32/mmag

Mouse GRCm38/mm10

Genome Archive GenArk
Other

Try ournew =
clinical tutorial

m Genome Browser - Interactively visualize genomic data June 11, 2025 - EVA SNP release 7 for 40 assemblies

m BLAT - Rapidly align sequences 1o the genome May 21, 2025 - Varaico variants track available for human (hg38 & hg19)
= In-Silico PCR - Rapidly align PCR primer pairs o the genome May 19, 2025 - New GENCODE V48 for human ( and vm3...
m Table Browser - Download and filter data from the Genome Browser May 14, 2025 - New Exon Relevance RTS and gnomAD pext track for hg38

= Lifiver - Gonuert gencme coordinates batweal Ehoa May 5, 2025 - VISTA Enhancers track update for Human and Mouse

= REST API - Retums data requested in JSON for Mar. 31, 2025 - New Pseudogenes track for hg3g
= Variant Annotation Integrator - Annotate geno

m More tools... | More news... || Subscrive |

Meestings and Workshops: Come see us in person!

m Children's Mercy Genomic Medicine Short = VU Medical Center Amsterdam [Full] — = Radboud University Medical Center [Full] --
Course - Kansas City, MO. June 12, 2025 Amsterdam, Netherlands. June 23, 2025 Niimegen, Netherlands. June 24, 2025

e s e e b ke e s Medical Center = ECA Copy-Number Variant Conference — = University Medical Center Utrecht [Full] -

Figure 24: Interface pf UCSC Genome Browser
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Process:

Data import via galaxy server into UCSC

e Navigate to galaxy history panel (A).

e Click on the (eye icon) (1) corresponding to vcf file (newly uploaded Figure 23).

e Galaxy will open a new panel (2) on the left with a list of suggest tools to visualize the
data, and choose the one suitable for making visual cross link between the variants found

in the genes of interest and the analysed data (in this case we chose UCSC) then search
for a gene of interest in the search bar (B).

. Filtered vcf files ’
v 2: PDDM_filtered.vcf ok
filteredvcf
@ Preview @ Details # Edit & 245 MB a2 o1 w2 g
& o
You can display your dataset with the following links: 2: PDDM_filtered.vcf = ol | ‘
[Easeiay at UCSC ( %in < " PDDM |
2. display with IGV ( L) 4
3. display at vcf.iobio ( vcf.iobio.io ) 2 1: PD_filtered.vct = % ’ 8
PD X |
or select a visualization from below. Add Tags @ 1
908,465 lines 18 columns, 526 comments
Inputs ‘ '
. . . p format vef, database hg38
Visualizations
uploaded vcf file
search visualizations
B¢ 0w L
| B Line and Scatter
(1]] Basic Diagrams from http://plotly.com Fefileformataycua. 2
##FILTER=<ID=PASS,Description="All filters passed">
L) Box Plot ##fileDate=20250522
.
lll l ##source=fresBayes v1.3.9
Box Plot from http://plotly.com
##reference=/cvmfs/data.galaxyproject.org/byhand/hg38/sam_index/}
€ Editor d D

\4 v A4 v v

UCSC Genome Browser on Human (GRCh38/hg38)
< > > 3 Z Sasa 2 .

Move <cc <<

om RefSeq NM_001031713.4))

Scake o
ches: 2.790,000| 13,795,000 73,800,000| 13.805.000] 13.870.000(
POOM _fitered vc! compressed
Neved.ve! compressed | 1
GENCOOE V48 (2 tems Stered out)

OMIM Genes

Cammon (1000 Genomes Phase 3 MAF >« 1%) Short Genetic Variants from chSNP Release 155
BMTSSGA| 1311961150 GAC 5138710450 CT | 7028613 C/A|  e01MITIGA] 145522282 GA|  rs007%0710 TIC| 360348526 T/G |
34000 TAIG| 138920001 G/A| 75733043 ACT 76229032 T/C. 512662608 G/A | ! 77 TA 73300458 AG|  rs12197637 T/G |
BISN5AG| 70474319 CT| moeTSes0 GA| 3180196 T NS0 TA|  m198762758 GA 36901643 TIA | 75885770 CT|
52005 TIA| 357300425 TIC|  rseaa0ase GIATT| 35536823 G/AC| 9475404 G/A|  re6018488 CAT| 73360457 GA |
36922822 TIAC| 560317605 G/A|  rs7a2s4sat AG| 71 ¢ no0e16S TC|  m76842014GT|  rees0an1a TIC| 51204144 CAGT|
mATISHECAG|  mTHESACG|  n9denT CT 577845308 T/C| 57418214 CAGT| 375185252 TIG|
3110091158 G/A | 75625768 CGT| 372147121 (AATTHAATAATTIZAA| 56918108 CG/T | $12208208 GAT
3622246 CA | 13945835 GACT| 4712109 TACG | 78425841 TC| 5111347308 OT|
80133000 ACG| 75602422 GA m1aTeeact 1 CGT 4715573 GAC|
511411080 doiins | 56876256 GAT 5147006721 TA 142073480 TACG |
77850811 TIAC A6 CA| 52081600 ATIATAT 60808001 (N7 MSTEMS|
774423890 AG 10674565 AARACAAAA ARAACAIZAAA | 112077641 CT
312523834 GAT|

Figure 25: Importing galaxy data to UCSC for cross checking (variants in gene of interest
and our data).
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» Enabling of the Custom Tracks with UCSC

Principle: Custom tracks which is basically composed of our dataset samples is by default
enabled upon opening of the UCSC. But it must be customized based on the relevance of the
study. For example; OMIM and ClinVar are enabled for evaluation of the clinical relevance
and disease association. After choosing the required customs, click on the refresh to add it to
the top main interface (welcome screen Figure 25).

(- LHGN DTG || NG || 1 IUT G || IVIGHGYT DU UGURS || WUIYUIS || INSYGIOT | | 1NTeT Lapanu an

@ PD_filtered.vcf @ PDDM_filtered.vef
compressed compressed
compress: s Our datasets

-
Base Position Assembly ™ Assembly_Iracks Centromeres ™ Clone Ends ™ Exome Gap
dense v i hide v i Probesets
GC Percent P14 GRC Patches H i M| iftOver & ReMap LRG Regions B Mappability

i i hide ~ hide v hide v
= Problematic Regions RefSeq Acc L

i
DS i ™ GENCODE Updated HGNC @ IKMC Genes Mapped
e il hide ~ hide ~
LRG Transcripts MANE = MGC/ORFeome ™ Non-coding RNA  Other RefSeq Pfam in GENCODE ™ Prediction New B Pseudogenes
back Genes Archive
UCSC Alt Events ™ UniProt
Phenotypes, Variants, and Literature

= OMIM Al i = CADD 1.6 = CADD 1.7 = Cancer Gene Expr i i # ™ ClinGen CNVs
i - hide v
B ClinVar Variants i @ Coriell CNVs Updated COSMIC #% COSMIC Regions B COVID Data B DECIPHER B Development Delay
e ] e~ e v
= | )osage Sensitivity GenCC Gene Interactions GeneReviews GWAS Catalog HGMD public ™ | OVD Variants New ™ MITOMAP

hdo v hide
@™ REVEL Scores ™ SNPedia icing Impact
hide ~

Variation

hide v [No data-chr13]

Updated B Variants in Papers

® dhSNP 155 ™ Array Probesets B dbSNP Archive Updated B gnomAD Variants
w i

Figure 26: Custom Tracks within UCSC genome browser.

The objective for steps above in (Figure 25) was to visually identify overlaps between SNPs
in the filtered datasets (the 2 vcf files uploaded into galaxy Figure 23) and three candidate
genes of interest, MCUR1, FOS, and RAP2A,; based on evidence from prior literature. For each
gene, we manually examined the genomic coordinates to determine whether SNPs in our
datasets aligned within or in proximity to these genes. Where alignment was confirmed, the

chromosome position, reference, and alternate alleles of the matching SNPs were recorded.

For MCURL1 variants (rs Ids) , we chose those ones overlapping with our base change in our

data T>C and those lying within the close range in order to maximize the quantity of variants.
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Manual inspection of the overlapping common variants (our dataset mapped with RefSeq and

the gene of interest) was done by:
Process:

e Visually track or trace down (to the common dbSNPs, B) the colored vertical pairs
(marked in red boxes below, A), this will reveal to which variant/rs ID position each
pair corresponds to in the common or known variants in (Figure 27), B. This manual
visualization was consistently applied for all three genes (MCURL1, FOS, RAP2A) with
both filtered VCF data files (PD_filtered_vcf and PDDM _filtered_vcf).

Muiti-region  chr13:95,703,649-99,199,648 3,496,000 bp. |gene, chromosome range, search terms, help pages, see exan | Search Examples

‘:hr!i! (q32.1q32.3)
‘ Scale
chri3 96,000,000/
‘ PD filtered.vcf compressed
filtered.vef compressed | | | I | [RSUIRR] 111
PDOM filtered. vcf compressed
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A
c
d
c
gl |
c
JGGA/GGGGG/AGGGC [
A
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g
c
A
A
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:
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A
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Common (1000 Genomes Phase 3 MAF >= 1%) Short Genetic Variants from dbSNP Release 155
rs3803251 T/A/C/G | r$1304392 T/C| 159584579 G/A | 12039086 T/C|  rs12184576 T/A | rs7335007 A/G|  rs115949904 C/G/T | rs74105475 A/G|  rs9584582 T/G | 112873919 T/AIC|
|

15572134854 C/G/T 15149184165 delins |  rs118092056 A/G | G/A| TC| 54 G/T| o 159300413 C/G/T|  rs2380910 /G|  rs7995650 C/G/T |
1535791914 delins | rs115720237 G/A/C/T| 159300411 T/AC| 1575177904 C/ATT | 15145529817 T/C | 1574105473 T/C|  rs79826256 C/T| rs7990663 AIG| 15113677896 G/A | 159584583 C/T
5140107417 AAA/AAAA | rs77927404 T/-| rs9556721 G/A | rs9582133 C/T | 5114166170 A/C/G | rs150695407 CTCTC/CTC | rs10671555 AA/AATTAA | rs78289842 C/A/G/T |
1312100323 C/G 5185685628 G/A|  rs116282661 C/IT | 159582134 G/A | 159513244 G/A/C|  rs115701849 AT | 15147906966 G/A | 1545560245 T/A/C |
159584577 A/G/T | 1575225980 T/G | 152389908 G/A | 1579809248 A/C| 15114404837 A/G | rs71739776 T/TT| 159300414 A/C/T | 15138855872 (T)7/(T)6 |
4518 (TGCT)2T/TGCTT | rs9584578 G/ATT | 1560880333 A/C | 1574105468 T/A | 1556209531 C/A/T| 159584581 G/C | 15540159166 A/T | 1511380177 delins |
5201261187 T/-| rs9582132 C/A/T|  rs2389909 G/T| 5114990434 G/A | rs61003179 CT/CTCCT|  rs60791550 A/G | rs7987426 T/A | 1117393201 A/C/G |
15145485936 (T)7/(T)6 | 1574105466 A/C| 175079105 C/T | rs56396307 C/T rs533390943 delins { rs142042610 (TTA)2T/TTAT |
8139320730 TTGTT/TT/TTG)2TT| rs58708859 (T)6/(T)5/(T)7 | rs77602018 T/A/C/G rs572586195 T/C/G | 379357399 A/T |
59300412 A/G | rs71117646 TATACTTT/T| rs9582135 A/G|  rs114353083 AT |
1s5806015 (T)10/(T)9/(M)11/(T)12| 1$80228972 A/G | rs113072747 AIGIT |
15112421470 G/A | 1574105476 G/A |

15138886855 AGAG/AG|  rs9554396 G/C/T |
1510714074 TTT/T/TT|
15201258269 delins |

511616843 C/T|

13142389958 C/A/G/T |

rs117351557 A/G |

17334980 A/G |

Figure 27: Visual inspection of common variants in UCSC genome browser.
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These verified SNP positions, corresponding to regions of interest identified in UCSC, were
extracted as simple coordinate sets and prepared in tabular format (CHROM, POS, REF,
ALT). This curated list formed the input for the subsequent SNPnexus analysis, where further

functional, regulatory, and pathogenic annotation was performed.

All visually observed rsIDs that aligned well with our custom tracks (PD and PDDM vcf data
files) were recorded for each of the 3 genes separately, then uploaded to SNPnexus Figure 28
(B), which is basically a web-based platform that supports comprehensive annotation of
genomic variants across multiple biological contexts, to functionally characterize and prioritize

single-nucleotide polymorphisms (SNPs) based on the following criteria Figure 29:

e Gene-centric consequences via RefSeq, Ensembl, and UCSC.

e Pathogenicity predictions via CADD, SIFT, and PolyPhen.

e Regulatory element overlaps from ENCODE and Ensembl Regulatory Build.

e Clinical associations from ClinVVar, OMIM, and GWAS. Its ability to annotate both
coding and non-coding variants from the GRCh38 human genome assembly makes
SNPnexus highly suitable for disease-related variant prioritization workflows (Dayem
Ullah et al., 2018).

Y
YO Bma“rrs ang_ The London

SNPnhexus

Queen Mary University of London

Home About User Guide Example Citation Contact

Dear user, We'd love to hear your thoughts on SNPnexus! Take a few minutes to complete our short survey and help us improve the tool. Your feedback is
crucial in shaping the future of SNPnexus. We will greatly appreciate it. Thanks!

SNPnexus is a web-based variant annotation tool designed to simplify -
and assist in the selection and prioritisation of known and novel genomic ;_ Analyse, interpret and prioritise sequence v.. i
alterations. Check our video tutorial. e =

SNPnexus if freely available for academic and non-profit use only.
Due to increased demand, we are limiting the maximum number of
variants in a single batch query to 10,000.

If you are a commercial user/service provider, if you need to run larger
querles, or If you are Interested In a customised version of SNPnexus,
please contact us on info@snp-nexus.org

Querceais g REGIStEred A

By gl Upload query (rsIDs) B

3 Annotation Categories 4. . .
Configurations C

Figure 28: SNPnexus interface.

40



Materials and Methods

Process:
e Upload of query (rsIDs identified at (Figure 27) and we chose a minimum of 6/7 per
gene.
e Configure Annotation category as shown below in (Figure 29).
e Then click submit query.

B Annotation Categories Select All
Gene/Protein Ensembl RefSeq ucsc CCDs
Select All
Consequences
Effect of Non-synonymous Coding SIFT
SNPs on Protein Function PolyPhen
Population Data 1000 Genomes (] African [J American () East Asian
Select Al () European ) South Asian
HapMap O Asw 0O ceu O cHB
Select All O CHD O GIH O HCcB
O JPT O LwK O MEX
) MKK 0 TSI O YRI
gnomAD [ African / African O Latino O East Asian
Exome Data American
J Non-Finnish
Select All J Finnish J other
European
[ South Asian
o
gnomAD African / African O Latino ) East Asian
Genome Data American
O Non-Fi h
Selcctll OJ Finnish on-rinns J Other
European
Regulatory Select Al miRBASE
Elements CpG Islands

[ TarBase miRNA Target Sites

[J microRNAs (miRNA Registry) / snoRNAs and scaRNAs (snoRNA-LBME-DB)
Ensembl Regulatory Build
ENCODE
() Roadmap Epigenomics
Phenotype & Disease Association Clinvar
[ Catalogue of Somatic Mutations in Cancer (COSMIC)
NHGRI Catalogue of Published Genome-Wide Association Studies
Non-coding Scoring CADD - Combined Annotation Dependent Depletion
FunSeq2
Structural Select Al O Ga!n O Loss )
Variations ] Gain+Loss O Duplication
] Deletion O Insertion
) complex O Inversion
[ Tandem Duplication [J Novel Sequence Insertion
J Mobile Element Insertion () Sequence Alteration
Pathway Analysis [J Reactome

I Submit Query

Figure 29: SNPnexus query configuration.
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» Gene set comparison via Venn Diagrams (Preparation for biological
interpretation)

Principle: To explore the biological convergence and divergence between PD-only and PDDM
gene sets generated at (Figure 22), we used 2-set VVenn diagram analysis (Lam et al., 2016).
This visual representation aids in identifying shared genetic factors and those exclusive to each
condition, providing insights into potential common pathways and distinct mechanisms

underlying. T2DM and PD comorbidity. https://bioinformatics.psb.ugent.be/cqi-
bin/liste/Venn/calculate venn.htpl.

<« C @ 2% bioinformatics.psb.ugentbe/webtools/Venn/ hig s © O ® B O

b
§

PEOPLE RESEARCH GENOMES PUBLICATIONS SOFTWARE JoBs LINKS INTRANET PRESs

With this tool you can calculate the intersection(s) of list of elements. It will generate a textual output indicating which
elements are in each intersection or are unique to a certain list. If the number of lists is lower than 7 it will also produce
a graphical output in the form of a venn/Euler diagram. You have the choice between symmetric (default) or non
symmetric venn diagrams. Currently you are able to calculate the intersections of at maximum 30 lists.

The graphical output is produced in SVG and PNG format.

Downloading the figure in SVG format will allow you to further customise it with SVG compatible software such as for
instance InkScape (which is freeware)

Enter files (in plain text format!) with a list of elements and/or copy-paste lists in the appropriate fields. The lists can

contain only a single element on each line, but there is no limit on the number of lines. If a line contains text seperated

by spaces or tabs this will be considered as a single element (so no splitting of lines on white space). The elements

are processed in a case-sensitive manner (so lowercase and uppercase are seen as two different elements)! The input

lists will be processed and made non-redundant (= duplicated elements in each list will be removed such that only one

The 2 Outputs remains). You can make exira fields for entering files/lists by clicking the 'Add Another " button. The style of the
graphical output can be specified in the output control section. Choose either symmetric of non-symmetric.

( tXt) from Click 'submit to start the analysis.

POWGrShe I I Unfortunately there is no publication yet describing this tool. In the meantime we would be grateful if you can mention

(H igh + the URL where one can access the tool
Moderate impact NPT secton
variants) in both upload files:
PDDM and file 1: [ Choose File | No file chosen | Remove] %

PD: I nputs file 2: | Choose File ‘No file chosen | %

Provide name for file (optional
file 3: | Choose File | No file chasen | i
\Add Another File)

Provide name for file (optional):
file 1:| Choose File |PD_genes_cIean,bd | | PD (optional)

Provide name for file (optional):
file 2:| Choose File |PDDM_genes_clean_txt | Remove | 28 )

PDDM
A
Submit

A 4

INPUT section

upload files:

A

Reset

Assign appropriate
names

Figure 30: Interface of Webtools Venn for Bioinformatics.
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The venn diagram generated 1 output gene list in .txt format named
(venn_result1749299305304532341.txt); separated by their unique naming, (PDDM + PD,
PDDM only, PD only). The gene list from Venn diagram contained some unrecognized
formatting or characters (3) and spaces, so in order to prepare them ready for biological
interpretation, we cleaned them using the PowerShell prompt (Figure 31), generating 1 input
file named (venn_cleaned_genes.txt) which we split into 3 (according to the corresponding
gene list) gene list with correct formatting and named differently (genes_shared,
genes_pddm_unique, genes_pd_unique) in order to distinguish them from the first output
(Figure 32).

powershell
cd "$HOME\Downloads™

Get-Content "venn result1749299305304532341.txt" |
Foreach-object { $ -replace "[~\x2@-\x7E]", "" } |
Where-Object { $ -match "A[A-Za-z@-9 -]+%" } |

Set-Content "venn cleaned genes.txt"

Figure 31:PowerShell command to clean and remove the unknown formatting.

cd "$HOME\Downloads"

# Load all lines

$lines = Get-Content "venn cleaned genes.txt"

# Create empty arrays
$shared = @()

$pddm = @()

$pd = @()

# Detect blocks by header

$currentList = ""

foreach ($line in $lines) {
switch -Regex ($line) {
"shared"; continue }

"APDDM\ 54+PD" { $currentList

"~pDDM\b" { $currentList = "pddm”; continue }
"~pD\b" { $currentList = "pd™; continue }
default {
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it ($line.Trim() -ne "") {
switch ($currentList) {
"shared” { %$shared += %$line }
"pddm” { $pddm += $line }
"pd” { $pd += $1line }

# Save each group to a file
%$shared | Set-Content "genes shared.txt"

%$pddm | set-content “genes_ pddm unique.txt”

%pd | set-Content "genes pd unique.txt"”

Figure 32: The PowerShell command for splitting the cleaned venn diagram gene list into

their 3 correspondance groups.

i-Visualization using UpsetR in Rstudio

Principle: The R and Rstudio was already installed in our local machine downloaded from
CRAN's official website https://cran.r-project.org/. With the power and integration of UpsetR;

a super powerful open-source statistical programming language in bioinformatics (Conway et
al., 2017), we analyzed data, visualize and interpret with its user-friendly interface for coding,

plotting, and managing packages (A, B, C).

Process:

Firstly, we ran the following command to install UpsetR in Rstudio:
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install.packages("UpSetR™)

v

Loading and giving the B
commands in Rstudio for UpsetR
to find interaction of the 3 groups
of gene

<"II | ]}

# Reload

pddm clean <- scan("PDDM genes clean.txt™, what = ", sep = "\n")

pd clean <- scan("PD genes clean.txt™, what = "", sep = "\n")

shared_clean <- intersect(pddm_clean, pd_clean)
# Save to new file name
writeLines(shared_clean, "genes_shared_fixed.txt™)

# Confirm

length(shared_clean)

v

Commanding UpsetR C
to plot the interaction

\

shared <- scan("genes_shared fixed.txt", what = "", sep = "\n")

# Rebuil d A |4t £ [ InSet
Rebuild 1nput L1sT jor UpSet

input <- list(PDDM = pddm _clean, PD = pd_clean, Shared = shared)
N

# Plot the final UpSet

upset(fromList(input), order.by = "freq”)

Figure 33: The UpsetR workflow in Rstudio to find the interaction between the 3 groups

of genes (PDDM, PD only and Shared).
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k- Functional interpretation with gProfiler

Principle: A functional enrichment analysis was conducted using g:Profiler,
https://biit.cs.ut.ee/gprofiler/gost ,(Figure 34), which is a web service that automatically

detects statistically significant (overrepresented) Gene Ontology (GO) biological and
biochemical pathways (KEGG, Reactome) and regulatory elements within gene lists
(Raudvere et al., 2019).

°  biit.cs.ut.ee/gprofiler/gost ¥ s @ O @ o 8 & & B 9D g O
g . P[’Oﬁ ]_ e I News Archives Beta API R client FAQ Docs Contact Cite g:Profiler Services using g:P GMT Helper =

g:Profiler has been updated with new data from Ensembl.

Show more... Close

g-GOSt g:Convert g:Orth g:SNPense

Functional profiling Gene ID conversion Orthology search SNP id to gene name

Query Upload query Upload bed file .
Options

Input is whitespace-separated list of genes @ .
Organism: @

Homo sapiens (Human)

Highlight driver terms in GO @
() Ordered query @
) Run as multiquery @

Advanced options ¥
Bring your data (Custom GMT) ¥
ra
m random example mixed query example
g:GOSst performs functional enrichment analysis, also known as over-representation ParasSite. In addition to Gene Ontelogy, we include pathways from KEGG Reactome and
analysis (ORA) or gene set enrichment analysis, on input gene list. It maps genes to WikiPathways; miRNA targets from miRTarBase and regulatory motif matches from
known functional information sources and detects statistically significantly enriched TRANSFAG; tissue specificity from Human Protein Atias; protein complexes from

The input data consisted of gene sets obtained from the cleaned Shared, PDDM-unique, and
PD-unique VCF files in .txt format. The analysis was run with default settings granting FDR
correction using the Benjamini, Hochberg method, and the outcomes were saved in TSV files
for further analysis and visualization.
a) Input gene lists (shared, PDDM-only, PD-only) were uploaded in the query after being
cleaned using PowerShell.
b) Used default settings, including:

a. Benjamini—-Hochberg FDR correction
b. Only annotated genes for statistical scope.
c. Highlight driver GO terms.
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¢) Ran the query and exported results as TSV for interpretation.

d) Identified key enriched pathways and GO terms relevant to diabetes and periodontitis,

such as:

a. Biological regulation,
b. Signal transduction,
c. Cell communication

Archives Beta API

g Broﬁ 1§r News

g:Profiler has been updated with new data from Ensembl.

Show more... Close

g:Gost
Functional profiling

g:Convert
Gene ID conversion

g:orth
Orthology search

g:SNPense
SNP id to gene name

Query Upload query Upload bed file

genes_pddm_unique.ixt

PDDM 1
unique

genes=input

The default input of g:GOSt is a list of genes/proteins. g:GOSt accepts a simple whitespace-separated gene
lists that can consist of mixed types of gene IDs (proteins, transcripts, microarray IDs, etc), SNP IDs,
chromosomal intervals or term IDs. Example:

X:1000: 1000000
rs17396340

G0: 0005005
ENSGOeeee156103
NLRP1

Multi-queries consist of several gene lists that can be submitted to g:GOSt for comparative enrichment analysis.
Each individual gene list needs a FASTA style header line ( > QueryTitle ) that can include a query title.

Run auen random examnle mixed auerv examnla

R client FAQ Docs =

g:GOSt
Functional profiling

g:Convert g:orth
Gene ID conversion Orthology search

g:SNPense

Query Upload query Upload bed file

genes_pd_unique.txt

PD unique
genes=input

SNP id to gene name

> C [ % bitcsutee/gprof.. ¥r L} H 9 g 0 o @ »

g:GOSt
Functional profiling

g:Convert g:Orth
Gene ID conversion Orthology search

g:SNPense

Query Upload query

Upload bed file

genes_shared.txt

Shared
genes=input

SNP id to gene name

v

Options
Organism: @

Homo sapiens (Human)

Highlight driver terms in GO @
[ Ordered query @
) Run as multiquery @

Advanced options A

) Al results ©
() Measure underrepresentation @
[ No evidence codes @
Statistical domain scope @
Only annotated genes v
Significance threshold €
g:SCS threshold v
g:SCS threshold 2

Bonferroni correction

Eenjamini-HDchRerg FDR

ENTREZGENE_ACC v

Data sources A

select all clear all Show data versions

Gene Ontology

(J GO molecular function

O GO cellular component

GO biological process

[ No electronic GO annotations @

biological pathways

KEGG

Reactome 3
WikiPathways

regulatory motifs in DNA

[J TRANSFAC

(J miRTarBase

protein databases

[J Human Protein Atlas

[J CORUM

Human phenotype ontology
O HP

Figure 35: The g: Profiler genomic analysis workflow.
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Results

Chapter 3: Results
3.1. Results of the FASTQC on PD dataset

A preliminary FastQC assessment of the periodontitis dataset (SRR29729004) confirmed that
both forward and reverse reads exhibited high sequencing quality, with the majority of base
positions scoring above Q30. As typical with Illumina data, a slight quality decline was noted
at the 3’end of the reverse Appendix B-(Top) and Appendix C-(Top). To address this,
Trimmomatic was applied to remove adapters and low-quality bases. Post-trimming FastQC
analysis demonstrated a clear improvement in read quality across all positions, with the
majority of bases falling within the high-quality zone and no sequences flagged Appendix B-
(Bottom) and Appendix C-(Bottom).

(Figure 36)summarizes the basic statistics for forward reads before and after trimming. The
total number of bases decreased from 53.8 Gbp to 49.2 Gbp, indicating that approximately 4.6
Gbp of low-quality or adapter-contaminated bases were trimmed. The GC content slightly
increased from 42% to 43%, reflecting the removal of biased regions. These results confirm
the effectiveness of the pre-processing step and validate the dataset's readiness for downstream
analysis.

3.1.1. Results of FASTQC on PDDM dataset

Dgasic statistics @Basic Statistics
T T
Filename forward.gz forward.gz Filename
File type Conventional base calls Conventional base calls File type

Encoding sanger / Illumina 1.9 Sanger / Illumina 1.9  Encoding

Total sequences 355868863 336229430 Total Sequences
Total Eases 5.38.TL___.__I_’EZE_-___--_I Total Bases
Sequences flagged as poor guality @ 8 Sequences flagged as poor quality
sequence length 158 38-159 Sequence length
e e T T T T
Figure 36a: Basic statistics for PD dataset (forward reads) before (left) and after (right)
trimming.
@Basic Statistics @Basic Statistics
I T
Filename reverse.gz reverse.gz Filename
File type Conventionzl base calls Conventional base calls File type
Encoding Sanger / Illumina 1.9 Sanger / Illumina 1.9 Encoding
Total Sequences 359250053 336229430 Total Sequences
Total Bases 53.8 Gbp 44.7 Gbp Total Bases
Sequences flagged as poor quality e o Sequences flagged as poor quality
sequence length 158 30-150 Sequence length
HGC a3 2 %6C

Figure 37b: Basic statistics for PD dataset (reverse reads) before (left) and after (right)

trimming.
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Initial FastQC analysis of the forward reads from the Periodontitis with Diabetes Mellitus
(PDDM) dataset revealed high-quality sequencing data, with most base positions showing
Phred scores above Q30 Appendix D-(Top) and Appendix E-(Top). A minor decline in base
quality was observed toward the 3’ end, a common feature in Illumina sequencing.
Trimmomatic was used to trim low-quality bases and remove adapter sequences. The post-
trimming FastQC analysis confirmed enhanced base quality and the successful elimination of

trailing low-quality segments Appendix D-(Bottom) and Appendix E-(Bottom).

As shown in (Figure 38), the total number of bases decreased from 56.6 Gbp to 53.1 Gbp after
trimming, indicating the removal of ~3.5 Gbp of low-quality or adapter-contaminated
sequences (<~6.2%). The GC content decreased slightly from 41% to 40%. These results support

the effectiveness of the pre-processing step in improving data quality for downstream genomic

analysis.

@Basic Statistics @gasic statistics
BT ST T
Filename forward.gz forward.gz Filename
File type Conventional base calls Conventional base calls File type
Encoding Sanger / Illumina 1.9 Sanger / Illumina 1.9 Encoding
Total Sequences Zﬁﬁgﬂa ....... 3 EE!Z?B&_ l Total Sequences
Siim o Ame ] e
Sequences flagged as poor quality @ @ Sequences flagged as poor quality
Seguence length 150 50-158 Sequence length
e :_.41 ......... T I =

Figure 38: Basic statistics for PDDM dataset (forward reads) before (left) and after
(right) trimming.
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The reverse reads for the PDDM dataset were subjected to the same processing pipeline and
displayed similar quality trends, as reflected in the corresponding FastQC results and Figure
39.

@Basm Statistics @Basm Statistics
Filename reverse.gz reverse.gz Filename
File type Conventional base calls Conventional base calls File type
Encoding Sanger / Illumina 1.9 Sanger / Illumina 1.9 Encoding
Total Sequences = 377.681840. ' i : 364;45626- Total Sequences
— . — — — m— m— —
_— S S S
Total Bases . 56.6 Gbp 51.5 Gbp = Total Bases
- I ’ %) Sequences flagged as poor quality
Sequences flagged as poor quality @
Sequence length 150 36-150 Sequence length
. e R T T XGe
Xoc LAl p—— . . Sy

Figure 39: Basic statistics for PDDM dataset (forward reads) before (left) and after (right)

trimming.

3.2. Results of the BWA-MEM alignment tool and deduplication
(MarkDuplicates)

3.2.1. PD and PDDM dataset BWA-MEM results
A condensed summary of key alignment metrics is shown in Table 1V, while additional plots
and metrics are detailed in Appendix F.

This dataset also demonstrated high-quality alignment:

Table IV: BWA-MEM alignment results.

Metric PD Dataset PDDM Dataset
Total input reads 679278372 730755529
Mapped reads (%) 99.5% 99.74%
Properly paired 62.81% 69.35%
reads (%)
Duplicate reads 0 0
(%)
Read length 150 bp 150 bp
Mapping quality 60 (high) 60 (high)
(MAPQ)
Reference genome  GRCh38/hg38 GRCh38/hg38
Visual IGV (Integrative Genomics IGV (Integrative Genomics
confirmation tool Viewer + vcf.iobio.io) Viewer + vcf.iobio.io)
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As visualized in Appendix F, chromosomal alignment coverage was well distributed across
all GRCh38 chromosomes. The balance between forward and reverse strand alignment was
nearly 50:50, indicating proper orientation.

In (Figure 40-42), the mapping quality distribution is illustrated. The majority of reads have a
MAPQ score of 60, signifying uniquely and confidently mapped reads. A smaller proportion
maps with low confidence (NM = 0), possibly reflecting reads that map to repetitive or random
regions. The BWA-MEM score is represented below at (Figure 40) with the colour coding.
IGV (Integrative Genomics Viewer) https://igv.ora/ (Figure 40 and Figure 41) was used to

visually validate alignment quality and detect variant-rich regions. It enables real-time
inspection of read coverage, mismatch profiles, and mapping quality across reference loci
(Robinson et al., 2011) .

s Regions Tools  Heln
- . S ———— o Bt e = @O X o | S o &

R B T T T S =

118 260 ke
I

z
. -
L [ R
{ L '

Ratuaq Setect

| SRR

¥4 45: MarkDuplicates on data 43: BAM

Read name = SRR29729000.E100013473L1C022R0273726745
Read length = 150 bp

Flags = 81

Mapping = Primary @ MAPQ 60

Reference span = chr2:116,249,289-116,249,438 (-) = 150bp
Cigar = 150M [

Clipping = None

Mate is mapped = yes

Mate start = chr2:116248935 (+)

Insert size = -503

First in pair

Pair orientation = F2R1

MC = 150M

PG = MarkDuplicates Color panel

NM =0

MQ = 60

A Gray = Match to reference
Hidden tags: MD = Mismatch

Location = chr2:116,249.325 = |nd6|

Base =C @ QV 36

Figure 40: IGV detailed view of an individual read alignment PD on chromosome 2
(GRCh38/hg38), (SRR29729000) on position 150 bp in length and mapped as a primary
alignment with a mapping quality (MAPQ) of 60.

52


https://igv.org/

Results

] a
File Genomes View Tracks Regions Tools Help

Human (GRCAI8/hg38) - chrz - OnM2:121,094,232-121,097,779 o B 4 = &M = = | [ LR RRTANRRRRTN! [NRARIN
T — T — -
P9z ped paat paiz pe2s pav | piez  BIS piEa  piz BTz oaid AZit o ared  GELT qeadasd QI qina ame  amn T GE nder i
3548 bp

121,095,000 bp 121,096,000 bp.
i .

o x

Z i Map with BWA-MEM

Map with BWA-MEM Cavsrage

[~ =
T I T T
Read length = 150 bp

Flags =97 - ]

Read name = SRR29729000.E100013473L 1C0O12R0224307058
Read length = 150 bp

Flags = 97

Mapping = Primary @ MAPQ 60

Reference span = chr2:121,096,267-121,096,416 (+) = 150bp
cigar = 150M]|

Clipping = None

Mate is mapped = ves

Mate start = chr2:121096550 (-)

Insert size = 395

First in pair

Pair orientation = F1R2

MC =111M
NM =0
MQ = 60
AS = 150
Xs =20

Hidden tags: MD

Location = chr2:121.096.349
Base = C @ QV 36

i 1
_— | — — — 1 [ [N}
— I 2 1 N - | A || |
> | — S — Mapping — Primary @ MAPQ 60 — ————— [
I N B S pofcrence span = chr2:121,096,267-121,096,416 (<) = 1308, I | " 1 B ———} [y
I S L3 H - | N ? " — ——— [l [ A | -
— A ] Cigar = 150M] I 1l 1
I I Clipping = None | —— — | — I
I A [ | S B il & [
EeaE—— | I — —
I | — Mate is mapped = yes i a— — a——
—— J - Mate start = chr2:121096850 (-} | (_— x [ 73]
— | I - L4 A ]
Map with BWA MEM + I c—— — -
H n I A I |
e | AR 1 —_——
1l A N - A 1
| o L] } -
| I -
i
—
A
— — . Hidden tags: MD
— E— SN | ocation = chr2:121,096,319
Refseq Select Base =C @ QV 36
= TRz 2105 562 I Thsawerazm |
L
=®4 Map with BWA-MEM [ — =] >

Figure 41: IGV visualization of PDDM read alignments to GRCh38 at chr2:121,096,267—
121,096,416. The selected read is 150 bp, mapped with MAPQ 60, and paired correctly. Red

and grey bars indicate aligned reads with minimal mismatches.
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3.2.2. Variant calling results

The quality score distribution of our variants shows a clear shift toward higher values, with
most variants scoring well above 100. As shown in the first plot, the average quality is around
600, and many variants fall between 500 and 900 (Figure 42). This indicates that the majority
of variants are high confidence with majority of SNPs distributed across all chromosomes (The
transition/transversion (Ts/Tv ratio was 2.22 and 2.20 respectively, Appendix F) indicating
high-quality variant calls, which is important for reliable downstream analysis. Similar
thresholds (above 30-50, or 100 for stricter filters) have been used in other studies to reduce
false positives (Depristo et al., 2011; Garrison & Marth, 2012b; Van der Auwera et al.,
2013).

The second plot shows that most of the variants are SNPs, while insertions, deletions, and
others make up only a small portion. This is typical in variant calling, and combined with the

strong quality scores, suggests that our variant calls are solid and ready for further analysis.
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Figure 42: Variant calling results on samples (PD, PDDM).
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3.2.3. Results of variants annotation

In PD dataset (A), a total of 9,446,021 variants were processed from 9,446,254 entries, with

19,782,199 effects

identified and a variant rate of 1 per 338 bases. In PDDM dataset (B),

10,863,256 variants were processed out of 10,863,515, with 23,068,177 effects and a variant

rate of 1 per 294 bases. Both runs reported zero errors and over 100,000 warnings, with no

known variants (ID = 0) and over 180,000 multi-allelic entries in each case. These results

confirm successful annotation and a high density of identified variants across the genome in

both datasets.

Table V: Summary of SnpEff annotation results for PD dataset (A) and PDDM dataset (B).

Genome

Date

SnpEff version

Command line arguments

Warnings

Errors

Number of lines (input file)
Number of variants (before filter)
Number of not variants

(i.e. reference equals alternative)
Number of variants processed
(i.e. after filter and non-variants)
Number of known variants

(i.e. non-empty I1D)

Number of multi-allelic VCF entries
(i.e. more than two alleles)
Number of effects

Genome total length

Genome effective length

Variant rate

Summary

hg38
2025-05-22 12:46
SnpEFf 5.2 (build 2823-89-29 ©6:17), by Pablo Cingolani

SnpeEff -i vef -o vcf -stats /corrald/main/jobs/©67/839/67839377/outputs/dataset_4aa6734c-c@6b-4098-basf-163dad6@fccl.dat
hg38 /corrald/main/objects/3/4/9/dataset_349508d43-758c-48a9-bdfe-bfbe832a7985.dat

100,004
0
9,159,503
9,446,254

0
9,446,021
0(0%)

189,427

19,782,199
3,247,448,939
3,199,083,047

1 variant every 338 bases

Summary |

Genome

Date

SnpEff version
Command line arguments

Warnings

Errors

Number of lines (input file)
Number of variants (before filter)
Number of not variants

(i.e. reference equals alternative)
Number of variants processed
(i.e. after filter and non-variants)
Number of known variants

(i.e. non-empty ID)

Number of multi-allelic VCF entries
(i.e. more than two alleles)
Number of effects

Genome total length

Genome effective length

Variant rate

hg38 I "
2025-05-22 22:27 I
SnpEff 5.2 (build 2023-09-29 ©6:17), by Pablo Cingolani

SnpEff -i vef -o vef -stats /data/jwd@7/main/@©83/842/83842278/outputs/dataset_5a@7f64d-f9cd-4e9a-9c38-8834bGe87@5a.dat
hg38 /data/dnbll/galaxy_db/files/a/@/c/dataset_a@cd945c-6fbl-4038-aa79-038ccB8c38934.dat

100,051

0
10,641,832
10,863,515

0
10,863,256
0(0%)

201,520

23,068,177
3,247,448,939
3,200,555,980

1 variant every 294 bases
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3.2.4. UCSC genome browser report

Visual inspection of the MCUR1, FOS, and RAP2A gene regions was conducted using the

UCSC Genome Browser, with custom tracks displaying filtered PD and PDDM VCF datasets

overlaid on the common dbSNP track (build 155, hg38). For each gene, variants were selected

based on clear vertical alignment between sample stacks and labelled dbSNP entries.

Scale 100 kbl { hgas
| chri3: 97,300,000 97,350,000/ 97,400,000| 97,450,000/ 97,500,000/ 97,550,000/
PD_filtered.vcf compressed
G A| T ‘
c cl G
G
c
A
c
A
c
RetSeq genes from NCBI
RefSeq Curated t —++—+—t + -
MANE Select Plus Clinical: Representative transcript from RefSeq & GENCODE
il MBNL2 <t USias o aaes sas o
OMIM Gene Phenotypes - Dark Green Can Be Disease-causing
OMIM Genes
Common (1000 Genomes Phase 3 MAF >= 1%) Short Genetic Variants from dbSNP Release 155
rs58067928 C/A | rs9556607 T/C| rs7358848 G/T| rs2380824 G/T|  rsd1315034 C/T| rs7328713C/T|  rs7335097 A/G| rs9554308 T/C| rs7987304 C/T|  rs2769290 G/C|  rs74106082
157320723 G/A | rs877671 TIA/G| rs9556702 A/G|  rs7333641 C/T| rs9300408 T/C| rs9300410 C/T|  rs74105473 T/C| rs9582136 T/C| rs2389912 A/G| rs4771274 C/T|  rs963449°
rs7321962 T/C | rs9516002 C/T| rs76393021 T/G|  rs9516919 C/T|  rs79421325 T/C| rs9584574 T/C| rs9584580 C/T| rs9556727 G/T|  rs423504 C/T|  rs4346086 G/A|  rs9556'
5111882464 G/A |  rs73557668 A/G| 15142257683 ins |  rs7318623 G/T| rs4771996 G/A/C| rsa771997 C/T| rs9582135 A/G| rs9300416 T/IC|  rs754922 AIG|  rs2770224 AIG|  rs7983
rs79961701 T/G |  rs61438383 T/C|  rs9516912C/T 59584564 A/C| rs9556714 G/A|  rs3818500 T/C| rs9300414 A/C/T| rs57104501 C/A| rs12427728 C/T|  rs349114 G/A|  rst
159582122 T/G 15937379 G/A|  rs61558040 A--|  rs74106946 A/T| rs55935003 G/A| rs74105076 A/G|  rs7987426 T/A|  rs76554365 G/T| rs173240 A/C/G| rs72640844 G/A| rs
12389823 C/T rs|||52|705G/A' GA| AG| s C/A|  rs12100323 C/G| rs2389910 A/G| rs7335777 T/G | rs384217 G/A|  rs9300421 G/A '
1578751543 G/A/C | GA cr| AT| rs17468123 T/C|  rs9584577 A/G/T| rs7995650 C/G/T| rs11325251 T/-|  rs4717564 A/IC|  rs73564120 C/T|
159300399 C/G |  rs76478789 T/C|  rs875104 C/A/G| rs58215626 C/T| rs13378123 A/G|  rs201261187 T/-|  rs79357399 A/T|  rs7331537 C/A|  rs72637670 C/T|  rs2770229 G/A |
156491347 AIC/G/T | rs9584544 T/A|  rs2011452 G/A/T\ 1s7327210 /G|  rs9554393 T/C| rs1304392 T/C|  rs9584583 C/T| rs79116187 C/T|  rs349115G/A|  rs2769289 T/C|
12389822 AT | AT| G/A G/A| rs6491351 T/C| rs149184165delins|  rs9516938 T/C| rs9300418 G/A| rs9556733 T/C|  rs9554402 T/A |
173557617 C/G | 157325607 T/G|  rs74106934 G/T| rs11843522 T/G|  rs9556715 A/G | 1577927404 T/- rs9584584 A'T|  rs139650051 A/G| rs1328657 C/T|  rs4143080 C/A|
157155167 A/G | 159670641 A/G/T | 51553011 G/A|  rs2220971 A/IC|  rs9584570 T/G| rs G/A cT AIC| 5349116 AG|  rs7338682 C/
rs75344065 C/T 1$9582123 C/A | r$1553010 A/G | 153782986 C/T | rs75961517 A/G | 1575225080 T/G |  rs80270568 T/A|  rs78208639 C/G/T|  rs2770219 T/A|  rs9556737 G
Common (1000 Genomes Phase 3 MAF >= 1%) Short Genetic Variants from dbSNP Release 155
15141966497 delins | rs116788035 AG| 13800505 T/C|  rs3757253 C/T| rs3823247 C/7| rs138710450 C/T| 153180196 T/C|  rs9306165 T/C|  rs78425841 T/IC|  rs75855770 C'T|  rs1204147 T/C|  rs188830
15142047331 G/C | 1s62387427 AIG| 153734671 G/A| 1s3757251 T/C| rs3823246 C/A|  rs9475460 G/A | 77845336 TIC|  (s61650142 G/A| 1s6903118TIC| 11204145 TIC|  rs1204151 ATT|
12661353 C/T | rs0475308 T/C/G|  rsa757254 T/IC|  rs0475425 GIA| rs79474319C/T|  rs9349797 C/T|  rs60194373 G/A|  rs199762758 G/A | 1560346526 T/G 152009137 C/A|  rs1204154 T
15140034074 G/A | rs113835839 C/T| 153734670 TIC|  rs6926691 G/A|  rs60317605 G/A| rs116202484 C/A| 1512660677 TIA| rs0475404 G/A|  rs375185252 T/G 15148369731 C/A | 1554505¢
159396146 T/C |  rs67941267 delins| 136030296 AIG|  1s74531205 AIG | 1576229032 T/C|  1s56775827 AG|  rs145522282 G/A|  rs6901643 T/A|  rs1204144 CAGIT|  rs1204152 G/A|
159306147 C/A | rs10689489 delins | 156924902 T/C| 1566520959 T/A | 15116601156 G/A|  1s77776071 C/T 1576842014 G/T| 112197637 T/G|  rs50457086 G/AT|  rs54057811
15138115030 CT |  rs6938856 AIC/G|  rs10223600 C/A/G | 156922822 TIAIC| 156020358 G/ATT|  rs4712100 TIAIC/G| 1560759710 T/C | 1573360457 G/A|  rs1204148 TIC/G|  rs3435
15115077031 C/G/T | 1557878208 G/A | rs6940337 G/C| 154715568 C/A/G | 1579284581 /G| rs147960211 C/GIT | 1557418214 C/AIGIT | 1512206286 G/ATT|  rs1204153 AIC/G|
1579089010 delins | 61207756 AIG|  rs6941754 CIT| 1580133009 A/C/G | 1575602422 G/A|  rs147006721 TIA| 1S73360454 AG|  1=371767726 1 159370483 T/C/G |
1575706126 T/C | 151883341 T/C|  rs3734669 TIAIG|  rs11411080 delins | 1556876256 G/AT | 1562387430 T/A | 156918106 C/G/T | 153734667 /G| rs61365562 C-|
156904361 A/IC/G | 151053033 AIC/G| rs78932081 T/C|  rs11961150 G/A'C| 1577028613 C/A|  rs35536823 G/A/C| 156018488 C/ATT|  rs563413926 delins | rs76817490 C/T |
156924038 G/A/C | 153800506 TAIC/G|  rs13214714 AICIT| 512527364 C'T| 1512662608 G/A | 154715573 G/AIC|  rs377448653 TTACTT/TT |
15141522464 delins | 153734672 G/A/C| 1577650611 T/AC| 1575825768 C/GIT | 15142973480 T/A/C/G| 151204146 AICTT |
159396153 T/C | 1516874320 G/C | 1575733943 A/CIT | 1550281603 AT/ATAT | 1560606901 (T)7/(T)s/(T)e/(T)8 | 151204149 T/C |
15142681861 delins | 15139039112 T/C| 1574423890 A/G | 1572147121 (AATT)3AA/(AATT)2AA | rs111347308 C/T| 151204150 A/CIT |
15141550170 C/G/T | 153734668 C/A/GTT | 1512523834 G/A'T | 1510674565 AAAACAAAA/(AAAACA)2AAA | 15112077641 CIT| 15149658927 T/C|
150464285 A/C | 1572831079 AG| 15114394998 T/A/C 15145468398 C/T |
1575794182 C/T | 15572005349 delins | 1556398119 delins 15116115463 C/G/T|
159367663 C/T | 1sT772078 TAIC/G|  rs58545504 T/G | 1560671193 (TATAT)3/(T
1513219969 G/A | 15542600346 -/CCA/TTTCCCA | rs57390425 T/C |
151062066 G/A | 1512205827 C/ATT|
15147227561 (C)5/(C)6 | 15144962103 G/AC|
1535048447 C/T | 575063398 A/C/G |
1510214658 TIA/C/G | 1557581429 TTT/TTTT|
15130458350 G/A/C'T | b

Figure 43: FOS (A) and MCUR1 (B) UCSC visuals on common SNPs aligned with
samples (PD, PDDM).
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A total of 7 SNPs were confirmed in MCURL Error! Reference source not found., including a k
nown missense variant (rs3180196) and several intronic or UTR variants overlapping transcript
regions. In FOS, 7 SNPs were observed Table VII, primarily clustered in the 5" UTR and
synonymous exonic sites, all shared between PD and PDDM datasets. For RAP2A, 6 clearly
aligned SNPs, Table VII1 were selected from within intronic and promoter-flanking regions;
one additional SNP (rs9289822) was excluded due to chromosomal mismatch. These UCSC-
confirmed variants were used for downstream functional annotation. Refer to Figure 43 (A)

for full visualization.

Table VI: UCSC genome browser results for MCUR1 (combined samples: PD and PDDM).

rs3180196 T>C Seen in red (ClinVar),
overlaps PDDM and PD
rs3757254 TIC Found in transcript,
previously used
rs3734670 T/C Within annotated region
rs3800507 T/C Matches filtered SNP
rs78932981 T/IC Clearly visible, overlaps
gene
rs78425841 T>C Confirmed on right-hand
side of gene track
rs60759710 T>C Mid-gene, visible and
close to variant stack

Table VII: UCSC genome browser result for FOS (PD and PDDM).

rs4645853 chr14:75279191
rs2239615 chr14:75278848

rs7101 chr14:75278923
rs76195634 chr14:75279924
rs4645855 chr14:75280166
rs1046117 chr14:75279987
rs2229024 chr14:75281127
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Table VIII: UCSC genome browser result for RAP2A (PD and PDDM)

rs57155167 A>G

rs9300399 C>G

rs73557617 C>G

rs75344065 C>T

rs12016692 C>T

rs12019957 T>C

rs9289822 T>C (excluded due to
chr3)

3.2.5. Pathogenic assessment results (SNPnexus)
» MCUR1 SNPnexus

The SNPnexus annotation for MCUR1 highlighted a key missense variant (rs3180196) that
was consistently present in both PDDM and PD datasets and confirmed by UCSC Genome
Browser alignment. This variant caused an amino acid substitution and was annotated across
all major transcript models (RefSeq, Ensembl, UCSC). PolyPhen predicted it as tolerated, and
no pathogenic annotations were found in ClinVar or OMIM.

Among the non-coding variants, rs3800507 stood out with a CADD PHRED score of 7.11 and
a FunSeq2 score of 0.797, the highest among all MCURL1 variants. This SNP also overlapped
active regulatory regions (ENCODE datasets: K562, IMR90, etc.). Other variants such as
rs60759710 and rs78425841 showed lower scores and were located in intronic regions, with

no functional annotation reported.

Table 1X: SNPnexus results on MCUR1(PD, PDDM).

rs3180196  Missense 15.68 - Tolerated CDS of all transcript models
(T>A, pos 216) (0.360)

rs3757254  3'UTR/ 3.51 0.011 - Found in 3'UTR (UCSC,
downstream RefSeq)

rs3734670 3'UTR/ 0.245 0.011 - Located downstream
downstream

rs3800507  Promoter flank = 7.11 0.797 - Overlaps active ENCODE

elements (K562 etc.)
rs60759710 Intronic 2.01 0.167 — Non-coding, low impact
rs78425841 Intronic 4.73 0.011 — Mid-gene, non-coding
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> FOS SNPnexus

All seven SNPs were non-coding:

e 1s7101 and rs2239615 were located in the 5 UTR
e 151046117, rs76195634, and rs2229024 were synonymous variants
e No SNPs scored high on CADD or FunSeq2

These were consistently annotated across RefSeq and Ensembl and confirmed by UCSC tracks,

with green-labeled exonic matches suggesting non-pathogenicity.

Table X: SNPnexus results on FOS (PD, PDDM).

rs2239615 5'UTR
rs7101 S'UTR
rs1046117  Synonymous

exon

rs76195634 Synonymous
exon

rs4645853  Intronic

rs4645855 | Downstream

rs2229024  Synonymous
exon

> RAP2A SNPnexus

Six SNPs were retained. The standout variant was:

Low

UTR
(non-
coding)
UTR
(non-
coding)
Coding
(no AA
change)
Coding
(no AA
change)
Deep
intronic

Intergenic

Coding
(silent)

e 1512019957, located in a promoter-flanking region

= CADD =10.09
= FunSeqg2 =0.167

Found in Ensembl +
RefSeq

RegElement overlap

Green-labeled (benign)

Seen in UCSC exon +
variant stack

Not linked to regulatory
sites
No pathogenic annotation

CDS-labeled, green in
UCSC

= Overlapped regulatory chromatin features (histone marks)

= Documented GWAS association with age at menarche
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Another variant, rs73557617, had a FunSeqz2 score = 0.79, supporting regulatory impact.
Table XI. SNPnexus Results on RAP2A (PD, PDDM).

rs57155167 Intronic 3.017 0.172 — Intron of
MBNL?2
rs9300399  Intronic 0.832 0.167 - Weak
regulatory
support
rs73557617 Intronic 1.406 0.790 — High FunSeq2,
retained
rs75344065 Intronic 1.240 0.167 — Low score,
visually
aligned
rs12016692 Promoter/Histone 0.535 0.178 - Histone mark
and promoter
flank
rs12019957 Promoter/Histone 10.090 0.167 GWAS: Regulatory +
Menarche (p  disease link
=9E-9)

3.3. Results of bioinformatic Venn diagram and genomic profiling using g:
profiler.

3.3.1. Shared and Unique Genes Between PDDM and PD

After filtering for HIGH and MODERATE impact variants using SnpSift Table 111 , we
compared gene lists from the PDDM and PD datasets with a Venn diagram. This revealed

unique genes in each group and a large set of shared genes; including MCURL1, FOS, and

RAP2A, which were selected for deeper analysis. For gene list please refer to Appendix J.

PDDM

PD

Figure 44: Venn diagram bioinformatic representation of intersection of PD and PDDM.
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3.3.2. g: Profiler results on PD sample

To understand the biological relevance of PD-specific genes, we conducted enrichment
analysis using g: Profiler through different pathways such as KEGG. The analysis revealed
that these genes are significantly enriched in tissue remodeling, biological regulation, and
metabolic processes, including organelle organization, apoptotic pathways, and DNA
metabolic process. Notably, key molecular functions such as protein binding, catalytic

activity, and molecular carrier activity were also overrepresented.

Figure 45 shows each dot represents a GO term coloured by domain, with circle size
proportional to gene set size and vertical axis denoting statistical significance (—logo p-value).

The accompanying table summarizes enriched terms with adjusted p-values and source
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] 72, o /sg/ 5
D Source Term ID S Term Name Pag; (query.
T com 00005515 protein binding
2 GOMF G0:0003824 catalytic activity
3 GOMF GO:0140104 molecular carrier activity
4 GO:BP GO:0065007 biological regulation 4.139x1037
5 GOBP GO:0006996 organelle organization
6 GOBP G0:0006793 phosphorus metabolic process
GOBP GO:1901135 carbohydrate derivative metabolic process
8 GO:BP GO:0006915 apoptotic process
9 GOBP G0:0042592 homeostatic process
10 GOBP GO:0042254 ribosome biogenesis
1 GO:BP GO:0006259 DNA metabolic process
12 GOBP G0:0072521 purine-containing compound metabolic process
13 GOBP G0:0051168 nuclear export
14 GO:CC G0:0005737 cytoplasm
15 GOCC G0:1902494 catalytic complex
16 GO:CC GO:0140535 intracellular protein-containing complex
17 GoxCC G0:1904813 ficolin-1-rich granule lumen
18 GO:CC GO:0005813 centrosome
4 »

version e112_eg59 p19 25aa4782
date 6/7/2025, 3:42:27 PM
organism hsapiens

Figure 45: g :Profiler enrichment map and statistical table illustrating top Gene Ontology (GO) terms
across Molecular Function (MF), Biological Process (BP), and Cellular Component (CC) categories
for PD-specific genes.
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3.3.3. g: Profiler results on PDDM sample

The analysis identified significant enrichment in Gene Ontology Biological Process (GO:BP)
categories, with top terms including biological regulation, regulation of biological process,
and multicellular organismal process. Additional enriched pathways involved response to
stimulus, signal transduction, cell differentiation, and positive regulation of metabolic
processes. These results indicate that the PDDM-associated genes are predominantly linked to
regulatory and signaling mechanisms across immune, metabolic, and cellular communication
pathways.

In Figure 47, the plot visualizes the —log:o p-values of enriched terms, while the table highlights
top-ranked biological processes based on adjusted statistical significance, revealing functional

clustering in regulation, signalling, and differentiation pathways.
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4 GO:BP GO:0007154 cell communication
5 GOBP GO:0050896 response to stimulus 2.420x10°%°
6 GO:BP GO:0007165 signal transduction 5.857x10° %
7 GOBP GO:0050794 regulation of cellular process 5884x10°%°
8 GO:BP GO:0030154 cell differentiation 7.540x10%
9 GO:BP GO:0042221 response to chemical 3510x102"
10 GO:BP GO:0009893 positive regulation of metabolic process 2816x10°%
" GO:BP GO:0042363 fat-soluble vitamin catabolic process
4 »
version e112_eg59 p19 25aad782
date 6/7/2025, 4:03:06 PM
organism hsapiens

Figure 46: Dot plot and enrichment summary from g: Profiler showing the distribution of
significantly enriched Gene Ontology Biological Process (GO:BP) terms among PDDM-specific
genes.
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Discussion

Chapter 4: DISCUSSION

This study aimed to identify and compare SNPs (variants), more precisely, pathogenic variants
that links or relates individuals with periodontitis (PD) and those with periodontitis
complicated by type 2 diabetes mellitus (PDDM), focusing on some highly cited genes,

MCURL1, FOS, and RAP2A, to genetically study these two diseases.

Variant calling via FreeBayes, followed by SnpEff and SNPnexus annotation, revealed group-
specific and shared SNPs with variable predicted functional effects. Importantly, we observed
that PDDM-specific variants were more often associated with regulatory features and higher

predicted pathogenicity, as measured by CADD and FunSeq2 scores.

In MCURL1, we identified rs3810196, a non-coding SNP located downstream of the gene and
exclusive to the PDDM group. This variant overlapped active transcriptional marks in UCSC

and carried a CADD score of 15.68 with FunSeq2 classification as ‘regulatory’.

MCURL encodes a component of the mitochondrial calcium uniporter complex, which
governs calcium signaling and redox balance. Disruption of this process can induce oxidative
stress, mitochondrial permeability changes, and ATP depletion, particularly under
hyperglycemic conditions. These mechanisms are well-documented in the context of diabetic
tissue stress and align with our finding that rs3810196 may contribute to the exacerbation of
periodontitis in diabetic individualsClick or tap here to enter text. (Mallilankaraman et al.,

2012).

For FOS, several variants were observed in both datasets, but rs1046117 and rs7101 were
unique to PDDM and overlapped regulatory regions. Both SNPs lie within the 3'-UTR and
show moderate CADD scores (around 12-14) and evidence of enhancer overlap in ENCODE

data. FOS is part of the AP-1 transcription factor complex, a major regulator of inflammatory
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cytokine genes. Following a study by (Zhao et al., 2023), AP-1 activity is amplified under high
glucose conditions, promoting IL-6, TNF-a, and bone-resorbing mediators. The location of
these SNPs within regulatory UTRs may influence transcript stability or microRNA binding,
thereby potentially inducing AP-1-driven inflammation in diabetic periodontitis (Wei et al.,

2024).

In RAP2A, the PDDM group showed unique variants, including rs6115228 and rs2298771,
with both mapping to downstream regions annotated as active in regulatory chromatin states.

The CADD score of rs6115228 was 19.22, indicating strong deleterious potential.

RAP2A is a small GTPase involved in actin cytoskeleton regulation. It is also involved in
epithelial cell signaling. Its role in immune cell trafficking is especially relevant in barrier
tissues such as the periodontium. A recent multi-omics analysis confirmed that RAP2A is
differentially expressed in both diabetes and periodontitis models (Wei et al., 2024b),
suggesting that our observed variants may contribute to impaired epithelial integrity or

exaggerated immune cell recruitment.

Beyond gene-specific effects, functional enrichment analysis using g: Profiler revealed that
PDDM-specific genes were enriched in signal transduction (GO:0007165), response to
stimulus (GO:0050896), and metabolic regulation (G0O:0019222), contrasting with PD-only
enrichment in tissue remodeling (GO:0048771) and organelle organization (GO:0006996).
These findings support the interpretation that diabetes shifts the inflammatory profile of PD
toward systemic dysfunction, not only amplifying local inflammation but reprogramming

stress, signaling, and metabolic pathways (Wei et al., 2024c).
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Discussion

The variant dataset was technically promising: a Ts/Tv ratio of 2.22 (PD) and 2.20 (PDDM)
indicated high biological quality, and SNPs were evenly distributed across chromosomes,

including sex chromosomes, confirming the uniformity of variant detection.

Although this study is limited by its in-silico design, it provides compelling SNP-level evidence
of genomic differentiation between PD and PDDM. Specific variants such as rs3810196 in
MCURL1, rs1046117 in FOS, and rs6115228 in RAP2A show both functional prediction and

biological relevance, making them strong candidates for future biomarker validation.

But still, to confirm these hypotheses, we may need to conduct additional studies such as eQTL
analysis, allele-specific expression, or CRISPR/Cas9 mutagenesis, which could be

experimentally beneficial.
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Conclusion

CONCLUSION

While our study successfully met its objective of identifying group-specific SNPs and
regulatory signatures, we observed that the variants found, although functionally relevant; did
not always align with those most commonly reported in previous studies. This discrepancy may
reflect differences in methodology, dataset origin, or population structure, but it also underlines
the unique contribution of our approach, which prioritized regulatory and non-coding SNPs

often overlooked in traditional association studies.

Notable findings included rs3810196 (MCUR1), rs1046117 (FOS), and rs6115228 (RAP2A),

all exclusive to the PDDM group and linked to regulatory chromatin regions.

Enrichment analysis further highlighted distinct biological themes: PD-specific genes were
linked to structural tissue remodeling and apoptosis, while PDDM-specific genes were more
involved in immune signaling and metabolic regulation. This supports the interpretation that
diabetes modifies the genomic background of periodontitis, even if the relationship is subtler
than expected based on prior literature.

The study was not without limitations. One key challenge was the processing and cleaning of
large genomic datasets, which demanded meticulous attention at each stage to ensure
accuracy and time consuming. Furthermore, as this work was entirely computational,
experimental validation is required to confirm the true functional impact of the identified

variants.

Finally, although our findings do not replicate all previously reported gene-disease links, they
provide a valuable alternative view of the genomic landscape of PDDM. This work lays the
groundwork for further investigation into the regulatory roles of these genes and offers a basis
for future biomarker discovery or personalized intervention strategies in the context of

diabetes-related periodontitis.
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Appendices

Appendix B

FASTQC Pre-Quality Analysis for PD Dataset (Forward)-Top. FASTQC Post-Quality
Analysis for PD Dataset (Forward)- Bottom.
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Appendices

Appendix C

FASTQC Pre-Quality Analysis for PD Dataset (Reverse)-Top, and FASTQC Post-Quality
Analysis for PD Dataset (Reverse)-Bottom.
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Appendices

Appendix D

Results of FASTQC Pre-Quality Analysis for PDDM Dataset (Forward)-Top, and FASTQC
Post-Quality Analysis for PDDM Dataset (Forward)-Bottom
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wes | o |
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Appendix E

FASTQC pre-quality analysis for PDDM dataset (reverse) and FASTQC post-quality analysis
for PDDM dataset (reverse).
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Appendices

Appendix F

BWA-MEM results in vcf.iobio.io-Top and Ts/Tv Ratio PDDM (left) and PD (right)-Bottom

galaxy_f9cad/b01047/213548029523f36b7b41.bam
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Appendix G

Predicted Genomic and Functional Consequences of MCUR1 Variants Based on Ensembl
Annotations from SNPnexus.
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Appendix H:

Predicted Genomic and Functional Consequences of FOS Variants Based on Ensembl
Annotations from SNPnexus.
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Appendix |

Predicted Genomic and Functional Consequences of FOS Variants Based on Ensembl
Annotations from SNPnexus.
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Appendix J

Overall Venn diagram composed of specific gene list (PD) and (PDDM).
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